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OCD: Online Crowdsourced Delivery for
On-Demand Food

Wei Tu, Member, IEEE, Tianhong Zhao, Baoding Zhou, Jincheng Jiang, Jizhe Xia, and Qingquan LI

Abstract—Online-to-offline (020) commerce connecting ser-
vice providers and individuals to address daily human needs
is quickly expanding. In particular, on-demand food, whereby
food orders are placed online by customers and delivered by
couriers, is becoming popular. This novel urban food application
requires highly efficient and scalable real-time delivery services.
However, it is difficult to recruit enough couriers and route them
to facilitate such food ordering systems. This article presents
an online crowdsourced delivery approach for on-demand food.
Facilitated by Internet-of-Things and 3G/4G/5G technologies,
public riders can be attracted to act as crowdsourced workers
delivering food by means of shared bicycles or electric motor-
bikes. An online dynamic optimization framework comprising
order collection, solution generation, and sequential delivery
processes is presented. A hybrid metaheuristic solution process
integrating the adaptive large neighborhood search and tabu
search approaches is developed to assign food delivery tasks
and generate high-quality delivery routes in a real-time manner.
The crowdsourced riders are dynamically shared among different
food providers. Simulated small-scale and real-world large-scale
on-demand food delivery instances are used to evaluate the
performance of the proposed approach. The results indicate that
the presented crowdsourced food delivery approach outperforms
traditional urban logistics. The developed hybrid optimization
mechanism is able to produce high-quality crowdsourced delivery
routes in less than 120 seconds. The results demonstrate that the
presented online crowdsourced delivery approach can facilitate
city-scale on-demand food delivery.

Index Terms—On-demand food delivery, crowdsourcing, hy-
brid optimization, heuristics, urban logistics, smart cities

I. INTRODUCTION

HE prevalence of online-to-offline (020) commerce

using smartphones has led to increasing popularity of
smart urban living [1]-[6]. In particular, the on-demand food
business pools large numbers of small catering businesses,
customers, and couriers to provide ubiquitous and scalable
food services. Catering shops accept orders placed by users on
smartphones or computers and prepare personalized meals and
drinks. Then, couriers deliver the food to the corresponding
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customers as soon as possible. The on-demand food market
in the United States reached nearly 17 billion dollars in 2017
[7]. In China, 300 million people have placed at least one
on-demand food order via an O20 service provider [8]. It is
reported that the number of daily on-demand food orders in
metropolitan areas such as Beijing and Shenzhen has exceeded
500,000. Consequently, flexible and efficient food delivery is
required to support this booming sector.

Traditional urban catering businesses, such as McDonald’s
and Domino’s Pizza, rely on professional logistics services
to deliver food. In general, a catering shop may maintain
a self-owned delivery team or may cooperate with a third-
party logistics service provider to provide point-to-point food
delivery service [5], [9]. Traditional urban logistics is reliable
but also expensive [10], and it cannot adequately address on-
demand food delivery. From a long-term perspective, many
small catering shops frequently enter and leave the on-demand
food market. Maintaining a fleet of delivery men would be
very expensive for these small catering shops. From a short-
term perspective, the volume of food orders placed at catering
shops fluctuates, and resizing the delivery team accordingly
is not easy. On the other hand, customers are time sensitive;
they may switch to other food modes rather than order food
online if food delivery is subject to long delays.

Crowdsourcing is an efficient approach to taking advantage
of collaboration among individuals to cooperatively complete
tasks [11]-[14]. In particular, using Internet-of-Things (IoT)
and 3G/4G/5G technologies, a large number of workers can
be rapidly attracted and outsourced for various types of spatio-
temporal tasks [13], [15], e.g., mobile sensing [16], [17],
indoor localization [18]-[20], road surface monitoring [21],
or air quality monitoring [22]. A few studies have focused
on crowdsourced urban logistics using ubiquitous urban travel
modalities [23]-[28], such as taxi travel [29] and private
vehicle travel [30]. For example, Chen et al. [10] developed
a novel crowdsourced logistics system to deliver packages by
leveraging existing taxis, thereby reducing the time sensitivity
of the task. This pioneering study demonstrated the feasibility
of crowdsourcing in the last-mile delivery domain. However,
real-time on-demand food delivery based on crowdsourcing
has not been well investigated.

Here, we present an online crowdsourced delivery (OCD)
approach for food that coordinates among restaurants, cus-
tomers, and crowdsourced riders. Fig. 1 displays an overview
of the crowdsourced on-demand food delivery system. The
customers place their food orders with the catering shops
via the food cloud. The catering shops accept the customer
orders and produce personalized food packages, which are then
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delivered by crowdsourced riders rather than the restaurants’
own delivery staff. The crowdsourced riders log into the OCD
framework, accept their assigned delivery tasks, go to the
restaurants, pick up the food packages and deliver them to the
corresponding customers. Members of the public are attracted
to act as delivery riders via the food cloud. Facilitated by IoT
and 3G/4G/5G technologies, such public riders can perform
delivery tasks by means of shared bicycles or electric motor-
bikes. Therefore, the presented OCD approach can elastically
expand to satisfy dynamic customer order demands. From the
caterers’ perspective, the OCD approach can decrease the cost
of recruiting delivery teams. From the city’s perspective, the
OCD approach will benefit part-time laborers and reduce both
traffic congestion and the consequent carbon emissions.

Food providers Customers
@ Eﬂ ® > R &
(4) Deliver food
N Ol @ » O
— Ul 4 C
A Shared ! :
' motorbikes ~ Crowdsourced H
| riders :
' . b L '
: o h% :
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: v I routes ,
| |
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e
(2) Accept orders (1) Order by computer
Food cloud or smartphone
Fig. 1. The crowdsourced on-demand food delivery system.

