
Joint optimization of parcel allocation and crowd routing for
crowdsourced last-mile delivery

Li Wanga,b, Min Xub,∗, Hu Qina

aSchool of Management, Huazhong University of Science and Technology, Wuhan, China
bDepartment of Industrial and Systems Engineering, The Hong Kong Polytechnic University, Hung Hom,

Hong Kong

Abstract

Urban last-mile delivery providers are facing more and more challenges with the explosive
development of e-commerce. The advancement of smart mobile and communication technol-
ogy in recent years has stimulated the development of a new business model of city logistics,
referred to as crowdsourced delivery or crowd-shipping. In this paper, we investigate a form
of crowdsourced last-mile delivery that utilizes the journeys of commuters/travelers (crowd-
couriers) to deliver parcels from intermediate stations to customers. We consider a logistics
service provider that jointly optimizes parcel allocation to intermediate stations and the de-
livery routing of the crowd-couriers. The joint optimization model gives rise to a new variant
of the last-mile delivery problem. We propose a data-driven column generation algorithm
to solve the problem based on a set-partitioning formulation. Additionally, a rolling-horizon
approach is proposed to address large-scale instances. Extensive numerical experiments are
conducted to verify the efficiency of our model and solution approach, as well as the signifi-
cance of the joint optimization of parcel allocation and the delivery route of the crowdsourced
last-mile delivery. The results show that our data-driven column generation algorithm can
obtain (near-)optimal solutions for up to 200 parcels in significantly less time than the exact
algorithm. For larger instances, the combination of the data-driven column generation al-
gorithm and the rolling-horizon approach can obtain good-quality solutions for up to 1,000
parcels in 15 min. Moreover, compared with crowd-courier route optimization only, the joint
optimization of parcel allocation and crowd-routing reduces the total cost by 32%.
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1. Introduction1

Urban delivery is currently undergoing exciting and challenging times, with ever-growing2

e-commerce sales. For example, the global retail e-commerce sales grew by more than 16.8%3

in 2021 (Insider, 2021). According to an industrial report, 131 billion parcels were delivered4

worldwide in 2020, a figure projected to double in 2026 (Bowes, 2021). As the most expensive5

component of the order fulfillment cost, last-mile delivery, a concept commonly used in6

city logistics, has become one of the most challenging problems faced by logistics service7

providers. Moreover, the growing demand for parcel delivery and accordingly increasing8

freight traffic have caused negative externalities such as pollution and traffic congestion. It9

is of particular significance that logistics service providers develop efficient, and cost-effective10

last-mile delivery solutions in order to reduce costs and achieve operational competence in11

the era of e-commerce.12

In recent years, the advancement of smart mobile and communication technology has13

stimulated the development of a new business model of city logistics, referred to as crowd-14

sourced delivery or crowd-shipping, which utilizes the excess capacity of individuals to carry15

out last-mile deliveries in urban areas (Le et al., 2019). Motivated by the emerging concepts16

of the sharing economy and collaborative consumption, last-mile crowdsourced delivery has17

attracted much attention from industry. In fact, multiple platforms have been developed to18

offer last-mile crowdsourced deliveries. Alnaggar et al. (2021) classified these platforms into19

four main patterns according to their scheduling and matching mechanisms:20

• pure self-scheduling, in which the orders are matched with the crowd-couriers who21

may log on the platform whenever they want, such as Postmates, DoorDash, and Uber22

Eats;23

• hybrid and centralized scheduling, in which the crowd-couriers make dedicated deliv-24

eries for a pre-determined working duration, such as Amazon Flex, Deliv, Instacart,25

and Shipt;26

• en-route matching, where the platform matches the traveler with delivery requests on27

his/her pre-planned trip, such as Hitch and Roadie;28

• bulletin-board type matching, where a crowd-courier picks requests that match his/her29

schedule and preference, such as Walmart Spark Delivery, DHL MyWays, and Kanga.30

Among all the business practices involved, the prominent operational challenge is the en-31

route matching problem: given time, origin, and destination information about upcoming32

trips submitted by a set of commuters or occasional drivers, namely crowd-couriers, a crowd-33

sourced delivery platform needs to match the travelers with delivery requests they can fulfil34

on their way, such that a set of specific constraints, e.g., the maximum travel (detour) time,35

capacity, and time windows, are satisfied. After fulfilling the delivery tasks, the crowd-36

couriers will receive a small amount of compensation according to the extra time they have37

spent providing the service (Alnaggar et al., 2021). By using ordinary commuters as ‘ad hoc38

couriers’, crowdsourced delivery brings significant economic benefits compared with tradi-39

tional logistics services using full-time drivers and dedicated vehicles.40
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1.1. Literature Review41

Over the past decade, the rise of crowdsourced delivery has motivated a boom in research42

efforts to explore a variety of strategies dealing with the challenges of crowdsourced delivery43

platforms. These strategies can be divided into strategic, tactical, and operational decisions.44

The determination of the locations and capacities of intermediate stations falls in the first45

category, while the service area and delivery capacity planning belongs to the second group46

(Yildiz and Savelsbergh, 2019; Nieto-Isaza et al., 2022). Apart from the strategic and tactical47

strategies, other critical operational decision-makings for crowdsourced delivery involves the48

parcel matching, vehicle routing, and pricing (Le et al., 2019). In what follows, we will49

focus on the most relevant studies for the operational decision-making of the crowdsourced50

delivery. Broadly speaking, these studies can be divided into three groups based on the51

problem setting.52

The first group considers direct end-to-end deliveries by occasional drivers, especially in-53

store customers, who deliver the online orders. This business model was piloted by Walmart54

in 2013. Inspired by the real practice, Archetti et al. (2016) for the first time investigated55

an interesting vehicle routing problem with occasional drivers or in-store customers who56

were willing to deliver an online order for a small amount of compensation. Each crowd-57

courier was allowed to deliver one parcel at most. They proposed a multi-start heuristic58

solution approach that combined a variable neighborhood search and tabu search to solve59

the problem. Macrina et al. (2017) later studied a more general problem considering time60

windows and two different scenarios, one allowing multiple deliveries by each occasional driver61

and another introducing a split delivery strategy. Pugliese et al. (2022b) studied a problem62

similar to the former scenario explored by Macrina et al. (2017). To solve this problem, the63

authors proposed a variable neighborhood search approach, where several machine learning64

techniques were used to explore the most promising areas of the search space. Pugliese65

et al. (2022a) investigated the same problem with a hybrid approach combining greedy66

randomized adaptive search procedures and variable neighborhood search. Gdowska et al.67

(2018) considered a similar setting to Archetti et al. (2016) and developed a stochastic model,68

taking the probability of the in-store customers accepting or rejecting the assigned delivery69

tasks into account. Mancini and Gansterer (2022) extended the work of Archetti et al.70

(2016) by allowing multiple deliveries by each occasional driver in a bidding system where71

crowd-couriers could submit their bids for bundles they were willing to serve. They proposed72

two heuristic methods to generate valuable bundles of customers. Given a set of customers73

and bundles, the bid selection and the routing of company-dedicated vehicles were jointly74

optimized to minimize the total cost. A large neighborhood search approach was proposed to75

solve the problem. Arslan et al. (2019) explored a combined operation mode with deliveries76

performed either by crowd-couriers or by dedicated vehicles. They optimized the routing of77

the crowd-couriers and the dedicated vehicles from a holistic perspective. A rolling-horizon78

framework was proposed to handle the dynamic variant and an exact solution approach was79

developed to solve an offline problem in each optimization run. In a similar vein, Dayarian80

and Savelsbergh (2020) also addressed a dynamic variant of the problem and proposed two81

dynamic models with a rolling-horizon framework to deal with the real-time information of82

in-store customers and online orders. Fatehi and Wagner (2022) studied a labor planning83

and pricing problem for crowdsourced last-mile delivery systems to satisfy on-demand orders84
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with guaranteed delivery time windows. The authors proposed a novel robust optimization85

model combining crowdsourcing, robust queueing, and robust routing theories. Ahamed et al.86

(2021) proposed a novel deep reinforcement learning-based approach to solve a similar end-87

to-end crowdsourced delivery problem. In addition, Behrend and Meisel (2018) explored the88

decision making for an integrated item-sharing and crowdsourced delivery platform. They89

developed mathematical models and heuristics for maximizing the platform’s profit and the90

number of fulfilled requests. Fadda et al. (2018) addressed crowdsourced task assignment91

problem in which crowds shared the Internet connection of their mobile phone with the92

dumpsters around them. They formulated this problem as a stochastic programming model93

and devised a heuristic method to solve it.94

The second group considers the crowdsourced end-to-end deliveries with transfers be-95

tween crowd-couriers at some pre-positioned transfer locations, such as stores and locker96

stations. For example, Sampaio et al. (2020) addressed a pick-up and delivery problem in97

which the parcels were picked up either from transfer locations or pick-up locations, and de-98

livered either to customers or transfer locations. Each request was allowed to be transferred99

once at most. They formulated the problem as a mixed integer programming (MIP) and100

proposed an adaptive large neighborhood search (ALNS) algorithm to solve it. Recently,101

Voigt and Kuhn (2021) studied a similar problem but looked at a combined group of couriers102

comprised of dedicated drivers and crowd-couriers. In addition, the authors incorporated103

the crowd-couriers’ own trips into the delivery system. Again, an MIP and ALNS algorithm104

were developed to solve the problem. Chen et al. (2018) explored a multi-driver multi-parcel105

matching problem in which the crowd-couriers again had their own trips, but multiple trans-106

fers were allowed for each parcel. They developed an MIP model and proposed two heuristics107

to solve it. Furthermore, Raviv and Tenzer (2018) explored a dynamic version of a similar108

problem. They presented a stochastic dynamic programming problem to yield an optimal109

parcel routing policy under the assumption that the arrivals of parcels and crowd-couriers110

followed a Poisson distribution. Yıldız (2021) also developed a dynamic programming model111

for a similar problem but without the distribution assumption regarding the arrival rates112

of the parcels and crowd-couriers. In addition, the author considered dedicated vehicles to113

ensure timely delivery.114

The first two groups of studies explore the end-to-end crowdsourced delivery system,115

where the pick-up and delivery locations of a parcel are given in advance. In contrast, a116

few studies have considered a two-tiered crowdsourced last-mile delivery system that mainly117

uses crowd-couriers to perform the last leg of the delivery, from the intermediate locations118

to the customers, with the traditional truck fleet still used to distribute the parcels to the119

intermediate locations. Janinhoff et al. (2022) introduced a simplified two-tiered crowd-120

sourced last-mile delivery system combining home delivery with out-of-home delivery, where121

the service provider dropped off parcels at pickup stations and the customers performed the122

last leg of the delivery process themselves. Kafle et al. (2017) studied a problem setting in123

which dedicated vehicles functioned as mobile depots. They considered a context in which124

crowd-couriers needed to submit bids for the delivery requests and, if they won the bid, they125

would be required to pick up the parcels from the mobile depots and deliver them to the126

customers. They formulated an MIP model for bid selection and dedicated vehicle routing127

and scheduling, and then proposed a tabu search method to solve it. Mousavi et al. (2021)128
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developed a two-stage stochastic programming model to cope with randomly showing up129

crowd-couriers in a two-tiered crowdsourced last-mile delivery system with mobile depots.130

Both studies focused on the routing/positioning of the dedicated vehicles and the matching of131

parcels to crowd-couriers. Macrina et al. (2020) explored a two-tiered delivery system where132

the crowd-couriers picked up the parcels either from the central depot or from a pre-located133

intermediate depot to which the parcels were delivered by a conventional fleet. Vincent134

et al. (2022) extended the study of Macrina et al. (2020) by considering multiple delivery135

options. The authors developed an MIP model and proposed an ALNS algorithm to solve136

it. Wang et al. (2016) investigated a similar last-mile delivery system in which parcels were137

pre-allocated to the nearest POPStation (short for pick own parcel) to the customer loca-138

tions. The objective was to find the optimal assignment of parcels to crowd-couriers. Perboli139

et al. (2021) built up a new variant of the bin packing model with time-dependent costs and140

crowd-couriers for a shared satellite-based last-mile delivery system. The authors assumed141

the routing cost of each delivery fulfilled by a crowd-courier following a cost-per-stop scheme.142

143

Combining machine learning methods with column generation algorithms is attracting144

increasing attention in recent years due to its advantages in capturing human behavior and145

accelerating the solution method (Tahir et al., 2021; Morabit et al., 2021, 2022; Shen et al.,146

