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Abstract—Recently, an unmanned aerial vehicle (UAV), as
known as drone, has become an alternative means of package
delivery. Although the drone delivery scheduling has been studied
in recent years, most existing models are formulated as a single
objective optimization problem. However, in practice, the drone
delivery scheduling has multiple objectives that the shipper has to
achieve. Moreover, drone delivery typically faces with unexpected
events, e.g., breakdown or unable to takeoff, that can significantly
affect the scheduling problem. Therefore, in this paper, we
propose a multi-objective and three-stage stochastic optimization
model for the drone delivery scheduling, called multi-objective
optimization for drone delivery (MODD) system. To handle the
the multi-objective optimization in the MODD system, we apply
e-constraint method. The performance evaluation is performed
by using a real dataset from Singapore delivery services.

Index Terms—UAY, Drone delivery, Routing,

I. INTRODUCTION

Unmanned aerial vehicles (UAVs), also known as drones,
are aerial vehicles that can fly autonomously or be piloted
remotely. Thanks to the today’s technology, drones are more
reliable, efficient, and consume less energy/fuel than before.
Business Insider Intelligence has predicted that the sales of
drones will reach US$12 billion by 2021, which is up by a
compound annual growth rate (CAGR) of 7.6% [1]. Recently,
drones have been used in many industries. Especially, some
of major companies have started using drones for delivering
parcels for their customers, e.g. Amazon, DHL, Alibaba,
and Japan Post. While drones promise to give a cheaper
delivery cost, use less manpower, and be more environment-
friendly than ground-based vehicles, they have limits on a
flying distance and a small carrying capacity. Additionally,
a problematic event, e.g. raining and accident, is more likely
to occur with adverse effects in drones more than ground-
based vehicles. To handle the packages and parcels that
cannot be delivered by drones, a shipper may outsource those
packages to a carrier. The carrier charges the shipper based
on the number of packages, their weights and sizes, etc. The
shipper is required to evaluate the delivery plan carefully, as
outsourcing the carrier is normally more expensive than using
drones. To schedule the package delivery plan, the shipper has
multiple objectives to fulfill. On one hand, the shipper wants to
obtain a high profit. On the other hand, the shipper is required
to provide reliable services and achieve a high satisfaction
from customers.

To address the aforementioned challenges, we propose a
multi-objective optimization for drone delivery (MODD) sys-
tem, which aims to help the shipper schedules and plans its
package delivery. The objectives are (i) to minimize the total

delivery cost, (ii) to minimize the percentage of unsuccessful
delivered packages, and (iii) to maximize the reward of on-
time delivery. For (ii), the unsuccessful delivery occurs when
the drone is unable to take off from the depot or the drone
breaks down during the delivery. For (iii), the customers can
have one or more specific preferred time slots for delivering
and receiving their packages. The time slots are then associated
with different rewards to be optimized by the shipper. More-
over, the optimization is formulated as a three-stage stochastic
programming to handle the uncertainties of the problematic
events, i.e., takeoff condition and breakdown condition. Then,
we use e-constraint method to obtain the exact solutions.
Finally, the performance evaluation of the MODD system
is presented. The real customer dataset of an industry in
Singapore is used in the experiments.

II. RELATED WORK

Although there have been a lot of studied on the drone
delivery problem [2] [3] [4], they are commonly modeled as
a single-objective optimization, despite the fact that industries
may consider the drone delivery problem as a multi-objective
problem in nature. Multi-objective models for the vehicle
routing problem (VRP) has been introduced, and the review
of multi-objective VRP can be found in [5]. However, to the
best of our knowledge, only the authors in [6], [7], and [8]
considered the multi-objective problem for the drone delivery.
The difference of the studies in [6], [7], [8], and the proposed
MODD are summarized in Table 1. The proposed system in [7]
addresses the case that drones can visit multiple locations
before returning to the depot. However, in reality, a drone
is likely to carry only one package at a time. Therefore, we
reformulate the problem for the case that a drone carries one
package to serve a customer and returns to the depot before
serving the next customer. The authors in [8] converted multi-
objectives into single-objective by adding weight parameters
and using the multi-objective smart pool search to adjust the
weight parameters. Instead of using the heuristic method as
in [8], we use the e-constraints to perform the experiments
with exact solutions. Moreover, the drones are less reliable
than ground-based vehicles. Therefore, in this paper, we pro-
pose a three-objectives and three-stages stochastic optimiza-
tion to handle random parameters, i.e., takeoff and breakdown
events.