In contrast to traditional urban logistics, the presented
crowdsourced on-demand food delivery system has three dis-
tinctive properties: (1) The crowdsourced riders are floating
resources. Crowdsourced riders can serve various catering
establishments and customers, rather than being bound to a
single restaurant as in traditional urban logistics. The riders are
highly flexible because they log into/out of the crowdsourced
food delivery system based on their own schedules. (2) The
crowdsourced food delivery system is dynamic. In contrast to
traditional urban logistics based on precollected information,
orders and riders enter the crowdsourced food delivery system
over time and are processed in a real-time manner. (3) On-
demand food delivery is a time-sensitive task. A customer
might reject a food delivery if it is severely delayed. There-
fore, achieving efficient crowdsourced delivery is the key to
success. These properties highlight the necessity of efficient
and effective OCD services.

Focusing on the growing on-demand food business, we
have developed an online dynamic optimization framework
for assigning food delivery tasks to crowdsourced riders. The
delivery of one food order is treated as a crowdsourced
task. Urban residents are recruited as floating crowdsourced
riders. Considering the time windows of the customers and
the available time windows of the crowdsourced riders, three
parallel processes, i.e., order collection, solution generation,

and route navigation, are performed to facilitate on-demand
food delivery. A mathematical model of the crowdsourced
delivery problem is formulated to minimize the total travel cost
and delivery delay. The problem is solved with a hybrid meta-
heuristic algorithm integrating the adaptive large neighborhood
search (ALNS) and tabu search (TS) approaches. Both simu-
lated and real-world applications in Shenzhen demonstrate the
effectiveness and efficiency of the presented approach and the
dynamic optimization framework.

This study makes the following contributions:

¢ A crowdsourced delivery approach is presented for on-
demand food service. To the best of our knowledge, this
is the first study to apply the crowdsourcing principle in
the on-demand food delivery domain.

o An online dynamic optimization framework is devel-
oped to address the time preferences of the customers and
crowdsourced riders. The presented framework is elastic
and robust and thus is able to facilitate on-demand food
delivery in a real-time manner.

e A hybrid solution method is proposed to address the
complexity of the OCD problem. The ALNS and TS
methods are hybridized to balance search intensification
and diversification to achieve improved routing perfor-
mance.

e An intensive experiment using simulated small- to
medium-scale and real-world large-scale food delivery
instances is conducted for performance evaluation. The
results suggest that the presented approach is superior to
traditional logistics and baseline algorithms.

The remainder of this paper is organized as follows: Section

2 defines the components of the problem and introduces the
mathematical model. Section 3 presents the online dynamic
optimization framework. Section 4 describes the hybrid so-
lution method. Section 5 describes the conducted experiment,
reports the experimental results and evaluates the performance
of the presented framework. Section 6 concludes this study and
discusses future work.

II. RELATED WORK

In this section, we present our investigation on crowd-
sourced task allocation and urban logistics.

A. Task allocation based on spatial crowdsourcing

Spatial crowdsourcing has been used to leverage the power
of the public for many different applications, from spatial
sensing [17], [22], [31] to problem solving [9], [20], [32],
[33]. The key research issue related to spatial crowdsourcing is
how to allocate spatial tasks to crowdsourced workers subject
to certain constraints, such as worker count, incentive cost, and
quality of service [17]. Two approaches have been developed
for the allocation of crowdsourced tasks: the pull mode and
the push mode [12], [34]. In the pull mode, the crowdsourcing
platform collects and publishes tasks, and the workers select
tasks in accordance with their personal preferences [35], [36].
In the push mode, tasks are assigned to maximize the system’s
overall goal, e.g., a certain total working time or total budget
[9], [37]. The solutions for the push mode fall into two
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categories: task matching and task scheduling [12]. In a task
matching method, a bipartite graph is constructed to represent
the crowdsourced workers and tasks, which are then matched
using the Hungarian algorithm [38] or the K-M matching
algorithm [11]. Only one task is assigned to any worker. In
a task scheduling method, multiple tasks may be assigned
to a single worker by coordinating multiple workers. Both
single-objective and multiobjective allocation models have
been proposed for task scheduling. The greedy approach has
been employed to find near-optimal spatial crowdsourcing
allocation solutions [16], [17]. Recently, heuristics such as
local search [9], [10], [30] and genetic optimization [39],
[40] have been adopted to find high-quality solutions for
crowdsourced task scheduling problems within a reasonable
computing time.

B. Urban logistics

Urban logistics refers to the management of the pickup and
delivery of goods and parcels so as to fulfill human demands
in a city. In general, urban logistics relies on professional
transportation services with self-owned vehicles and couriers;
therefore, this approach is high in cost and difficult to scale
[10].

With the development of information and communication
technology (ICT) and IoT technology, alternative urban logis-
tics modes based on ubiquitous devices have been developed
that can improve efficiency and reduce logistics costs; exam-
ples include smart lockers, pick-own-parcel stations (POPsta-
tions), and crowdsourced urban logistics [16], [41]. Crowd-
sourced urban logistics leverages current elements of urban
mobility (e.g., commuters and taxis) to provide ubiquitous
delivery services. Recently, Devari et al. [30] presented a
novel crowdsourced last-mile delivery mode that exploits the
social networks of retail store customers. They reported that
retailers could reduce their truck mileage by 57%. Wang et al.
[16] developed an effective large-scale mobile crowd-tasking
model to coordinate citizen workers to perform last-mile
package delivery. These studies demonstrate the effectiveness
of crowdsourcing in urban logistics. Regarding food delivery,
Liu et al. [9] presented a food delivery network (FDN) based
on ride sharing between passengers and food deliveries using
taxis, in which the taxi drivers are assumed to deliver food op-
portunistically. Here, we present an alternative crowdsourced
food delivery approach that leverages ubiquitous urban travel
via bicycles or motorbikes, which are more attractive in urban
environments. The riders are floating resources that are shared
by many food providers. A dynamic optimization framework
based on hybrid metaheuristics is developed to assign delivery
tasks by considering the time preferences of customers and
travelers on the road.

III. PROBLEM DEFINITIONS AND MATHEMATICAL MODEL
A. Definitions

The proposed crowdsourced on-demand food delivery sys-
tem consists of three components: customers, food providers,
and crowdsourced riders.