2022; Bayram et al., 2022). Tahir et al. (2021) proposed an algorithm combining machine147

learning and integral column generation to solve the classical crew-pairing problem. The148

authors used a deep neural network model to predict the probability of each arc (i.e., flight149

connection) being selected in a near-optimal solution. The subproblems were reduced on150

the graph containing only the flight connections with a high probability of reducing the151

computation time. Morabit et al. (2021) presented a column selection approach based on152

a binary classification model to solve the crew scheduling problem and the vehicle routing153

problem with time windows. In each iteration of column generation, the binary classification154

model was used to predict if the generated columns should be selected for the solution of155

the restricted master problem. This approach could reduce the computation time spent156

in reoptimizing the restricted master problem with fewer columns. Morabit et al. (2022)157

further developed an arc selection approach to solve the same problem in Morabit et al.158

(2021). The arc selection method was to identify the arcs that had a greater chance of159

being used or being part of an optimal solution using a binary classification model. Bayram160

et al. (2022) employed machine learning techniques to capture human behavior in the picking161

process in warehouse management. A machine learning model was employed to predict the162

processing times of a group of orders based on historical data from an industrial partner.163

A set partitioning model was formulated and a classical branch-and-price framework was164

utilized to solve the model. Processing time prediction was invoked each time a new label165

was generated in the labeling algorithm for the pricing subproblem.166

1.2. Objective and Contributions167

For simplicity, few of the aforementioned studies of two-tiered crowdsourced last-mile168

delivery systems optimized the routing of the crowd-couriers. They assumed that each169

crowd-courier carried one parcel at most or that the deliveries of multiple parcels assigned to170
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a crowd-courier were independent of another one, e.g., neglecting the distance between the171

customers. These assumptions weaken their applicability to a real-world two-tiered crowd-172

sourced last-mile delivery system, in which a crowd-courier could deliver multiple parcels at173

once, and the compensation is paid according to the length of or detour involved in his/her174

route. To the best of our knowledge, no one has simultaneously addressed parcel allocation175

to intermediate stations and the routing of crowd-couriers for two-tiered crowdsourced last-176

mile delivery systems, although doing so is practically relevant and significant. To fill the177

research gaps, this study investigates a novel joint optimization problem of parcel allocation178

to intermediate stations and the routing of crowd-couriers (PACR) in a two-tiered crowd-179

sourced last-mile delivery system. We assume that each parcel is associated with a customer180

location and a deadline. The parcels are allocated to capacitated intermediate stations scat-181

tered around an urban area, before being delivered to customers by crowd-couriers. The182

crowd-couriers have their own original itineraries, characterized by an origin, a destination,183

their earliest departure time, their latest arrival time, and their maximum travel time. Each184

crowd-courier is allowed to carry multiple parcels as long as his/her capacity is not violated.185

Their compensation is calculated based on the additional travel time of the crowd-couriers.186

A penalty is incurred if a parcel fails to be matched. The objective is to minimize the total187

amount of compensation paid to the couriers for delivered parcels and the penalties paid for188

unmatched parcels in the last leg of the delivery by simultaneously determining the optimal189

allocation of parcels to intermediate stations and the delivery routes of the crowd-couriers.190

To achieve the objective, we first formulate a route-based set-partitioning (R-SP) model191

based on the routes of the crowd-couriers. To solve the R-SP formulation, we propose a192

novel data-driven column generation (DCG) algorithm framework. The DCG algorithm193

combines the column generation procedure with a machine learning method to predict the194

travel time of a match, a combination of an intermediate station, a crowd-courier, and a set195

of parcels/customers, regardless of the sequence in which the customers are visited. In the ex-196

isting learning-based column generation method, the machine learning model was embedded197

in a branch-and-price algorithm either to reduce the size of master problems/subproblems198

(Morabit et al., 2021, 2022; Shen et al., 2022) or to capture human behavior (Bayram et al.,199

2022). In contrast, this study embeds the machine learning model in a novel framework200

designed to select a set of promising matches that are likely to develop into near-optimal201

routes. This framework takes advantage of the machine learning model in predicting the202

travel time of crowd-couriers quickly and capturing the crowd-couriers’ real routing behav-203

ior with historical data. We will first enumerate the matches that are likely to produce204

feasible routes for the R-SP formulation. In the enumeration procedure, the minimal travel205

time of the route embedded in a match can quickly be predicted via the machine learning206

model and further leveraged to enhance the feasibility check. We will then select good-quality207

matches from the match pool using a column generation procedure for a match-based set-208

partitioning (M-SP) formulation with the same structure as the R-SP formulation. Because209

it has the same structure as the R-SP formulation, the good-quality matches are likely to210

provide good-quality routes. Finally, we will convert the selected good-quality matches into211

routes by solving traveling salesman problems with time windows (TSPTWs). As such, the212

R-SP formulation based on the identified feasible and good-quality routes will be solved via213

an MIP solver to obtain a near-optimal solution to the PACR problem. Based on the char-214
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acteristics of the time windows of the crowd-couriers and the deadlines of the customers, we215

propose a rolling-horizon approach to further solve large-scale instances (with over 200 cus-216

tomers). This solves several sub-problems via the proposed DCG algorithm for overlapping217

sub-periods in temporal sequence, iteratively.218

The contributions of this paper can be summarized as follows:219

• We introduce a new variant of the crowdsourced last-mile delivery problem considering220

parcel allocation and crowd-courier routing in a two-tiered system in which the crowd-221

couriers are responsible for the last leg of delivery.222

• Other than a conventional arc-flow model, we formulate an R-SP model based upon223

the notion of a route that characterizes both the allocation of parcels and the routing224

of crowd-couriers.225

• We develop a novel DCG algorithm that uses a machine learning model to efficiently226

identify a subset of feasible and good-quality routes of the R-SP formulation.227

• Extensive numerical experiments have been conducted to demonstrate the effectiveness228

of the proposed solution method and to derive management insights.229

The remainder of this paper is organized as follows. The assumptions, notations, and230

problem description are elaborated in Section 2. An R-SP formulation for the PACR problem231

is developed in Section 3. Section 4 presents our solution method, a DCG algorithm under232

a rolling-horizon framework, which is used to solve the R-SP formulation. Extensive nu-233

merical experiments and sensitivity analyses are conducted in Section 5. Section 6 presents234

conclusions and proposed future research.235

2. Problem Description236

In this section, we define the PACR problem considering a logistics service provider which237

allocates parcels to intermediate stations scattered around an urban area, and uses a group238

of crowd-couriers to deliver the parcels from the stations to customer locations for last-mile239

delivery.240

2.1. Sets and Indices241

Let S, K , and V denote the sets of intermediate station locations, crowd-couriers, and242

customer locations, and O and D represent the sets of the origins and destinations of the243

crowd-couriers. For convenience of notation, V also refers to the set of parcels. All locations244

in sets S, V, O, and D are grouped into set N , while the arcs associated with N are grouped245

into set A. To be specific, the arc set A contains all the arcs corresponding to the visiting246

sequences of the crowd-couriers, i.e., A = {(ok, s) | k ∈ K , s ∈ S}∪{(s, i) | k ∈ K , i ∈ V}∪{(i, j) |247

i ∈ V, j ∈ V} ∪ {(i, dk) | i ∈ V, k ∈ K} ∪ {(ok, dk) | k ∈ K}.248

2.2. Parameters249

Each station s ∈ S has a limited capacity, represented by Cs. Each crowd-courier k ∈ K250

is associated with his/her original itinerary, specifying their origin ok, destination dk, earliest251
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departure time ek from the origin, and latest arrival time lk at the destination, as well as their252

carrying capacity Ck. The travel time of the arc (i, j) ∈ A is denoted by ti j. The maximum253

acceptable travel time of the crowd-courier k ∈ K is Tk, which satisfies tod ≤ Tk ≤ lk − ek,∀k ∈254

K . Each crowd-courier is allowed to carry multiple parcels but from one intermediate station255

only, in order to avoid lengthy detours and too many stops for parcel pick-ups. The crowd-256

couriers receive a certain amount of compensation according to the extra travel time they257

spend providing the delivery service. Let λ denote the compensation per unit of additional258

travel time of the crowd-couriers. Each parcel i ∈ V should be delivered before the deadline259

li. The weight of parcel i is represented by qi. A penalty hi will be incurred if a parcel i ∈ V260

fails to be matched.261

Figure 1 illustrates a two-tiered crowdsourced last-mile delivery setup with two inter-262

mediate stations, three crowd-couriers, and six customers. The crowd-couriers depart from263

their origins, pick up the parcels from the intermediate stations, deliver them to customers in264

sequence, and finish at their destinations. The numbers in square brackets under the courier265

origin and destination, and customer location, represent the earliest departure time, latest266

arrival time, and deadline, respectively. The numbers on the arcs denote travel time. It can267

be seen that the constraints on earliest departure times, latest arrival times, and deadlines268

are satisfied for all the crowd-couriers.269

2.3. Decisions, Objective Function, and Constraints270

The objective of the PACR problem is to allocate parcels to intermediate stations and271

determine routes so that the crowd-couriers can deliver parcels to customer locations along272

the routes of their original trips so that (i) the parcels, if delivered by the crowd-couriers,273

arrive at the customer locations on time; (ii) the time-window, capacity, and maximum274

travel time constraints of the crowd-couriers are respected; (iii) the capacity constraints of275

the intermediate stations are satisfied; and (iv) the total delivery cost, including the total276

amount of compensation paid for the delivered parcels and the penalties paid for unmatched277

parcels, is minimized.278

3. Mathematical Formulation279

The PACR problem can be formulated into two kinds of models. One is an arc-flow280

(AF) model based on 3-index variables specifying the arcs traversed by each crowd-courier,281

whereas the other is an R-SP formulation based on variables corresponding to feasible routes282

to be defined thereafter. The model AF is presented in Appendix A. It can be solved directly283

by MIP solvers like CPLEX. Nevertheless, we find from preliminary experiments that the284

sizes (in terms of the number of parcels) of the instances that can be solved by CPLEX are285

quite limited. To solve instances of a practical size, we formulate the PACR problem into286

an R-SP model and propose a DCG algorithm to solve it. The two formulations will be287

compared in the numerical experiments in Subsection 5.2.288

To develop the R-SP formulation, we first define a concept of a route r, denoting that a289

crowd-courier kr departs from origin okr , picks up parcels Vr from station sr, delivers them290

8



Figure 1: An illustration of a two-tiered crowdsourced last-mile delivery setup

to the customers one by one, and finally arrives at destination dkr .(see Figure 1). Let tr, cr,291

and qr denote the travel time, compensation cost, and total parcel weight associated with292

route r, respectively. Meanwhile, the compensation cost is given by cr = λ(tr − tokr dkr
). Let set293

R denote the collection of all feasible routes satisfying the following constraints:294

(i) Capacity constraint: the total weight of the parcels in Vr must be less than or equal295

to Ckr .296

(ii) Travel time constraint: the total travel time of crowd-courier kr does not exceed Tkr .297

(iii) Departure/arrival time constraint: let uokr
be the departure time from the origin,298

and udkr
be the arrival time at the destination; then the departure time uokr

and arrival time299

udkr
should satisfy uokr

≥ ekr and udkr
≤ lkr .300

(iv) Deadline constraint: crowd-courier kr arrives at customer location ui,∀i ∈ Vr no later301

than deadline li.302

Let Ri, Rk, and Rs be the subsets of routes that include parcel i ∈ V, are delivered by303

crowd-courier k ∈ K , and are allocated to station s ∈ S, respectively. Let xr be the variable304

that equals to 1 if route r ∈ R is included in the optimal solution. yi represents a binary305

variable that equals 1 if parcel i ∈ V is not matched to any crowd-courier. The notations306

used for the mathematical formulations are provided in Table 1 for readability.307
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Table 1: Notations