III. SYSTEM MODEL AND ASSUMPTIONS

In this section, we describe the MODD system, which is
formulated as a three-objective optimization. The objectives
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Multi-objective Solver Time involve

Stochastic event Application

[6] multi-criteria deci- gird based search min time to destina- UAV Parcel delivery.
sion making algorithm (A*) tion
[7] e-constraint MILP CPLEX time window con- VRP for UAV, but the model is dedicated for VRP with set
straints of Point of Interests (Pols), i.e., data collection.
[8] multi-objective MILP CPLEX min time to destina- UAV Parcel delivery. The location and route are considered
smart pool search tion as x and y coordinates.
MODD  e-constraint MILP CPLEX time window con-  take-off and breakdown con-  UAV Parcel delivery. We consider locations and route similar

straints

ditions are considered

to traditional VRP, which distance matrix is given.

TABLE I: The comparison of the related work and our study

are (i) to minimize the total delivery cost, (ii) to minimize
the percentage of unsuccessful delivered packages, and (iii) to
maximize the reward of on-time delivery. The MODD system
is formulated as a three-stage stochastic programming. In the
system, we consider two types of uncertainty scenarios, i.e.,
takeoff condition scenario and breakdown condition scenario.
We adopt the takeoff and breakdown condition scenarios
from [3]. The first-stage and the second-stage are separated
by the observation of takeoff condition, and the observation
of breakdown condition divides the second-stage and the third-
stage from each other. The decisions, which are made in each
stage, are as follows:

« First-stage: Before the takeoff condition is observed, the drones
are reserved, and customers are assigned to either one of the drones
or outsourced to a carrier.

« Second-stage: The takeoff condition scenario is observed. If the
drone can take off, it will deliver the package from the depot to
the customer location and will return to the depot. If the drone
cannot take off, all packages assigned to the drone are considered
to be the unsuccessful deliveries.

o Third-stage: After the breakdown condition is observed, if the
drone breaks down, the package in the broken drone is regarded
as the unsuccessful delivery. Additionally, the packages of the
customers that will be served after the breakdown occurs are also
regarded as the unsuccessful deliveries.

The shipper has a set of customers to serve, which is
denoted as C = {ci,¢9,...,co}, where ¢ represents the
total number of customers. We use ¢ and j as indexes of
set C. Without loss of generality, each customer has only one
package, and the weight of a package of customer ¢ is denoted
as a; kg. The shipper can deliver customers’ packages by its
drones or outsource the customers’ packages to a carrier. Let
D = {dy,da,...,dg} denote the set of drones, where d’ is
the total number of the drones. Each drone has its capacity
limit (gq), flying distance limit per trip (eq), flying distance
limit per day (lg), start flying time (hg), end flying time
(hg), and average flying speed (sg). If the shipper decides
to serve a customer by the drone, the customer also has
time preferences that he/she wants the delivery to be done
in specific time slots, which can be referred to as a time
window. Let F = {f1, fo,..., fp/} denote the set of time
windows, where f; and f; represent the most and the second-
most preferred time windows, respectively, and f represents
the least preferred time window. Let 'ngf ) and ’I_FZ(-f ) denote the
start and the end of the time window that customer ¢ prefers
as the f™ order. Let ¢; denote the time that a drone needs to
spend while serving customer ¢, which can be referred to as
serving time.

Moreover, the shipper has a set of depots, ie, P =
{p1,p2,...,pp}, Where p’ represents the total number of the

depots. Each drone can fly from and return to only one depot.
Before delivering, customers’ packages can be transferred
from an original depot to a new depot, and thus a drone can
take the package from the new depot instead of the original
depot. Let 0;, be a parameter where 0;,, = 1 when the
package of customer i belongs to depot p, and 0;, = 0
otherwise. We then have the condition ZpE'P 0;p = 1 for
all ¢ € C. The flying distance from location u to location
v is denoted as k,,, where uw and v are indexes of a
set of locations (C U P). Let Q = {wi,wa,...,w,} be a
set of takeoff condition scenarios, where w’ represents the
total number of scenarios in the set. Each w is defined as
w = {Ry1,Rq,...,Ry}, where the subscript indicates the
drone identification. Again, d’ represents the total number of
drones. R; = 1 when drone d cannot take off from the depot,
and Ry = 0 otherwise. Let A = {\1,A2,..., A\ } be a set
of breakdown condition scenarios, where )\ denotes the total
number of the scenarios. Each )\ is a parameter matrix of B; 4,
where B; g = 1 when drone d breaks down while serving
customer ¢, and B; 4 = 0 otherwise.