Definition 1 (Customer): A customer is a person who
places a food order using his/her computer or smartphone.
A customer is represented by his/her ID (z) and address. The
address can be geocoded to a real-world position (I;), i.e.,
longitude and latitude. A customer can place a food order with
a preferred food provider and for a preferred delivery time 5.

Definition 2 (Food provider): A food provider accepts
customers’ orders based on its food producing capabilities.
The food providers in the market consist of restaurants, drink
shops, cake shops, etc. Each food provider must register with
the crowdsourced on-demand food delivery system, in which
it is represented by an ID j and a position [;.

Definition 3 (Crowdsourced rider): A rider is a crowd-
sourced worker who performs assigned food delivery tasks.
Following the provider and order sequence along a delivery
route, a rider picks up food and delivers it to customers. A rider
is represented by his/her ID (k), location (lg), capacity (qx),
and logged-on time (t7"), as follows: r =< k, I, qi, 7" >. A
logged-on rider is available to accept delivery tasks. When the
rider logs out, he/she becomes inactive, meaning that he/she
automatically rejects food delivery tasks.

Definition 4 (Delivery task): A delivery task is a task
consisting of the delivery of food from a particular food
provider to a particular customer. At the most basic level,
a delivery task (Oj;) can be represented in terms of the
corresponding provider (j) and customer (¢). By incorporating
the provider location, the customer location, and the cus-
tomer’s preferred time, a delivery task can be represented by
Oji =<j— ’L',lj,li,tf >.

Definition 5 (Delivery route): A delivery route is a se-
quence of segments connecting riders, food providers, and
customers, represented as r =< ji, 41, %2, ..., j2, in, ... >. Such
a route prescribes how a rider should travel from his/her
current position to providers j; and jo, pick up food, and
deliver that food to the corresponding customers %1, ..., %,. The
sequence of riders, food providers and customers represents
the pickup and delivery of orders.

The goal of OCD is to assign crowdsourced riders to deliver
food from providers to customers. Fig. 2 shows an example of
on-demand OCD for food services. Three routes are generated
for three riders (k1, k2, and k3) delivering food from three
providers (j1, j2, and 53) to ten customers (41, ...,210). Rider
k1 travels to food provider j1, picks up 3 orders of food,
and delivers them to customers i1, 72, and ¢3. Rider k2
travels to food provider j2, picks up 3 orders of food, and
delivers them to customers %4, 5, and ¢6; then, rider k2
picks up 2 more food orders from provider 53 and delivers
them to customers ¢7 and ¢8. Rider k3 delivers food from
provider ;3 to customers ¢9 and ¢10. Note that the riders can
pick up food from multiple different food providers and thus
are not restricted to any particular provider or customer, as
demonstrated by the example of rider k2, which makes the
proposed crowdsourced delivery technique quite different from
traditional urban logistics.

B. Mathematical model

The goal of the presented OCD problem is to assign cus-
tomer orders to crowdsourced riders and simultaneously design
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Fig. 2. Crowdsourced food delivery.
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delivery routes. This type of problem belongs to the family
of dial-a-ride problems [42], in which customer demands are
fulfilled by dispatching vehicles. Without loss of generality, we
adopt the following assumptions regarding the OCD problem:
(1) The riders are willing to accept the food delivery tasks
assigned by the system because they can be rewarded for doing
s0. (2) All accepted food orders must be delivered, as riders
can deliver several times. In other words, the crowdsourced
food delivery system does not reject any food orders. Formally,
the OCD problem is formulated as follows.

The following are given:

a food order set I =< iq,49,...,0; >,

a food provider set J =< ji,j2,...,Jy >, and

arider set K =< ky, ko, ...k, >.

Considering real-world food delivery scenarios, two con-
straints are imposed:

(1) Each accepted food order must be fulfilled and can be

fulfilled only once. In other words, all food orders in the

set I will be produced by the corresponding food providers
and delivered by the crowdsourced riders.

(2) The capacity of a rider is limited. Based on the size

of the crowdsourced rider’s bicycle, motorcycle, or car, the

rider’s load should be no more than his/her capacity qj at
any given time.

The OCD problem can be represented as a directed
graph G = (A, FE). The node set A = <I,JJK > =
<1,..,|I|+|J|+ |K|> is the union of the food orders,
food providers, and crowdsourced riders. Each element in A
corresponds to a food provider, a food order, or a crowd-
sourced rider. |I|, |J|, and | K| denote the numbers of elements
in the corresponding sets. The edge set E represents route
segments traveling from one node to another node. Each edge
eqp denotes a route segment from node a to node b, with travel
cost cqp and travel time t,5. Three types of decision variables
are employed, as follows:

m’;b, a binary variable that is equal to 1 if and only if
crowdsourced rider k travels from node a to node b;

TF, the time of delivery at node a by crowdsourced rider
k; and

k_ the load of crowdsourced rider k when leaving node a.

The goal of OCD is to generate routes for delivering food
to the correct customers as soon as possible at the lowest cost.
Consequently, the objectives of the OCD problem are two-fold:
(1) The total travel cost of all crowdsourced riders during the
delivery process should be minimized. (2) The delivery delay
to customers should be minimized. Because of road traffic,
the arrival time 7% of rider k at customer a may be later than
the preferred time, ¢¢. The difference between the predefined
preferred time and the delivery time, Tf —t¢, is defined as a
delay if T¥ is later than t¢. The mathematical model of the
OCD problem is defined as follows:

Objectives:

min =5 Z Z szb * CaptB2 Zmax(O,Tf - tZ)

keK ac AbeA acl
(L
s.t.:
S > k=1 Wel, )
aclUJ keK
YN akh,=1 Vael, (3)
belUuJ ke K
dooak,= Y af, WelVkeK, 4)
aclUJ aclUJ
TF ftay =TF < zapp =1 Vacl, (5)
Qh <qu+ > aly=1 VEkeK, (6)
bel
z* € {0,1} Va,beTUJVkc K. (7)

The objectives are the weighted travel cost and delivery
delay, as shown in Eq. 1, where (81,52 € [0,1] are weight
parameters. The constraints defined in Egs. 2 and 3 require that
all accepted customer orders must be produced and delivered.
Eq. 4 requires a crowdsourced rider to leave a customer’s
location after delivering that customer’s order. Eq. 5 states
that the arrival time at customer b is equal to the arrival time
at the previous customer a plus the travel time from node a
to node b, t,,. Note that the travel time ¢,;, can be updated
by means of dynamic transportation analysis techniques [43].
For example, by obtaining the average travel speeds from an
advanced traffic information system (ATIS) or simulation [44],
[45], the time-dependent travel times on different roads can be
estimated [46]. Eq. 6 guarantees that the total amount delivered
by crowdsourced rider k is no greater than his/her capacity gy.
Eq. 7 defines the decision variables.

