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A B S T R A C T   

The operational design and planning of drone-based logistics models is a rapidly growing area of scientific 
research. In this paper, we present a structured, comprehensive, and scalable framework for classifying drone- 
based delivery systems and their associated routing problems along with a comprehensive review and synthe-
sis of the extant academic literature in this domain. While our proposed classification defines the boundaries and 
facilitates the comparison between a wide variety of possible drone-based logistics systems, our comprehensive 
literature review helps to identify and prioritize research gaps that need to be addressed by future work. Our 
review shows that the extant research reasonably considers some relevant real-world operational constraints. 
Although the multi-visit multi-drone Pure-play Drone-based (PD) delivery models are popular, the majority of 
the Synchronized Multi-modal (SM) delivery models focus on formulating and evaluating single-truck, single- 
drone models. Moreover, the Resupply Multi-modal (RM) models have not received the due attention for 
research compared to other drone-based delivery models. Our comprehensive review of use cases of drones for 
delivery indicates that most of the reviewed models are designed for applications in e-commerce and healthcare/ 
emergency services. Other applications, such as food and mail deliveries are still underrepresented in the aca-
demic discussion.   

1. Introduction 

Unmanned Aerial Vehicles (UAVs), more commonly referred to as 
‘drones’, are increasingly considered as a widespread future mode of 
transportation for a variety of applications in the logistics industry. 
Drones are expected to yield several advantages over conventional ve-
hicles, such as a constant and high travel speed (Thiels et al., 2015), no 
need for physical road infrastructure (Foth, 2017), directness of travel, 
and no exposure to traffic and congestion (Thomalla, 2017). They are 
therefore expected to reduce delivery times and increase the respon-
siveness of logistics systems. In light of ongoing urbanization, a rapid 
growth in direct e-commerce deliveries, and increasing density and 
congestion levels, these benefits of UAV-based delivery are particularly 
pronounced in urban environments. On the other hand, the often un-
derdeveloped road infrastructure in rural areas and limited availability 
of resources for infrastructural improvements in developing countries 
have led to the emergence of a number of use cases of drones for the 
rural distribution of packages, especially for medical supplies and 
emergency services in underdeveloped regions (D’Onfro, 2014; 

Kolodny, 2016; Ong, 2017; Lewis, 2020). The resulting savings in time 
and cost could i) benefit both companies and customers in commercial 
logistics systems, and ii) save lives and raise public health and safety 
levels through improved emergency services and medical supply. 
Among the great variety of possible commercial applications of UAVs 
(Uzialko, 2018), this paper focuses on the use of UAVs for last-mile 
distribution of goods to customers. Although drone-based last-mile de-
livery systems can be deployed for various fields of applications, such as 
commercial package delivery or humanitarian logistics, we use the term 
‘customers’ to refer to the demand locations of whatever kind, for the 
sake of consistency in this paper. Many prominent industry players, such 
as Amazon (Amazon.com, 2013; Palmer, 2020), Google Wing (Levin, 
2016; McNabb, 2020), United Parcel Service (UPS) (Perez and Kolodny, 
2017; UPS, 2019), and Rakuten (Rakuten, 2017; Rakuten, 2020) are 
actively working on developing and testing drone delivery models. In 
fact, some players, such as UPS, recently started regular commercial 
drone deliveries under beyond visual line of sight (BVLOS) conditions 
and using fully automated drones (see, e.g., UPS, 2019; Pasztor and 
Ferek, 2021). 
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Academic research is being conducted on many aspects of drone- 
based logistics systems that have a direct impact on their future 
design, planning, and operations. While there are numerous important 
aspects of drone-based logistics system design that deserve attention 
from researchers and practitioners, such as drone hardware, energy- 
efficient propulsion systems, battery technology, flight control, ground 
infrastructure, or regulation, this paper focuses on the growing body of 
academic research on single- and multi-echelon, synchronized and un-
synchronized routing problems associated to the efficient operation of 
integrated, and potentially multi-modal drone-based logistics systems. 
To reap the full potential of drones in delivery logistics systems in terms 
of cost, speed, and responsiveness, quantitative methods and tools are 
required to efficiently design, plan, and operate such systems. While 
industrial applications of drone-based logistics systems have made rapid 
and substantial progress in recent years, we find that the extant aca-
demic work on analytical methods to optimally design and plan such 
systems is not always well-aligned with real-world technological ad-
vancements and operational requirements. Specifically, the extant aca-
demic literature lacks a unified, structured, and scalable framework 
which systematically classifies the relevant types of drone-based logis-
tics systems, and synthesizes the current research according to the 
operational design characteristics of these systems. While there are a 
number of structured literature reviews on drone logistics (see, e.g., Otto 
et al., 2018; Khoufi et al., 2019; Rojas Viloria et al., 2020; Chung et al., 
2020; Macrina et al., 2020), none of these existing contributions pro-
vides a systematic and scalable classification framework that distin-
guishes drone-based logistics models according to their detailed design 
and operational configurations. Otto et al. (2018) present a compre-
hensive review of civil applications of drones, such as area coverage, 
search operations, data gathering, communication linking, and visiting a 
set of destinations. Khoufi et al. (2019) classify the literature on drone 
logistics according to the number of vehicles, solution approaches, and 
applications. Another review of drone routing problems considering 
constraints, objective functions, solution methods, and applications is 
presented by Rojas Viloria et al. (2020). Chung et al. (2020) also classify 
drone routing models to two main categories of drone operations and 
drone-truck combined operations. Authors conduct a review of sched-
uling, routing, task assignment, and facility location problems in this 
domain along with solution approaches to solve these problems. 
Macrina et al. (2020) classify drone routing problems according to the 
respective roles of drones and ground vehicles, investigating whether 
only drones or both ground vehicles and drones are able to serve the 
customer demands. While the above mentioned works provide struc-
tured reviews of specific subsets of drone-related planning problems, we 
are not aware of a unified and comprehensive classification scheme that 
accommodates the full bandwidth of potentially relevant drone-based 
logistics models that takes into account the detailed design and opera-
tional configurations of these systems. Moreover, the academic 
discourse would benefit from a unified classification scheme that is 
scalable towards new drone-based logistics models that may emerge in 
response to future technological advancement. 

Since drones are expected to become and increasingly relevant mode 
of delivery in the near future, it is essential to ensure a close, goal- 
oriented alignment between academic research and industrial practice 
in this space. To this end, we present the following contributions. First, 
we provide a comprehensive review of relevant real-world applications of 
drones in the logistics industry. Second, based on this review, we propose a 
unified, structured and scalable classification framework that systemati-
cally captures the boundaries between the wide variety of relevant UAV- 
based logistics systems and their associated operational planning prob-
lems. Third, we use our purposed framework to provide a structured and 
comprehensive classification, review and synthesis of the existing literature 
on UAV-based logistics systems. With this review, we highlight which 
drone-based logistics models have already received significant attention 
of academic research and which operational design characteristics of 
these models have already been studied in depth. Lastly, based on our 

literature review we identify and prioritize research gaps in the extant 
literature to guide future research towards relevant drone-based logistics 
models and operational design characteristics of drone-based logistics 
systems that are currently underrepresented in the academic literature. 

Given these contributions, this work provides answers to the ques-
tions (i) which operational design characteristics of drone-based logis-
tics systems are most relevant for real-world applications; (ii) how 
relevant boundaries between the wide variety of drone-based logistics 
models can be defined that unambiguously separate the underlying 
design and planning problems; and (iii) which future research directions 
require particular attention to align academic efforts with industry ap-
plications of drone-based logistics. 

The remainder of this paper is organized as follows. A review of the 
real use cases of drones in practice is presented in Section 2. Sections 3 
and 4 present the proposed basic and extended classification of drone- 
based delivery models, respectively. Section 5 unifies these two classi-
fications with guidelines on how to use the proposed classifications. 
Section 6 presents a comprehensive literature review of drone-based 
delivery models. We also present a summary of available problem in-
stances for evaluation of drone-based delivery models. We provide a 
detailed discussion of the results from our classification and review in 
Section 7. Finally, we present our conclusions and directions for future 
research in Section 8. 

2. Drone logistics in practice 

UAVs are currently being applied to an increasing number of com-
mercial and public sector use cases for the delivery of goods and ser-
vices. These applications are discussed in the following and divided into 
four broadly defined areas of applications: retail and E-commerce, postal 
services and mail delivery, food and beverage delivery, and healthcare 
and emergency services. Table 1 provides a summary of recent logistics 
applications of UAVs in these areas. 

2.1. Retailing and E-commerce 

Amazon is one of the e-commerce retailers that introduced the use of 
drones for direct deliveries of products from fulfillment centers to con-
sumers in 2013 (Wallace, 2013). The company officially introduced a 
new service, called Prime Air, which uses drones to deliver shipments in 
less than 30 min (Amazon.com, 2013). According to a study by Wang 
(2016), 86% of its packages weigh less than 5 lb and 70% of all Amer-
icans live within 5 miles of a supermarket. Thus, drones can service a 
considerable fraction of e-commerce delivery requests for a vast ma-
jority of potential U.S. e-commerce clients. Based on the expected 
number of deliveries per year falling into the eligible package size and 
weight ranges in the U.S. e-commerce, estimated drone and battery cost, 
as well as labor cost, Keeney (2015) estimate the delivery cost per 
package through the Prime Air service at U.S. $0.88, whereas this cost 
amounts to $5.99 and $7.99 for Amazon’s Prime and Prime Now ser-
vices, respectively. Based on a case study by Sudbury and Hutchinson 
(2016), it is estimated that the cost per delivery by drones is approxi-
mately $0.3 compared to $1.2 for delivery by trucks. Sudbury and 
Hutchinson (2016) do not consider operators’ costs in their calculations. 
Amazon.com recently received Federal Aviation Administration (FAA) 
approval to test its MK27 drone for Prime Air delivery service in the U.S. 
(Palmer, 2020).7-Eleven, one of the largest convenience store chains in 
the US, also piloted the delivery of a variety of food items in the densely 
populated urban and suburban neighborhoods of Reno, NV (Glaser, 
2016). These deliveries, conducted in collaboration with the drone de-
livery company Flirtey, took less than ten minutes on average and were 
compliant with FAA line of sight regulations. 

In Europe, Flytrex, implemented the first drone delivery system in 
collaboration with AHA, a retailer, in Reykjavik, Iceland, in 2017 (Shi-
vali, 2017). With this system, the company was able to reduce the 
average delivery time for groceries and food from 25 min by car to 4 min 
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by drone. The service can deliver shipments of less than six pounds and 
the average cost per delivery is estimated at US $0.80 per mile (Sequin, 
2017). 

JD.com, one of the largest e-retailers in China, uses drones to deliver 
items from cities to rural areas. The company employs several types of 
drones, which can carry between 5 and 30 kg and travel at up to 100 km/ 
h (Meredith and KharpalKharpal, 2017). The company is also testing 
UAVs with a capacity of 1,000 kg to support the delivery of heavier items 
(Chan, 2017). JD.com has set up more than 185 drone airports in 
southwest China and is expected to offer same-day UAV-based deliveries 
across China (Chan, 2017). 

Rakuten, a Japanese online retailer, delivers groceries from a su-
permarket in Yokosuda to an island 3 km off the shore (Rakuten, 2019). 
These drones are able to deliver a variety of items weighing up to 5 kg 
and can travel for up to 40 min at a speed of 36 km/h. Rakuten has 
conducted several pilot experiments on drone deliveries before, 
including snack deliveries to consumers on a golf course in Chiba in 
2016, and delivery of fried chicken in Fukushima in 2017 (Rakuten, 
2017). 

Within the four walls, Walmart recently proposed to use UAVs to 
bring items to customers within its stores (Vanian, 2017). These drones 
supposedly move above the shelves for increased safety, requiring a 
system of sensors and an air traffic control logic to plan routes for the 
drones and prevent accidents with obstacles, people, or other drones. In 
collaboration with Flytrex, Walmart also started testing drones for de-
livery in September 2020 (Vincent, 2020). 

2.2. Postal services and package delivery 

UPS in collaboration with the drone delivery company Horsefly, 
tested a multi-modal delivery model using trucks and UAVs (Perez and 
Kolodny, 2017). In their model, UAVs are loaded with packages from 
inside the truck before being launched from the truck to deliver these 

packages to customers and returning to the truck after delivery. This 
type of operational setup can yield considerable cost savings compared 
to the conventional drone-based delivery systems, since the UAVs only 
need to return to the truck parked within the delivery area for package 
pick-up and battery replacement, rather than having to return to a 
distant depot. A similar platform is also proposed under the “Vision Van” 
concept by Mercedes-Benz. Here, an automated storage and retrieval 
system is used within the truck to automatically load the packages onto 
the UAVs, which further improves the efficiency of the delivery process 
(Yvkoff, 2017). Ford is proposing a similar system in which UAVs 
cooperate with autonomous trucks (Hawkins, 2017). 

DHL recently demonstrated an autonomous system of DHL Parcel-
copter 3.0 drones for parcel delivery to remote or geographically chal-
lenging areas (Franco, 2016). These drones are able to rise vertically and 
convert to an airplane moving horizontally, allowing it to fly at speeds of 
more than 43 mph. Using this autonomous system, DHL is able to reduce 
the average delivery time from the base to the delivery destination from 
30 min by truck to 8 min by drone (Franco, 2016). 

The The United States Postal Service (USPS) has also conducted a 
survey in 2016 to examine the interest of society in using drones for mail 
delivery. While most Americans are in favor of the concept of drone 
delivery and looking forward to seeing drones deliver their packages, 
their main concern is drone malfunction and intentional misuse of 
drones (UPS, 2016). 

2.3. Food and beverage delivery 

One of the major application areas for drone delivery is the food 
industry due to the favorable size-to-weight ratio of food items and the 
short travel times of UAVs which is favorable for fresh food/ meal de-
livery. According to Ralf Wenzel, the CEO of Foodpanda, food delivery 
suffers from long travel times in traffic–clogged cities in Europe, the 
Middle East, and Asia; and drones may be able to overcome this issue 

Table 1 
Summary of use cases of drones for logistics.  

Company Reference Type of drone Flight range Delivery time Weight Location 

Retailing and E-commerce 
Amazon.com Wallace (2013) Quadcopter 10 miles 13 min < 5 lbs  UK 
7-Eleven Glaser (2016) Hexa-copter 1 mile < 10 min   NV, USA 
Flytrex Shivali (2017) Hexa-copter 6 miles 4 min < 6 lbs  Iceland 
JD.com Meredith and KharpalKharpal (2017) Hexa-copter < 100km  – 5–20 kg China 
Rakuten Rakuten (2019) Quadcopter 40 min 5 min < 5 kg  Japan 
Walmart Vincent (2020) Hexa-copter 6.2 miles – < 6.6 lbs  NC, USA 

Postal services and mail delivery 
DHL Franco (2016) Tilted-wing 5 miles 8 min. 4.4 lbs Germany 
UPS Perez and Kolodny (2017) Octa-copter 10 min. – < 10 lbs  Lithia, FL, USA 

Food and drink delivery 
Francesco’s Pizzeria Nelson (2014) Quadcopter 1 mile 10 min – Mumbai 
Coca Cola Staff (2014) Octa-copter – – – Singapore 
Lakemaid Grenoble (2014) Hexa-copter – – – MN, USA 
Domino’s Murphy (2016) Quadcopter 1 mile 10 min – New Zeleand 
Alphabet Levin (2016) VTOL 6 miles – 1.5 kg VA, USA Australia 
Orange Leaf Dietzer (2016) Hexa-copter 35 min – – MI, USA 
Flytrex Morgan (2017) Hexa-copter 6 miles 4 min < 6 lbs  Iceland 
LaMar Gallucci (2017) Quadcopter – – – CO, USA 
Foodpanda Amin (2020) Quadcopter 5 km 3 min 2 kg Singapore 

Healthcare and emergency services 
Matternet Wang (2016); Taylor (2013) Quad-copter 12.4 miles 15 min 4.4 lbs Lesotho, Africa 
TUDelft TUDelft (2014) Tri-copter 12 km 1 min 4 kg The Netherland 
Alphabet Levin (2016) VTOL 6 miles – 1.5 kg Queensland, Australia 
Flirtey Vanian (2016) Quad-copter – – – VA, USA 
HiRO Hattiesburg (2015) Octa-copter – – 20 lbs MS, USA 
Zipline Ackerman and Strickland (2018) Flat-wing 100 miles 15 min 3 lbs Rwanda 
Vayu Vayu (2016) VTOL – – 23 kg Madagascar 
Center for Resuscitation Science Howard (2017), Claesson et al. (2017) Quad-copter 2 miles 3 min. 0.76 kg Sweden 
Altomedika Lomas (2017) Quad-copter 50 km – 3 kg Russia 
UPS Peterson and Graves (2019) Quad-copter 12.5 miles – < 5 lbs  NC, USA  
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(Shaffer, 2016). Several companies around the world have tested the use 
of drones for food delivery. Domino’s Pizza in collaboration with Flirtey 
(Flirtey, 2015) used drones for pizza delivery in New Zealand in 2016 
(Murphy, 2016). Drones are autonomously controlled using GPS navi-
gation and supervised by qualified drone pilots, allowing for pizza de-
livery in less than 10 min. Similarly, in 2014, Francesco’s Pizzeria used 
drones to deliver pizza in Mumbai, dropping the pizza on the roof of 
skyscrapers (Nelson, 2014). 