To minimize the total delivery cost, which is one of the
objectives of the MODD system, we consider four costs
including (i) the initial cost of drones, i.e., e, (i) the routing
cost, i.e., €("), (iii) the package transfer cost from an original
depot to the new depot, i.e., ¢® and (iv) the outsourcing cost,
ie., €,

IV. MULTI-OBJECTIVE OPTIMIZATION

In this section, we present the optimization problem for-
mulations of the MODD system. The detail of the three
objective functions and method to solve the multi-objective
optimization problem are presented in Section IV-A. We define
the decision variables and the constraints of the MODD system
in Section I'V-B and IV-C, respectively.

A. Multiple objective functions

There are three objective functions in the MODD system,
i.e., (i) to minimize the total delivery cost, (ii) to minimize
the percentage of unsuccessful delivered packages, and (iii) to
maximize the reward of on-time delivery. The formulation of
these objectives are presented in (1), (2), and (3), respectively.
OF€ represents the total delivery cost, QU represents the per-
centage of unsuccessful delivered packages, and OF represents
the reward of on-time delivery.
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Note that C/) represents the constant parameter, where
U > ) > ... 5 ¢Us), Again, f; is the most preferred
time window and f;. is the least preferred time window.

To solve the problem, we convert the proposed multi-
objective optimization to a linear programming by the &-
constraint method [7]. We can use one of the three objectives
in (1) to (3) as the objective function and use the others as
constraints. An example of the conversion are as follows:
Minimize: Q¢
subject to (4), (5), and (6) to (19).

0 < ¢
oR > €s.

@
(&)

The effective solutions of the MODD system can be
achieved by vary the parameters €; and e5. Again, the objective
function can be to minimize QF, to minimize QY, or to max-
imize OR. Once the objective is selected, the other objectives
are taken as the constraints with parameters €. The steps of
solving the multi-objective optimization by e-constraints are
listed below.

Step 1 Initialize the range of €, parameters [9].

Step 2 Solve the linear programming problem by using parameter e
with the smallest value.

Step 3 Increase the value of one of the parameters €, and repeat
Step 2. Once the value of parameter € is not in the range, the
algorithm is terminated.

Step 4 Obtain the set of solutions.

Note that we do not select the best solution for the shipper
because the different shipper may have different criterion for
the multi-objective optimization. In this paper, we present the
feasible solutions for the shipper to select.

B. Decision Variables

There are thirteen decision variables in the MODD system.
All the decision variables are binary, except U; 4 which is an
integer, and (); which is a positive variable. The definitions
of the decision variables are as follows.

o Wy is the indicator for determining whether drone d is used or not,
i.e., if Wy =1, drone d will be used in the delivery, and W4 = 0
otherwise.

o Y; 4p is the allocation variable. If Y; 4, = 1, customer ¢ will be
served by drone d, and the drone will depart from depot p, and
Yi,a,p = 0 otherwise.

e Z; is the indicator for determining whether the package of cus-
tomer ¢ will be delivered by a carrier or not. If Z; = 1, customer
¢ will be served by the outsourcing carrier, and Z; = 0 otherwise.

o T}, is the indicator for determining whether whether the shipper
has to transfer packages from/to depot p or not. 7, = 1 means
that at least one package is transferred from/to depot p, and 1, = 0
otherwise.

e M; p 4 is the indicator for determining whether the package of
customer ¢ is transferred from depot p to depot g or not. If M; p, 4 =
1, the package of customer ¢ is transferred from depot p to depot g,
and M; .4 = 0 otherwise.

e B, is an auxiliary variable for imposing the drone to have only
one departing and returning depot.

e U; q is a serving order of drone d, where U; 4 < U; 4 means that
drone d will serve customer ¢ before customer j.

e A;jaq is an auxiliary variable for ensuring that two customers
cannot have the same serving order when they are served by the
same drone.