The solution to the OCD problem is a set of delivery routes
representing food pickup, travel, and delivery sequences, sim-
ilar to what is illustrated in Fig. 2. Such a solution will help
crowdsourced riders navigate to deliver food in a complex
urban environment.
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Fig. 3. The dynamic optimization framework for crowdsourced food delivery. Riders log into/out of the crowdsourcing food delivery system in accordance
with their schedules. Three processes, namely, order collection (1), solution generation (2), and route navigation (3), are iteratively implemented for on-demand

crowdsourced food delivery.

IV. DYNAMIC OPTIMIZATION FRAMEWORK

In traditional urban logistics, all information about ware-
houses, customers, and delivery men is required to be col-
lected in advance to plan the delivery of packages or food
[47]. In contrast, in a crowdsourced on-demand food delivery
system, customers place their food orders via smartphones or
computers, thus generating orders in a near-real-time manner.
Therefore, the OCD problem is highly dynamic. Here, we
present an online dynamic optimization framework based on
a short-sight strategy for food delivery task allocation. Fig.
3 illustrates the presented framework, which includes three
processes: order collection, solution generation, and route
navigation.

Order collection. This is the process of collecting the
order and rider information. Customer orders are accepted
by food providers in accordance with their food production
capabilities. The active riders are recorded, and their current
positions are updated. If an active rider logs out of the OCD
system, that rider will be labeled as inactive and will not be
considered in the subsequent solution generation process.

Solution generation. This is the process of allocating food
delivery tasks to active riders. The optimal food delivery task
allocation is generated to guide riders to pick up food orders
and deliver them to the corresponding customers. Considering
the system performance, the total travel cost and delivery delay
are minimized using the hybrid metaheuristics described in the
next section to coordinate the crowdsourced riders.

Sequential delivery. Once the solution has been obtained,
each rider will receive a personalized delivery sequence de-
scribing his/her visits to food providers and customers. Each
rider will visit a set of food providers and customers following
the specified sequence. The riders will navigate using online
map services such as Google Maps or Open Street Maps to
ensure effective food delivery in a complex urban environment.

Note that a sliding time window « is used to begin the
solution generation process. From the life-cycle perspective,
the length of this time window corresponds to the degree
of dynamism of the OCD problem. Here, we define é as
the degree of dynamism. A longer time window o« means
a longer order collection period and thus implies a lower

degree of dynamism. In this case, more customer orders will be
accepted during the order collection process, and the solution
generation process will be faster. By contrast, a smaller o
implies a higher degree of dynamism and requires the solution
generation process to be performed more frequently.

V. HYBRID SOLUTION METHOD

The OCD problem is a variant of the classical dial-a-
ride problem, which has the characteristic of nondeterministic
polynomial-time (NP) hardness. Hence, it is impossible to find
the globally optimal solution for a real-world large-scale OCD
instance [48], [49]. However, heuristic algorithms are able to
find high-quality solutions for many complex problems within
a reasonable time. Here, we propose a hybrid metaheuristic
method for assigning delivery tasks to crowdsourced riders.
The workflow of the developed hybrid metaheuristic solution
method is presented in Fig. 4. An initial solution is first gen-
erated using a simple heuristic algorithm. Then, the solution
is iteratively improved to reduce the travel cost and possible
delivery delay. The generated optimal solution is then reported
and passed to the route navigation process.

A. Generating an initial solution

A good initial solution will significantly benefit the subse-
quent solution improvement procedure. In essence, the initial
solution generation process consists of two steps: assigning
active riders to food providers and generating initial delivery
routes.

Active riders are first assigned to food providers because
each rider will first need to travel to a food provider. This
can be regarded as a problem of matching between the riders
and food providers. In general, a food provider may need many
riders because it may accept many food orders. Rider-provider
matching is achieved by means of a cost-based matching
algorithm. The objective of the matching procedure is to
minimize the total travel cost for the riders traveling to the
food providers. The matching procedure is described in Alg.
1. The travel costs from each rider to each provider are first
calculated. Here, we consider either the network travel distance
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Fig. 4. The workflow of the presented hybrid metaheuristic method.

or travel time as the travel cost. All possible rider-provider
pairs are stored in a priority queue (lines 0-1). Then, the rider-
provider pairs are sequentially popped to examine whether the
current total capacity of the rider at the food provider, g;, is
less than that provider’s total number of orders, Q; (line 6).
If so, the rider is assigned to the food provider, and the rider’s
current total capacity at the provider is updated (lines 7-8).
This process continues until all rider-provider pairs have been

popped.

Algorithm 1 Rider-provider matching

Input: J: the provider set; K: the rider set
Output: the initial routes k(p)

I: cj calculate_travel_cost(K, J)

2: store ci; in a queue L

3: initialize rider status: s; = False

4: initialize current total load: ¢; = 0

5: for all c;; € L do

6: if s, =False and ¢; + g, < Q; then
7 s = True, ¢+ =qx

8 update the rider’s provider: k; = j

9:  end if

0: end for

—

Route generation is performed by means of an insertion
heuristic, as shown in Alg. 2. For each active rider, an initial
route is created with the first travel segment being from the
rider’s current location to the matched food provider. All
orders are sorted in accordance with their preferred times .
Following the sorted sequence, each order is inserted at the
best route point with the minimal insertion cost, which is
calculated as the corresponding increase in the objective value.

If order 7 is inserted after an order a placed to the same
provider, then the insertion cost is estimated as shown in Eq.