The Google parent company, Alphabet, in a so-called Project Wing, 
tested drones for delivering Chipotle’s burritos to Virginia Tech in 2016 
(Levin, 2016). The Project Wing team extended their drone delivery 
operations for delivery of burritos to rural, residential buildings in 
Australia’s countryside in 2017 (Statt, 2017). Project Wing drones can 
take-off and land vertically and fly horizontally with a speed of 
approximately 120 km/h. Alphabet recently received FAA approval for 
more drone delivery tests in rural communities in Virginia (Porter, 
2019). 

There are several other examples of UAVs being tested for food de-
livery that are worth mentioning. Orange Leaf with Mishigami Group 
used drones to deliver a froyo party box to the Hope College in Michigan, 
USA, in 2016 (Dietzer, 2016). In addition to retail items, Flytrex also 
delivers food in Reykjavik, Iceland (Morgan, 2017). LaMar illustrated 
the use of drones for the delivery of doughnuts to the city hall, police 
offices, and fire departments in Denver, Colorado (Gallucci, 2017). Coca 
Cola tested drones for the delivery of coke to more than 2,700 workers in 
Singapore’s construction sites (Staff, 2014). Lakemaid launched drones 
to deliver beer to ice fishermen in Minnesota in 2014 (Grenoble, 2014). 

2.4. Healthcare and emergency services 

Given the small size, limited weight, high value, and high urgency of 
many medical supplies, such as blood samples and medicine, drones can 
serve as a promising, efficient mode of transportation for these items. 
For example, the company Matternet used drones for the distribution of 
blood samples for HIV/AID tests from clinics to hospitals in Maseru, 
Lesotho (Wang, 2016). While it requires significant time to distribute 
these items by conventional terrestrial transportation vehicles due to a 
limited road infrastructure, the use of drones contributed to a consid-
erable reduction in delivery time. Further, establishing a dense network 
of drone stations and a corresponding fleet of drones, is shown to be 
significantly more cost efficient than investments into solid road infra-
structure (Macguire, 2013). Matternet has also used drones to distribute 
humanitarian supplies after an earthquake in Haiti and the Dominican 
Republic in 2012 (Taylor, 2013). As an extension of these delivery 
systems, Matternet announced “Matternet base stations” which can be 
used to automatically swap batteries to expand drone-based services in 
Switzerland (Mannes, 2017; D’Onfro, 2014). 

The company Zipline uses drones to deliver on average 1400 blood 
samples per day to hospitals located within 75 km from a distribution 
center in Muhanga, Rwanda (Ackerman and Strickland, 2018; Stewart, 
2017). Using drones that travel at approximately 80 miles per hour, this 
drone delivery system helped to reduce delivery times from 4 h to less 
than 30 min (Baker, 2017; Landhuis, 2017; Petrova and Kolodny, 2018). 
The system is expected to expand and cover all the nation demands (11 
million people), delivering not only blood samples, but also medical 
products, such as anti-venoms, vaccines, and rabies treatments 
(Kolodny, 2016). Zipline is further expanding its service to Tanzania, 
with 38 times the area size of Rwanda and only 8% of paved roads, 
expecting to deliver 2,000 packages per day from multiple distribution 
centers (Stewart, 2017). Recently, Novant Health, in collaboration with 
Zipline, delivered COVID-19 medical supplies in North Carolina, USA 
(de León, 2020). 

Delft University of Technology also launched a video on ambulance 
drones which are dispatched to a patient in response to an emergency 
help request (TUDelft, 2014). These drones feature an integrated cardiac 
defibrillator, 2-way communication radio, and a video camera which 

enables doctors to observe patients and first responders and remotely 
provide them with instructions on the use of the delivered medicine and 
equipment. 

In a study in Sweden, the use of drones to deliver automated external 
defibrillators to patients with cardiac arrests demonstrated a 16 min 
reduction in response time on average (Howard, 2017; Columbus, 2017; 
Claesson et al., 2017). A similar project is conducted by scientists at the 
Moscow Technology Institute who are experimenting with UAVs with a 
range of 50 km and payload of 3 kg for the delivery of defibrillators 
(Lomas, 2017). 

There are plenty of healthcare applications of UAVs, including the 
company Flirtey delivering medical supplies to a health clinic in Virginia 
in July 2015 (Vanian, 2016) and Google Project Wing delivering disaster 
relief supplies, food, water, and medical supplies in the United States 
and in Queensland, Australia (Levin, 2016). Inspired by the challenges 
of medical support in the aftermath of hurricanes, the Healthcare Inte-
grated Rescue Operations (HiRO) developed GPS-guided autonomous 
telemedicine drones for the distribution of supplies after disasters in 
2015 (Hattiesburg, 2015). Flat-wing drones are used to deliver blood 
and stool samples to Madagascar’s central laboratory (Vayu, 2016). 
These drones can take off vertically and fly horizontally and autono-
mously toward their destinations. UPS delivered medical samples in 
WakeMed’s campus in North Carolina in a collaboration with the com-
pany Matternet (Peterson and Graves, 2019). UPS recently received FAA 
approval for operating drones commercially for revenue-generating 
deliveries under BVLOS conditions (UPS, 2019). 

3. Basic classification of drone-based logistics models 

In the following we present a systematic classification scheme of 
drone-based logistics operating models. The classification scheme is 
presented in two parts: The basic classification framework is presented 
in this Section, while important extensions to this framework related to 
the number of vehicles and depots, the vehicle capacity, and the possi-
bility of vehicle sharing are presented in Section 4. The basic classifi-
cation framework divides drone-based logistics operating models into 
four main categories: Pure-play Drone-based (PD) models, Unsynchro-
nized Multi-modal (UM) models, Synchronized Multi-modal (SM) 
models, and Resupply Multi-modal (RM) models. 

3.1. The Pure-play Drone-based (PD) model 

The Pure-play Drone-based (PD) model uses drones to deliver 
packages directly from depots to customers. The depot may represent 
distribution and fulfillment centers. Due to the limited flight range of 
drones and an often limited number of depots, this model may not be 
able to serve all customer locations. Fig. 1 illustrates a PD model in 
which some of the customers cannot be served by drones because they 

Fig. 1. A Pure-play Drone-based (PD) model.  
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are located outside the flight range limit of the drones from the depot. 
Similarly, due to the carrying size/weight limit of drones, the delivery 
capacity of the PD model for heavy and bulky packages is limited. 

3.2. The Unsynchronized Multi-modal (UM) model 

An Unsynchronized Multi-modal (UM) model uses multiple modes of 
transportation, for example, a truck and a drone. Contrary to the PD 
model, which may need a significant number of depots to be able to 
serve all the demand locations, the UM model employs supporting ve-
hicles to serve customers that are located outside the flight range limit of 
the primary vehicles, that is, the drones. Since these deliveries by the 
primary and supporting vehicles are independent, no synchronization of 
their movements is required. 

Shared or divided pool of customers. UM models can be divided into 
two sub-categories depending on the strategy they use to serve cus-
tomers located within the flight range of the primary vehicles (drones) 
from the depot. SSsSo-called Shared Pool (SP) UM models assume a 
shared set of customers among primary and supporting vehicles (see 
Fig. 2(a)), allowing the supporting vehicles to serve some of the 
customer locations that are within the flight range limit of the primary 
vehicles. Divided Pool (DP) UM models assume separated sets of cus-
tomers for primary and supporting vehicles (see Fig. 2(b)). For example, 
the primary vehicle serves all customers in its flight range, whereas the 
supporting vehicle serves those customers that are located outside the 
primary vehicle’s flight range limit. Therefore, UM models with SP 
require an additional decision on the allocation of customers to primary 
and supporting vehicles. 

3.3. The Synchronized Multi-modal (SM) model 

The Synchronized Multi-modal (SM) Model model assumes that the 
supporting vehicle serves as a moving hub for the primary delivery 
vehicle. The primary delivery vehicle (e.g., a drone) is launched from the 
supporting vehicle (e.g., a truck) to deliver packages to customers. 
Nevertheless, the supporting vehicle can be allowed to perform de-
liveries to customers although its main role is defined to support de-
liveries by the primary vehicle. The movements of supporting and 
primary vehicles need to be synchronized with each other to guarantee 
that the primary vehicle is launched from and retrieved by the sup-
porting vehicle at the right time and location, taking into account the 
range and flight time limitations of the drones. The SM model has a 
broader service range compared to the UM model since the supporting 
vehicle can extend the service range of the primary vehicle by carrying it 
to a location which is sufficiently close to the customer and launching it 
to deliver the package. In addition, to pick up the next packages for 
delivery, the primary vehicle returns to the nearby supporting vehicle 
rather than to the distant depot, saving time and cost by eliminating long 
line-hauls and back-hauls. This also allows for a recharge or change of 
UAV batteries. Also, heavy/bulky packages which exceed the capacity 

limits of the primary vehicle can still be delivered by the supporting 
vehicle. Fig. 3 illustrates an SM model. We can define two basic factors 
to further categorize SM models. 

Relative movements of primary and supporting vehicles. This factor de-
fines three sub-categories based on the relative movements of the pri-
mary and supporting vehicles. The first sub-category assumes that 
simultaneous movements of supporting and primary vehicles are not 
allowed, that is, the supporting vehicle cannot move to its next desti-
nation on its route until the primary vehicle returns to the supporting 
vehicle at its launch location. An example of an SM model with Non- 
Simultaneous (N) relative movements is shown in Fig. 4(a). A Simulta-
neous (S) SM model, on the other hand, forces simultaneous movements 
of supporting and primary vehicles. In this sub-category, the departing 
and rendezvous locations of the vehicles have to be different. An 
example of an SM model with Simultaneous relative movements is 
shown in Fig. 4(b). The third sub-category is a Flexible (F) SM model, 
which allows the supporting vehicle to decide whether to stay at the 
launch location or to move to another location to retrieve the primary 
vehicle. An SM model with Flexible (F) relative movements is shown in 
Fig. 4(c). 

Primary and supporting vehicle touchpoints. Touchpoints represent the 
space of locations at which the primary and supporting vehicles can 
rendezvous. The space may be a set of discrete locations, for instance, a 
set of customer locations or other pre-defined locations, such as parking 
lots. Fig. 5(a) illustrates an SM model with a Discrete (D) set of touch-
points composed of customer locations. Linear (L) touchpoints allow the 
primary and supporting vehicles to not only rendezvous at a set of 
discrete locations, but also at any location along a set of links, for 
instance, streets, that are connecting these discrete locations. Fig. 5(b) 
illustrates an SM model with a Linear (L) touchpoints. Finally, the set of 
touchpoints can include all the points in the two-dimensional plane, 
which allows them to rendezvous at any location. In reality, the truck, as 
the supporting vehicle, may use this flexibility to deviate from its route 
to move close enough to a customer location and launch drones for 
package delivery. An SM model with Planar (P) touchpoints is shown in 
Fig. 5(c). 

Fig. 2. Two Unsynchronized Multi-modal (UM) models: a) with Shared Pool (SP) of customers, b) with Divided Pool (DP) of customers.  

Fig. 3. A Synchronized Multi-modal (SM) model.  
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3.4. The Resupply Multi-modal (RM) model 

In this model, due to the limited capacity of the primary vehicle, 
supporting vehicles serve to resupply them with packages. Unlike the 
SM models, the primary vehicles cannot be carried by the supporting 
vehicles. Due to the resupply of the primary vehicles by the supporting 
vehicles, this model can reduce the time and cost of deliveries by 
eliminating line-hauls and back-hauls of the primary vehicles from and 
to the depot. This model can effectively be used for same-day or even 
instant delivery services, since the supporting vehicles can pick up new 
orders from the depot and resupply the primary vehicles with these new 
packages along their active route. An illustration of an RM model is 
shown in Fig. 6. 

Primary and supporting vehicles touchpoints. We define one basic factor 
to further categorize this model, which is similar to the touchpoints 
factor defined for the SM model. It represents the set of locations at 
which the primary and supporting vehicles can rejoin. The values for 
this factor are Discrete, Linear, and Planar, as defined for the SM model. 

The discussed advantages and limitations of the models are sum-
marized in Table 2. 

4. Extensions to the classification of drone-based logistics 
models 

In this section, we present several extensions to the basic classifica-
tion framework introduced in Section 3 by defining six additional factors 
to distinguish the wide variety of operating models for UAV-based de-
livery systems: i) the number of supporting vehicles, ii) the capacity of 
supporting vehicles, iii) the number of primary vehicles, iv) the capacity 
of primary vehicles, v) the number of depots, and vi) the sharing or not 
sharing of primary vehicles among depots or supporting vehicles. These 
factors are explained in the following. 

4.1. Number of supporting vehicles (1,M) 

The models defined in Section 3 assume a single supporting vehicle. 
This factor allows for an extension of these basic models to include 
multiple supporting vehicles. Models with one or multiple supporting 
vehicles are denoted by 1 and M, respectively. This factor is not applied 
to PD models since they do not rely on any supporting vehicles. 

4.2. Number of stops and capacity of supporting vehicles (1U, 1C, MC, 
MU) 

In Section 3, we assume that supporting vehicles are not capacitated 
(MU), i.e., they can meet with primary vehicles for an unlimited number 
of times without any limits on the capacity of the supporting vehicle. 
However, to model a realistic delivery system, it is required to take the 
capacity of these vehicles into account. To this end, we define 1U to 
denote capacitated supporting vehicles that can serve only one primary 
vehicle per trip from the depot without any limit on its payload. 1C 

Fig. 4. Relative movements of primary and supporting vehicles: (a) N: Non-simultaneous, (b) S: Simultaneous, (c) F: Flexible.  

Fig. 5. Touchpoints of primary and supporting vehicles represent the set of locations that these vehicles can rendezvous: (a) D: Discrete touchpoints, (b) L: Linear 
touchpoints, (c) P: Planar touchpoints. 

Fig. 6. A Resupply Multi-modal (RM) model.  

Table 2 
Comparison of advantages and limitations of drone-based delivery models.  

Model Advantages Limitations 

PD Simpler implementation and easier 
scheduling of deliveries compared 
to other models 

Limited service for heavy and bulky 
packages, Limited service for 
customers located outside UAV 
flight range, Potential congestion of 
UAVs around depot 

UM Increased service range and 
efficiency by supporting vehicles 
compared to PD model, Potential 
delivery of heavy and bulky 
packages using supporting vehicles 

Potential congestion of UAVs 
around depot 

SM Broader service range of UAVs 
compared to PD and UM models, 
Eliminated line-hauls and back- 
hauls of primary vehicles from and 
to depot 

Needs equipped supporting 
vehicles for launching and 
retrieving primary vehicles, Needs 
synchronization of movements of 
primary and supporting vehicles, 
Limited space for primary vehicles 
and packages in supporting vehicles 

RM Eliminated line-hauls and back- 
hauls of primary vehicles from and 
to depot, Enabling delivering of 
orders arriving during the day, 
especially for same day delivery 
service 

Needs synchronization of 
movements of primary and 
supporting vehicles  
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denotes capacitated supporting vehicles that can serve only one primary 
vehicle per trip from the depot, while its payload limit is considered. 
Finally, MC denotes capacitated supporting vehicles that can visit pri-
mary vehicles multiple times per trip from the depot, while a limit on 
their payload is considered. This factor is not applied to PD models since 
they do not employ supporting vehicles. 

4.3. Number of primary vehicles (1, M) 

Another basic assumption of the models defined in Section 3 is the 
use of a single primary vehicle. To relax this assumption, this factor 
allows our classification scheme to capture cases with multiple primary 
vehicles. Having multiple primary vehicles can contribute to perfor-
mance enhancement of these models since multiple deliveries can be 
done simultaneously by more than one primary vehicle, while it in-
creases the complexity of the underlying routing and scheduling prob-
lems. This factor is applicable to all four drone-based logistics models. 1 
and M denote one and multiple primary vehicles, respectively. 