Indices/Sets
S Set of intermediate station locations
K Set of crowd-couriers
V Set of parcels/customer locations
O Set of origin of crowd-couriers
D Set of destination of crowd-couriers
N Set of all the vertices, N = S ∪V ∪ O ∪D
A Set of arcs connecting any two vertices
R Set of feasible routes
Ri Subset of routes including the parcel i ∈ V
Rk Subset of routes delivered by crowd-courier k ∈ K
Rs Subset of routes allocated to station s ∈ S
s Index of intermediate station location
k Index of crowd-courier
i Index of vertex
(i, j) Index of arc
ok Index of origin for crowd-courier k ∈ K
dk Index of destination for crowd-courier k ∈ K
r Index of route
Parameters
ti j Travel time of the arc (i, j) ∈ A
Cs Capacity of station s ∈ S
Ck Capacity of crowd-courier k ∈ K
Tk Maximum travel time of the crowd-courier k ∈ K
lk Latest arrival time at the destination for crowd-courier k ∈ K
ek Earliest departure time from the origin for crowd-courier k ∈ K
λ Compensation of unit additional travel time
li Deadline of parcel i ∈ V
qi Weight of parcel i ∈ V
hi Penalty for a parcel i ∈ V failing to be delivered on time by a crowd-courier
qr Total weight of the parcels in route r
tr Travel time of route r
cr Compensation cost according to the additional travel time of route r

Decision variables
xr Binary variable indicating if route r ∈ R being in the optimal solution
yi Binary variable indicating if parcel i ∈ V is matched to any crowd-courier

Then, the R-SP formulation of the PACR problem is given by308

[R-SP]

min
∑
r∈R

cr xr +
∑
i∈V

hiyi (1)∑
r∈Ri

xr + yi = 1 ∀i ∈ V (2)
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∑
r∈Rk

xr ≤ 1 ∀k ∈ K (3)∑
r∈Rs

qr xr ≤ Cs ∀s ∈ S (4)

xr ∈ {0, 1} ∀r ∈ R (5)
yi ∈ {0, 1} ∀i ∈ V (6)

The objective function (1) minimizes the sum of the compensation costs paid to the crowd-309

couriers and the penalty costs of any unmatched parcels. Constraints (2) represent that310

each parcel is either served by a crowd-courier or left unmatched. Constraints (3) ensure311

that a crowd-courier can undertake one route at most. Constraints (4) present the capacity312

constraints of the intermediate stations. The other constraints for a specific route have been313

implicitly incorporated in the definition of feasible routes. However, due to the large number314

of routes, the R-SP model cannot be solved directly by MIP solvers. We will thus develop a315

customized DCG algorithm to solve it in the next section.316

4. Solution Method317

4.1. DCG Algorithm318

Since the number of routes in the R-SP model is huge, instead of enumerating all routes,319

we need to identify a subset of feasible and good-quality routes for the R-SP formulation.320

The traditional way to do this is by column generation, in which a time-consuming NP-hard321

elementary shortest path problem with restricted constraints problem is solved iteratively.322

For higher computational efficiency, instead of finding feasible and good-quality routes di-323

rectly, we will identify a set of matches, defined as the combination of an intermediate324

station, a crowd-courier, and a set of parcels/customers, regardless of the sequence in which325

the customers are visited, that are likely to produce feasible and good-quality routes. Note326

that each match may correspond to multiple feasible routes with different visiting sequences327

for the same set of customers, but only the one associated with the minimum cost has the328

potential to be included in the optimal solution to the R-SP formulation. Thus, the total329

number of matches will be much smaller than the number of routes.330

As such, we propose a novel DCG algorithm for the R-SP formulation illustrated in331

Figure 2. We will first enumerate the matches that are likely to produce feasible routes for332

the R-SP formulation, based on a set of feasible conditions, in Subsection 4.1.1. We will333

also take advantage of a machine learning model introduced in Subsection 4.2 to quickly334

predict the minimal travel time of the route embedded in a match. The prediction results335

will then be leveraged to enhance the feasibility check and eliminate matches that are likely336

to lead to unfeasible routes. To further check whether a match corresponds to a feasible337

route, we will need to solve an NP-hard TSPTW for each match, which is time-consuming.338

Before doing so, in Subsection 4.1.2, we will identify good-quality matches from the match339

pool using a column generation procedure for an M-SP formulation, based on the match340

set, with the same structure as the R-SP formulation. Given the predicted travel time, the341
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column generation procedure can be performed quickly. Because of the same structure, the342

M-SP formulation can be viewed as an approximation of the R-SP formulation. Therefore,343

good-quality matches are likely to produce good-quality routes. Finally, in Subsection 4.1.3,344

the selected matches will be converted into routes by solving the TSPTWs. Then, the R-SP345

formulation based on the identified feasible and good-quality routes will be solved via a MIP346

solver to obtain a near-optimal solution to the PACR problem. In the following subsections,347

we will elaborate on the DCG algorithm.348

Figure 2: Flowchart of the proposed DCG algorithm

4.1.1. Match generation349

Let match m = (sm, km,Vm) represent the combination of an intermediate station sm,350

a crowd-courier km, and a set of parcels Vm. All the locations involved in match m are351

grouped into set Nm and Am = {(i, j) | i ∈ Nm, j ∈ Nm, (i, j) ∈ A} is the arc set associated352

with Nm. Let qm represent the total weight of the parcels in Vm. The minimal travel353

time of the route embedded in the match is denoted by tm and the cost of the match by354

cm = λ(tm− tokm dkm
). The travel time tm can be derived exactly by solving an NP-hard traveling355

salesman problem (TSP), which is computationally expensive. Instead, we take advantage356

of a machine learning model, which will be introduced in the next subsection, to quickly357

predict tm. In this subsection, we will present the match generation procedure illustrated in358

Algorithm 1, used to generate the setM of matches that are likely to provide feasible routes359

for the R-SP formulation, based on constraints (i)-(iv).360

Firstly, to improve the computational performance, many incompatible matches that361

cannot produce feasible routes can be neglected based on the following conditions (lines 4-15362

in Algorithm 1):363

(1) If the total travel time of route ok → s → dk exceeds the maximum travel time Tk364

or the crowd-courier cannot reach their destination before lk, all matches including crowd-365

12



courier k and station s can be neglected, since the time constraints would be violated even366

if there were no parcel delivery.367

(2) If the weight of parcel i exceeds the capacity of crowd-courier k, all matches including368

crowd-courier k and parcel i can be neglected due to the capacity constraint of the crowd-369

courier.370

(3) If the total travel time of a route ok → s → i → dk exceeds the maximum travel371

time Tk or the crowd-courier cannot reach the customer/destination before the deadline li/372

lk using route ok → s → i → dk, any match including crowd-courier k, station s, and any373

parcel set Vm containing parcel i can be neglected. If a route where the crowd-courier only374

delivers parcel i is infeasible, any route where the crowd-courier is delivering parcel i and375

other parcels will also be infeasible.376

Let Ωsk be the set of parcels that cannot be delivered from station s by crowd-courier377

k and let Ω′sk = V \ Ωsk be the complement of V with respect to Ωsk. Having removed the378

incompatible pairs of stations and crowd-couriers, the match set M should be constituted379

of any possible combination of station sm ∈ S, crowd-courier km ∈ K , and any parcel subset380

Vm ⊆ Ω′sk with total weight no larger than Ck. For each compatible pair of station sm381

and crowd-courier km, to enumerate all the parcel subsets Vm ⊆ Ω′sk satisfying the capacity382

constraint, a parcel set enumeration procedure is designed. First, we find a maximum-sized383

subset of Ω′sk with total weight no larger than Ck (lines 17-21 in Algorithm 1). Let wsk denote384

the maximum number of parcels the crowd-courier k can pick up from station s. Then, we385

can obtain all possible parcel subsets by enumerating all the combinations of the set Ω′sk386

with number of parcels no larger than wsk.387

To check whether match m can provide a feasible route, we could solve an NP-hard388

TSPTW for Nm and Am, which would be very time consuming. In contrast, we employ the389

predicted minimal travel time of the route embedded in the match. The predicted travel390

time can be further used to enhance the feasibility check according to the following rules:391

(1) The travel time constraint is violated if the predicted travel time tm > Tkm .392

(2) The departure/arrival time constraint is violated if the crowd-courier cannot arrive393

at the destination before lkm , i.e., ekm + tm > lkm .394

(3) The deadline constraint is violated if a customer i ∈ Vm, supposed to be the predeces-395

sor of the destination dkm , would have a delayed delivery even if the crowd-courier departed396

at the earliest departure time ekm , i.e., ekm + tm − tidkm
> li.397

Matches violating these rules are eliminated from M. Note that the effectiveness of398

the feasibility check may be affected by the accuracy of the travel time prediction, as some399

undesired matches might be included in M or desired matches excluded. However, the400

numerical experiments in Subsection 5.2.1 show that this has little impact on the solution401

quality.402
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Algorithm 1: Match generation procedure
Input: Station set S, crowd-courier set K , and customer set V
Output: Feasible match set M

1 M← ∅
2 for s ∈ S do
3 for k ∈ K do
4 t ← tok s + tsdk

5 if t ≤ Tk and ek + t ≤ lk then
6 Ωsk ← ∅ ▷ Ωsk is the set of parcels incompatible with station s and crowd-courier k
7 for i ∈ V do
8 if qi > Ck then
9 Ωsk ← Ωsk ∪ {i} ▷ Violating constraint (i)

10 else
11 t ← tok s + tsi + tidk

12 if t + ek > lk then
13 Ωsk ← Ωsk ∪ {i} ▷ Violating constraint (ii) and (iii)

14 else if ek + t − tidk > li then
15 Ωsk ← Ωsk ∪ {i} ▷ Violating constraint (iv)

16 Ω′sk ←V \Ωsk, Ω′′sk ←V \ Ωsk, wsk ← 0, q← 0
17 do
18 Find the parcel i∗ ∈ Ω′′sk with the minimum weight qi∗ .
19 q← q + qi∗ , wsk ← wsk + 1
20 Ω′′sk = Ω

′′
sk \ {i∗}

21 while q ≤ Ck

22 for V′ ⊂ V, |V′| ≤ wsk do
23 if ∑i∈V′ qi ≤ Ck and V′ ⊆ Ω′sk then
24 m← (s, k,V′)

▷ Invoke XGBoost model to predict the travel time of match m
25 tm ← XGBoost(m)
26 if tm ≤ Tk and ek + tm − tidk ≤ li,∀i ∈ V′ then
27 cm ← λ(tm − tokdk)
28 M =M∪ {m}

14



4.1.2. Match selection403

Given the match set generated in Subsection 4.1.1, we can develop the following M-SP404

formulation with the same structure as the R-SP formulation:405

[M-SP]

min
∑
m∈M

cmxm +
∑
i∈V

hiyi (7)∑
m∈Mi

xm + yi = 1 ∀i ∈ V (8)∑
m∈Mk

xm ≤ 1 ∀k ∈ K (9)∑
m∈Ms

qmxm ≤ Cs ∀s ∈ S (10)

xm ∈ {0, 1} ∀m ∈ M (11)
yi ∈ {0, 1} ∀i ∈ V (12)

Because it has the same structure, the M-SP model can be viewed as an approximation of406

the R-SP model. Therefore, good-quality matches are likely to produce good-quality routes.407

In this section, we will introduce a match selection procedure for obtaining good-quality408

matches from the match pool by employing the column generation procedure for the M-SP409

formulation.410

The match selection procedure is based on a conclusion drawn by Baldacci et al. (2002)411

in solving a capacitated p-median problem (CPMP) for an SP formulation. Baldacci et al.412

(2002) stated that an optimal CPMP solution could be obtained by replacing the whole413

column set M in the SP formulation with the subset M̄ defined as follows: M̄ = {m ∈ M |414

c̄m < z(UB) − z(LB)}, where z(UB) and z(LB) are the cost of a feasible solution of the CPMP415

and the dual of the linear relaxation of the SP formulation, called DSP. c̄m represents the416

reduced cost of column m ∈ M, corresponding to the feasible solution of DSP with cost417

z(LB). Fortunately, although the structure of our M-SP formulation is different from that in418

Baldacci et al. (2002), a similar conclusion can be derived and proved, as detailed below.419

For ease of description, we first denote the linear relaxation of the M-SP formulation by420

LM-SP. The optimal value of the LM-SP will provide a valid lower bound of the M-SP. Let421

πi(i ∈ V), ηk(k ∈ K), and ξs(s ∈ S) denote the dual variables associated with constraints (2)422

- (4), respectively. The dual of the LM-SP, termed DM-SP, is formulated as follows.423

[DM-SP]

max
∑
i∈V
πi +
∑
k∈K
ηk +
∑
s∈S

Csξs (13)∑
i∈Vm

πi + ηkm + qmξsm ≤ cm ∀m ∈ M (14)

πi ≤ hi ∀i ∈ V (15)
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ηk ≤ 0 ∀k ∈ K (16)
ξs ≤ 0 ∀s ∈ S (17)

Let (π′,η′, ξ′) be a feasible solution to DM-SP with cost z(LB). According to the duality424

theory, any feasible solution of DM-SP provides a valid lower bound for the M-SP. The425

reduced cost of a match m is given by:426

c̄m = cm −
∑
i∈Vm

π′i − η′km
− qmξ

′
sm

(18)

Proposition 1. Let z(UB) and z(LB) be the costs of feasible solutions to the M-SP and DM-SP427

formulations, respectively, and (π′,η′, ξ′) be a dual solution corresponding to z(LB). Any428

optimal solution of the M-SP with cost less than z(UB) cannot contain any match m ∈ M429

whose reduced cost is greater than or equal to z(UB) − z(LB).430

Proof. Let x′ be a feasible solution of the M-SP formulation with objective value z(UB) and431

M′ = {m | x′m = 1}. From Eq. (18), we have432 ∑
m∈M′

c̄m =
∑

m∈M′
cm −

∑
m∈M′

∑
i∈Vm

π′i −
∑

m∈M′
η′km
−
∑

m∈M′
qmξ

′
sm
.