8, where b is the node subsequent to a along the route if such
a subsequent node exists or ¢;; = 0 and ¢, = 0 otherwise.
a- is the subsequent order set after a in the route into which
the order is inserted.

Aft = Bi(cai + civ — cap) + B2 Y max(0,TF — £2). (8)

zea-

If order ¢ was placed to a different food provider j, then
provider j must first be inserted before i. Hence, the insertion
cost is equal to the sum of the increases in the objective value
corresponding to the order ¢ and its food provider j, as shown
in Eq. 9, where a7 denotes the nodes before order a, x denotes
the route point where provider j is to be inserted, z denotes
an order after o, and x- is the set of nodes subsequent to point
x along the route into which the order is inserted.

Afl = Bi(cai + cib — cap) + b1 éniglu,(cmj + Cjy — Cay)+
Ba Z max(0, TF —¢,).

zE€x-
)

Considering the load capacity of a rider, an insertion will
be rejected if the rider’s current load exceeds his/her capacity
qx. Once all orders have been sequentially inserted, the initial
routes are generated.

Algorithm 2 Insertion heuristic algorithm

Input: I: the order set; J: the provider set; K: the rider set;
cap: the travel costs; ¢,;: the travel times

Output: the initial routes K

1. sort_orders(I)

2: inserted node set: D = @

3: for all i € I do

4 fmzn <00,  lpest = —1

5: forall a € D do

6 initialize route for a : k + k(a)

7 if fiin > insert_cost(a,i) and Q) < g then
8 fmin = insert_cost(a, 1)

9: Tpest = @

10: end if

11: insert_node(ipest, 1)
12: D <+ DuU1

13:  end for

14: end for

B. Solution improvement

The initial solution is a feasible assignment of the food
delivery tasks to the riders. However, severe time window
violations and improper delivery task assignments might exist;
therefore, the initial solution should be further improved.
Solution improvement is achieved by changing parts of the
food delivery assignment through a combination of ALNS
and TS. Generally, the ALNS process greatly improves the
current solution by destroying and repairing part of the current
solution. Because of the large affected solution neighborhood,
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ALNS represents search diversification in the solution space.
By contrast, in the TS process, the current solution is adjusted
by relocating a node or exchanging the positions of two nodes.
Thus, TS represents search intensification in the solution
space. The details of the proposed hybrid method are described
as follows.

(1) Destroying routes

First, a set of current routes is destroyed. Five destruction
operators for removing a set of nodes from the current routes
are proposed below.

« Random removal operator (RRO). This operator ran-
domly removes N nodes to perturb the current solution.

o Time window operator (TWQ). Many orders may
be delayed because of possibly improper delivery task
assignments in the initial routes. This operator checks
the delivery times of all orders to identify time window
violations. These violations are sorted, and the top-N
violating orders are ejected from the current routes.

« Longest-segment removal operator (LRO). The current
routes may contain long travel segments, which will
strongly affect the travel cost. This operator identifies the
longest travel segments in the current routes and removes
their endpoints.

« Spatio-temporal similarity operator (STO). This op-
erator removes a set of orders in close spatio-temporal
proximity to adjust local route segments. An order a
is randomly selected as the seed. The top-N nearest
orders to the seed are identified on the basis of their
spatio-temporal similarity as expressed in Eq. (10), where
ST (a,b) denotes the similarity between orders a and b
as indicated by the travel cost c,; and the time difference
s — ).

ST(a,b) :ﬂlcab-i-ﬁg‘tz—tgl. (10)

o Clustering operator (CLO). In contrast to the STO, this
operator removes a set of clustered orders. All accepted
orders are pregrouped using the K-means algorithm [50]
on the basis of the spatio-temporal similarity defined in

: 1]
Eq. 10. The value of K is set to [W

number of orders and [V is the expected size of a cluster.
The CLO removes a group of orders from the current
routes.

], where |I| is the

In each iteration, we select one destruction operator and use
it to eject nodes from the current solution.

(2) Repairing routes

The destroyed routes are then repaired by reinserting the
ejected orders. In essence, the insertion process is similar to
the initial route generation process. We have developed two
repair operators, as follows.

o Greedy insertion operator (GIO). For one order to be
inserted, this operator selects the best position such that
the insertion cost, as calculated using Eq. 8 or Eq. 9, is
minimized.

¢ Regret insertion operator (RIO). One problem with
the GIO is that it may postpone the insertion of certain
removed orders. Because each insertion will affect the

subsequent insertion of the next order, the best insertion
position may not be satisfactory for all ejected nodes.
This operator attempts to circumvent this problem by
incorporating a type of look-ahead information when
selecting the insertion position. Let A f/ denote the total
change in the objective value incurred with the insertion
of order ¢ into its best position in the j-th cheapest route
for this order. For each insertion, the RIO chooses to
insert order i at the position that maximizes Af? — Af1.
In other words, the difference between the costs of
inserting order ¢ into its best position and its second-best
position is maximized. We iteratively reinsert all removed
orders to reconstruct new delivery routes.

In each iteration, we select one repair operator to reinsert all
ejected orders. Notably, the reinsertion performance depends
on the reinsertion sequence. Therefore, we randomly sort
all ejected orders and then reinsert them into their chosen
positions one by one. Without loss of generality, we repeat
this process of sorting and reinsertion /N times, where N is the
number of ejected nodes, and finally select the best insertion
result that minimizes the increase in the total objective value.

(3) Adaptive weighting strategy

The performance of the ALNS process relies on the de-
struction and repair operators. We employ an adaptive roulette
wheel mechanism [51] to select the pair of implemented
destruction-repair operators. Initially, all operators have the
same probability of implementation. After one round of re-
moval and reinsertion, the increase A f, in the objective value
incurred with the applied operator o during the search is
recorded. The weight of operator o in iteration z, w?, is then
updated according to Eq. 9. The factor p controls how quickly
the weight adjustment mechanism reacts to improvements in
the objective value. p = 1 means that the roulette wheel
selection is based only on the improvement in the most recent
iteration, while with p < 1, the historical improvement is
considered.