4.4. Number of stops and capacity of primary vehicles (1U, 1C, MC) 

To account for a limited capacity of the primary vehicles, we define 
three possible values for this factor. 1U denotes capacitated primary 
vehicles that can serve one stop per trip without any limit on the size or 
weight of the packages. 1C denotes capacitated primary vehicles that 
can serve a single-stop per trip while also respecting a limit on the size/ 
weight of the packages delivered to each stop. Therefore, customer de-
mands that exceed the vehicle’s capacity cannot be served by the pri-
mary vehicles. Nevertheless, such customers can be served by the 
supporting vehicles, for example, trucks in the SM models. Finally, MC 
denotes capacitated primary vehicles that can serve multiple stops per 
trip while respecting a limit on the size/weight of packages that are 
delivered by this vehicle. This factor is applied to all of the four defined 
drone-based logistics models. 

4.5. Number of depots (1, M) 

The basic assumption in Section 3 is a drone-based delivery model 
with a single depot. This factor allows us to extend our classification 
framework to cases with multiple depots from which the primary and 
supporting vehicles depart. This factor is applied to all of the four drone- 
based delivery models. However, its effect is particularly relevant for PD 
models since their performance is highly limited by the service range of 
the primary vehicles (drones). 1 and M denote one and multiple depots, 
respectively. 

4.6. Shared delivery vehicles (SV, NV) 

In Section 3, we assume that primary vehicles are dedicated to their 
assigned supporting vehicle (for the SM and RM models) or depot (for 
the PD and UM models). However, once we consider more than one 
supporting vehicle and/or depot, the primary vehicles may be shared 
among them. That is, the primary vehicles may return to a different 
depot or supporting vehicle to pick up new packages for delivery. This 
factor is applied to all four models. Here SV and NV denote shared and 
non-shared vehicles, respectively. 

5. A unified classification framework 

To unify the notation introduced in Sections 3 and 4, we propose a 
dictionary structure to systematically classify the various available 
configurations for Unmanned Aerial Vehicles-based delivery models. 
Since each model can be classified according to some basic factors and 
some extension factors, the guideline is to present the extension factors 
after the basic factors for each model. Therefore, the dictionary has three 
main parts: 

Model category: basic factors: extension factors 

In this dictionary, the first part denotes the main model category (i. 
e., PD, UM, SM, or RM). The second part denotes the basic factors 
characterizing these models, as defined in Section 3, and the third part 
represents the extension factors characterizing these models, as defined 
in Section 4. The summary of the basic and extension factors and their 
values for each model are given in Table 3. To illustrate this proposed 
dictionary notation, Fig. 7 shows four examples of PD, UM, SM, and RM 
models alongside their detailed classification. 

6. Literature review 

In this section, we aim to review and classify the extant research on 
drone-based logistics models with the objective of recognizing the cur-
rent focus of the extant literature, and identifying gaps to be addressed 
by future research. Our review of the literature follows the compre-
hensive classification framework we introduced in the previous sections. 
It is structured in four main sections, following the four model categories 
distinguished by our classification framework. Within each section, we 

Table 3 
Drone-based logistics models: The proposed classification scheme with Basic and 
Extension factors.   

Model 
category 

Factor Values 

Basic PD – –  
UM Sharing pool of 

customers 
SP: Shared pool of customers 
among primary and supporting 
vehicles    
NP: Not shared pool of customers 
among primary and supporting 
vehicles  

SM Relative 
movements 

N: Non-simultaneous    

S: Simultaneous    
F: Flexible   

Touchpoints D: Discrete    
L: Linear    
P: Planar  

RM Touchpoints D: Discrete    
L: Linear    
P: Planar 

Extension  Number of 
supporting 
vehicles 

1: One supporting vehicle    

M: Multiple supporting vehicles   
Capacity of 
supporting 
vehicles 

1U: One stop per trip, 
Uncapacitated supporting vehicle    

1C: One stop per trip, capacitated 
vehicle    
MC: Multiple stops per trip, 
capacitated vehicle    
MU: Multiple stops per trip, 
uncapacitated vehicle   

Number of 
primary vehicles 

1: One primary vehicle    

M: Multiple primary vehicles   
Capacity of 
primary vehicles 

1U: One stop per trip, 
uncapacitated vehicles    
1C: One stop per trip, capacitated 
vehicles    
MC: Multiple stops per trip, 
capacitated vehicles   

Number of depot 1: One depot    
M: Multiple depots   

Sharing primary 
vehicles 

SV: Shared primary vehicles 
among supporting vehicles and/ 
or depot    
NV: Not shared primary vehicles 
among supporting vehicles and/ 
or depot  
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then characterize each of the reviewed papers according to the full set of 
basic and extended factors introduced above. 

6.1. Research on Pure-play Drone-based (PD) models 

Several articles in this category consider drones capable of serving 
multiple customers per trip. In Dorling et al. (2017), two drone delivery 
models are presented. One model minimizes the total delivery time with 
a budget constraint, whereas the second model seeks to minimize the 
total cost with a time limit constraint. The proposed models consider 
drone energy consumption as a function of payload and battery weight. 
A Simulated Annealing (SA) algorithm is developed to solve these 
models and evaluate them based on different battery consumption rates, 
budget limits, travel time limits, and distributions of customer locations. 
Yadav and Narasimhamurthy (2017) formulate a PD model in which 
drones can pick up packages from several warehouses and serve multiple 
customers per trip. The demands may also be split among multiple 
drones if an order contains multiple items that cannot be delivered by 
one drone in one visit. To solve this problem, two heuristic methods are 
designed. The first heuristic aims at maximizing drone utilization in 
terms of its available flight time, while the second heuristic allows for 
intermediate replenishment of the drones from warehouses located in 
the area to minimize the total time during which drones travel empty. 

Song et al. (2018) propose a Mixed-Integer Linear Programming 
(MILP) model and a heuristic algorithm for a PD model with multiple 
drones considering limited capacity and flight time of drones. Drones are 
shared among depots, i.e., they can return to a different depot after each 
delivery. The flight time limit of the drones is a declining linear function 
of payload. The proposed heuristic, the so-called the Receding Horizon 
Task Assignment (RHTA), starts with generating all the feasible tours for 
the drones and then solves a mathematical optimization model to allo-
cate tours to drones. A benchmark comparison of the algorithm and the 
mathematical model on problem instances with up to 30 customers and 
6 drones shows only minor optimality gaps. Cheng et al. (2020) math-
ematically formulate a PD system with several operational constraints, 
such as customer time windows, drone energy, and the effect of payload 
on energy consumption rate. They introduce some valid inequalities and 
develop a Branch and Cut algorithm for solving problem instances with 
up to 50 customers. A benchmark comparison on problem instances 
from Solomon (1987) demonstrate the effectiveness of the algorithm. 

Some articles consider PD models for emergency/healthcare appli-
cations. A multi-objective drone delivery model for blood delivery in 
emergency situations is presented by Wen et al. (2016). In addition to 
the flight time limit, some factors related to blood distribution, such as 
refrigeration and optimal mix of blood and appendage, are taken into 
account. A decomposition-based multi-objective evolutionary algorithm 
with local search is designed to solve several problem instances. In 
Haidari et al. (2016), a sensitivity analysis is conducted on several fac-
tors, such as geography, population, road conditions, and vaccine 
schedules to examine the benefits of using drones for vaccine distribu-
tion. The performance of this model is evaluated using two main per-
formance metrics: vaccine availability and logistics cost, which includes 
various cost components, such as storage, transport, building, and labor. 
The analyzed scenarios are informed by demand data from Gaza prov-
ince, Mozambique. According to the evaluation results, the proposed 
delivery model can yield cost savings of $0.05 to $0.21 per dose and 
improve vaccine availability by 2%. Rabta et al. (2018) present a drone 
delivery model for light relief supplies in disaster relief operations. 
Drones can serve multiple demand locations with the possibility to 
recharge at recharging locations on their paths. The goal is to minimize 
the cost of delivery based on energy consumption relative to the 
payload. The mathematical model of the problem is used to solve four 
different scenarios for different values of payload and battery size. Dhote 
and Limbourg (2020) model four drone-based location and routing 
problems for delivery of blood products to hospitals. These models 
consider shared drones among several hospitals recharging stations. The 
results of a case study in Brussels, Belgium demonstrate that sharing the 
drones among hospitals and using the recharging stations can lead to 
reduced costs of the delivery operations. 

To examine the effectiveness of drones for reducing pollutant emis-
sions compared to the trucks, Goodchild and Toy (2018) evaluate a PD 
model along with two performance metrics, Carbon Dioxide (CO2) and 
Vehicle-Miles Traveled (VMT). The evaluation results of this model on 
demand data in Los Angeles, California, indicate that to reduce the 
overall emissions footprint of delivery operations, drones should be used 
for deliveries to customers that are located close to the depot, while 
trucks should serve customers that are located farther away. Figliozzi 
(2017) compare different types of vehicles including tricycles, drones, 
and electric vehicles with respect to their CO2 emissions and energy 
consumption, following a life-cycle analysis. Using continuous 

Fig. 7. Four drone-based delivery models denoted by our proposed dictionary.  
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approximation methods, the authors show that drones are much more 
efficient than conventional diesel trucks with respect to energy con-
sumption. Drones are also more efficient than electric vans if there are 
less than 10 customers on each vehicle routes. Liu et al. (2020) use a 
MILP and a Genetic Algorithm to schedule direct deliveries of packages 
from a single depot to the customer locations with certain deadlines. The 
model minimizes the number of drones. 

Considering dynamic delivery models, Coelho et al. (2017) present a 
two-layer UAV model for real-time package pickup and delivery. The 
upper travel level is used by drones with higher speeds and for long- 
distance travel, while the lower level is used by smaller drones and for 
short-distance travel. Drones may transfer packages among layers at 
some designated locations and recharge their batteries at recharging 
locations. The goal is to optimally schedule pick-ups and deliveries by 
minimizing seven different objectives: traveled distance, traveled time, 
maximum delivery time, maximum tour time, number of drones, energy 
consumption, and maximum speed of drones. A multi-objective math- 
heuristic approach is used to solve several generated problem instances. 
Shao et al. (2020) propose a model for long distance drone delivery 
using recharging/maintenance stations. The goal is to find the drone 
route to minimize the number of landing on recharging stations and 
minimize the delivery path distance. This problem is solved using an 
Artificial Bee Colony algorithm. Liu (2019) model an on-demand pickup 
and delivery service with an application to food delivery. This problem 
is similar to the dial-a-ride problem (Cordeau and Laporte, 2007) which 
is classified as the dynamic Vehicle Routing Problem (VRP). They as-
sume that a drone may pick up multiple packages to serve more than one 
customer while respecting its flight time and payload limits. The energy 
consumption rate of drones depends on the drone’s payload and body 
weight. Each drone can change batteries at one of the charging depots. 
The problem is formulated as a Mixed-Integer Programming (MIP) 
model with three levels of objectives. First, it ensures safety by mini-
mizing travel distance and energy consumption, second, it minimizes 
lateness of deliveries, and third, it maximizes efficiency by avoiding 
unnecessary travel of drones. While the MIP model can solve small 
problem instances with up to 20 orders, an online dispatch algorithm is 
developed and used to simulate a case study for 6-h of operation and 353 
orders. A similar model for a delivery-only service and stochastic 
customer demand is proposed by Liu et al. (2019). The objective is to 
minimize the total cost of drone deployment and operating labor cost. 
Demand is accumulated during some pre-specified time intervals and 
drones are dispatched to serve the received orders at the end of each 
time interval. A sample average approximation approach and a Genetic 
Algorithm (GA) are used to solve several problem instances for a nu-
merical analysis. Kuru et al. (2019) evaluate several delivery methods by 
drones from multiple warehouses using a dynamic task assignment 
method. The method combine Hungarian and cross-entropy Monte Carlo 
techniques. The considered systems consider several routing policies for 
drones, including with and without air highways based on optimal, 
premium, first-in-first-out methods. The results show enhanced routing 
efficiency, reduced chaos, and increased drone flight safety. Shen et al. 
(2020) compare two PD models with dynamic customer demand to 
minimize the total costs of deliveries. In one system, the drones are 
dedicated to a depot, while in the second model drones may return to 
any depot after delivery. Using a closed queuing network model and two 
developed heuristics for depot selection, the algorithm and mathemat-
ical models are evaluated and validated in a simulation experiment. 

There exist some articles on drone-based delivery models that 
consider a combination of different optimization problems. Boutilier 
et al. (2017) propose a drone-based model for delivery of automated 
external defibrillators with the goal of reducing the response time by 1, 
2, or 3 min through a two-phase solution approach. In the first phase, 
they use a location covering problem to minimize the total number of 
facilities. In the second phase, a queuing approach is used to minimize 
the total number of drones assuming a service level of 99%. This Pure- 
play Drone-based model (PD:–/–/M/1U/1/–) is used to serve more 

than 50,000 calls received in the Toronto Regional RescuNET in 8 re-
gions from 2006 to 2014. The results indicate that 81 drone stations are 
required with a total of 100 drones to be able to reduce the total 
response time by 3 min. Kim et al. (2017) present a Pure-play Drone- 
based model (PD:–/–/M/1C/M/N) to schedule pickups and deliveries 
for healthcare supplies in rural areas. In this model, the optimal number 
and locations of drone centers are obtained by solving a location 
covering problem using a MILP model. Thereafter, to optimize the de-
livery cost by drones, the algorithm uses a pre-processing method to 
reduce the solution space and then optimize the delivery schedule by a 
partitioning method and Lagrangian algorithm. Hong et al. (2018) 
model a location covering problem for drone battery recharging stations 
assuming a Pure-play Drone-based model (PD:–/–/M/1C/1/–). In this 
model, drones must avoid barriers and obstacles, such as no-fly zones 
and high-rise buildings. Each drone can serve one customer per trip from 
the depot and the effect of package weight is considered in the flight 
time of the drones. Each drone is allowed to be recharged multiple times 
along its path to its destination. The problem is formulated as a MILP 
model and a heuristic method is developed to solve the problem. The 
heuristic starts with a large number of recharging stations, solving the 
minimum spanning tree, and then iteratively attempting to reduce the 
number of stations while ensuring all customers are served. The model is 
evaluated in a case study in Phoenix, Arizona, USA. 

Shavarani et al. (2019) consider a dynamic capacitated facility 
location problem with a PD model. Drones are launched from ware-
houses to customers and allowed to land on refueling stations to change 
batteries to be able to reach and serve those customers that are located 
outside the flight range limit of the drones from the initial launch 
location. Demand is Poisson distributed and customer waiting times 
follow a M/G/K queuing model. The objective is to minimize the total 
cost of deliveries, which include establishment cost of the launch sta-
tions, establishment cost of refuel stations, procurement cost of drones, 
and usage cost of drones. To minimize the total cost, the model decisions 
are to locate warehouse and refueling station locations and to determine 
the order of deliveries by drones. A fuzzy method with a possibilistic 
programming approach is developed to solve this problem while the 
routing (shortest path) problem is solved by Dijkstra’s algorithm. Due to 
the complexity of the problem and the resulting high computation times, 
the authors develop a GA to efficiently apply their model to two case 
studies in San Francisco, CA, and Tehran, Iran. The results indicate that 
the savings obtained by this model are negligible in the case of Tehran, 
due to low fuel cost for ground vehicles and a low number of online 
orders compared with to the case study in San Francisco. Pulver and Wei 
(2018) propose a location covering model, the so-called Backup 
Coverage Location Problem with Complementary Coverage (BCLP-CC), 
to locate drone launch stations for the delivery of emergency supplies. 
The goal of this model is to maximize demand coverage by providing 
two levels of coverage, primary coverage and backup coverage. 
Conceptually a PD model (PD:–/–/M/1U/M/N), the problem is formu-
lated as a MILP model, which is used to solve a case study in Salt Lake 
County in Utah, USA. To determine the candidate locations for drone 
launch locations, the authors use the current EMS facilities in the case 
study region and some new proposed locations, which sum up to a total 
of 1,608 candidate locations. They also assume at most two drones per 
station. Since a weighted sum of primary and backup coverage is used as 
the maximization objective function, the model results are highly 
dependent on the chosen of importance weight for each coverage type. 
For example, with 80% weight for primary coverage, 69 of stations are 
used with a total of 71 drones. This results in primary and backup 
coverage values of 90.4% and 58.9%, respectively. 