Since x′ is a feasible solution,we have433 ∑
m∈M′

∑
i∈Vm

π′i =
∑
i∈V
π′i

Let K(x′) ⊆ K be the subset of couriers utilized for the solution x′. Then, since η′ ≤ 0, we434

have435 ∑
m∈M′
η′km
=
∑

k∈K(x′)

η′k ≥
∑
k∈K
η′k.

Let Ms(x′) be the subset of matches allocated to station s ∈ S for solution x′. Similarly, as436

ξ′ ≤ 0 and ∑m∈Ms(x′) qm ≤ Cs, we derive437 ∑
m∈M′

qmξ
′
sm
=
∑
s∈S

∑
m∈Ms(x′)

qmξ
′
s ≥
∑
s∈S

Csξ
′
s.

The previous three expressions indicate that the following relationship holds:438 ∑
m∈M′

∑
i∈Vm

π′i +
∑

m∈M′
η′km
+
∑

m∈M′
qmξ

′
sm
≥
∑
i∈V
π′i +
∑
k∈K
η′k +
∑
s∈S

Csξ
′
s,

and hence439 ∑
m∈M′

c̄m ≤
∑

m∈M′
cm −

∑
i∈V
π′i −
∑
k∈K
η′k −
∑
s∈S

Csξ
′
s.
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Since z(UB) =
∑

m∈M′ cm and z(LB) =
∑

i∈V π
′
i −
∑

k∈K η
′
k −
∑

s∈SCsξ
′
s, we obtain440

z(UB) ≥
∑

m∈M′
c̄m + z(LB). (19)

Suppose we have optimal solution x∗ of the M-SP model with optimal value z∗ < z(UB)
and M∗ = {m ∈ M | x∗m = 1} while there is a column m∗ ∈ M∗ satisfying ¯cm∗ ≥ z(UB) − z(LB).
Noticing that (u′,η′, ξ′) is a feasible solution of DM-SP, from constraint (14), the relationship
c̄m ≥ 0,∀m ∈ M holds. According to inequality (19), we obtain

z∗ ≥
∑

m∈M∗
c̄m + z(LB)

= c̄m∗ +
∑

m∈M∗\{m∗}
c̄m + z(LB)

≥ z(UB) +
∑

m∈M∗\{m∗}
c̄m ≥ z(UB)

This contradicts our previous statement, z∗ < z(UB).441

Therefore, we must conclude that any optimal solution of the M-SP model with cost less442

than z(UB) cannot contain any match m ∈ M whose reduced cost is greater than or equal to443

z(UB) − z(LB). □444

Proposition 1 states that an optimal solution to the M-SP model must be included in445

subset M̄ = {m ∈ M | c̄m < z(UB) − z(LB)}. Based on this proposition, we propose a match446

selection procedure for obtaining the subset M̄. The match selection procedure has two447

primary steps, as illustrated in Figure 2. In the first step, a valid lower bound as well as the448

dual solution are obtained using a column generation procedure, and the subset M0 ⊆ M449

of matches are generated in this procedure. Accordingly, a restricted M-SP formulation is450

formulated based on the matches in subset M0. By solving this formulation, we can obtain451

a valid upper bound of the M-SP model. In the second step, given the lower bound, the452

corresponding dual solution, and the upper bound, the subset M̄ ⊆ M of matches whose453

reduced costs with respect to the given dual solution are less than the gap between the upper454

and the lower bound will be generated. In the following, we discuss this match selection455

procedure in detail.456

Firstly, we use the column generation procedure to obtain the optimal solution to LM-457

SP, corresponding to a valid lower bound of M-SP. Let LM-SP(M0) be the restricted linear458

relaxation of M-SP, obtained from LM-SP by replacingM with the subsetM0 ⊆ M. Based459

on the LP optimality condition, the optimal solution of LM-SP(M0) is also the optimal460

solution of LM-SP if the reduced cost c̄m of any match m ∈ M\M0 is non-negative. Therefore,461

the column generation procedure does not directly solve the LM-SP with a full match set462

M. Instead, it repeatedly solves LM-SP(M0), generates one or more matches with negative463

reduced costs, and adds them intoM0. If no such match is found, the procedure terminates464

and an optimal solution to the current LM-SP(M0), which is also an optimal solution to465

LM-SP, is obtained. Otherwise, one or more matches with negative reduced costs are added466
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into M0 and another column generation iteration is invoked.467

In the traditional column generation procedure for the VRP, a dynamic programming468

(label setting/correcting algorithm) or heuristic approach is applied to generate one or more469

matches with negative reduced costs in each iteration. In this paper, given the cm of each470

match m ∈ M obtained from the prediction results of the XGBoost model and the current471

dual solution, we can immediately compute the corresponding reduced cost c̄m using Eq.472

(18). In each iteration, we add ϵ matches with minimum negative reduced cost to M0,473

where ϵ is a predefined parameter. Using a priority queue, this procedure can be processed474

very quickly. To control the size of M0, whenever its size becomes larger than a predefined475

parameter ϵmax, we remove the |M0| − ϵmax matches with the highest reduced cost from M0.476

As such, we can obtain the valid lower bound z(LB) as well as the corresponding dual477

solution (π′,η′, ξ′) associated with LM-SP(M0) via the column generation procedure. In478

addition, a valid upper bound z(UB) is obtained by solving a restricted M-SP, formulated479

upon the subsetM0, via an MIP solver. Given valid lower bound z(LB), corresponding dual480

solution (π′,η′, ξ′), and valid upper bound z(UB), we can obtain the subset M̄ = {m ∈ M |481

c̄m < z(UB) − z(LB)}, where c̄m can be calculated as c̄m = cm −
∑

i∈Vm
πi
′ − η′km

− ξ′sm
. According482

to Proposition 1, subset M̄ is a set of good-quality matches including the optimal solutions483

of the M-SP formulation. The size of M̄ is much smaller than that of M, as is verified in484

Subsection 5.2.3.485

4.1.3. Match conversion486

The previous subsection introduces the match selection procedure used to obtain a good-487

quality match set M̄. Since M̄ contains the optimal solution of the M-SP model, we can488

obtain the optimal solution by solving the restricted M-SP model with M̄. However, the489

optimal solution to the M-SP model might deviate from that of the R-SP model, since the490

prediction error in the match cost cm may affect the feasibility of the time constraints as well491

as the accuracy of the objective value. In addition, we are not able to obtain the routes of492

the crowd-couriers since the machine learning model focuses on predicting the travel time493

rather than the visiting sequence. Therefore, to reduce the negative influence of prediction494

error, we propose a match conversion procedure for transforming the good-quality match set495

M̄ into a feasible and good-quality route set R̄. To this end, we will solve a TSPTW for each496

match m ∈ M̄. By solving the following TSPTW, we can check whether the match satisfies497

time constraints (ii)-(iv) while also obtaining the explicit route and exact routing cost.498

[TSPTW]

min
∑

(i, j)∈A′m

ti jxi j (20)

Eq. (B.2) − (B.5) (21)
u j ≥ ui + ti j − M(1 − xi j) ∀(i, j) ∈ A′m (22)
usm − tokm sm ≥ ekm (23)
udkm
≤ lkm (24)
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ui ≤ li ∀i ∈ Vm (25)
udkm
− usm ≤ Tkm − tokm sm (26)

xi j ∈ {0, 1} ∀(i, j) ∈ A′m (27)

If the TSPTW model is feasible for match m, i.e., the time constraints are satisfied,499

we can convert each match m ∈ M̄ into a feasible route. The obtained feasible routes are500

grouped into R̄. Correspondingly, we can derive a restricted R-SP model by replacing route501

set R̄ with R. By solving the restricted R-SP model via an MIP solver, we can obtain a near-502

optimal solution to the R-SP model, including the crowd-couriers’ routes. The performance503

of the match conversion is verified in the experiment section (Subsection 5.2.3). Note that504

the match conversion procedure can be implemented in parallel to speed up the computation,505

since the TSPTW of each match can be solved independently.506

4.2. Travel Time Prediction Based on Machine Learning507

This subsection introduces the machine learning model used to predict the minimal travel508

time of the route embedded in a match. Previous research has proposed approximations for509

the tour length of the TSP and the vehicle routing problem (VRP) (Beardwood et al.,510

1959; Daganzo, 2005). However, such approximations are effective only when the number of511

customers in a given route is large (Shen and Qi, 2007). In general, a crowd-courier may not512

be willing to deliver too many parcels at once. Therefore, we utilize the machine learning513

model to predict the travel time of the route of a crowd-courier. Liu et al. (2021) also514

employed a machine learning method to predict the travel time for a food delivery problem.515

Integrating the machine learning model into the optimization formulation, to ensure its516

tractability, they chose relatively simple machine learning models, e.g., a linear regression517

model. In contrast, since the travel time prediction is independent of the optimization518

formulation in our work, we can adopt more complex machine learning models with better519

performance and accuracy.520

This paper employs a machine learning model based on XGBoost for fast prediction. The521

mapping of a given match to the minimal travel time of its embedded route can be considered522

as a regression problem, which can be solved by XGBoost very efficiently. XGBoost is a523

scalable end-to-end tree boosting system pioneered by Chen and Guestrin (2016). It has524

been wildly utilized by data scientists to achieve state-of-the-art results in both industrial525

and academic fields. The specific internal formulations of XGBoost can be found in Chen526

and Guestrin (2016).527

Note that a variety of machine learning models can be applied to predict the travel time,528

such as linear regression, a tree model, the support vector product, or a neural network.529

However, in this paper, we focus on incorporating the machine learning model into the530

optimization algorithm rather than exploring the performance of different machine learning531

models. Therefore, we only focus on feature engineering and label collection.532

In this work, we consider two cases of labels associated with match m, depending on533

whether the crowd-couriers strictly follow the routes recommended by the platform or not.534

Specifically, if the crowd-couriers strictly perform the routes provided by the platform, the535
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labels are supposed to be the objective value of the TSP formulation. In practice, the crowd-536

couriers’ travel routes might deviate from the planned delivery sequences as the crowd-537

couriers often have their own routing preferences and their real routing behavior may be538

intricate to be modeled explicitly. In this case, the labels will be obtained directly from539

the actual routes recorded in the historical data set. Liu et al. (2021) discussed this case540

in food delivery. They utilized the machine learning method to predict couriers’ travel time541

based on the industrial partner’s historical data. They demonstrated the importance of542

learning behavioral aspects from operational data. Based on the practical delivery data, the543

experimental results showed that the machine learning model had significantly smaller errors544

than the TSP solution, even with a small number of locations in a route. A similar method545

was also discussed by Bayram et al. (2022) focusing on the picking process in warehouse546

management.547

The features can be classified into the number of locations, visiting area, distance, dis-548

persion, and their interactive terms (Liu et al., 2021; Cavdar and Sokol, 2015; Chien, 1992;549

Kwon et al., 1995). In the literature, the traveler departs from the depot, visits a set of550

customers and returns to the depot at the end. In our work, since the crowd-couriers depart551

from and end up at different locations, the route structure is different from that in the lit-552

erature. Correspondingly, we incorporate the location information of the destination of the553

crowd-courier into the features, as summarized in Table 2.554

4.3. Rolling-Horizon Approach555

Owing to the characteristics of the time windows of the crowd-couriers and the deadlines556

of the customers, a rolling-horizon framework is designed to further solve large-scale instances557

of the problem. The rolling-horizon approach is widely used in planning problems when the558

same group of decisions are repeated over time. Instead of dealing with the problem over559

the whole planning horizon, we will divide the time horizon into a series of smaller periods560

and solve them in sequence.561

Figure 3 illustrates the rolling-horizon approach to the PACR problem in detail. The562

problem corresponding to the whole planning horizon H is solved by repeatedly addressing563

several sub-problems in temporal sequence. A sub-problem involves the parcels and crowd-564

couriers with deadlines/latest arrival times no later than the end of a sub-period tend. Let565