Afo

W =p=—"H; t 1 —pwl_.
ZOeOAf ( ) 1

Y

(4) Acceptance strategy

The normal destruction and repair operations will cause
the improvement process to quickly become trapped in local
optima. Following the approach used by Pisinger and Popke
[52] for the vehicle routing problem, we employ the simulated
annealing strategy to accept temporary solutions that are worse
than the current solution using the Metropolis criteria. An
initial temperature H and a cooling ratio 7 are set such that the
temperature will decrease in accordance with H, = nH,_;.
A worse solution will be accepted with probability exp —%,
and thus, the current solution will converge to a high—quali'}Ey
optimal solution with decreasing temperature.

(5) Tabu search

To further improve the routes, the TS metaheuristic is incor-
porated for search intensification in the solution space. Instead
of focusing on a set of ejected nodes, the TS metaheuristic
operates on only one or two nodes per iteration. Two neigh-
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borhood search operators, namely, the 1-0 and 1-1 exchange
operators [47], as illustrated in Fig. 5, are used to adjust the
local route segments. The 1-0 exchange operator relocates one
order from its current position to another position. The 1-1
exchange operator swaps the positions of a pair of orders.
Because both the 1-0 and 1-1 exchange operators involve two
orders, we randomly select one order and evaluate its k-th
Voronoi neighbor following the strategy of Tu et al. [47].
The order pair with the best solution improvement will be
operated upon. The tabu list is restricted to recently operated-
on orders. The length of the tabu list is set to be no greater

than +/|I| + |J|.

1-0 exchange
R S WG, W -

1-1 exchange

Fig. 5. Local route operators.

C. Predispatching idle crowdsourced riders

Both food orders and crowdsourced riders enter the system
dynamically. Therefore, a mismatch may occur when too many
orders are sent to one provider when few active riders are
available nearby, which will significantly increase the delivery
delay. Here, we propose a rider predispatching strategy to
address this issue. After solution generation, the diversity of
the riders visiting a given food provider is measured in terms
of the visiting entropy, as defined in Eqgs. 12 and 13, where
v}, is the number of visits of rider k at provider j and 77,
is the visiting ratio of rider k at provider j during solution
generation. The larger the entropy at a provider and the greater
the diversity in rider visitation are, the greater is that provider’s
popularity with customers. By weighting the food providers
in terms of their entropies, we can improve the rider-provider
matching process described in Section IV.A to more effectively
dispatch idle riders and newly active riders, thereby reducing
delivery delays.

J
Yk

J
=k (12)
2kek Uk
Entropy(j) = Z rilog(ri). (13)
keK

VI. EXPERIMENT AND RESULTS
A. Experimental setup

We designed an experiment to examine the performance of
the proposed OCD approach. Two datasets were generated to
evaluate the performance in terms of the solution quality, the
solution efficiency and the effects of various factors.

o The simulation dataset S contains 15 instances. Each
instance consists of a set of providers, orders, and riders.
The locations of the providers, orders, and riders have
been randomly generated from within the range [(0, 0),
(100, 100)]. The time windows are also randomly set
within the time span T=[1, 100].The number of orders
per instance ranges from 5 to 100 to represent small- to
medium-scale OCD instances. The travel speed is set to
1. The details of the instances in S are listed in Tab. L.
This simulation dataset was used to evaluate the solution
quality.

o The real-world OCD dataset SZ consists of 7 instances
from Shenzhen, China. The dataset covers the central
business district of Shenzhen. Each instance consists
of 917-1390 orders along with a set of providers and
crowdsourced riders. The customers’ preferred delivery
times span the lunch period, from 11:00 AM to 2:00 PM.
The travel speed is set to the average of the speeds of a
bicycle and a motorcycle. The details of SZ are listed in
Tab. VI-A.

The presented dynamic crowdsourced food delivery frame-
work was implemented in Python. The experiment was con-
ducted on a personal computer equipped with an Intel(R)
Core(TM) i7-4790 CPU @3.60 GHz and 8 GB of RAM.
Two baseline algorithms were employed to solve the OCD
instances for comparison with the presented hybrid solution
method. The first of these algorithms was the mixed-integer
linear programming (MILP) algorithm implemented in IBM
ILOG CPLEX [53], the most effective solver for complex
combinatorial optimization problems [49]. Because of the NP-
hard nature of the problem of interest, CPLEX was employed
only to solve the small- and medium-scale instances in S.
The computing time for CPLEX was limited to 7200 seconds.
The second algorithm used for comparison was the normal TS
metaheuristic implemented in Python. This TS implementation
is similar to that in the presented hybrid algorithm.

Regarding the setting of the parameters, after an investi-
gation of food delivery pricing strategies in Shenzhen, the
weights in the overall objective function (Eq. 1) were set
in accordance with the real-world costs. The weight of the
travel cost term, (31, was set to the average travel cost per
km, 3.33 Chinese Yuan (CNY). The delivery delay penalty,
B2, was set to 0.3 CNY per minute. For the ALNS procedure,
the parameters were set following Tu et al. [47]. The initial
temperature, H, was set to the average length of a route
segment. The cooling ratio, 1, was set to 0.95. The maximum
number of ejected nodes was set to /|I| +|J|. For the
TS procedure, the length of the tabu list was also set to
V|I| + |J|. The parameter settings for the ALNS part and the
TS part in the presented hybrid solution method were similar.