Aurambout et al. (2019) consider the location problem of beehives 
for a Pure-play Drone-based model (PD:–/–/M/1C/M/N) in Europe. The 
goal is to investigate what percentage of people can benefit from this 
technology and calculate the cost and returns obtained by this model. To 
this end, they use data by the European Commission Joint Research 
Centre’s LUISA Territorial Modelling Platform (Lavalle et al., 2016) to 
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identify potential parts of the population that can be served by this 
technology, as well as locations for the beehives. Based on a compre-
hensive scenario analysis, the authors conclude that the UK, Germany, 
Italy, and Spain are the four countries with the highest levels of returns 
by this delivery model. It also shows that as technology advances and 
drones become more powerful, the percentage of customers that can be 
served by drones can increase from 7% to 30%. 

Chauhan et al. (2019) consider a facility location problem for a PD 
model (PD:–/–/M/1U/1/–) which seeks to maximize the number of 
served customers. The drone energy consumption rate depends on the 
package weight, and drone batteries cannot be recharged or replaced. 
Three main decisions are made: assignment of demands to (open) de-
pots, assignment of drones to open depots, and assignment of customers 

to drones. Two methods are proposed to address these decisions. The 
first method is a greedy heuristic algorithm, which solves the three 
aforementioned problems based on the required energy to serve a 
customer from each depot. The second method is a three-stage heuristic, 
which answers the first decision using a mathematical model. There-
after, it answers the second and third decisions by repeatedly solving a 
profit maximizing knapsack problem. Finally, it uses an r-exchange 
heuristic to improve the obtained solution. The model is applied to a 
case study in the Portland metropolitan area, Oregon, with 122 cus-
tomers. The three-stage algorithm can obtain solutions that are within 
5% of the optimal solutions obtained by a numerical solver (Gurobi 
optimizer). The authors also demonstrate that the effect of battery ca-
pacity is significant in this model, since recharging of drones is not 

Table 4 
Summary of literature on Pure-play Drone-based (PD) logistics models.  

Paper Model: PD Primary 
vehicle 
range 

Travel metric 
primary 
vehicle 

Objective Solving and 
analysis 

Case study Application 
area 

Wen et al. (2016) –/–/M/MC/1/ 
– 

✓ Euc. Min-Distance, Min Num. drones Heuristic – Emergency 
services 

Haidari et al. (2016) –/–/M/1C/M/ 
NV 

✓ Euc. Min-Cost Simulation Mozambique Healthcare 
services 

Dorling et al. (2017) –/–/M/MC/1/ 
– 

✓ Euc. Min-Cost, Min-Tour Model, Heuristic – – 

Coelho et al. (2017) –/–/M/MC/M/ 
SV 

✓ Euc./Rec. Min-Tour, Min–Max, Min Num. 
drones, Min-Energy, Min-Speed, 
Min Total Travel time 

Model, Math- 
heuristic 

– – 

Yadav and 
Narasimhamurthy 
(2017) 

–/–/M/MC/M/ 
SV 

× Euc. Min-Tour Model, Heuristic – E-commerce 

*Boutilier et al. (2017) –/–/M/1U/M/ 
NV 

✓ Euc. Min Num. drones Model Canada Healthcare 
services 

*Kim et al. (2017) –/–/M/1C/M/ 
NV 

✓ Euc. Min-Cost Model, Heuristic – Healthcare 
services 

Figliozzi (2017) –/–/1/MC/1/– × Euc. Min-Emission Cont. Approx. – – 

Rabta et al. (2018), –/–/M/MC/1/ 
– 

✓ Euc. Min-Cost Model – Disaster relief 

Goodchild and Toy 
(2018) 

–/–/M/1U/1/– ✓ Euc Min-Energy Simulation   

Song et al. (2018) –/–/M/MC/M/ 
SV 

✓ Euc. Min-Distance, Max Num. visits Model, Heuristic – – 

*Hong et al. (2018) –/–/M/1C/1/– ✓ Euc. Max Num. visits Model, Heuristic Arizona, USA – 
*Pulver and Wei (2018) –/–/M/1U/M/ 

NV 
✓ Euc. Max Num. visits Model Utah, USA Healthcare 

services 
Ulmer and Streng 

(2019) 
–/–/M/MC/1/ 
– 

× Rec. Max Num. visits Approx. dynamic 
programming 

Braunschweig, 
Germany 

E-commerce 

*Chauhan et al. (2019) –/–/M/1U/1/– × Euc. Max Num. visits Model, Heuristic Oregon, USA Healthcare 
services 

Liu (2019) –/–/M/MC/M/ 
SV 

✓ Euc. Min-Distance, Min-Energy Model, Simulation – Food 
distribution 

*Shavarani et al. (2019) –/–/M/MC/M/ 
SV 

✓ Euc. Min-Cost Model, Heuristic California, USA 
Tehran, Iran 

E-commerce 

*Aurambout et al. 
(2019) 

–/–/M/1C/M/ 
NV 

✓ Euc. Min-Cost Model, Heuristic Europe E-commerce 

*Torabbeigi et al. 
(2019) 

–/–/M/MC/M/ 
NV 

✓ Euc. Min Num. drones Model – – 

Garcia and Santoso 
(2019) 

–/–/M/1C/1/– ✓ Euc. Min-Tour Heuristic Massachusetts, 
USA 

E-commerce 

Liu et al. (2019) –/–/M/MC/1/ 
– 

× Euc. Min-Cost Model, Heuristic 
Exact algorithm 

– – 

Kuru et al. (2019) –/–/M/MC/M/ 
NV 

✓ Euc. Min-Tour Model, Heuristic, 
Simulation 

– – 

Cheng et al. (2020) –/–/M/MC/1/ 
– 

✓ Euc. Min-Cost Model, Exact – – 

Dhote and Limbourg 
(2020) 

–/–/M/1U/M/ 
SV 

✓ Euc. Min-Cost Model Brussels, Belgium Healthcare 
services 

Liu et al. (2020) –/–/M/1U/1/– ✓ Euc. Min Num. drones Model, Heuristic – E-commerce 
Shao et al. (2020) –/–/M/1C/1/– ✓ Euc. Min-Distance Model, Heuristic Shanghai, China – 
Shen et al. (2020) –/–/M/1C/M/ 

NV –/–/M/1C/ 
M/SV 

✓ Euc. Min-Cost Model, Simulation – – 

Papers with * consider a combination of routing problem and other problems, such as location problems. 
Euc.: Euclidean travel metric, Rec.: Rectangular travel metric, Heuristic: category of heuristic/metaheuristic solution methods. 
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allowed. Torabbeigi et al. (2019) study the effect of the Battery Con-
sumption Rate (BCR) on the performance of a PD model (PD:–/–/M/ 
MC/M/N). The BCR is calculated based on a linear function of the drone 
payload. At a strategic decision level, the authors model the facility 
location problem as a set covering problem. Then, at an operational 
decision level, they determine the assignment of customers to drones 
and the optimal sequence of deliveries using a MILP model strengthened 
by a variable pre-processing algorithm and primal (upper) bound gen-
eration, they solve a problem with 20 customers and 5 depots. The re-
sults show that without considering the BCR, approximately 60% of the 
trips are infeasible due to insufficient battery duration. 

A summary and detailed classification of the reviewed literature on 
the PD models is provided in Table 4. 

6.2. Research on Unsynchronized Multi-modal (UM) models 

Essentially, the UM model extends the PD model by employing 
supporting vehicles independently from the primary vehicles to serve 
customer demands. One UM model, the so-called Parallel Drone 
Scheduling Traveling Salesman Problem (PDSTSP), is presented by 
Murray and Chu (2015), assuming a single truck with multiple drones 
and a shared pool of customers for the truck and drones. A MIP model 
based on the formulation of the Traveling Salesman Problem (TSP) and 
the Parallel Machine Scheduling (PMS) problem is presented to solve 
this problem. A proposed heuristic is able to switch customers between 
the drone routes and truck route to minimize the maximum return time 
of all vehicles to the depot, i.e., the tour time. An extension of the 
PDSTSP model is presented by Ham (2018). It considers multiple depots, 
trucks, and drones, and assumes that pickup and delivery operations are 
constrained by customer time windows. The goal is to schedule the 
pickups and deliveries to such that it minimizes tour time. The problem 
is modelled as a PMS problem and a constraint programming approach is 
employed to solve it. 

Kim and Moon (2018) extend the PDSTSP model in Murray and Chu 
(2015) by considering drone recharging stations to expand the service 
range of drones. In this so-called Traveling Salesman Problem with 
Drone Stations (TSP-DS), drones are launched from a pre-located drone 
station. The problem is decomposed into the TSP and the PMS and 
formulated as a MILP model to solve small-scale problem instances. The 
results show that the required number of drones is less than one-third of 
the number of customers. Additionally, the TSP-DS is more beneficial 
than the PDSTSP when the majority of customers are far from the dis-
tribution centers. 

Mbiadou Saleu et al. (2018) develop an iterative two-step heuristic 
for the PDSTSP. In the first phase of the heuristic, customers are assigned 
to the truck and the drones while the second step solves the route 
optimization problem of truck and drones using dynamic programming. 
These two steps are solved iteratively until no more improvement is 
obtained. By comparing this approach with the algorithm in Murray and 
Chu (2015) on problem instances with up to 20 customers, it is 
concluded that the proposed two-step algorithm is very efficient and 
obtains solutions with low optimality gaps in a few seconds. Garcia and 
Santoso (2019) propose a GA to solve the same problem with a case 
study in Massachusetts. Dell’Amico et al. (2020) present a simplified 
version of the mathematical model in Mbiadou Saleu et al. (2018) and 
propose a metaheuristic to solve the PDSTSP on large-scale problems. 
The metaheuristic method uses the mathematical model strengthened 
by some valid inequalities in an iterative restart and search approach. 
The algorithm obtains optimal solutions on problem instances with up to 
20 customers and acceptable optimality gaps on larger problem in-
stances. The authors are able to obtain improved solutions for 28 out of 
90 academic problem instances adopted from the literature. 

Tavana et al. (2017) consider a multi-modal delivery model of trucks 
departing from a cross-dock and drones with direct shipping from sup-
pliers to customers. The goal is to schedule the truck and drone de-
liveries to minimize the total delivery time and cost. An epsilon- 

constraint method is applied to the proposed MIP model to evaluate 
the delivery model based on several underlying parameters, such as 
receiving and shipping docks, number of drones, and variable cost of 
truck and drones. Sawadsitang et al. (2019) also model an unsynchro-
nized model of drones and trucks for package delivery considering the 
uncertainty and reliability associated with drones during take-off and 
landing, as well as weather conditions. This system is modeled as a 
three-stage stochastic integer programming model to determine the 
number of trucks, drones, and their routes, with the objective to mini-
mize the total cost of delivery and unserved demand. The numerical 
results presented by the authors show that this model outperforms the 
PDSTSP model in Murray and Chu (2015). Chowdhury et al. (2017) 
study the positioning of Distribution Centers (DCs), the allocation of 
inventories to DCs, and the distribution of relief supplies to disaster 
affected locations under a stochastic demand assumption. To obtain 
minimum distribution cost, a two-phase approach is used. In the first 
phase, the area is divided into sub-regions with maximum coverage by 
delivery vehicles departing from the DCs, while the second phase uses a 
continuous approximation approach to minimize the cost of inventory 
holding and transportation. The model is evaluated in a case study of 
three regions prone to disaster in Mississippi, with sensitivity analyses 
on different parameters, such as flying altitude, speed, and holding cost. 

A dynamic multi-modal delivery model is presented in Ulmer and 
Thomas (2018). To maximize the number of served same-day orders, 
they develop an UM model in which the truck serves customers that are 
located in a close proximity to the depot, whereas drones serve cus-
tomers that are located outside the defined proximity. A policy function 
approximation based on approximate dynamic programming is used to 
obtain the optimal size of the defined proximity for the trucks. The re-
sults demonstrate that the proposed model can significantly reduce the 
fleet size by incorporating drones in delivery operations, specifically in a 
case study in Iowa, USA. Later, Ulmer and Streng (2019) use the same 
approach to route autonomous vehicles for package delivery to locker 
stations at which customers can pick up their packages. Their numerical 
evaluations on various problem instances demonstrate that their model 
can accomplish nearly 100 deliveries in less than 2 h compared to the 
models in the literature that are capable of serving only 20–30 deliveries 
(Klapp et al., 2018; Voccia et al., 2019). 

A summary and detailed classification of the reviewed literature on 
UM models is provided in Table 5. 

6.3. Research on Synchronized Multi-modal (SM) models 

An SM model with one truck and one drone, the so-called Flying 
Sidekick Traveling Salesman Problem (FSTSP), is presented by Murray 
and Chu (2015). The goal of this problem is to schedule the customer 
visits of the truck and the drone such that the return time of the truck 
and drone to the depot is minimized. Once the truck launches a drone, 
the truck cannot stay at the launch location to retrieve the drone, i.e., the 
corresponding relative movements factor from our classification 
framework is Simultaneous (S). A re-assign heuristic is designed to first 
solve the TSP and then remove customers from the TSP tour and assign 
them to the drone. A similar model with a single truck and a single 
drone, the so-called Traveling Salesman Problem with Drone (TSPD), is 
considered by Agatz et al. (2018). However, they allow the truck to stay 
at the launch location or move to another customer location to retrieve 
the drone. This corresponds to a relative movements factor of Flexible 
(F). The problem is formulated as a MILP model and two heuristics as 
well as two exact algorithms based on local search and dynamic pro-
gramming are proposed to solve this problem. The heuristic first builds a 
truck route and then uses greedy partitioning and an exact algorithm to 
build the drone routes. Mathew et al. (2015) also consider a similar 
problem and prove the NP-hardness of the routing problem of a delivery 
model with one truck and one drone aiming at minimizing delivery cost. 
The problem, referred to by the authors as the Heterogeneous Delivery 
Problem (HDP), is formulated as an optimal path planning model and 
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then reduced to the well-known TSP. The problem is solved using an 
enumeration-based exact algorithm. 

After the development of these basic SM models, several articles 
develop efficient algorithms to solve the underlying routing problems. 
Ponza (2016) uses the Simulated Annealing algorithm to solve several 
problem instances of the FSTSP with up to 200 customers. The results 
show that the obtained savings by the algorithm are lower for larger 
problem instances (larger than 100 customers) since the trip lengths of 
the drone are shorter. In de Freitas and Penna (2020), a Hybrid General 
Variable Neighborhood Search (VNS) is designed to solve the FSTSP. 
The algorithm starts with the optimal TSP tour obtained from a math-
ematical model. Then, a heuristic removes customers from the truck tour 
and assigns them to the drone followed by a heuristic to improve de-
livery routes of the truck and the drone. The results of this evaluation 
demonstrate that the proposed algorithm outperforms the algorithm in 
Ponza (2016) and obtains almost 20% reduction in the total delivery 
time compared to the truck-only model. Yurek and Ozmutlu (2018) 
develop an iterative optimization algorithm to solve the TSPD with one 
drone. In the first stage of the algorithm, the assignments of customers to 
truck and drone are decided and the truck tour is optimized. The second 
stage of the algorithm optimizes the launches and retrievals of the drone 
from and to the truck, taking the truck tour obtained from the first stage 
as a fixed given. The second stage is optimized using a mathematical 
model by minimizing the wait time of the truck for the drone. The al-
gorithm is tested on problems with up to 20 customers. 

Bouman et al. (2018) develop an algorithm for the TSPD based on the 
Bellman–Held-Karp dynamic programming algorithm for the TSP. This 
algorithm first generates all the possible shortest paths for the truck and 
then adds drone trips to the generated paths. Finally, the sequence of 
truck and drone deliveries is optimized to ensure all customers are 
served and all drone trips are feasible. To make the algorithm efficient, 
an upper limit on the number of customers that can be served by drone is 
applied. Relaxing this assumption is proposed as an area for future 
research. Poikonen et al. (2019) develop a branch and bound and a 
heuristic algorithm for the TSPD with a single drone. The proposed 
branch and bound is based on the algorithm by Coutinho et al. (2016) for 
the Close-Enough Traveling Salesman Problem (CETSP). They use the 
solution structure from the branch and bound method in Coutinho et al. 
(2016) in which each node of the tree represents a sequence of deliveries 
by the truck and drone. They also extend the heuristics developed by 
Agatz et al. (2018) for the TSPD by using their TSP with exact parti-
tioning (TSP-ep) approach to partition nodes to truck and drone nodes 

and apply recursive local searches for improvement. They further pro-
pose a Divide and Conquer heuristic (DCH) which decomposes the 
problem to m sub-problems and solves each problem using the Branch 
and Bound algorithm. The experimental results show that the DCH re-
duces computation time to less than 15 s with an acceptable optimality 
gap on problems with up to 200 customers. A branch-and-price algo-
rithm based on a compact set partitioning algorithm is used in Roberti 
and Ruthmair (2020) to solve some variants of the TSPD. For instance, 
the authors explore variants in which the drone is not allowed to wait on 
the ground for the truck, the launch and landing may happen at the same 
customer location, or the launch time and retrieval time of the drone are 
not negligible. This algorithm is based on a compact formulation of ng- 
route relaxation, dynamic programming, and three-level hierarchical 
branching. The obtained results outperform the results from Poikonen 
et al. (2019) on problem instances with up to 39 customers. Vásquez 
et al. (2020) propose a two-stage solution approach for the TSPD. The 
first stage selects and sequences a subset of customers to be served by the 
truck, while the second stage schedules the drone flights to serve the 
remaining customers. A Benders decomposition method improved by 
optimality cuts is used to solve problem instances with up to 25 
customers. 