T denote the length of the first sub-period, which is called the basic sub-period. At each566

iteration, the DCG algorithm described in Subsections 4.1.1 - 4.1.3 is invoked to solve the567

corresponding sub-problem. After that, the sub-period rolls forward by ∆t, which is called568

the forward period. At the same time, the determined routes associated with parcels whose569

deadlines are before tend − T + ∆t will be fixed. We also update the available capacity570

of the stations according to the fixed routes. Taking the gth iteration as an example, the571

parcels and crowd-couriers involved in the gth sub-problem are grouped intoViterg and Kiterg ,572

respectively. First, we solve the sub-problem by invoking the DCG algorithm described in573

Subsection 4.1.1 - 4.1.3, deriving the determined routes Riterg and the unmatched parcels.574

Next, we fix the determined routes associated with parcels whose deadlines are before tendg −575

T + ∆t = g∆t, grouping them in the set Rfixg = Rfixg−1 ∪ {r ∈ Riterg | ∃i ∈ Vr, s.t., li < g∆t}. As576

a result, the parcels and crowd-couriers related to Rfixg are fixed/occupied and will not be577
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involved in the subsequent decision processes. The fixed parcels and occupied crowd-couriers578

are grouped into sets Vfixg =
∪

r∈Rfixg
Vr and Kfixg = {kr ∈ K | r ∈ Rfixg}, respectively. At579

the same time, we update the capacities of the stations according to the fixed routes Rfixg .580

Afterwards, the next sub-period is extended forward an additional ∆t, and the corresponding581

sub-problem includes the unfixed parcels/unoccupied crowd-couriers whose deadlines/last582

arrival times are before tendg+1 = tendg + ∆t, i.e., Viterg+1 = {i ∈ V \ Vfixg | li < tendg+1} and583

Kiterg+1 = {k ∈ K \ Kfixg | lk < tendg+1}. In this way, the process is iterated as the planning584

horizon rolls forward. As the rolling-horizon proceeds, more and more decision variables585

become fixed, until eventually we reach the end of the planning horizon.586

Figure 3: Illustration of rolling-horizon framework

Two factors determine the trade-off between overall computational efficiency and solution587

quality in this framework. One is the basic sub-period T , and the other is the forward588

period ∆t. As T increases, a larger subset of parcels and crowd-couriers are included in a589

sub-problem, leading to a better solution, but also increased computation time and memory590

consumption. In contrast, more decision variables are fixed after solving each sub-problem591

with the increase of ∆t, resulting in a smaller subset of parcels and crowd-couriers to be592

optimized in subsequent iterations. Moreover, the number of iterations will decrease with593

the increase of ∆t. Therefore, an increase of ∆t leads to a lower complexity of computation594

and a lower quality of solution. As a result, preliminary experiments are necessary to devise595

suitable values of ∆t and T so as to strike a good balance between the computational efficiency596

and solution quality.597

21



5. Numerical Experiments598

The algorithm is coded in Java 8 and runs on an Intel Xeon W-2265 3.50 GHz Pro-599

cessor, with 128 RAM and Windows 10 Professional. We use CPLEX 20.1 as the linear600

programming solver for the column generation procedure and the MIP solver for the re-601

stricted M-SP/R-SP models and TSP(TW) models. In this section, we first describe the602

instance generation and parameter setting. We will then evaluate the performance of the603

DCG algorithm and the rolling-horizon approach for large instances. Next, we will explore604

the benefit of the joint optimization of parcel allocation and delivery routes. Finally, we605

will conduct a sensitivity analysis of the impacts of station dispersion and crowd-courier606

availability on the performance of the crowdsourced last-mile delivery system.607

5.1. Instance Generation and Parameter Setting608

We generate several instances with different numbers of parcels ranging from 10 to 150609

and three intermediate stations within a 20 km × 20 km square region. The number of610

crowd-couriers is set to be half the number of parcels. The coordinates of the station loca-611

tions, customer locations, and origins and destinations of the crowd-couriers are randomly612

generated in the region. The distance between vertices i and j, i.e., di j, is computed as their613

Euclidean distance. By assuming a constant speed of 50 km/h, the travel time between i614

and j, i.e., ti j, can be obtained readily. The capacity of each intermediate station is assumed615

to be half the total weight of the parcels. The latest arrival time lk,∀k ∈ K is randomly616

and uniformly selected from [0, 720]. The earliest departure time ek,∀k ∈ K is computed617

as ek = lk − (tokdk + tk
f lex), where tk

f lex is the departure time flexibility of courier k, set to 30.618

The maximum travel time limitation Tk is set to min{lk − ek, 1.5tokdk},∀k ∈ K . The capacity619

of each crowd-courier Ck is 3. The crowd-couriers’ compensation per unit additional travel620

time λ is set to 1. The deadline li of each parcel i ∈ V is uniformly and randomly selected621

from [0, 720]. The weight of each parcel qi is set to 1. The penalty for an unmatched parcel,622

hi, is 1.5ts∗i i, where ts∗i i is the travel time from the customer to their nearest intermediate sta-623

tion s∗i . The problem instances used in the numerical experiments can be found on GitHub624

(https://github.com/liliw27/PACR.git).625

Since the historical data of our problem is not available, in the experiment tests, we as-626

sume that the crowd-couriers will follow the routes planned by the platform so that the labels627

of the training set and test set are collected as the objective value of the TSP formulation628

presented in Appendix B.629

The training set and test set are generated using a randomly generated instance with630

200 parcels. The total numbers of samples in the training set and test set are 2,000,000631

and 400,000, respectively. To obtain a sample set with a balanced number of parcels, we632

set the ratio of the numbers of matches including 2 to 4 parcels to C2
200 : C3

200 : C4
200. The633

training parameters of XGBoost, including the maximum tree depth (to control tree depth),634

minimum child weight (to control splitting), number of rounds, and learning rate (to control635

the step shrinkage), are set to 6, 4, 200, and 0.1, respectively. The training objective function636

is the squared loss function. The evaluation metrics are the mean absolute error (MAE),637

root mean square error (RMSE), and mean absolute percentage error (MAPE). The MAE,638
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RMSE, and MAPE of the training result for the test set are 1.77, 2.28, and 0.05, respectively.639

The importance score, the number of times a feature is used to split the data across all trees,640

is illustrated in Appendix C.641

All the above parameters will remain unchanged throughout the numerical experiments642

unless stated otherwise.643

5.2. Performance of the DCG Algorithm644

In this section, we will conduct numerical experiments to evaluate the performance of645

the proposed DCG algorithm by comparing it with three benchmark approaches. The first646

one is to use the CPLEX optimizer to solve the AF model in Appendix A. The second and647

third one are an exact and a heuristic algorithm for the R-SP model, respectively. We will648

also provide a set of results to demonstrate the efficacy of the critical algorithm components,649

i.e., the match selection and match conversion procedures, in the proposed DCG algorithm.650

5.2.1. Comparison with benchmark approaches651

To evaluate the performance of the proposed algorithm, we will compare the results652

obtained by the proposed DCG algorithm for solving the R-SP model against the results653

of using CPLEX for solving the AF model, an exact algorithm, and a heuristic algorithm.654

In the exact algorithm, the R-SP model is formulated with the routes obtained by solving655

the TSPTWs for all possible matches. Note that the so-called ‘all possible matches’ are656

obtained using Algorithm 1 as designed in Subsection 4.1.1, but the version disregarding657

the XGBoost prediction and corresponding feasibility check, i.e., excluding lines 25-27 of658

Algorithm 1. In the heuristic algorithm, the travel time of a match is obtained by employing659

a heuristic method instead of a machine learning model. Various approximation algorithms660

and heuristics have been developed to solve the TSP, such as the simulation-optimization661

methods, including constructive heuristics, local search, and Lin-Kernighan heuristic, as well662

as stochastic approximation methods (Beardwood et al., 1959; Daganzo, 2005; Perboli et al.,663

2018, 2017). For more details on heuristic algorithms for TSP, readers may refer to Applegate664

et al. (2011). In this study, we use a well-known and classical heuristic method, 2-opt, to665

solve the TSP model and obtain the travel time of the matches. Furthermore, the match666

selection procedure introduced in Subsection 4.1.2 is employed to reduce the computation667

time of the exact and heuristic algorithms.668

The comparison results for instances with number of parcels (#Parcel) ranging from669

10 to 200 are tabulated in Table 3. We report the objective value (Obj) and computation670

time (Time) of each method. The best objective values and optimal objective values are671

highlighted in bold and with an asterisk, respectively. For ease of comparison, we also672

represent the relative gaps RelGap1, RelGap2, and RelGap3, computed as ob j∗−ob j
ob j ∗ 100%,673

ob j∗−ob j1
ob j1

∗ 100%, and ob j∗−ob j2
ob j2

∗ 100% respectively, where ob j∗, ob j, ob j1, and ob j2 represent674

the objective values obtained by the DCG algorithm, CPLEX, the exact algorithm, and the675

heuristic algorithm. As can be seen, the DCG algorithm has a much better performance than676

CPLEX. For instance, with 10 parcels, CPLEX solves the instance to optimality in 45 sec677

while the DCG algorithm obtains a near-optimal solution with a 1.2% relative gap in much678
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less time (1 sec). For the instances with 20 to 150 parcels, the DCG algorithm can on average679

obtain an objective value 68% lower than that of CPLEX, in a few minutes. The objective680

value obtained by CPLEX is more than five times that obtained by the DCG algorithm in681

the instance with 150 parcels. For the instances with 160 parcels or more, CPLEX fails to682

obtain any valid solution due to an out-of-memory error, while the DCG algorithm manages683

to obtain good-quality solutions within 12 min. As for the exact algorithm, the results show684

that it only solves instances with up to 100 parcels optimally within a time limit of 2 h. For685

these ten instances, the DCG yields comparable solutions in much less computation time686

(11.67 sec vs. 1,393.40 sec). Out of the ten instances, the DCG can solve three instances687

to optimality. For the other seven instances with no more than 100 parcels, the average688

gap to the optimal objective is below 2%. When there are 100 or more parcels, the exact689

algorithm fails to solve these instances to optimality in 2 h, whereas the DCG algorithm can690

obtain much higher quality solutions (43.0% decrease in objective value on average) in a few691

minutes. The objective value obtained by the exact algorithm is more than four times that692

obtained by the DCG algorithm when the number of parcels is 200. Compared with the693

heuristic algorithm, the DCG algorithm can obtain comparable solutions with an average694

relative gap of 0.91% in much less computation time (34.9% decrease in the computation695

time on average). The advantage in computational efficiency of the DCG algorithm over the696

heuristic algorithm becomes more apparent when the number of parcels is large.697

Based on the data in Table 3, we further visualize the solution quality and computational698

efficiency in Figure 4. Figure 4a shows the variations in the objective values and the gaps699

between the CPLEX/exact/heuristic algorithm and the DCG algorithm. The objective value700

increases with the increase in the number of parcels for all four methods. To be specific,701

the curve CPLEX is always higher than the curves Exact, Heuristic, and DCG. The curves702

Exact and DCG almost coincide when the number of parcels is between 10 and 100, and703

the curve Exact is always higher when the number of parcels is greater than 100. The curve704

Heuristic overlaps with that of DCG over the whole range of parcel number. Overall, this705

suggests that the solution quality of CPLEX is the worst, while that of the heuristic and706

DCG algorithms is the best. The gap between CPLEX and the DCG algorithm (curve707

Gap1) drastically increases with the increase in the number of parcels, implying a significant708

advantage of the DCG algorithm over CPLEX in larger instances. The gap between the709

exact algorithm and the DCG algorithm (curve Gap2) is almost zero when the number of710

parcels is between 10 and 100, implying that near-optimal solutions can be achieved by the711