B. Results for small- to medium-scale OCD instances

The small- to medium-scale instances in dataset S were
solved with CPLEX, TS, and the presented hybrid solution
method. The total objective value Obj and the computing time
Time (in seconds) are reported. The best CPLEX, TS, and
hybrid solutions are summarized. The gap between the hybrid
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TABLE I
RESULTS FOR SMALL- TO MEDIUM-SCALE OCD INSTANCES
. . CPLEX TS Hybrid method

Name Providers Customers Riders Obj  Time (5) Obj  Time ) Best Obj Time () Gap

S1 3 5 3 29.76 0.23 29.76 0.18 29.76  29.76 0.07 0.0

S2 3 5 3 32.64 0.38 32.64 0.24 32.64 32.64 0.06 0.0

S3 3 5 3 19.52 0.28 19.52 0.14 19.52 19.52 0.06 0.0

S4 3 10 3 44.16 335.65 45.44 4.02 4416 4544 3.87 2.9

S5 3 10 3 46.4 68.82 46.4 4.26 46.4 46.4 4.08 0.0

S6 3 10 3 36.48 233.45 36.48 4.54 3648  36.48 4.97 0.0

S7 3 20 5 105.28 7200 101.52 13.92 101.52  99.6 6.53 -1.9

S8 3 20 5 161.84 7200 79.12 10.92 79.12 72.4 18.8 -8.5

S9 3 20 5 75.36 7200 70.76 10.88 70.76 6544 7.09 -1.5

S10 5 50 10 - - 163.24 49.13 163.24 154.6 79.15 -5.3

S11 5 50 10 - - 161.96 46.6 161.96 152.48 50.45 -5.9

S12 5 50 10 - - 196.88 38.69 196.88 195.04 33.59 -0.9

S13 5 100 20 - - 298.08 41891 298.08 279.8 169.2 -6.1

S14 5 100 20 - - 27252 132772 27252 250.84 17577  -8.0

S15 5 100 20 - - 312,52 12449 31252 29196 208.62  -6.6

Mean 57.3 50.8 -3.2

TABLE II
RESULTS FOR REAL-WORLD FOOD DELIVERY INSTANCES
. . TS Hybrid method

Instance Providers Customers Riders alpha Obj TTime (min) Dist Delay Time_all (s) Time (s) Obj TTime (min) Dist Delay Time_all (s) Time (s) Gap
SZ1 26 1250 61 10 5894.83 679732 1699.33 768  1696.08 9423 5369.05 63006  1575.15 3952 172288  95.72 -8.92
S72 20 926 46 10 452064 53254 1331.35276.06 80025 4446 41951 4968.76 124219 181.52 82221 4568 -1.2
SZ3 26 1273 62 10 5884.6 688332 1720.83 495.04 140452  78.03 543037 6396.68 1599.17 332.71 1462.14 8123 -7.72
Sz4 28 1318 65 10 6005.1 7046.76  1761.69 442.65 1674.12  93.01 5499.51 649432 1623.58 291.98 1673.38  92.97 -8.42
SZs5 25 1339 66 10 5684.85 6727.88 1681.97 261  1818.87 101.05 5271.54 624192 1560.48 233.16 1826.13 10145 -7.27
SZ6 36 1686 83 10 7075.6  8408.56 2102.14 228.21 1818.55 101.03 662032 7831.76  1957.94 312.85 179446  99.69 -6.43
SzZ7 26 1238 59 10 572461 6680 1670 5265 1198.07 6656  5288.8  6203.96 1550.99 396.12 1181.97  65.67 -7.61
Mean 5827.18 683848 1709.62 428.21 1487.21  82.62 5382.1 6348.28 1587.07 306.22 1497.6 832 -7.65

solution and the better of the CPLEX and TS solutions is
calculated as Gap = (V — Best)/Best, where V denotes the
objective value of the hybrid solution. A negative gap indicates
that the hybrid solution is better than the baseline solution,
while a positive gap suggests that it is worse. The obtained
results are reported in Tab. L.

The results indicate that the CPLEX solver obtains the best
solutions for small-scale OCD instances with no more than 10
customers within a computing time of 340 seconds. Within
the maximum allowed time of 7200 seconds, the CPLEX
solver reports feasible solutions only for OCD instances with
20 or fewer customers; CPLEX cannot solve the OCD in-
stances with 50 or 100 customers in the allotted time. The
TS metaheuristic achieves high-quality OCD solutions for
these small- and medium-scale instances within 500 seconds,
which is acceptable for real-world on-demand food delivery.
Compared to these baselines, the presented hybrid method is
more effective and efficient. The hybrid method produces high-
quality solutions within at most 210 seconds. The computing
effort necessary to generate the hybrid solutions increases
approximately linearly with the number of customers. In terms
of solution quality, the average gap with respect to the better
of the two baseline solutions is -3.2%, which suggests that
the hybrid solutions outperform the CPLEX and TS solutions,
except for instance S4, for which there is a 2.9% gap.

C. Results for real-world instances

We solved the real-world large-scale on-demand food de-
livery instances using the TS and hybrid solution methods.
The sliding time window « was set to 10 minutes. In other
words, a new hybrid solution was generated every 10 minutes.
CPLEX was not used because it cannot achieve high-quality
solutions in a reasonable computing time for instances of
this size. The obtained results are described in Tab. VI-A.
The gap is measured as the deviation with respect to the TS
solution. TTime (min) denotes the total travel time of all active
riders. Time_all (s) denotes the total computing time, whereas
Time (s) denotes the average computing time for one solution
process.

These results demonstrate that the presented hybrid solution
method outperforms the TS method. For the example of
instance SZ1, the hybrid solution requires 1575.15 km and re-
sults in delivery delays totaling 395.20 minutes, corresponding
to approximately 19 seconds per customer. In terms of solution
quality, all hybrid solutions are better than the TS solutions. On
average, the hybrid solutions are superior to the TS solutions
by 7.65%. Regarding efficiency, for the example of instance
SZ1, the hybrid solution method requires an average of 95.72
seconds, approximately 15.8% of the data collection period,
to report the final solution. Thus, this method can satisfy the
requirements for fast and effective real-world OCD. Compared
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Fig. 6. The effects of the degree of dynamism.

to the TS metaheuristic, the hybrid solution method requires
a similar average computing time of 83.2 seconds.

D. Effects of the degree of dynamism

The sliding time window « controls the implementation
frequency of the hybrid solution process. The smaller the
interval is, the higher the degree of dynamism (é) of the
OCD service, corresponding to greater flexibility in responding
to customer orders. Taking instance SZ1 as an example, we
varied é from 12 to 2 to evaluate its effects on the OCD
service performance. The obtained results are displayed in
Fig. 6. These results indicate that the total travel distance
is reduced as the degree of dynamism decreases because the
delivery routes of the riders will be better coordinated when
more orders are delivered during the same period. However,
the total delivery delay to customers initially decreases but
then increases as the degree of dynamism is decreased to
2. In addition, the median of computing time increases to
597.63 seconds, approximately 33% of the data collection
process. This is because as more orders are collected, greater
computational effort will be required to find a high-quality
OCD solution.