Another model with a single truck and a single drone is presented by 
Savuran and Karakaya (2016). Here, the truck only serves as the take-off 
and land-on location for the drone, that is, the truck does not deliver 
packages to customers. The goal is to find the take-off and land-on stops 
and the drone route to serve all the demand locations while minimizing 
tour time. To solve this problem, a GA is used and compared with the 
results of the nearest neighbor heuristic. Similarly, Luo et al. (2017) 
consider an SM model with one truck and one drone in which the truck 
only serves as a moving hub that can rendezvous with the drone only at 
some designated locations, such as parking lots. Two heuristics are 
designed based on building a giant tour and then splitting it into sub- 
tours to be served by the drone. The mathematical model and heuris-
tics are applied to the problem instances with up to 200 customers and 
80 rendezvous locations. A model based on the FSTSP is proposed by 
Gao et al. (2020) for delivery of emergency resources using a Unmanned 
Ground Vehicle (UGV) and a drone. To solve the underlying routing 
problem, they use a heuristic algorithm that combines iterative search, 
the Lin-Kernighan heuristic, and the Clarke-Wright algorithms. 

Dell’Amico et al. (2019) propose two new formulations for the TSPD 
and compare them with the formulation by Murray and Chu (2015). The 
first formulation extends the formulation of Murray and Chu (2015) and 

Table 5 
Summary of literature on Unsynchronized Multi-modal (UM) logistics models.  

Paper Model: UM Primary 
vehicle range 

Travel metric 
primary vehicle 

Travel metric 
supporting vehicle 

Objective Solving and 
analysis 

Case study Application 
area 

Murray and Chu 
(2015) 

SP:1/U/M/1C/1/ 
– 

✓ Euc Rec. Min-Tour Model – – 

Tavana et al. 
(2017) 

SP:M/C/M/1C/1/ 
– 

✓ Euc. Euc. Min-Cost, 
Min-Tour 

Model, Epsilon- 
Constraint 

– E-commerce 

*Chowdhury 
et al. (2017) 

SP:M/U/M/1U/ 
1/– 

✓ Euc. Rec. Min Cost Continuous Approx. Mississippi, USA Disaster relief 

Ham (2018) SP:M/C/M/1C/ 
M/SV 

× Euc. Euc. Min-Tour Constraint Prog. – – 

Ulmer and 
Thomas (2018) 

DP:1/U/M/MC/ 
1/– 

× Rec. Rec. Max. Num. 
Visits 

Approx. dynamic 
programming 

Iowa, USA E-commerce 

Mbiadou Saleu 
et al. (2018) 

SP:1/U/M/1C/1/ 
– 

✓ Euc. Rec. Min-Tour Model, Heuristic – – 

Kim and Moon 
(2018) 

SP:1/U/M/1C/1/ 
– 

✓ Euc. Euc. Min-Tour Model, Heuristic – – 

Garcia and 
Santoso (2019) 

SP:1/U/M/1C/1/ 
– DP:1/U/M/1C/ 
1/– 

✓ Euc. Real Min-Tour Heuristic Massachusetts, 
USA 

E-commerce 

Dell’Amico et al. 
(2020) 

SP:1/U/M/1C/1/ 
– 

✓ Euc. Euc. Min-Tour Model, Heuristic – – 

Papers with * consider a combination of routing problem and other problems, such as location problems. 
Euc.: Euclidean travel metric, Rec.: Rectangular travel metric, Heuristic: category of heuristic/metaheuristic solution methods. 
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strengthens it by valid inequalities, which eliminate crossing and 
backward drone paths, and improve the formulation of the sub-tour 
elimination constraints. The second formulation is a two-index formu-
lation using arc variables. To reduce computation time, the algorithm 
starts with a greedy algorithm that creates a truck-only route and then 
iteratively adds drone trips to the truck route. A comparison with the 
results presented by Murray and Chu (2015) indicates considerable 
computation time reductions and optimal solutions are obtained for 59 
out of 72 problem instances. In the SM model considered by Othman 
et al. (2017), it is assumed that the truck follows a predetermined route 
and dispatches a drone to customers for package delivery. The drone is 
able to rendezvous with the truck only at a set of pre-specified locations. 
Four variations of the problem are defined with respect to whether the 
drone can be transported in the truck and whether the truck can wait at 
the launch location to retrieve the drone. Given the proven NP-hardness 
of the problem an approximation algorithm is developed to solve the 
problems in polynomial time to minimize the maximum delivery time. 
Tang et al. (2019) also prove the NP-hardness complexity of the TSPD 
and prove that even if the truck route is given, the problem is strongly 
NP-hard. They also develop a constraint programming formulation of 
the TSPD and compare its run-time performance with the dynamic 
programming approach presented by Bouman et al. (2018) and the 
branch and bound method presented by Poikonen et al. (2019). The 
comparison shows that the algorithm outperforms the dynamic pro-
gramming method in Bouman et al. (2018) on larger size problems, 
while it is better than the branch and bound method by Poikonen et al. 
(2019) on smaller size problems. Schermer et al. (2020) developed two 
new MILP models and a branch-and-cut algorithm for the TSPD. The 
algorithm can solve the problems with up to 9 customers in a few 
seconds. 

Ha et al. (2018) consider minimizing the cost of an SM model with 
one truck and one drone. Specifically, their cost function accounts for 
the transportation cost of the truck and the drone and the cost of wait 
time of the truck and the drone for each other. The authors revise the 
formulation by Murray and Chu (2015) to incorporate additional cost 
elements. Two heuristics are used to solve this problem: the first heu-
ristic is adopted from Murray and Chu (2015) and the second heuristic is 
based on the Greedy Randomize Adaptive Search (GRASP) algorithm 
which applies a split procedure to remove customers from a complete 
truck route and assign them to the drone route. Finally, the GRASP al-
gorithm improves the solution iteratively using a local search. Both al-
gorithms are applied to generated problem instances with up to 100 
customers. The results demonstrate that the proposed GRASP algorithm 
outperforms the heuristic of Murray and Chu (2015). In a later study, Ha 
et al. (2020) develop a hybrid GA to solve the FSTSP. The algorithm 
features dynamic population management and adaptive penalization of 
solutions to balance the search process for feasible solutions. After 
extensive numerical results, it is shown that the algorithm is able to 
improve the best-found solutions to 9 problem instances when compared 
with the results in Murray and Chu (2015) and Ha et al. (2018). In a 
similar study by Wang et al. (2019), the FSTSP is considered with both 
cost minimization and tour time minimization objectives. This problem 
is solved by the Non-dominated Sorting Genetic Algorithm II (NSGA-II) 
which is improved by a label-based decoding method, and crowding- 
distance computation. 

Some articles propose extensions to the TSPD. Marinelli et al. (2017) 
consider the TSPD assuming that the truck can launch and retrieve 
drones not only at customer locations, but also along its route (corre-
sponding to linear touchpoints (L) according to our classification 
scheme). To obtain the en-route launch and retrieval locations, they find 
the intersections between the truck route and the best drone coverage 
circle centered at the customer location. The radius of the circle is 
determined based on the locations of the neighboring customers and the 
flight time limit of the drone. The en-route launch and retrieval of 
drones not only reduces the drone traveling time, but also increases the 
remaining endurance and coverage area of drones which can lead to the 

reduced total cost. An algorithm based on GRASP is developed to solve 
problems with up to 50 customers. The obtained reduction in delivery 
cost highly depends on the speeds of the truck and the drones, the drone 
travel range, and the number of customer locations. In a similar study, 
Poikonen and Golden (2020) propose the Mothership and Drone Routing 
Problem (MDRP) in which the mothership only serves as a moving hub 
for a drone. The mothership can launch and retrieve the drone at any 
point along its route (assuming linear touchpoints (L)). The goal is to 
find the sequence of visits to customers by the drone and its launch and 
retrieval locations from the mothership. The authors also extend this 
model to the Mothership and Infinite Capacity Drone Routing Problem 
(MDRP-IC) in which the drone can serve multiple customers per trip 
from the mothership. To solve this problem variant, they develop a 
branch and bound algorithm and three greedy heuristics. The best- 
performing of the proposed heuristics yields solutions with optimality 
gaps of less than 4%. Erdogan and Yıldırım (2020) prove the structural 
properties of this problem and develop an exact algorithm using a MILP 
strengthened by optimality cuts, a constructive heuristic, and an itera-
tive local search algorithm. A multi-objective model to minimize de-
livery time and costs is presented by Das et al. (2020). To solve this 
problem, a Collaborative Pareto Ant Colony Optimization algorithm is 
developed and compared to the NSGA-II algorithm on the problem in-
stances with up to 50 customers. 

Jeong et al. (2019) extend the model by Murray and Chu (2015) by 
considering the effect of parcel weight on drone energy consumption, as 
well as no-fly zones for drones. The energy consumption rate is calcu-
lated by an extended version of the formula proposed by Dorling et al. 
(2017). The drone has to follow a detour due to circular no-fly zones or 
areas with unsuitable weather conditions. A two-step heuristic algo-
rithm is used to solve this problem. The first step generates an initial 
solution by a truck-first, drone-second approach. The second step of the 
algorithm improves the obtained solution by 2-opt, swap, insertion, and 
cross operators. The performance of the proposed algorithm is compared 
with other metaheuristic algorithms, including GA, Particle Swam 
Optimization, SA, and Neural Networks. 

Poikonen and Golden (2020) present an extension of the TSPD in 
which a drone may serve multiple targets per trip from the truck. The 
battery consumption rate is assumed to be a function of payload. The 
model is then extended to the TSPD with multiple drones and also the 
problem with adjustable speed for drones. To solve this problem, they 
propose a three-step algorithm which starts with an initial route for 
drones, then transforms the network with updated travel cost between 
pairs of nodes, and finally solves the shortest path problem on the newly 
transformed network. The FSTSP with a multi-drop drone is considered 
by Gonzalez-R et al. (2020). Using a two-phase heuristic, they solve the 
problem instances in Agatz et al. (2018) and Bouman et al. (2018) with 
up to 250 customers. Starting with a pure drone route, the heuristic uses 
the 2-opt and Dijkstra’s algorithm to gradually removes customers to 
assign them to the truck route. The second step uses some destruction 
and construction operators to improve the initial solution. The multi- 
drop drone variant of the TSPD is also addressed by Liu et al. (2020), 
who minimize delivery cost using a hybrid Tabu Search (TS) and SA 
algorithm. 

Yu et al. (2018) study two types of SM models with a particular focus 
on recharging locations. The first model aims at finding the route of a 
single drone and the locations of stationary recharging points. In the 
second model, in addition to the drone route, the route of a vehicle as a 
moving recharging station is optimized. The objective is to minimize the 
total time to serve all the customers, including take-off, landing, and 
battery recharging. An algorithm based on the generalized Traveling 
Salesman Problems is provided to solve both problems. 

Some studies consider SM models with multiple primary delivery 
vehicles, i.e., drones. Chang and Lee (2018) present an SM model in 
which the truck launches multiple drones for package delivery and waits 
until all the drones return to the truck before moving to the next desti-
nation (i.e., the factor for relative movements according to our 
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classification framework is N). A three-phase algorithm is developed to 
solve this problem on instances with up to 100 customers. The algorithm 
uses the K-means clustering to group customers in the first step. Then, it 
determines the truck route by solving a TSP in the second step. In the 
final step, the algorithm relocates clusters to increase the number of 
customers covered by the clusters. The SM model by Ferrandez et al. 
(2016) employs a truck as a moving hub for multiple drones. The goal is 
to examine the savings in delivery time and energy consumption 
compared to a truck-only model. A K-means algorithm is used to 
determine the stop locations of the truck and a GA obtains the routes of 
the drones for package delivery. In a similar study, Phan et al. (2018) use 
the Adaptive Large Neighborhood Search (ALNS) algorithm to solve the 
TSPD with multiple drones. 

Yoon (2018) formulates a MILP model of the FSTSP with multiple 
drones. The goal is to minimize the operational cost of transportation 
and fixed cost of drones by optimizing the number of drones on the truck 
and determining the routes of the truck and the drones. The mathe-
matical model is used to solve small-scale problem instances as well as a 
case study in the city of New York. A comprehensive sensitivity analysis 
of underlying parameters of the model indicates that the drone speed 
and endurance time are the most effective factors on the cost perfor-
mance of this model. This model is solved by Kuang (2019) using a 
hybrid GA with a learning procedure. The learning procedure records 
the best drone trips across all the chromosomes and assigns higher pri-
ority to use them in the individuals produced in subsequent generations. 

Boysen et al. (2018) consider the TSPD with one or multiple drones, 
assuming that the truck route is given. A theoretical analysis of the 
computational complexity of three different models is conducted. The 
first model assumes that the drone has to return to the truck at the 
launch location (factor for relative movement is N), the second model 
assumes that the drone returns either to the launch location or the next 
truck stop (factor relative movement is F). Finally, the third system as-
sumes that the drone can return to the truck at any customer locations in 
the truck route (factor relative movement is F). Also, a Simulated 
Annealing algorithm is designed to solve these problems and determine 
the optimal truck and drone routes. Several computational analyses are 
performed by varying the number of drones on a set of problems with up 
to 100 customer locations. Karak and Abdelghany (2019) consider an 
SM model composed of a single truck with multiple drones for pickup 
and delivery services. Drones can only be launched from and retrieved at 
a set of pre-specified stations. While customers can only be served by 
drones, the truck serves as a moving hub for carrying the drones and 
packages among stations. A MILP model and a Hybrid Clarke and Wright 
Heuristic (HCWH) are developed based on the Clarke and Wright sav-
ings algorithm to minimize the total pickup and delivery cost. 
Comparing the results with a truck-only scenario on problems with up to 
100 customers shows more than 20% reduction in the total delivery cost. 

Moshref-Javadi et al. (2020) consider an extension to the Traveling 
Repairman Problem (TRP) (Afrati et al., 1986; Blum et al., 1994) by 
assuming a single truck and multiple drones, aiming at minimizing the 
sum of waiting times of customers. They formulate this problem, so- 
called the Simultaneous Traveling Repairman Problem with Drones 
(STRPD), as a MILP model. They also develop an algorithm, the so-called 
Truck and Drone Routing Algorithm (TDRA), to be able to solve large- 
scale problems with up to 101 customers. The model and algorithm 
are evaluated on four sets of problem instances, including a case study in 
São Paulo, Brazil, with several sensitivity analyses on the key parameters 
of the model. The results indicate that the number of drones and the 
drone-to-truck speed ratio play essential roles in the waiting time sav-
ings by this model compared to a truck-only model. Moshref-Javadi 
et al. (2020) consider a similar SM model in which the truck has to wait 
for all the drones to return to the truck before it can move to the next 
destination in its route. They prove several bounds on maximum 
customer waiting time savings compared to a truck-only model, propose 
a hybrid TS and SA algorithm, and evaluate the model and algorithm on 
four sets of problem instances, including a case study in Massachusetts, 

USA. This model shows more than 50% customer waiting time savings 
under specific settings. Salama and and Srinivas (2020) consider a 
model similar to the one presented by Moshref-Javadi et al. (2020). 
Specifically, they consider two objectives: minimizing cost and mini-
mizing tour time. The problem is formulated as a MILP enhanced by an 
unsupervised machine learning warm-start heuristic. Gu et al. (2020) 
also solve a similar problem using a two-stage modeling approach. In the 
first stage, they use a set covering location model to determine the truck 
stop locations. In the second stage, the model determines the allocations 
of customers to the truck stops, to the drones, and finally determines the 
truck route. In addition to the MILP, an Ant Colony (ACO) algorithm is 
developed to solve this problem. Han et al. (2020) assume a coordinated 
truck and drone model which uses drones to deliver packages to cus-
tomers located in multi-level buildings to ensure they are delivered 
within their time windows. This multi-objective routing problem is 
solved by a MILP and an Artificial Bee Colony (ABC) algorithm to 
minimize the number of trucks and energy consumption. Jeong et al. 
(2020) consider the last-mile delivery problem using flying warehouses 
in a multi-objective multi-horizon model. In each horizon, drones, 
supplies, and staff are carried to the flying warehouse from some ground 
shuttle ports. The drones deliver packages to customers from the flying 
warehouses and return to the shuttle ports after delivery. The results 
show enhanced service to customers compared to the conventional de-
livery truck modes. 