DCG algorithm. When the number of parcels increases further to 200, the gap significantly712

increases, from 63 to 1,353, implying that, the larger the instance, the more significant an713

improvement in solution quality can be obtained by the DCG algorithm. The gap between714

the heuristic algorithm and the DCG algorithm (curve Gap3) remains zero under all values715

of parcel number, implying that the heuristic algorithm and the DCG algorithm have similar716

performance in terms of solution quality. Figure 4b shows the variation in the computation717

times of the four methods as the number of parcels increases. As we can see, the computation718

times of CPLEX and the exact algorithm increase drastically with the increase in the number719

of parcels. CPLEX and the exact algorithm run for over 2 h when there are more than 20720

and 100 parcels, respectively. This indicates that the computation time of CPLEX and the721

exact algorithm increases exponentially with the increase of the problem size. In contrast,722
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(a) Objective value and gap (b) Computation time

Figure 4: Variations in gap and computation time with an increase in the number of parcels

the computation times of the heuristic and DCG algorithms appear much less sensitive to723

the problem size while the DCG algorithm shows a visible advantage with less computation724

time when the number of parcels exceeds 100. In particular, the time of the DCG algorithm725

only increases slightly, from 1 sec to 748 sec, when the number of parcels increases from726

10 to 200, while, for the heuristic algorithm, it increases from 1 sec to 1,194 sec over the727

same range of parcel number. In summary, the outstanding performance of the proposed728

DCG algorithm in terms of solution quality and computational efficiency demonstrates its729

potential to be implemented in a real-world crowdsourced last-mile delivery system.730

5.2.2. Performance on real-world instances731

We also test the performance of the proposed DCG algorithm on a group of instances732

based on real-world instances in Mousavi et al. (2021) for the stochastic mobile depot and733

crowd-shipping problem. The instances were generated according to the 2016 version of734

the Transportation Tomorrow Survey (TTS) from the data management group (DMG), a735

comprehensive travel survey conducted every five years in the Toronto Area. The City of736

Toronto has 625 traffic zones, each of which could be a customer’s location, intermediate737

station, and origin or destination of a crowd-courier. Mousavi et al. (2021) considered the738

instances with the number of customers ranging from 10 to 40 and the number of intermediate739

stations ranging from 10 to 30. The number of customers was assumed to be larger than740

the number of intermediate stations. The capacity of an intermediate station was set to741

10. Note that some modifications have been made to the instances in this study considering742

the differences in problem settings. For example, we set the earliest departure time and743

latest arrival time of each crowd-courier, as well as the deadline for each customer, based on744

the aforementioned instance generation method in Subsection 5.1. The results are shown in745

Table 4. Similar to the test results on the randomly generated instances, it shows that the746

proposed DCG algorithm can obtain (near-)optimal solutions with the least computation747

times in most real-world instances. Particularly, the proposed DCG algorithm solves the748

first seven out of nine instances in the least time on average among the three approaches. As749

for the last two instances, the average gap obtained by the DCG algorithm to the optimal750

objective value remains below 3%.751
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5.2.3. Performance of match selection and match conversion procedures752

This subsection examines the computational efficiency of the critical algorithm compo-753

nents, i.e., the match selection and match conversion procedures. To this end, we compare754

the results obtained by the DCG algorithm, including both the match selection and match755

conversion procedures, against two benchmark methods. The first, referred to as the ‘MS’756

method, is similar to the DCG algorithm, but only includes the match selection procedure757

and disregards the match conversion procedure. The other is referred to as the ‘w/o MS’758

approach, and excludes the match selection procedure as well. Kindly note that, without759

the match conversion procedure, both the MS and w/o MS methods solve the M-SP model760

with the match cost cm instead of the routing cost cr in the objective function. Therefore, to761

calculate the actual objective values of the MS and w/o MS methods, we need to transform762

the optimal solutions to the M-SP model into feasible solutions to the R-SP model by solving763

TSPTWs corresponding to the optimal matches. Theoretically, the TSPTWs might be infea-764

sible, although we have never encountered this situation in our computational experiments.765

To maintain the feasibility of the corresponding solutions, we solve the M-SP model again766

after removing the matches with infeasible TSPTWs. The results are tabulated in Table 5.767

The objective value and computation time are reported in columns ‘Obj’ and ‘Time’. Column768

‘ColNum’ shows the number of matches/routes utilized to solve the M-SP/R-SP model, i.e.,769

|M̄| for the MS method, |M| for the w/o MS method, and the |R̄| for the DCG algorithm.770

Column ‘MatRed’ indicates the fraction of the number of columns reduced by using the MS771

method rather than the w/o MS method, i.e., |M|−|M̄||M| . Column ‘RelGap’ reports the calcula-772

tion ob j∗−ob j3
ob j3

∗ 100%, where ob j∗ and ob j3 are the objective values of the DCG algorithm and773

MS method, respectively.774

To evaluate the significance of the match selection procedure, we analyze the results of775

the comparison of the MS and w/o MS methods. As we can observe, when the number of776

parcels is no more than 160, the solutions obtained by the MS and w/o MS methods are the777

same. The primary reason is that, in such cases, the match selection procedure will retain all778

the columns belonging to the optimal solutions for the M-SP model. In terms of computation779

time, the MS method takes 79% less time than the w/o MS method on average. That is,780

the MS method is more computationally efficient than the w/o MS method, especially for781

larger instances. When the number of parcels is less than 50, the computation time of the782

MS method is slightly larger than that of the w/o MS method. This is because the extra783

computation time induced by the match selection procedure is slightly larger than the time784

saved by using the match set reduction to solve the restricted M-SP model. Moreover, it can785

be seen that the match selection procedure helps to reduce the size of |M| by over 95% on786

average. For the instances with 170 or more parcels, the w/o MS procedure fails to obtain787

any valid solution due to an out-of-memory error.788

To evaluate the performance of the match conversion procedure, we compare the results789

of the DCG algorithm against the MS method, approaches with and without the conversion790

procedure, respectively. Table 5 shows that the DCG algorithm always obtains a better791

solution than the MS method, except in the first instance. The match conversion procedure792

reduces the objective value by 12% on average. Moreover, the objective value gap between793

the MS method and the DCG algorithm increases with the number of parcels, suggesting794
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(a) Objective value (b) computation time (sec) (c) Iteration number

Figure 5: Influence of ∆t and T

that the match conversion procedure significantly improves the solution quality for larger795

instances. The performance increment over the MS method also indicates that, even if a796

prediction error exists, the match selection procedure can still derive a high-quality match set797

likely to produce high-quality routes. However, since the TSPTW needs to be solved for each798

selected match, the match conversion procedure leads to a slight increase in computational799

time (1 min on average). Nevertheless, it is worth putting up with a slight sacrifice in800

computational efficiency in order to attain a significant improvement in solution quality.801

5.3. Performance of Rolling-Horizon Approach802

To examine the influence of the pre-specified forward period ∆t and basic sub-period T on803

the performance of the rolling-horizon method in terms of solution quality and computational804

efficiency, we solve the PACR problem under different values of ∆t and T in ten randomly805

generated instances with 200 parcels. The objective values, computation times, and number806

of iterations obtained under different values of ∆t and T are illustrated in Figure 5. As807

expected, a larger ∆t deteriorates the solution quality while reducing the computation time.808

The reason is that, as ∆t increases, a larger subset of decision variables is fixed in each809

iteration, and a shorter overlapping time interval is re-optimized, resulting in a deteriorated810

quality of solution. Moreover, as a direct result of a larger ∆t, a smaller number of parcels811

and crowd-couriers are included in the sub-problem in each iteration, and fewer iterations812

are processed in the rolling-horizon method, leading to a lower computational complexity.813

In contrast, when the length of the base sub-period T increases, a larger subset of decision814

variables and more information about the parcels and crowd-couriers are included in each815

sub-problem, resulting in a better quality of solution but more computational effort.816

To evaluate the performance of the rolling-horizon approach for large-scale instances,817

we compare the results obtained by employing the DCG algorithm in the rolling-horizon818

framework (DCG-RH) to those obtained from the single DCG algorithm. The latter can819

also be considered a special case of the rolling time horizon approach with T = H. Also,820

to strike a good balance between the solution quality and computational effort, we set T to821

min{T̄ , Hn
|V | }, where T̄ and n are two predetermined parameters for the upper bound of T and822

the average number of parcels included in the sub-problem of each iteration, respectively. In823

the following experiments, we set ∆t, T̄ , and n to 45 min, 300 min, and 100, respectively.824

The results obtained from solving instances with 200 to 1,000 parcels are summarized in825
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Table 6. Column ‘RelGap’ is calculated from ob jr−ob j∗

ob j∗ ∗ 100%, where ob jr represents the826

objective value obtained by the DCG-RH approach. When the number of parcels is 200, the827

solution quality of the DCG-RH approach and the DCG are very close (361 vs. 355), but828

the DCG-RH approach takes only half of the computation time of the DCG algorithm. As829

can be observed, when the number of parcels is 400 or above, the DCG-RH approach obtains830

much better solutions (68% decrease in cost on average), taking less computation time (48%831

decrease in computation time, on average). In particular, when the number of parcels is832

1,000, the objective value obtained by the DCG-RH approach is reduced by more than 80%833

and it uses only 25% of the computation time consumed by the DCG algorithm. Overall, for834

larger instances, the DCG-RH approach brings significant improvements not only in solution835

quality but also in computational efficiency. According to the results represented in Figure836

5, the expectation was that the solution quality obtained by the DCG algorithm (T = H)837

would be better than that of the DCG-RH approach. However, Table 6 shows that the838

DCG-RH approach significantly outperforms the DCG algorithm when solving large-scale839

instances. The main reason is that, to avoid an out-of-memory error in the DCG algorithm840

for large-scale instances, we set the maximal value of |M| to 10 × 107.841

5.4. Benefit Analysis of Joint Optimization842

In this subsection, we evaluate the benefit of the joint optimization of the PACR problem843

by comparing it with three other kinds of schemes:844

(1) Fixed-PS: In this scheme, each parcel is pre-allocated to the nearest station subject845

to the capacity constraint. In other words, the parcel allocation decisions are pre-confirmed,846

and the PACR problem is reduced to a crowd-courier routing problem. A similar scheme847

can found in Wang et al. (2016).848

(2) Fixed-CS: In this scheme, each crowd-courier can only picks up parcels from the fixed849

station nearest to his/her origin.850

(3) Fixed-PS&CS: In this scheme, we further simplify the problem by combining the851

former two schemes. To be specific, each parcel is pre-allocated to its nearest station, and852

each crowd-courier only picks up parcels from the fixed station nearest to his/her origin.853

For each scheme, we test ten random instances with 100 parcels, generated using the854

method discussed in Subsection 5.1. Figure 6 presents the results for the total cost and855

computation time, using a boxplot. As can be observed, the joint optimization scheme we856

propose in this paper performs significantly better than the other three schemes in terms857

of total cost, because it considers a larger search space. On average, the joint optimization858

scheme reduces the objective value by 32%, 16%, and 8% compared to the Fixed-PS&CS,859

Fixed-PS, and Fixed-CS schemes, respectively. The comparison of the time spent by the four860

schemes reveals the additional complexity introduced by the extra decisions that have to be861

made in the joint optimization scheme. As special cases of the PACR problem considered in862

this paper, the other three schemes simplify the problem in different ways, thus consuming863

less computational effort. However, compared to the Fixed-CS scheme, which produces the864

lowest cost among the three benchmark schemes, the computation time of the PACR problem865

is more stable and robust even though their average computation times are similar.866
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(a) Total Cost (b) Computation time

Figure 6: Performance of joint optimization

5.5. Sensitivity Analysis867

In this section, we first investigate how the degree of dispersion of the stations, measured868

by the average distance between each station and the central point of all the stations, affects869

the performance of the crowdsourced last-mile delivery system. Then, we analyze the impact870

of crowd-courier availability on the system’s performance, with their availability measured871

by three metrics: the ratio of the number of crowd-couriers to the number of parcels (C/P872

ratio), the capacity of the crowd-couriers (CourCap), and the departure time flexibility of873

the crowd-couriers (DTFlex).874

5.5.1. Analysis of the impact of the degree of dispersion of the stations875

To evaluate the impact of the degree of dispersion of the stations, we set up scenarios876

with five different degrees of dispersion. As shown in Figure 7a, for simplicity, we locate three877

stations equally spaced out on circles with radii of 2 km, 4 km, 6 km, 8 km, and 10 km. The878

respective degrees of dispersion are coded as 1, 2, 3, 4, and 5, respectively. It can be seen that879

the distribution of the stations becomes more dispersed with the increase in radius. Figure880