. Xi(bd) (w) is the takeoff condition variable in which X, (® )( )
1 means that drone d cannot takeoff to serve customer 7 under
scenario w, and X i d( w) = 0 otherwise.

e X Z.(le) (w,\) is the breakdown condition variable in which

X Z(ad) (w,A\) = 1 means that drone d breaks down during serving
customer ¢ under takeoff scenario w and breakdown scenario A.
Otherwise, Xz(ad) (w,\) =0.

o F; (/) is the indicator for determining whether the f preferred time

window is selected or not. Fl(f ) = 1 means that customer 4 will
be served during the time window that the customer prefers as the
f™ order, and Fi(f ) — 0 otherwise.

e Vi ja is the indicator for determining whether drone d serves
customer ¢, and then it serves customer j as the next customer or
not. If V; j 4 = 1, drone d will serve customer ¢ before customer
j. and V; ; g = O otherwise.

e (; is a serving time variable. If (); > @;, customer ¢ will be
served before customer j.

C. Constraints

There are four groups of the constraints in the MODD
system including (i) general constraints for the drone delivery
with package transfer, (ii) breakdown constraints for the drone
delivery, (iii) the serving order constraints for the drone
delivery, and (iv) time window constraints with the reward
counter. The general constraints for the drone delivery that
we use in this paper are similar to the constraints in (2), (3),
(5), and (7) to (16) of [4]. The constraints include the initial
cost constraint, package allocation constraint, package transfer
constraints, traveling time limit constraints, traveling distance
limit constraints, and capacity constraint. The formulations and
the explanations of (ii), (iii), and (iv) are presented as follows:
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The constraints in (6) and (7) ensure that the percentage of
unsuccessful delivered packages is calculated from the number



Fig. 1: Map

of packages that cannot be delivered when the drone cannot
take off and when the drone breaks down during serving,
respectively. The constraint in (8) ensures that the rest of the
packages are taken into account in the number of unsuccessful
delivered packages after the drone breaks down. For example,
Uja > U; q and drone d breaks down while serving customer
1, drone d will not be able to deliver the package of customer j.

The constraints in (9) to (12) are the serving order con-
straints of drones. The constraints in (9) and (10) are the
boundary constraints of serving order variables. The con-
straints in (11) and (12) ensure that the customers have the
different serving order if they are served by the same drone.
These constraints are similar to those in [3].
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The constraints in (13) to (16) ensure that (i) serving time
Q: < Q; with the serving order U; < Uj, and (ii) the time
between (); and ); must be longer than the time of flying
from customer ¢ to the depot plus flying from the depot to
customer j. The constraints in (17) and (18) ensure that serving
time (Q; is between the period of the selecting time window.
For example, if the most preferred time wmdow (f =1) of
customer 7 is selected, i.e., Fi( ) = 1, then ']T( <@ < ’]1‘(1)
Again, ’Tl(-l) and Tl(-l) are the start and the end of the time
window. The constraint in (19) ensures that only one time
window can be selected.

Next, we evaluate the MODD system and present the
experimental results.

V. PERFORMANCE EVALUATION

In this section, we evaluate the MODD system with the
real customer data from a Singapore logistic company. Forty
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Fig. 2: The Pareto frontier

customers are considered in all the experiments. Each cus-
tomer has a location, the start of time window, and the end of
time window. We assume that all the packages of customers
are a; < 5 kg. Therefore, the cost of outsourcing package
to a carrier is set as ¢(©) = S$16 based on the Speedpost
service of SingPost company. The shipper has two depots,
ie., P = {p1,p2}, and two drones, i.e., D = {dy,ds}.
The drones are of the same type, where € = S5$100,
lg = 150 km, eq = 10 km, g4 = 5 kg, hd = 8 hrs,
and sq = 30 km/hr. The package transferring cost of both
depots is set as €(Y) = S$30. We assume that routing of
drones is similar to ground-based vehicle because Singapore
has many high buildings, e.g., residential housing. The routing
cost can be calculated by ¢€(") = distance x 1.05 x 0.1,
where the distance in kilometers between one location and
the other location is extracted from Google Map. Two takeoff
and breakdown scenarios are considered in all the experiments,
ie, A ={X\, A2} and Q = {w;,ws}. Let Ay be the scenario
that all the drones can take off and )\ be the scenario that
all the drones cannot take off, e.g. due to raining. Let w; be
the scenario that breakdown does not occur and ws be the
scenario that breakdown occurs every time when the drones
serve customers. The probabilities of the scenarios are set as
P(A\) = P(w1) = 0.9 and P(A\2) = P(w2) = 0.1. Note that
the probabilities can be calculated based on the history record.
We implement the GAMS script for the optimization problem
and solve it by the solver CPLEX [11].