E. Effects of crowdsourced rider recruitment

The success of crowdsourced food delivery depends on the
ability to recruit crowdsourced riders. By adding and removing
riders in instance SZ1, we evaluated the effects of rider
recruitment. A higher order/rider ratio indicates that fewer
riders have been recruited. The obtained results are presented
in Fig. 7. These results indicate that when fewer riders are
recruited, the quality of service of crowdsourced food delivery
degrades. When the ratio increases from 5 to 25, the median of
total travel distance increases from 1542.46 km to 1627.95 km,
and the median of total delivery delay increases from 131.17
minutes to 834.02 minutes. Note that the median of computing
time also increases from 67.9 seconds to 90.6 seconds because
the competition for food delivery by any one rider increases.

FE. Effects of rider predispatch

Predispatching riders between consecutive solution genera-
tion processes may improve the OCD performance. We tested
the effects of rider predispatch by removing the predispatch-
ing procedure from the main hybrid solution algorithm. The
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resulting differences in the objective values and computing
times are reported in Fig. 8. These results demonstrate that
the predispatching procedure significantly improves the total
travel distance and delivery delay. By predispatching idle
crowdsourced riders, the median of total travel distance is
decreased from 1585.1 km to 1567.94 km, and the median
of total delivery delay to customers is improved from 337.47
minutes to 260.54 minutes. Moreover, with the predispatching
procedure, the median computing time for the hybrid solution
decreases from 93 seconds to 83.5 seconds.

G. Crowdsourced food delivery vs. traditional logistics

Another key feature of the proposed OCD method is that
the crowdsourced riders can float among food providers rather
than being bound to one provider. By restricting each rider to
serve a single provider, we modeled traditional urban logistics
for food delivery and compared the results. To ensure a fair
comparison, we left the travel speed unchanged. The findings,
which are displayed in Fig. 9, indicate that crowdsourced food
delivery is superior to traditional logistics. Because the riders
are shared among food providers, the median of total travel
distance is decreased by 28.8%, from 2202.01 km to 1567.94
km, by reducing the need for return travel to specific food
providers. Simultaneously, the median of total delivery delay is
improved from 2088.62 minutes to 260.54 minutes. Although
the median of computing effort increases from 59.36 seconds
to 83.51 seconds, the computation remains sufficiently fast for
real-world crowdsourced food delivery applications.

H. Single-mode vs. multimode transportation

The recruited workers may use various modes of trans-
portation. By considering crowdsourced workers with different
transportation modes, such as bicycles (10 km/h), motorbikes
(15 km/h), and cars (28 km/h), we simulated the OCD problem
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with multimode transportation. The percentages of the three
types of crowdsourced workers were set to 20%, 40%, and
40%, respectively. The results shown in Fig. 10 demonstrate
that OCD is more effective with multimode transportation.
Because traveling by car is much faster, the delivery efficiency
is improved. The median of total travel distance decreases from
1567.94 km to 1562.67 km, and the total delivery delay is
simultaneously improved from 260.645 minutes to 252.422
minutes, while the computing effort remains similar.

1. Static vs. dynamic transportation

The dynamics of urban transportation have a great influence
on urban travel. Dynamic urban transportation can be modeled
by means of a traffic simulation [43]-[45] or ATIS [46]. By
varying the travel speeds in the OCD problem with mul-
timode transportation, the effects of dynamic transportation
were evaluated. Thus, we simulated dynamic transportation by
extending the multimode transportation test. Time-dependent
travel speeds were set in accordance with historical traffic
information [46]. The results presented in Fig. 11 show the
effects of dynamic traffic compared with static transportation.
The allocation of food delivery tasks changes to avoid heavy
delivery delays. The median of total travel distance decreases
from 1562.67 km to 1586.93 km. The median of total delivery
delay increases from 252.42 minutes to 365.77 minutes. The
computing effort also slightly increases because of the need
to compute the time-dependent travel times.
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VII. CONCLUSION AND FUTURE WORKS

A. Conclusion

The on-demand food business highlights the need for fast
and efficient food delivery services. This study presents an
OCD approach for satisfying real-time food demands. Unlike
in traditional urban logistics, crowdsourced riders are dynami-
cally recruited to deliver food to customers. An online dynamic
optimization framework with parallel order collection, solution
generation, and sequential delivery processes is presented for
near-real-time food delivery. Considering travel costs and time
windows, the solution generation process uses a hybrid meta-
heuristic that combines the ALNS and TS approaches to allo-
cate food delivery tasks to crowdsourced riders and schedule
the riders’ travel. Simulated small- and medium-scale as well
as real-world large-scale on-demand food delivery instances
are presented to evaluate the performance of the proposed
approach. The results indicate that the presented approach
outperforms traditional urban logistics. The developed hybrid
optimization mechanism is able to produce high-quality routes
for 1558 orders within 1818 seconds. The degree of dynamism
of the OCD problem, the success of rider recruitment, and the
dynamic nature of the transportation conditions all affect the
total travel distance and the total delivery delay to customers.

B. Future work

There are still some limitations to be overcome in the future.
First, recruiting crowdsourced riders is important. A worker
recruitment mechanism should be developed to enhance the
presented approach. The recruitment cost will be integrated
into the objectives of the presented OCD model. Second,
multiple types of crowdsourced tasks [34] might be simul-
taneously integrated into a new mobile crowdsensing platform
based on motorbikes. Third, the presented OCD model can
be extended to incorporate dynamic transportation. Real-time
traffic information and short-time traffic prediction should also
be incorporated into the model to accurately estimate travel
times. In this way, the delivery delay to customers may be
further reduced. Finally, the preferences of food providers can
be considered and incorporated into the presented OCD model.
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