7b shows the total cost under the different degrees of dispersion based on averaging the881

results of 10 random instances with 100 parcels for each dispersion scenario. Interestingly,882

as the degree of dispersion increases, the total cost first drops and then rises. Specifically,883

the cost decreases from 275 to 213 when the degree of dispersion increases from 1 to 3. Then,884

it increases to 319 as the degree of dispersion increases from 3 to 5. The main reason is that885

the stations clustered in the center are far away from the customers located on the boundary886

or in the corners of the area, leading to longer routes and higher costs of delivery for those887

parcels. Similar results are found when the stations are distributed around the boundary. In888

contrast, stations lying between the center and boundary are relatively closer to any vertex,889

resulting in lower costs of delivery between the stations and the customers. Therefore, it is890

recommended that service providers should avoid to place their stations in the center or on891

the boundary of the delivery area.892
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Figure 7: Impact of station dispersion

5.5.2. Analysis of the impact of crowd-couriers’ availability893

In this subsection, we analyze the impact of crowd-courier availability, i.e., C/P ratio,894

CourCap, and DTFlex, on the system’s performance. We vary each of the parameters within895

its feasible range while keeping the other two parameters set to the values given in Subsection896

5.1. Under a particular parameter setting, we report the average results for 10 randomly897

generated instances with 100 parcels. Specifically, we report the total cost (TotCost), the cost898

of the compensation paid to the crowd-couriers (ComCost), the penalty cost for unmatched899

parcels (PenCost), the average compensation paid to each crowd-courier (AvgCost/C), the900

average compensation paid for each matched parcel (AvgCost/P), the number of matched901

parcels (MatP), the number of matched crowd-couriers (MatC), and the average number of902

parcels matched to each crowd-courier (AvgPNum).903

Table 7 summarizes the results under different C/P ratios ranging from 0.1 to 1. Accord-904

ing to Table 7, the total cost decreases as the number of available crowd-couriers increases,905

with the rate of decrease becoming smaller when the C/P ratio exceeds 0.6. In particular,906

the total cost drops sharply by 370 when the C/P ratio increases from 0.1 to 0.2, but only907

by 30 when the C/P ratio increases from 0.6 to 0.7. This suggests that encouraging more908

crowd-couriers to participate in the last-mile delivery service could produce considerable909

profits, but with a C/P ratio exceeding 0.6, the profit improvement would become relatively910

limited. The penalty cost of unmatched parcels follows a similar downward trend, and is911

almost eliminated once the C/P ratio exceeds 0.6. In comparison, the compensation cost912

shows a trend of first rising and then falling. To be specific, as the C/P ratio grows from913

0.1 to 0.4, the compensation cost increases from 126 to 320, with more than three times the914

number of parcels being matched to the crowd-couriers. As the C/P ratio grows further,915

up to 1.0, the compensation cost decreases slightly to 216. This may be attributed to the916

fact that the chance of matching parcels to crowd-couriers that have to make fewer detours917

rises as more crowd-couriers become available, resulting in a lower compensation cost. Even918

though an increase in the C/P ratio could bring massive profits to the last-mile delivery919
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service provider, it would reduce the appeal to the crowd-couriers since they receive less920

than half the compensation when the C/P ratio increases from 0.1 to 1.0. Moreover, the921

probability of a crowd-courier matching with a parcel drops from 96% to 36% as the C/P922

ratio increases from 0.1 to 1. The decrease in the matching probability might thus be an-923

other factor that dampens the crowd-couriers’ enthusiasm for engaging in last-mile delivery924

services.925

The results for different departure time flexibility are summarized in Table 8. It can926

be observed that the total cost displays a downward trend with the increase in departure927

time flexibility, with the decrease rate becoming smaller when the departure time flexibility928

exceeds 20 min. To be specific, the total cost falls from 943 to 538 when the departure929

time flexibility increases from 5 min to 10 min. In contrast, it only decreases from 369 to930

362 when departure time flexibility increases from 20 min to 25 min (the cost reduction931

falls from 405 to 7). The results indicate that encouraging crowd-couriers with more flexible932

departure times could significantly reduce the delivery costs of the crowdsourced last-mile933

delivery system, but that cost reduction would become limited for departure time flexibility934

of more than 20 min. In other words, from an operational perspective, a 20 min departure935

time flexibility might be sufficient for the crowd-couriers to generate effective and profitable936

routes. The reduction of the total cost is mainly attributable to a reduction in the penalty937

costs paid for unmatched parcels, while the cost of the compensation paid to the crowd-938

couriers displays an opposite trend. This is because more parcels and crowd-couriers can939

be matched. As can be seen, about three times as many parcels and twice as many crowd-940

couriers are matched when the departure time flexibility increases from 5 min to 20 min.941

Nevertheless, the increment in the compensation is always much smaller than the reduction942

in the penalty cost, resulting in a decrease in the total cost. Another interesting finding is943

that the crowd-couriers may be able to obtain more than 2.5 times the compensation if they944

adjust their departure time flexibility from 5 min to 20 min. The primary reason is that each945

crowd-courier can then deliver more parcels on average and travel longer routes, enabled by946

their larger detour tolerance, which depends on their departure time flexibility.947

The impact of the crowd-courier’s capacity on the system’s performance is tabulated in948

Table 9. It shows that a capacity increase can significantly reduce the total cost by 702949

(as much as 71%), although the reduction’s slope becomes close to zero when the capacity950

exceeds 3. This suggests that the platform could easily attract crowd-couriers with larger951

capacities by offering higher compensation to them, as long as the additional compensation952

cost did not exceed the cost reduction brought about by using high-capacity crowd-couriers.953

The penalty costs for unmatched parcels are virtually eliminated, as about 98% of the parcels954

can be matched when the capacity is 5. The compensation cost increases from 250 to 348955

as the capacity increases from 1 to 2, with almost twice the number of parcels matched.956

Then, the compensation cost gradually decreases to 277 as the capacity grows further to 5957

because parcels with similar customer locations can be grouped into a single route of a crowd-958

courier with greater capacity, resulting in a lower compensation cost. Due to batching similar959

customers, the service provider only pays 50% of the compensation for each matched parcel960

when the capacity increases from 1 to 5. Nevertheless, this also shows that crowd-couriers961

with more capacity can obtain more compensation, whereas they have less probability of962

matching to parcels and less capacity utilization.963
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6. Conclusions964

In this paper, we investigate a crowdsourced last-mile delivery problem in which a group965

of crowd-couriers is utilized to deliver parcels from intermediate stations to customers. We966

explore the joint optimization of the parcel allocation to the stations and the delivery routes967

of the crowd-couriers. We propose two mathematical formulations for the PACR problem: a968

conventional arc-flow formulation and a route-based formulation. To solve the route-based969

formulation, we design a novel data-driven column generation algorithm, based on the notion970

of a match, under a rolling-horizon framework. The data-driven column generation algorithm971

contains three key components: First, we enumerate all possible matches that are likely to972

produce feasible routes, based on a compatibility condition and the cost estimated by the973

machine learning method. Second, we propose a match selection procedure to select a subset974

of the high-potential matches that are likely to produce high-quality routes, by applying the975

column generation method to a match-based set-partitioning formulation. Third, for each976

match in the high-potential subset, a traveling salesman problem with time windows is solved977

to convert the matches into good-quality routes with exact travel times, and to ensure the978

time constraints are met. A rolling time horizon can be employed to further improve the979

computational efficiency for large instances (≥ 200 customers).980

Moreover, extensive numerical experiments are conducted to verify the effectiveness of981

the proposed algorithm. The results show that the data-driven column generation algo-982

rithm can find a (near-)optimal solution much faster than using CPLEX for the arc-flow983

formulation and an exact algorithm for the route-based set-partitioning formulation. The984

proposed rolling-horizon framework can handle significantly larger instances with more than985

200 parcels within a few minutes. We also compare the proposed joint optimization model986

with three special cases of the problem. The results indicate that the joint optimization of987

parcel allocation and delivery routing significantly decreases the costs of the crowdsourced988

last-mile delivery system. This finding demonstrates the necessity of joint optimization and989

hence validates the significance of this study.990

Finally, the effects of the degree of dispersion of the stations and crowd-courier avail-991

ability on the performance of the crowdsourced delivery system are analyzed. We find that992

significant cost savings can be obtained by locating the stations between the boundary and993

the centre of the city. In addition, large profits can be obtained with an increase in the994

crowd-courier availability, represented by the number of available crowd-couriers, their de-995

parture time flexibility, and their capacity. However, the profit improvements tend to be996

limited after crowd-courier availability exceeds a certain threshold.997

Future research can explore several further directions. First, we assume that the crowd-998

couriers must accept the parcel delivery tasks matched to them, whereas the crowd-couriers999

might reject the matched tasks in reality. Incorporating the choice behavior of the crowd-1000

couriers would offer more alignment with reality. Second, the dedicated vehicles of the1001

service company can be considered to ensure service quality. Third, the location problem1002

of the intermediate stations under uncertainty, such as uncertain demand, is another topic1003

worth exploring. Fourth, designing a reasonable compensation scheme that can strike a good1004

balance between attracting more crowd-couriers and reducing the cost of service provider is1005
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significant for the viability of this new business model. Lastly, other the operational aspect,1006

the economic, social, and environmental implications of this kind of crowdsourced delivery1007

pattern are also important issues to be investigated in the future.1008
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Appendix A. Arc-flow formulation1136

To formulate the PACR problem, the following decision variables are used:1137

• xk
i j : a binary variable that equals 1 if crowd-courier k ∈ K traverses arc (i, j) ∈ A, and1138

0 otherwise;1139

• yi : a binary variable that equals 1 if parcel i ∈ V is not matched to any crowd-courier;1140

• zk
s: the total weight of the parcels picked up from intermediate station s ∈ S by crowd-1141

courier k ∈ K ;1142

• ui: the arrival time at vertex i ∈ N \ S;1143

• uk
s: the arrival time of crowd-courier k ∈ K at station s ∈ S.1144
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In addition, let M represent a positive large number. With the above notation, the arc-flow1145

formulation of the PACR problem is presented as follows:1146

[AF]

min λ
∑
k∈K

(
∑

(i, j)∈A
ti jxk

i j − tk
od) +

∑
i∈V

hiyi (A.1)∑
k∈K

∑
i∈S∪V

xk
i j + y j = 1 ∀ j ∈ V (A.2)∑

j∈S∪{dk}
xk

ok j = 1 ∀k ∈ K (A.3)∑
i∈V∪{ok}

xk
idk
= 1 ∀k ∈ K (A.4)

xk
ok s =

∑
j∈V

xk
s, j ∀k ∈ K , s ∈ S (A.5)∑

i∈S∪V
xk

i j =
∑

i∈V∪{dk}
xk

ji ∀k ∈ K , j ∈ V (A.6)∑
i∈S∪V

∑
j∈V

q jxk
i j ≤ Ck ∀k ∈ K (A.7)∑

k∈K
zk

s ≤ Cs ∀s ∈ S (A.8)

zk
s ≥
∑

i∈S∪V

∑
j∈V

q jxk
i j − M(1 − xok s) ∀s ∈ S, k ∈ K (A.9)

zk
s ≤ Ckxk

ok s ∀s ∈ S, k ∈ K (A.10)
zk

s ≤
∑

i∈S∪V

∑
j∈V

q jxk
i j ∀s ∈ S, k ∈ K (A.11)

u j ≥ ui + ti j − M(1 −
∑
k∈K

xk
i j) ∀i ∈ V, j ∈ V (A.12)

uk
s ≥ uok + tok s − M(1 − xk

ok s) ∀k ∈ K , s ∈ S (A.13)
u j ≥ uk

s + ts j − M(1 − xk
s j) ∀k ∈ K , s ∈ S, j ∈ V (A.14)

udk ≥ ui + tidk − M(1 − xk
idk

) ∀k ∈ K , i ∈ V (A.15)
uok ≥ ek ∀k ∈ K (A.16)
udk ≤ lk ∀k ∈ K (A.17)
ui ≤ li ∀i ∈ V (A.18)
udk − uok ≤ Tk ∀k ∈ K (A.19)
xk

i j ∈ {0, 1} ∀(i, j) ∈ A, k ∈ K (A.20)
yi ∈ {0, 1} ∀i ∈ V (A.21)
zk

s ∈ R+ ∀s ∈ S, k ∈ K (A.22)
ui ∈ R+ ∀i ∈ N \ S (A.23)
uk

s ∈ R+ ∀s ∈ S, k ∈ K (A.24)
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1147

The objective function (A.1) minimizes the compensation cost paid for the additional1148

travel time of the crowd-couriers and the penalty cost of unmatched parcels. Constraints1149