Peng et al. (2019) consider the TSPD with multiple drones in which 
each drone is able to serve multiple customers per trip. The truck parks 
in parking spaces in the city and launches the drones for package de-
livery. To solve this problem, a Hybrid Genetic Algorithm (HGA) is 
proposed. This algorithm generates an initial solution by solving a fa-
cility location problem to chose parking spaces and assigns demand 
locations to the parking spaces. Thereafter, it solves the routing problem 
for the truck and finally the assignment of demand locations to the 
drones. The results show that the proposed HGA is superior to a greedy 
algorithm and an adaptive memory programming algorithm. Murray 
and Raj (2020) extend their FSTSP model in Murray and Chu (2015) to 
the mFSTSP with a single truck and multiple drones whose endurance is 
a function of payload weight and travel distance. The mFSTSP considers 
different phases of a drone flight, including takeoff, cruising, landing, 
and retrieval. This model also considering optimizing queue time of the 
drones in both launch and retrieval phases due to the limited space 
available on the truck for launching and retrieving the drones. A three- 
stage heuristic algorithm is developed to solve the problem. First, the 
heuristic assigns customers to the truck and the drones. Second, it cre-
ates drone trips. Finally, it obtains the exact timing of truck and drone 
movements. A case study analysis on data from Buffalo and Seattle re-
veals that the benefits of this model are higher in more congested areas. 
Choudhury et al. (2019) model a delivery system of drones that coor-
dinate their activity with public transit vehicles, such as public buses. 
Drones can land on public transport vehicles and take off at specific 
locations to make deliveries. The problem is solved in two stages. In the 
first stage, customer orders are assigned to drones, while in the second 
stage the order of deliveries by each drone is determined. The model is 
applied to two realistic case studies in San Francisco, CA, and Wash-
ington DC. In a similar study, Huang et al. (2020) model a tandem 
system of a drone and public transport. A drone also separately serves 
customers directly from the depot. The time-table of the public transport 
and the recharging time of the drone battery is considered in this model. 
An exact dynamic programming algorithm and an efficient sub-optimal 
heuristic are used for solving this problem for instances with up to 30 
customers. This model is extended by Huang et al. (2020) and Huang 
et al. (2020) to consider stochastic and time-dependent public trans-
portation schedules. 

Recently, several articles consider SM models with multiple sup-
porting vehicles. Kitjacharoenchai et al. (2019) extend the TSPD model 
by considering multiple uncapacitated trucks and multiple drones. 
Drones can be launched from any truck and they can land on any other 
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truck after making deliveries. An Adaptive Insertion (ADI) algorithm is 
developed to solve this problem. The ADI algorithm starts with a mul-
tiple traveling salesman problem (mTSP) solution. Thereafter, it adds 
drone trips to the mTSP solution. To enhance solution quality, the ADI 
algorithm uses different methods to generate an initial solution, such as 
GA, combined K-means/Nearest Neighbor, and Random cluster/tour. 
This problem is solved on several generated problem instances with 
different customer distributions as well as on adopted instances from the 
TSPLIB (Reinelt, 1991) with up to 99 customers. Kitjacharoenchai et al. 
(2020) extend this model to allow the drones to serve more than one 
customer once they are launched from the truck. However, they have to 
return to the same truck that they take off from. Two heuristic methods 
and a MILP model are used to solve problems instances from the liter-
ature. Wang and Sheu (2019) model a multi-truck variant of the Vehicle 
Routing Problem with Drone (VRPD) in which drones are launched from 
the trucks, however, they must return to some prespecified docking lo-
cations and wait for the trucks to pick them up. They propose a branch 
and price algorithm to solve small-scale problem instances with up to 13 
customers and 2 docking locations. The experimental results on gener-
ated problem instances show more than 20% cost savings on some of the 
problem instances compared to a truck-only problem. Bakir and Tinic 
(2020) extend this model by allowing more than one drone launch at 
each truck stop and return of drones to any stop in the truck route for 
retrieval after package delivery. An efficient algorithm is proposed 
based on dynamic discretization discovery (Boland et al., 2017). This al-
gorithm can solve problem instances with up to 25 customers to 
optimality. 

Sacramento et al. (2019) consider the VRPD with one drone per truck 
and each drone has to return to the same truck that it is launched from. 
To be able to minimize the total delivery cost on large-scale problems 
(up to 200 customers), an ALNS is developed. The initial solution uses 
the nearest neighbor algorithm to construct a truck-only tour followed 
by an improvement step, and finally a drone addition step. The algo-
rithm also features several destroy and repair operators, for example for 
solving clustered network problems. The algorithm is evaluated on 100 
problem instances with up to 200 customers. This model demonstrates a 
15% to 25% reduction in total delivery cost, depending on the parameter 
values and problem size. Euchi and Sadok (2020) also propose a hybrid 
Genetic-Sweep algorithm to solve this problem. Li et al. (2020) extend 
this model by considering traffic restrictions and develop a GA to solve 
the routing problem, aiming at minimizing energy consumption and 
CO2 emissions. Li et al. (2020) consider a similar routing problem with 
customer time windows assuming that the truck cannot move until all 
the launched drones return to the truck. The problem is solved using a 
MILP and an ALNS algorithm on the problem instances with up to 100 
customers. Considering an extended model, Wang et al. (2019) assume 
that independent drones can deliver packages to customers from the 
depot in addition to the synchronized truck-and-drone vehicles. The 
proposed algorithm first obtains a set of routes for the trucks, then 
removes customers from the truck routes and assigns them to the drone 
routes, and finally assigns some of the customers to the independent 
drones to be served directly from the depot. 

Schermer et al. (2018) consider the VRPD with one drone per truck. 
Drones can serve a single customer per trip and have to return to the 
same truck that they are launched from. Two algorithms are developed 
to solve this problem. The first algorithm uses the nearest neighbor 
heuristic to solve the VRP and then remove customers from the truck 
route to assign to the drone routes. The second heuristic is a single-stage 
method which builds the routes of the truck and the drones simulta-
neously. The authors show that the two-stage approach generally ob-
tains better results than the single-stage method. In a later study, 
Schermer et al. (2019b) consider the VRPD and propose a mathematical 
model and four valid inequalities to improve the model. They also 
develop a mathheuristic algorithm that utilizes a MILP to solve the 
Drone Assignment and Scheduling Problem (DASP). The DASP opti-
mizes the schedule of launches and retrievals of drones from the trucks 

for any given truck route. The model and algorithm are used to solve 
several problem instances from (Murray and Chu, 2015; Agatz et al., 
2018; Ha et al., 2018). Schermer et al. (2019a) extend the model by 
Schermer et al. (2018) to the VRPD with En Route Operations 
(VRPDERO) by assuming that the trucks can launch and retrieve drones 
at both the set of customer locations and also a set of discrete points that 
are located on the links between every pair of customer locations. To 
solve this routing problem on small-scale instances, they use a MILP 
model strengthened by some valid inequalities. To be able to solve large- 
scale problems, they propose a Variable Neighborhood Search (VNS) 
improved by Tabu Search (TS). They use the Clarke and Wright (1964) 
algorithm and local search operators, such as 2-Opt, relocation, and 
exchange to generate a solution to the VRP. Further, the algorithm 
features a drone insertion operator as a local search which is applied 
within a scalable divide and conquer approach to build and improve the 
VRPDERO solution. The drone insertion local search mainly removes 
long-distance truck movements and wait times of truck and drones at 
rendezvous locations. A comparison with the VRPD illustrates that the 
VRPDERO is beneficial when the drone endurance is small. 

A heuristic algorithm is proposed in Daknama and Kraus (2017) for 
the VRPD with the objective of minimizing average delivery time. Each 
truck can launch multiple drones which may return to a different truck 
after deliveries. The heuristic starts with an initial solution to the mTSP 
and utilizes a speedup and outer-search to add and improve drone 
routes. The speed-up heuristic seeks to improve the assignment of cus-
tomers to the trucks and drones using nine different operators, while the 
outer-search aims at changing the assignments of the customers to the 
drone and truck and redirecting the movements of drones from one truck 
to another truck. A comparison with a greedy algorithm on generated 
problem instances demonstrates that the model is able to considerably 
reduce the total delivery time. Chiang et al. (2019) evaluate the effects 
of using drones in tandem with traditional vehicles on reducing CO2 
emissions and cost. The cost is calculated based on the number of UAVs, 
trucks, and their fuel cost, while the amount of CO2 emissions is a 
function of weights (vehicle, drone, payload) and distance traveled. A 
GA is used to solve this problem on instances with 200 to 500 customers. 
The results indicate that drones can yield a reduction in CO2 emissions 
by 28% and a cost reduction of 36% compared to a truck-only model. 

Some articles conduct theoretical analyses of drone-based delivery 
problems. Several worst-case analyses are conducted in Wang et al. 
(2017) to examine the maximum possible savings that can be obtained 
by multi-modal drone delivery models. Aiming at minimizing the tour 
time, several factors were included in their analyses, such as the number 
of drones, number of trucks, and truck-to-drone speed ratio. In a later 
study by Poikonen et al. (2017), the worst-case analysis is extended to 
take into account travel range limits, different travel time metrics, and 
more general cost objective functions. Rich (2020) derive a mathemat-
ical relation to determine the optimal speed and range of drones with 
respect to the demand density of the service area. They also formulate 
this problem as a MILP and develop a GA to solve this problem with one 
truck and one drone. 

Three articles use a continuous approximation for their analysis of 
SM models. The SM model in Carlsson and Song (2018) assumes that the 
truck travels in continuous space (corresponding to a touchpoint factor 
of P according to our classification framework) and dispatches the 
drones to deliver packages to the customers. These customers can only 
be served by drones, while the truck serves as a moving hub for the 
drones. A continuous approximation method is used to approximate the 
length of the truck route while a heuristic is provided to assign and 
schedule the drone trips from the truck to the customers. The main 
conclusion of their analysis indicates that the total savings in delivery 
time by this model is proportional to the square root of the truck-to- 
drone speed ratio. In the SM model by Campbell et al. (2017), drones 
are launched from the truck to simultaneously serve customers while the 
truck moves to the next customer. A cost function is provided which can 
be used to assess the optimal number of trucks and drones and the 
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number of drones in each truck. The results demonstrate that this model 
can yield considerable cost-savings compared to a truck-only model, 
especially in rural areas and when multiple drones are used per truck. In 
addition to the operating cost of the drone and truck, the relative stop 
cost for the drone and truck, and the spatial density of customers are 
other major factors that affect the cost performance of this model. Li 
et al. (2020) compare two SM models using continuous approximation. 
The first model allows only drones to serve customers, while the second 
model allows both the trucks and drones to serve customers. Mathe-
matical cost formulations are obtained as a function of area size, density 
of customer locations, and the number of customers that can be served 
by drones. The authors show that once the density of customer locations 
increases, it is more cost effective to allow both the trucks and the drones 
to serve customers. 

A summary and detailed classification of the reviewed literature on 
SM models is provided in Table 6. 

6.4. Research on Resupply Multi-modal (RM) models 

Compared to the previously discussed models, the literature on RM 
models is very limited. To the best of our knowledge, there are only two 
articles on this model. Dayarian et al. (2020) introduce the Vehicle 
Routing Problem with Drone Resupply (VRPDR) with one primary 
vehicle (truck) and one supporting vehicle (drone). In this model, the 
truck performs regular deliveries to customers while the drone resup-
plies the truck with packages. Once the truck delivered all its packages, 
it remains at its last stop location until the drone resupplies it with more 
packages. The goal is to maximize the number of served customers 
within a specified service time guarantee. Two solution strategies are 
proposed: The first approach is a restricted-resupply strategy which al-
lows the drone to resupply the truck only when the truck finishes all its 
previously assigned deliveries. The second approach is a flexible- 
resupply strategy in which the drone may resupply the truck at any 
time provided that there is free space on the truck. The authors show 
that this RM model yields considerable improvements compared to a 
truck-only model in terms of the number of served customers. However, 
the improvement is minor if the guaranteed service time window is 
tight. Moreover, the flexible-resupply strategy yields better results than 
the restricted-resupply strategy. 

McCunney and Cauwenberghe (2019) consider an RM model with 
multiple supporting vehicles (drones) and multiple primary vehicles 
(trucks). The drones can deliver packages only to a set of pre-specified 
transshipment locations for the trucks for pick-up. The goal of this 
model is to minimize the total delivery time to all customers. Each truck 
is assigned a specified area with one transshipment location. To this end, 
a location-allocation model is solved to specify the locations of the 
transshipment points and the service area assigned to each trans-
shipment point. The model is used in two case studies in a rural area, 
Pittsfield, MA and an urban area, Boston, MA, with sensitivity analyses 
being conducted on several key parameters of the problem, including 
the number of transshipment points, order inter-arrival time, truck and 
drone speeds, and drone capacity. The results indicate that a higher 
number of transshipment points does not necessarily lead to lower travel 
distance or delivery time for the trucks. Also, the minimum required 
speed for the truck and the drone and the required capacity of the drone 
highly depends on the spatial distribution of customers and the average 
order inter-arrival time. 

A summary and detailed classification of the reviewed literature on 
RM models is provided in Table 7. 

6.5. Instances for routing problems of drone-based logistics models 

To solve the relevant operational and strategic problems, several 
articles use different sets of problem instances. These problem instances 
can be used for performance evaluation and comparison of models and 
algorithms in future research. To this end, we provide a summary of the 

problem instances used in the literature of drone-based delivery models. 
Table 8 presents the summary of problem sets used in each article and 
the range of the contained problem instance sizes. We also report the 
details of the considered model configurations in each articles using our 
proposed dictionary (see Sections 3–5) and the objective function 
considered in each article. 

7. Discussion 

We summarize the extant research on drone-based delivery models 
in Figs. 8–12 with respect to the number of articles per year, the number 
of articles per journal, the objective functions employed, the basic and 
extension factors characterizing the models (see Sections 3 and 4), and 
the solution approaches employed. 

Among the four categories of drone-based delivery models, the SM 
models followed by the PD models are researched more than other 
model categories; they constitute 66.1% and 24.5% of all the extant 
models, respectively (see Fig. 9). We believe that due to the novelty of 
the SM models, because of the interesting analytical challenge to opti-
mally synchronize the primary and supporting vehicles, and due to their 
enhanced cost/time performance compared with other model cate-
gories, SM models are by far the most popular model studies in extant 
research. On the other hand, we believe that due to easier imple-
mentation of PD models, these models also show considerable popu-
larity for research. PD models share significant similarities with other 
optimization problems, such as the job scheduling with multiple iden-
tical parallel machines (Murray and Chu, 2015; Kim and Moon, 2018). 
Therefore, similar models and algorithms can potentially be adopted for 
solving the drone scheduling problem. Although PD models have 
received significant attention by researchers, one of the main limitations 
of these models is their limited service range which may lead to un-
served customers. To further add flexibility and enhance the perfor-
mance of PD models, nearly 60% of the reviewed models consider 
multiple depots. Some of these articles combine PD models with location 
models. We believe the main reason for this lies in the straightforward 
benefits from extending the flexibility and performance of the PD 
models by locating multiple depots as launch and recharging locations 
for drones. However, the underlying routing problem of the other three 
model categories, UM, SM, and RM, are not integrated with other design 
and planning problems, such as location problems. This is mainly 
because supporting vehicles in UM, SM, and RM models can help to 
tackle this limitation to effectively serve a wider range of customer lo-
cations. With the increasing popularity of same-day delivery, we also 
expect that the research on RM models will grow accordingly. 

While most of the extant research on PD and UM models aims to 
formulate models beyond the basic models, the literature on the SM and 
RM consider mainly basic models (see Figs. 10 and 11). The majority of 
PD models consider multiple drones and multiple depots. This is mainly 
due to the apparent limited performance of basic PD models with one 
drone/depot in real-life situations. Also, all of the reviewed UM models 
consider multiple drones and the pool of customers is shared between 
the truck and drones in all of the articles, except one (Ulmer and 
Thomas, 2018). On the other hand, the most common SM model as-
sumes a single primary vehicle and a single supporting vehicle, ac-
counting for approximately 36 articles (51% of all the SM models). 
Interestingly, among these 36 articles, 22 articles (61%) assume 
Simultaneous (S) relative movements of the primary and supporting 
vehicles. This model, known as the Flying Sidekick Traveling Salesman 
Problem (FSTSP) by Murray and Chu (2015), seems to be the most 
popular model for research in this model category and the majority of 
articles develop efficient algorithms to solve the underlying routing 
problem. The majority of UM models (62.5%) assumes only one truck in 
their models and also almost all of these models consider a single depot. 
This is also true for the SM models as 100% of the articles assume a 
single depot and 76% of the reviewed articles consider a single sup-
porting vehicle (truck). In those SM models with multiple supporting 
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Table 6 
Summary of literature on Synchronized Multi-modal (SM) logistics models.  