A. Pareto frontier

We experiment the system with two objectives, which are
to minimize the total cost, i.e., O, and to minimize the
percentage of unsuccessful delivered packages, i.e., QY. The
Pareto frontier of these two objectives is presented in Figure 2.
To guarantee that the shipper will not fail to deliver any
packages, the shipper can outsource all packages to the carrier,
which is more expensive than delivering by using the shipper’s
own drones. The total cost is stable when the percentage
of unsuccessful delivered packages is more than 13.325%.
For this experiment setting, the shipper needs to pay at least
S5$415.16 to deliver all packages.

B. Reward of on-time delivery

To demonstrate the impact of the reward of on-time delivery,
we present two test cases, i.e., (i) minimizing the total delivery
cost in Figure 3(a) and (ii) minimizing the percentage of
unsuccessful delivered packages in Figure 3(b). Note that if
we use (i) or (ii) as an objective function, then (ii) and (i) will
become a constraint, respectively.
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Fig. 3: Impact of number of matching required time windows while minimizing
(a) the total cost and (b) the percentage of unsuccessful delivered packages.

From Figure 3(a), we reach fifteen as the highest number of
matching time windows by using two drones to serve all the
customers in the coverage area of the drones. When the reward
of on-time delivery is larger than or equal to 17, the shipper
has not enough drones to satisfy the time window requirement
of all the customers. The total cost is higher when we force
the percentage of unsuccessful delivered packages to be lower
than a certain value as the shipper needs to outsource some
packages to reduce the breakdown event.

From Figure 3(b), to minimize the percentage of unsuc-
cessful delivered packages, the shipper can outsource as
many packages as possible to the carrier. Consequently, these
packages will be delivered without experiencing the drone
breakdown. The shipper can use one drone to serve the
customers when the total cost needs to be lower than S$450.
When the total cost constraint is less than or equal to S$450,
the percentage of unsuccessful delivered packages is higher
than that when the total cost constraint is less than or equal to
S5$550. The reason is that the number of outsourced packages
is fewer. If the shipper does not consider the total cost
constraint, the percentage of unsuccessful delivered packages
varies linearly with respect to the reward of on-time delivery.

C. Impact of probabilities (A and w)

We set the takeoff conditional probability equal to the
breakdown condition probability, i.e., P(\1) = P(w;) and
vary them. For ease of the presentation, we do not consider
the reward of on-time delivery in this experiment.

When the total cost is less than or equal to S$450, 23
customers are served by a drone, and the rest are served by
the carrier. Similarly, 20 customers, 27 customers, and 30
customers are served by the drone when the total cost is less
than or equal to S$500, S$550, and S$600, respectively. From
Figure 4, we can conclude that the percentage of unsuccessful
delivered packages varies proportionally to the breakdown
probability, except when the total cost is larger than or equal
to 5$640. When the total cost is larger than or equal to
S5$640, the shipper will not experience the drone breakdown
because the shipper can outsource all packages to the carrier,
i.e., (40 x S$16), which will not incur the percentage of
unsuccessful delivered packages.

VI. CONCLUSION

We have proposed the multi-objective optimization for
drone delivery (MODD) system to help the shipper schedule

10 11 12 13 14 15 16 17
Reward of On Time Delivery

Breakdown Probability

Fig. 4: The impact of breakdown prob-
ability on the percentage of unsuccess-
ful delivered packages.

and plan its delivery by providing a set of potential solutions.
We have formulated three different objectives in the system,
i.e., to minimize the total delivery cost, to minimize the
percentage of unsuccessful delivered packages, and to max-
imize the reward of on-time delivery. The trade-off between
using drones and outsourcing packages to a carrier has been
considered in the system as drones may not be able to reach
some customers, e.g., due to flying distance limit. Further-
more, we have formulated the MODD system as a three-
objective and three-stage stochastic programming. The takeoff
and breakdown conditions are taken into account during the
second and the third stages of the optimization, respectively.
We have evaluated the MODD system with the real data from
a Singapore company, and we presented the analysis of the
Pareto frontiers of the system.
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