(A.2) represent that each parcel is either served by a crowd-courier or left unmatched. Con-1150

straints (A.3) impose that each crowd-courier departs from origin ok and goes to a station1151

or directly to destination dk, while constraints (A.4) ensure that each crowd-courier ends1152

up at destination dk, having traveled there from origin ok or a customer location. Con-1153

straints (A.5) and (A.6) are the flow preservation constraints of the stations and customer1154

locations, respectively. Inequalities (A.7) and (A.8) represent the capacity constraints of1155

the crowd-couriers and the intermediate stations, respectively. Constraints (A.9) - (A.11)1156

impose that zk
s is the total weight carried by crowd-courier k from intermediate station s if1157

crowd-courier k visits station s, and 0 otherwise. Constraints (A.12) - (A.17) ensure that1158

the crowd-courier’s earliest departure time and latest arrival time are respected. To be more1159

specific, constraints (A.12) require that, if customer j is served right after customer i, the1160

arrival time at customer j is not earlier than the arrival time at customer i plus travel time1161

ti j. Similarly, constraints (A.13) - (A.15) stipulate the arrival time of crowd-courier k at1162

intermediate station s, when having traveled from the crowd-courier’s origin ok, the arrival1163

time at customer j, when having traveled from intermediate station s, and the arrival time at1164

the crowd-courier’s destination dk, when having traveled from customer i, respectively. Con-1165

straints (A.18) enforce the deadlines of the parcels. Constraints (A.19) impose the maximum1166

acceptable travel times of the crowd-couriers.1167

The model AF can be solved directly by MIP solvers like CPLEX. Nevertheless, after1168

some preliminary experiments, we find that the sizes (in terms of number of parcels) of the1169

instances that can be solved by CPLEX are quite limited. To solve instances of a practical1170

size, we reformulate the PACR problem into an R-SP model and propose a DCG algorithm1171

to solve it. The two formulations will be compared based on numerical experiments in1172

Subsection 5.2.1173

Appendix B. TSP formulation for label collection1174

[TSP]

min
∑

(i, j)∈A′m

ti jxi j (B.1)∑
i∈{sm}∪Vm

xi j = 1 ∀ j ∈ Vm (B.2)∑
j∈{dkm }∪Vm

xi j = 1 ∀i ∈ Vm (B.3)∑
j∈Vm

xsm j = 1 (B.4)∑
i∈Vm

xidkm
= 1 (B.5)
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∑
(i, j)∈A(N ′)

xi j ≤ |N ′| − 1 ∀N ′ ⊂ Nm \ {okm} (B.6)

xi j ∈ {0, 1} ∀(i, j) ∈ A′m (B.7)

1175

The set A(N ′) denotes the set of arcs associated with N ′. For ease of presentation, we1176

define the arc set A′m = Am \ {(okm , sm)}, excluding the arc (okm , sm) which is indeed traversed1177

by crowd-courier km, with xokm sm = 1 and not needing to be optimized.1178

Appendix C. Feature importance score of XGBoost model1179

Figure C.1: Feature importance score of XGBoost model
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Table 2: Definitions of the prediction features

Features Definition
f1 : d̄s The average distance between the station and the customer locations
f2 : dmax

s The longest distance between the station and the customer locations
f3 : dmin

s The shortest distance between the station and the customer locations
f4 : d̄d The average distance between the customer locations and the desti-

nation of the crowd-courier
f5 : dmax

d The longest distance between the customer locations and the desti-
nation of the crowd-courier

f6 : dmin
d The shortest distance between the customer locations and the desti-

nation of the crowd-courier
f7 : lat1 The maximum latitudinal difference between a pair of customer loca-

tions
f8 : lat2 The maximum latitudinal difference between a pair of customer loca-

tions (including the station and the destination of the crowd-courier)
f9 : lat3 The average latitudinal difference between a pair of customer loca-

tions
f10 : lat4 The average latitudinal difference between a pair of customer loca-

tions (including the station and the destination of the crowd-courier)
f11 : lng1 The maximum longitudinal difference between a pair of customer lo-

cations
f12 : lng2 The maximum longitudinal difference between a pair of customer

locations (including the station and the destination of the crowd-
courier)

f13 : lng3 The average longitudinal difference between a pair of customer loca-
tions

f14 : lng4 The average longitudinal difference between a pair of customer loca-
tions (including the station and the destination of the crowd-courier)

f15 : R1 The area of the smallest rectangle covering the customer locations
f16 : R2 The area of the smallest rectangle covering the customer locations,

the station, and the destination of the crowd-courier
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Table 3: Comparison of the proposed algorithm, CPLEX, exact algorithm, and heuristic algorithm

#Parcel DCG CPLEX Exact Heuristic RelGap1 RelGap2 RelGap3
Obj Time Obj Time Obj Time Obj Time

10 83 1 82* 45 82∗ 2 82∗ 1 1.2% 1.2% 1.2%
20 154 6 210 7,200 152∗ 19 154 6 -26.7% 1.3% 0.0%
30 155∗ 8 287 7,200 155∗ 146 155∗ 8 -46.0% 0.0% 0.0%
40 211∗ 9 444 7,200 211∗ 428 211∗ 10 -52.5% 0.0% 0.0%
50 190∗ 10 566 7,200 190∗ 1,103 190∗ 13 -66.4% 0.0% 0.0%
60 197 12 696 7,200 196∗ 2,342 197 18 -71.7% 0.5% 0.0%
70 226 14 754 7,200 223∗ 3,905 223∗ 23 -70.0% 1.4% 1.4%
80 245 19 1,036 7,200 241∗ 2,327 241∗ 35 -76.4% 1.7% 1.7%
90 266 27 1,147 7,200 262∗ 3,621 262∗ 50 -76.8% 1.5% 1.5%
100 285 36 1,229 7,200 275∗ 6,089 275∗ 78 -76.8% 3.6% 3.6%
110 318 52 1,385 7,200 381 7,200 312 111 -77.0% -16.5% 1.9%
120 352 85 1,537 7,200 536 7,200 351 170 -77.1% -34.3% 0.2%
130 359 113 1,711 7,200 676 7,200 355 230 -79.0% -46.9% 1.1%
140 371 196 1,863 7,200 850 7,200 367 303 -80.1% -56.4% 1.1%
150 377 263 2,013 7,200 1,019 7,200 374 352 -81.3% -63.0% 0.8%
160 392 323 - - 1,272 7,200 389 481 - -69.2% 0.8%
170 385 595 - - 1,443 7,200 383 613 - -73.3% 0.5%
180 409 380 - - 1,544 7,200 404 781 - -73.5% 1.2%
190 408 664 - - 1,596 7,200 404 993 - -74.4% 1.0%
200 422 748 - - 1,775 7,200 421 1,194 - -76.2% 0.2%

Table 4: Comparison of the proposed algorithm, exact algorithm, and heuristic algorithm on real-world
instances

(#Parcel,#Station) DCG Exact Heuristic
Obj Time Obj Time Obj Time

(10, 10) 25 0.6 25 2.2 25 0.9
(20, 10) 42 5.9 42 29.9 42 5.7
(20, 20) 25 6.1 25 46.5 25 5.7
(30, 10) 60 6.1 60 92.0 60 6.6
(30, 20) 36 6.4 36 193.9 36 8.6
(30, 30) 33 7.3 33 288.2 33 10.7
(40, 10) 75 7.7 75 284.1 75 10.7
(40, 20) 44 10.2 43 566.4 43 16.8
(40, 30) 39 12.4 38 771.3 38 23.1
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Table 5: Performance of match selection and match conversion procedures

#Parcel w/o MS MS DCG MatRed RelGap
Obj MatNum Time Obj MatNum Time Obj MatNum Time

10 83 124 0.5 83 123 1.1 83 123 1.5 0.8% 0.0%
20 159 2,043 0.3 159 597 0.3 154 597 5.7 70.8% -3.1%
30 164 14,643 0.5 164 1,067 0.6 155 1,067 8.1 92.7% -5.5%
40 227 43,058 0.9 227 1,555 1.0 211 1,555 8.6 96.4% -7.0%
50 197 114,931 3.4 197 1,730 2.3 190 1,730 9.7 98.5% -3.6%
60 227 226,641 8.8 227 3,713 4.4 197 3,713 11.7 98.4% -13.2%
70 264 366,238 13.5 264 3,769 6.1 226 3,769 14.2 99.0% -14.4%
80 278 615,984 23.8 278 3,637 10.5 245 3,637 18.9 99.4% -11.9%
90 304 994,867 50.5 304 5,280 17.3 266 5,280 27.2 99.5% -12.5%
100 322 1,618,806 75.6 322 6,445 26.8 285 6,445 36.3 99.6% -11.5%
110 378 2,193,646 111.9 378 8,087 36.1 318 8,087 51.6 99.6% -15.9%
120 405 2,962,344 149.4 405 12,706 54.0 352 12,706 85.3 99.6% -13.1%
130 394 4,348,944 392.8 394 12,756 72.7 359 12,756 112.6 99.7% -8.9%
140 429 5,782,371 603.5 429 33,244 108.7 371 33,244 195.6 99.4% -13.5%
150 424 7,292,741 700.2 424 49,633 140.6 377 49,633 263.4 99.3% -11.1%
160 462 9,310,156 1,011.3 462 57,690 172.0 392 57,690 323.1 99.4% -15.2%
170 - - - 447 134,454 248.1 385 134,454 595.2 - -13.9%
180 - - - 498 34,738 297.1 409 34,738 380.5 - -17.9%
190 - - - 516 105,913 466.0 408 105,913 663.8 - -20.9%
200 - - - 538 106,638 467.3 422 106,638 748.5 - -21.6%

Table 6: Performance of proposed rolling-horizon approach

#Parcel DCG-RH DCG RelGap
T ∆t Obj Time Obj Time

200 300 45 361 213 355 420 1.69%
400 180 45 647 439 2,563 1,522 -74.76%
600 120 45 940 582 4,740 1,624 -80.17%
800 90 45 1,290 836 6,710 2,685 -80.77%
1,000 72 45 1,680 855 8,448 2,893 -80.11%
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Table 7: Impacts of C/P ratio

C/P ratio TotCost ComCost PenCost AvgCost/C AvgCost/P MatP MatC AvgPNum
0.1 1011 126 885 13.0 4.5 28.0 9.6 2.9
0.2 741 262 479 14.1 4.8 55.0 18.6 3.0
0.3 547 315 232 12.5 4.2 74.6 25.2 3.0
0.4 425 320 105 10.8 3.7 86.8 29.6 2.9
0.5 384 316 68 10.3 3.5 90.4 33.7 2.9
0.6 312 297 14 8.8 3.1 96.4 33.6 2.9
0.7 282 273 9 7.9 2.8 97.4 34.4 2.8
0.8 256 250 6 7.0 2.5 98.0 35.6 2.8
0.9 230 225 5 6.3 2.3 98.4 36.0 2.7
1 219 216 3 5.9 2.2 98.6 36.4 2.7

Table 8: Impacts of departure time flexibility

DTFlex TotCost ComCost PenCost AvgCost/C AvgCost/P MatP MatC AvgPNum
5 943 70 873 4.0 2.0 35.6 17.4 2.0
10 538 191 347 7.1 2.6 72.2 26.6 2.7
15 393 280 113 9.2 3.2 87.4 30.6 2.9
20 369 307 62 9.8 3.4 90.8 31.6 2.9
25 362 300 62 9.5 3.3 90.4 31.6 2.9
30 367 313 54 10.0 3.5 91.0 31.6 2.9
35 354 311 43 9.8 3.4 92.2 32.0 2.9
40 355 313 42 9.8 3.4 92.2 32.0 2.9
45 345 313 32 9.7 3.4 93.6 32.4 2.9
50 335 303 32 9.3 3.3 93.2 32.8 2.8
55 328 303 25 9.2 3.2 94.2 33.0 2.9
60 325 302 23 9.2 3.2 94.4 33.0 2.9

Table 9: Impacts of the crowd-courier’s capacity

CourCap TotCost ComCost PenCost AvgCost/C AvgCost/P MatP MatC AvgPNum
1 994 250 744 5.8 6.6 37.8 42.8 1.0
2 533 348 185 8.8 4.5 78.2 39.8 2.0
3 352 317 35 9.9 3.4 93.6 32.0 2.9
4 297 279 18 11.1 3.1 97.0 27.0 3.9
5 292 277 15 12.0 3.0 98.0 23.0 4.2
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