Paper Model: SM Primary 
vehicle 
range 

Travel metric 
primary 
vehicle 

Travel metric 
supporting 
vehicle 

Objective Solving and 
analysis 

Case study Application 
area 

Murray and Chu 
(2015) 

S/D:1/MU/1/ 
1C/1/– 

✓ Euc. Rec. Min-Tour Model, Heuristic – – 

Mathew et al. (2015) S/D:1/MU/1/ 
1U/1/– 

✓ Euc. Euc. Min-Cost Heuristic – – 

Savuran and 
Karakaya (2016) 

S/L:1/MU/1/ 
MC/–/– 

✓ Euc. Euc. Min-Tour Heuristic   

Ferrandez et al. 
(2016) 

N/D:1/MU/M/ 
MC/1/– 

× Euc. Euc. Min-Tour, 
Min-Energy 

K-Means, 
Heuristic 

– – 

Ponza (2016) S/D:1/MU/1/ 
1C/1/– 

✓ Euc. Rec. Min-Tour Heuristic – – 

Wang et al. (2017) S/D:M/MC/M/ 
1U/1/NV 

× Euc. Euc. Min-Tour Theoretical 
analysis 

– – 

Daknama and Kraus 
(2017) 

S/D:M/MU/M/ 
1U/1/SV 

✓ Euc. Euc. Min Total 
Travel time 

Heuristic – – 

Poikonen et al. 
(2017) 

S/D:M/MC/M/ 
1U/1/NV 

× Euc. Rec. Min-Tour, 
Min-Cost 

Theoretical 
analysis 

– – 

Othman et al. (2017) S/D:1/MU/1/ 
1C/1/– 

× Euc. Euc. Min-Tour Approx. 
Algorithm 

– – 

Campbell et al. 
(2017) 

S/D:1/MU/M/ 
1U/1/– 

× Euc. Rec. Min-Cost Cont. Approx. – – 

Luo et al. (2017) S/D:1/MU/M/ 
MC/1/– 

✓ Euc. Euc. Min UAV 
Travel time 

Model, Heuristic – – 

Marinelli et al. 
(2017) 

S/L:1/MU/1/ 
1U/1/– 

✓ Euc. Euc. Min-Cost Heuristic – – 

Agatz et al. (2018) F/D:1/MU/1/ 
1C/1/– 

✓ Euc. Euc. Min-Tour Model, Heuristic – – 

Carlsson and Song 
(2018) 

S/F:1/MU/M/ 
1C/1/– 

✓ Euc. Euc./Real Min-Max Continuous 
Approx., Heuristic 

Pasadena, CA, USA – 

Chang and Lee 
(2018) 

N/D:1/MU/M/ 
1U/1/– 

✓ Euc. Euc. Min-Tour Model, Heuristic – – 

Ha et al. (2018) S/D:1/MU/1/ 
1C/1/– 

✓ Euc. Rec. Min-Cost Model, Heuristic – – 

Yu et al. (2018) S/D:1/MU/1/ 
MC/1/– 

✓ Euc. Rec. Min-Tour Heuristic – – 

Yurek and Ozmutlu 
(2018) 

S/D:1/MU/1/ 
1C/1/– 

✓ Euc. Rec. Min-Tour Heuristic – – 

Bouman et al. (2018) F/D:1/MU/1/ 
1C/1/– 

✓ Euc. Euc. Min-Cost Exact algorithm – – 

Boysen et al. (2018) N/D:1/MU/1/ 
1U/1/– F/D:1/ 
MU/1/1U/1/– 

× Euc. Euc. Min-Tour Model, Heuristic, 
Theoretical 
analysis 

– – 

Schermer et al. 
(2018) 

S/D:1/MU/1/ 
1C/1/– 

✓ Euc. Euc. Min-Tour Heuristic – – 

Phan et al. (2018) S/D:1/MU/M/ 
1U/1/– 

✓ Euc. Euc. Min-Cost Heuristic – – 

Yoon (2018) S/D:1/MU/M/ 
1U/1/– 

✓ Euc. Rec. Min-Cost Model Manhattan, NY, USA – 

Wang and Sheu 
(2019) 

S/D:M/MC/M/ 
1C/1/– 

✓ Euc. Euc. Min-Cost Exact algorithm – – 

Chiang et al. (2019) S/D:1/MC/1/ 
1C/1/– 

✓ Euc. Rec. Min-Cost, Min 
Emission 

Model, Heuristic – – 

Dell’Amico et al. 
(2019) 

S/D:1/MU/1/ 
1C/1/– 

✓ Euc. Rec. Min-Tour Model – – 

Jeong et al. (2019) S/D:1/MU/1/ 
1C/1/– 

✓ Euc. Rec. Min-Tour Model, Heuristic – – 

Karak and 
Abdelghany 
(2019) 

F/D:1/MU/1/ 
MC/1/– 

✓ Euc. Euc. Min-Cost Model, Heuristic – – 

Kitjacharoenchai 
et al. (2019) 

S/D:M/MU/M/ 
1C/1/SV 

✓ Euc. Euc. Min-Tour Model, Heuristic – – 

Peng et al. (2019) N/D:1/MU/M/ 
MC/1/– 

✓ Euc. Euc. Min-Tour, 
Min-Cost 

Heuristic – – 

Choudhury et al. 
(2019) 

S/D:1/MU/M/ 
1U/1/– 

✓ Euc. Real Min-Max Model, Simulation San Francisco, CA, 
USA, Washington, DC, 
USA 

– 

Poikonen et al. 
(2019) 

F/D:1/MU/1/ 
1C/1/– 

✓ Euc. Rec. Min-Tour Heuristic, Exact 
algorithm 

– – 

Kuang (2019) S/D:1/MU/M/ 
1U/1/– 

✓ Euc. Euc./Real Min-Cost Heuristic Massachusetts, USA E-Commerce 

Sacramento et al. 
(2019) 

S/D:M/MC/1/ 
1C/1/NV 

✓ Euc. Euc. Min-Cost Model, Heuristic – – 

✓ Euc. Euc. Min-Tour Model, Heuristic – – 

(continued on next page) 
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Table 6 (continued ) 

Paper Model: SM Primary 
vehicle 
range 

Travel metric 
primary 
vehicle 

Travel metric 
supporting 
vehicle 

Objective Solving and 
analysis 

Case study Application 
area 

Schermer et al. 
(2019a) 

S/L:M/MC/M/ 
1U/1/NV 

Tang et al. (2019) F/D:1/MU/1/ 
1C/1/– 

✓ Euc. Euc. Min-Tour Model – – 

Schermer et al. 
(2019b) 

F/D:M/MU/1/ 
1U/1/NV 

✓ Euc. Rec. Min-Tour Model, Heuristic – – 

Chiang et al. (2019) S/D:M/MC/1/ 
1U/1/NV 

✓ Euc. Rec. Min-Cost, 
Min-Emission 

Mode, Heuristic – – 

Wang et al. (2019) S/D:M/MC/1/ 
MC/1/NV 

✓ Euc. Euc. Min-Tour Model, Heuristic – – 

Wang et al. (2019) S/D:1/MU/1/ 
1C/1/– 

✓ Euc. Rec. Min-Tour 
Min-Cost 

Model, Heuristic – – 

Poikonen and 
Golden (2020) 

F/D:1/MU/1/ 
MC/1/– F/D:1/ 
MU/M/MC/1/– 

✓ Euc. Euc. Min-Tour Heuristic – – 

Poikonen and 
Golden (2020) 

F/L:1/MU/1/ 
1U/1/– F/L:1/ 
MU/M/MC/1/– 

✓ Euc. Euc. Min-Tour Model, Heuristic, 
Exact algorithm 

– – 

Murray and Raj 
(2020) 

S/D:M/MU/1/ 
1C/1/NV 

✓ Euc. Rec. Min-Tour Model, Heuristic Buffalo, NY, USA, 
Seattle, WA, USA 

– 

Rich (2020) S/D:1/MU/1/ 
1U/1/– 

✓ Euc. Euc. Min-Max Model, Heuristic, 
Theoretical 
analysis 

– – 

Bakir and Tinic 
(2020) 

F/D:M/MU/M/ 
1U/1/SV 

✓ Euc. Euc. Min-Tour Model, Heuristic, 
Exact algorithm 

– – 

Kitjacharoenchai 
et al. (2020) 

S/D:M/MU/M/ 
MC/1/NV 

✓ Euc. Euc. Min-Tour Model, Heuristic – – 

Erdogan and 
Yıldırım (2020) 

F/L:1/MU/1/ 
1U/1/– 

✓ Euc. Euc. Min-Tour Model, Exact alg., 
Theoretical 
analysis 

– – 

Gonzalez-R et al. 
(2020) 

S/D:1/MU/1/ 
MC/1/– 

✓ Euc. Rec. Min-Tour Model, Heuristic – – 

de Freitas and Penna 
(2020) 

S/D:1/MU/1/ 
1C/1/– 

✓ Euc. Euc. Min-Tour Heuristic – – 

Li et al. (2020) S/D:M/MU/M/ 
MC/1/NV 

✓ Euc. Rec. Min-Tour Cont. Approx. – – 

Liu et al. (2020) S/D:1/MU/1/ 
MC/1/– 

✓ Euc. Rec. Min-Tour Heuristic Changsha, China E-Commerce 

Salama and and 
Srinivas (2020) 

N/D:1/MU/M/ 
1U/1/– 

✓ Euc. Rec. Min-Tour, 
Min-Cost 

Model, Heuristic – – 

Moshref-Javadi et al. 
(2020) 

S/D:1/MU/M/ 
1U/1/– 

✓ Euc. Euc./Real Min-Sum Model, Heuristic São Paulo, Brazil – 

Huang et al. (2020) S/D:1/MU/1/ 
1U/1/– 

✓ Euc. Euc. Min-Tour Model, Heuristic, 
Exact algorithm 

– – 

Moshref-Javadi et al. 
(2020) 

N/D:1/MU/M/ 
1U/1/– 

✓ Euc. Euc./Real Min-Sum Model, Heuristic, 
Theoretical 
analysis 

Massachusetts USA  

Roberti and 
Ruthmair (2020) 

F/D:1/MU/1/ 
1U/1/– N/D:1/ 
MU/1/1U/1/– 

✓ Euc. Rec. Min-Tour Model, Exact 
algorithm 

– – 

Vásquez et al. (2020) N/D:1/MU/1/ 
1U/1/– 

✓ Euc. Rec. Min-Tour Model, Exact 
algorithm 

– – 

Das et al. (2020) S/D:1/MU/1/ 
1U/1/– 

✓ Euc. Euc. Min-Cost Model, Heuristic – – 

Gao et al. (2020) S/D:1/MU/1/ 
1C/1/– 

✓ Euc. Euc. Min-Tour Model, Heuristic – – 

Gu et al. (2020) N/D:1/MU/M/ 
1U/1/– 

✓ Euc. Euc. Min-Tour, 
Min Num. 
Drones 

Model, Heuristic – – 

Ha et al. (2020) S/D:1/MU/1/ 
1C/1/– 

✓ Euc. Rec. Min-Cost Heuristic – – 

Han et al. (2020) N/D:M/MC/1/ 
1C/1/NV 

✓ Euc. Euc. Min-Energy, 
Min Num. 
Trucks 

Model, Heuristic – – 

Jeong et al. (2020) N/D:M/1C/M/ 
1U/1/NV 

✓ Euc. Euc. Max-Profit Model San Francisco, CA, 
USA 

E-Commerce 

Li et al. (2020) S/D:M/MC/1/ 
1C/1/NV 

✓ Euc. Euc. Min-Energy Model, Heuristic – – 

Li et al. (2020) N/D:M/MC/M/ 
MC/1/NV 

✓ Euc. Rec. Min-Cost Model, Heuristic – – 

Schermer et al. 
(2020) 

F/D:1/MU/1/ 
1U/1/– 

✓ Euc. Rec. Min-Tour Exact algorithm – – 

Euchi and Sadok 
(2020) 

S/D:M/MC/1/ 
1C/1/NV 

✓ Euc. Rec. Min-Tour Model, Heuristic – – 

Euc.: Euclidean travel metric, Rec.: Rectangular travel metric, Heuristic: category of heuristic/metaheuristic solution methods. 
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vehicles, 83% of them assume non-shared primary vehicles, which 
constrains the performance of this model. Also, with respect to the basic 
factors characterizing the SM models, 90% of the articles consider 
discrete sets of touchpoints (see Fig. 12). It is expected that future 
research will focus on expanding this assumption by developing SM 
models with Linear (L) and Planar (P) touchpoints as they potentially 
yield superior cost/time performances compared to the case of Discrete 
(D) touchpoints. RM models are clearly the least studied category of 
drone-based delivery models. Studying more variants of this model type 
and developing efficient solution techniques for the underlying routing 

problems therefore constitutes a highly relevant field for future 
research. 

The considerations of some realistic operational constraints, such as 
battery limit, flight range limit, and payload capacity are common in the 
literature. According to Tables 4–7, more than 85% of all the reviewed 
articles explicitly model their battery capacity limit to account for the 
limited flight time/ range of drones. Moreover, to realistically model the 
flight range limit, some articles consider the effect of payload on energy 
consumption to estimate it more accurately (see, e.g., Dorling et al., 
2017; Song et al., 2018; Rabta et al., 2018; Torabbeigi et al., 2019; 
Murray and Raj, 2020). To take the limited capacity of the drones into 
account, 90% of the UM models and 79% of the SM models assume that 
primary vehicles can serve a single stop per trip, i.e. capacity of the 
primary vehicle is 1C or 1U (see Fig. 11). We expect that with the recent 
advancements in loading and unloading technologies, and with growing 
size and strength of drones, more articles will consider drones that can 
visit multiple customers per trip (see, e.g., Poikonen et al., 2019; Poi-
konen and Golden, 2020; Peng et al., 2019; Karak and Abdelghany, 
2019). On the other hand, more than 50% of the PD models consider 
multiple customer visits per trip of drones. We believe this is because 
customers can only be served by drones which are only launched from 
the depot in PD models. Therefore, it is essential to consider the launches 
of multiple drones and multi-visit drones to be able to obtain a beneficial 
and efficient delivery model. Considering the distance metric of the 
drones, 97% of the articles assume that drones can travel in Euclidean 
space (straight line). The remaining 3% assume that drones travel along 
the street network, therefore, a rectangular travel space is often 
considered. For the truck, only 42% of the articles assume that the trucks 
can travel in rectangular space or along the real road network, while the 
remaining 58% assume Euclidean travel distances. 

Considering the objective functions employed (see Fig. 13 (b)), two 
objective functions are more popular than others. Among the reviewed 
models, 43.3% of the models consider minimizing the tour time (Min- 
Tour), which is calculated as the latest return time of the vehicles to the 
depot. We believe Min-Tour is a popular objective function mainly 
because drones are known to reduce delivery time by traveling in 
straight line and they are not limited to the available road infrastructure 
and traffic. The second most popular objective function (26.7%) mini-
mizes the cost of deliveries (Min-Cost), including transportation cost of 
the supporting and primary vehicles, and some specific cost, such as the 
cost of idle time of drones and trucks (Ha et al., 2018; Campbell et al., 
2017). Moreover, since one of the advantages of drones is their reduced 
energy consumption and lower CO2 emissions compared to combustion 
engine trucks, a few articles specifically consider the benefits of drones 
for minimizing energy consumption and CO2 emission in their models 
(Figliozzi, 2017; Goodchild and Toy, 2018; Chiang et al., 2019; Han 
et al., 2020). 

To solve and evaluate drone-based delivery models, mathematical 
modeling and heuristic/metaheuristic methods are the most common 
approaches for modeling and solving the relevant problems (see Fig. 13 
(a)). These models are mostly formulated as Mixed-Integer Linear Pro-
gramming models (see, e.g., Murray and Chu, 2015; Sacramento et al., 
2019; Kitjacharoenchai et al., 2019; Song et al., 2018; Moshref-Javadi 
et al., 2020; Schermer et al., 2019b). Although some articles use math-
ematical models to solve the routing problems for the PD and UM 

Table 7 
Summary of literature on Resupply Multi-modal (RM) logistics models.  

Paper Model: RM Supporting 
vehicle range 

Travel metric 
primary vehicle 

Travel metric 
supporting vehicle 

Objective Solving and 
analysis 

Case study Application 
area 

McCunney and 
Cauwenberghe 
(2019) 

D:M/1C/M/ 
MC/1/SV 

✓ Real Euc. Max Num. 
visits 

Simulation Massachusetts, 
USA 

E-commerce 

Dayarian et al. (2020) L:1/1C/1/ 
MC/1/– 

✓ Euc. Euc. Max Num. 
visits 

Simulation – E-commerce 

Euc.: Euclidean travel metric. 

Table 8 
Problem instances used for performance comparison of models and algorithms.  

Paper Problem 
classification 

Objective 
function 

Number of 
customers 

Song et al. (2018) PD:–/–/M/MC/M/ 
SV 

Min-Distance 5–30 

Song et al. (2018) PD:–/–/M/MC/M/ 
SV 

Max Num. 
visits 

5–30 

Cheng et al. (2020) PD:–/–/M/MC/1/– Min-Cost 10–50 
Murray and Chu (2015) UM:SP:1/MU/M/ 

1C/1/– 
Min-Tour 10–20 

Ham (2018) UM:SP:M/MC/M/ 
1C/M/SV 

Min-Tour 20–100 

Mbiadou Saleu et al. 
(2018) 

UM:SP:1/MU/M/ 
1C/1/– 

Min-Tour 48–229 

Murray and Chu (2015) SM:S/D:1/MU/1/ 
1C/1/– 

Min-Tour 10–20 

Ponza (2016) SM:S/D:1/MU/1/ 
1C/1/– 

Min-Tour 5–200 

Marinelli et al. (2017) SM:S/L:1/MU/1/ 
1U/1/– 

Min-Cost 10–50 

Agatz et al. (2018) SM:F/D/1/MU/1/ 
1C/1/– 

Min-Tour 20–100 

Ha et al. (2018) SM:S/D:1/MU/1/ 
1C/1/– 

Min-Cost 10–100 

Yurek and Ozmutlu 
(2018) 

SM:S/D:1/MU/1/ 
1C/1/– 

Min-Tour 10–20 

Boysen et al. (2018) SM:N/D:1/MU/1/ 
1U/1/– 

Min-Tour 5–100 

Boysen et al. (2018) SM:F/D:1/MU/1/ 
1U/1/– 

Min-Tour 5–100 

Kitjacharoenchai et al. 
(2019) 

SM:S/D:M/MU/M/ 
1C/1/SV 

Min-Tour 9–50 

Poikonen et al. (2019) SM:F/D:1/MU/1/ 
1C/1/– 

Min-Tour 10–200 

Sacramento et al. 
(2019) 

SM:S/D:M/MC/1/ 
1C/1/NV 

Min-Cost 6–200 

Moshref-Javadi et al. 
(2020) 

SM:S/D:1/MU/M/ 
1U/1/– 

Min-Sum 10–101 

Moshref-Javadi et al. 
(2020) 

SM:N/D:1/MU/M/ 
1U/1/– 

Min-Sum 10–159 

Li et al. (2020) N/D:M/MC/M/ 
MC/1/NV 

Min-Cost 10–100 

1Min-Distance: Minimize the total travel distance by vehicles. 
2 Max Num. Visits: Maximize the total number of served demands. 
3 Min-Tour: Minimize the latest return time of all primary and supporting ve-
hicles at depot. 
4 Min-Cost: Minimize the total cost of delivery. 
5 Min-Sum: Minimize the sum of customer waiting times. 
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models, due to the computational complexity of these problems, the 
majority of the articles (53%) uses heuristics and metaheuristics. The 
mathematical models are predominantly used to solve small-scale 
problems for the SM models, while the development of heuristic and 
metaheuristic algorithms is very popular to solve larger-scale problems. 
The most common approach to solve the SM models is the truck-first, 
drone-second approach (see, e.g., Murray and Raj, 2020; Jeong et al., 
2019; Bouman et al., 2018; Moshref-Javadi et al., 2020). This approach 
obtains an initial giant tour for the supporting vehicles to serve all the 
customers. Thereafter, it iteratively removes the customers from this 
giant route and assigns them to the primary vehicles. The remaining 
approaches are theoretical analysis to analyze the maximum possible 
savings by these drone-based delivery models compared to truck-only 
delivery models (Wang et al., 2017; Othman et al., 2017; Moshref- 
Javadi et al., 2020), approximation algorithms using continuous 
approximation methods (Carlsson and Song, 2018; Campbell et al., 
2017; Chowdhury et al., 2017; Li et al., 2020), and simulations of de-
livery models for dynamic environments with limited information of 

future customer orders (see, e.g., Ulmer and Thomas, 2018; Liu, 2019; 
McCunney and Cauwenberghe, 2019; Dayarian et al., 2020; Shen et al., 
2020). 

From the application perspective, many models are proposed for the 
planning of general delivery operations. The majority of applications 
(45%) specifically consider the design of drone-based delivery models 
for emergency and healthcare services. This observation confirms the 
wide range of applications of drones in healthcare services as we dis-
cussed in Section 2. The next major category consider e-commerce dis-
tribution systems. 

8. Conclusions and future research 

In this paper, we propose a unified, structured and scalable classifi-
cation framework that systematically captures the boundaries between 
the wide variety of relevant UAV-based logistics systems and their 
associated operational planning problems. We introduce a dictionary 
notation that characterizes any arbitrary drone-based logistics model 

Fig. 8. Distribution of articles by outlet.  

Fig. 9. Summary of literature on drone-based delivery models: (a) number of articles and models per year, (b) percentage of research on each model category. Note 
that only articles published before December 2020 are included in year 2020. 

M. Moshref-Javadi and M. Winkenbach                                                                                                                                                                                                   



Expert Systems With Applications 177 (2021) 114854

21

based on its elementary model category, a set of basic factors charac-
terizing the critical elements of the mode, and a set of extended factors 
characterizing these elements in further detail. Using our proposed 
classification, we comprehensively classify, review, and synthesize the 
extant research -consisting of 101 articles- on drone-based logistics 
models and their operational design characteristics. We also summarize 

the drone-based models for each category in Tables 4–7 based on their 
characteristics, objectives, and methodologies used in each article. We 
provide a comprehensive review of relevant real-world applications of 
drones in the logistics industry. To the best of our knowledge, this is the 
first paper that proposes a detailed classification framework and review 
of the drone-based logistics models based on their operational 
characteristics. 

According to our classification and literature review, the majority of 
the articles study optimization algorithms for Synchronized Multi-modal 
models, and particularly, the FSTSP (Murray and Chu, 2015; Ponza, 
2016; Othman et al., 2017; Ha et al., 2018; Yurek and Ozmutlu, 2018; 
Schermer et al., 2018; Dell’Amico et al., 2019; de Freitas and Penna, 
2020; Gao et al., 2020), whereas there is limited work on other model 
categories, such as RM models (Dayarian et al., 2020; McCunney and 
Cauwenberghe, 2019). In addition, the models assume basic configu-
rations (Dorling et al., 2017; Shao et al., 2020; Dell’Amico et al., 2020; 
Mbiadou Saleu et al., 2018; de Freitas and Penna, 2018; Peng et al., 
2019) which are far from real-world model configurations, such as lo-
gistics models with multiple depots and multiple -shared- primary and 
multiple supporting vehicles, realistic travel network for truck and 
drones, dynamic and stochastic considerations, and delivery models 
with time windows. Although there exist a few real-world case studies 
(Hong et al., 2018; Pulver and Wei, 2018; Shavarani et al., 2019; Dhote 
and Limbourg, 2020; Garcia and Santoso, 2019; Carlsson and Song, 
2018; Choudhury et al., 2019; Moshref-Javadi et al., 2020; Murray and 
Raj, 2020; McCunney and Cauwenberghe, 2019), the literature lacks 

Fig. 10. Summary of literature on drone-based delivery models: (a) number of supporting vehicles, (b) number of primary vehicles.  

Fig. 11. Summary of literature on drone-based delivery models: (a) capacity of supporting vehicles, (b) capacity of primary vehicles.  

Fig. 12. Summary of literature on drone-based delivery models: (a) relative 
movements of supporting vehicles and primary vehicles, (b) touchpoints of 
supporting vehicles and primary vehicles. 
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comprehensive real-world case studies based on realistic drone param-
eters (costs, time, battery), urban/suburban/rural settings, and consid-
eration of real-world constraints, such as traffic conditions, legal issues 
and regulations. The literature also lacks comprehensive studies on in-
tegrated design and operational planning problems of these delivery 
models, such as routing problems with inventory management prob-
lems, location problems, and scheduling problems. Finally, there is no 
study on performance comparison of the presented drone-based logistics 
models to understand how much and under what circumstances each of 
these models perform more efficiently/effectively than the other 
models. Based on our proposed classification framework (see Sections 3 
to 5), our comprehensive review of the extant literature (see Section 6), 
and discussions (see Section 7), we present the following directions for 
future research. 

Extended models: The majority of the extant literature on all four 
model categories considers mostly models with basic configurations, 
such as a single drone, single depot, and/or single truck (Goodchild and 
Toy, 2018; Dell’Amico et al., 2020; Schermer et al., 2020; Ha et al., 
2020). It is essential to examine models with multiple depots and mul-
tiple supporting and primary vehicles to be able to design models that 
are closer to real-world applications. Almost all of the extant papers 
consider that drones travel on a straight line, which is a valid assump-
tion, especially in rural areas. However, since one of the prominent use 
cases for drones is urban logistics, it is essential to consider less trivial 
travel metrics or real road network distances. Although sharing drones 
as primary vehicles among multiple depots is a common assumption in 
PD models (Liu, 2019; Dhote and Limbourg, 2020; Shen et al., 2020), the 
effects of sharing primary vehicles in the UM and SM models are not 
studied. Further, it would be interesting to examine the effect of sharing 
primary vehicles (among supporting vehicles or depots) on the perfor-
mance of these models compared to the case of non-shared primary 
vehicles. 

SM models with extended factors: One future direction for research can 
extend the SM models to consider linear or planar touchpoints of pri-
mary and supporting vehicles, which would enable them to rendezvous 
at a larger set of potential locations rather than only at a discrete set of 
locations. In addition, it is essential to consider Flexible (F) relative 
movements of truck and drones to optimally determine the rendezvous 
locations of the primary and supporting vehicles. 

RM models: To the best of our knowledge, there exist only two articles 
that consider RM models (Dayarian et al., 2020; McCunney and Cau-
wenberghe, 2019), although these models can effectively assist same- 

day delivery services by eliminating the back-haul of the primary 
vehicle to the depot. It is particularly interesting to examine under 
which configurations this model can be beneficial, for example, by 
determining a relation between service level and order arrival rate, ca-
pacity of the drone and truck, and different policies for truck routing. It 
is also interesting to study a model in which drones serve as the primary 
vehicles to serve customer demands, while trucks play the role of sup-
porting vehicles to resupply the drones, and compare the performance of 
this model with the RM models in the literature (Dayarian et al., 2020; 
McCunney and Cauwenberghe, 2019). 

Combined drone-based delivery models: Almost all of the articles 
consider one type of drone-based delivery model in isolation. For 
example, all of the SM models assume that all of the drones have to 
travel with the supporting vehicle (truck), and no drones can stay at the 
depot to serve the customers located close to the depot. Therefore, a 
direction for future research is to combine different drone-based de-
livery models, such as PD and SM models and evaluate the performance 
gains by this combination. 

Integrated problems: Although the routing of drones and trucks is one 
of the essential decision-making problems in the design of last-mile 
delivery models, the combination of this problem with other relevant 
design and operational planning problems, such as location problems 
and inventory allocation problems, and scheduling problems could 
enhance the performance and practical relevance of these models. So 
far, the academic literature only attempted to integrate PD models with 
location problems and all of these combined models are solved 
sequentially (Boutilier et al., 2017; Kim et al., 2017; Hong et al., 2018; 
Pulver and Wei, 2018; Shavarani et al., 2019; Torabbeigi et al., 2019). 
Therefore, the concurrent location and routing problems for drone- 
based delivery models can be an interesting direction for future 
research. In addition to locating fulfillment centers, locating drone 
recharging stations can also be integrated with the routing problem. 

Real-world constraints and configurations: The developments and 
evaluations of models that can consider real-world model setup, such as 
realistic drone operation parameters (e.g. costs, speed, flight range, 
battery limit), and real-world constraints, such as no-fly zones, privacy, 
and safety concerns would be valuable. In addition, considerations of 
uncertainties in customer demand and vehicle travel time, and dynamic 
demand due to limited information of future customer orders cam be 
considered for more real-world drone-based logistics models. The 
loading and unloading of parcels is an essential part of drone logistics. 
However, the drop-off of parcels is not possible everywhere, and 

Fig. 13. Summary of literature on drone-based delivery models: (a) solution approaches, (b) objective functions: Min-Tour: minimize return time of vehicles at depot; 
Min-Cost: minimize total cost of delivery; Max Num. Visits: maximize number of served demands; Min Num. Drones: minimize total number of used drones; Min-Energy: 
minimize total energy consumption; Min–Max: minimize maximum of customer waiting times; Min-Emissions: minimize total gas emissions by vehicles; Min-Distance: 
minimize total traveled distance by vehicles; Min-Sum: minimize sum of customer waiting times; Min Num. Trucks: minimize number of used trucks; Max Profit: 
maximize total collected profits; Min Total Travel Time: minimize total travel time of all vehicles; Min UAV Travel Time: minimize total travel time of drones; Min 
Speed: minimize travel speed of vehicles. 
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therefore, these limitations should be considered in the design and 
modelling of drone-based delivery models to evaluate the effects of these 
factors. Contrary to trucks, drones are highly sensitive to the weather 
conditions, such as wind, rain, and snow. Weather conditions can 
heavily affect the drone routing, energy consumption, and safety. Inte-
grating weather conditions as a source of uncertainty would be a fruitful 
extension of the academic literature on drone-based logistics systems. 

Efficient algorithms: Several articles develop efficient algorithms, 
including exact (Liu et al., 2019; Wang and Sheu, 2019), approximation 
(Carlsson and Song, 2018; Ulmer and Streng, 2019; Chowdhury et al., 
2017), and heuristic methods (Murray and Chu, 2015; Shao et al., 2020; 
Kitjacharoenchai et al., 2019), for solving the relevant combinatorial 
design and optimization problems of drone-based delivery models. 
However, the majority of the extant models and solution approaches 
consider small-scale problems. More efficient solution approaches are 
essential to be able to solve realistic-sized problem instances. 

Real-world case studies: To be able to evaluate the efficiency gain by 
drone-based delivery models, evaluations of these models on 
application-specific real-world cases are required. It appears particularly 
interesting to apply some of the drone-based delivery models on cases 
with a variety of representative demand and infrastructure configura-
tions, such as rural, suburban, and urban areas (Moshref-Javadi et al., 
2020), to show what level of savings can be obtained by these models for 
each configuration. It would be also valuable to develop application- 
specific case studies according to the four categories of applications 
presented in 2. 

Comprehensive cost analysis: The current literature lacks a compre-
hensive cost analysis of drone-based logistics models. More than 40% of 
the articles aim at minimizing the tour time (Mbiadou Saleu et al., 2018; 
Garcia and Santoso, 2019; Murray and Chu, 2015; Schermer et al., 2018; 
Erdogan and Yıldırım, 2020; Kitjacharoenchai et al., 2020), while all of 
the studies that consider cost-minimization neglect several cost com-
ponents of drone-based logistics models, such as drone operator’s hourly 
payment, drone capital costs, insurance, legal issues, infrastructure, 
maintenance, and other inherent cost components. To the best of our 
knowledge, there are currently two studies (Keeney, 2015; Sudbury and 
Hutchinson, 2016) that estimate the cost per delivery without consid-
ering several cost components. It would be worthwhile to conduct a 
comprehensive analysis of drone-based logistics models and compare 
their cost-effectiveness compared to other delivery modes/strategies to 
understand under which circumstances each of the PD, UM, SM, and RM 
models would be beneficial compared to the conventional delivery ve-
hicles/strategies. 

Safety and privacy: Safety and privacy are two major concerns asso-
ciated with the use of drones for package delivery and they have been 
among the main barriers to implementation of drone-based delivery 
models (UPS, 2016). The safety concerns include not only human safety, 
but also the safety of drones and parcels. Risk, chaos, and safety issues 
are of growing concern, as an increasing number of companies deliver 
their packages using UAVs at the same time. Therefore, the design of 
drone-based delivery systems requires solutions to mitigate these 
negative externalities, and avoid the emergence of chaos, for instance by 
means of establishing dedicated aerial highways, developing standard-
ized routing protocols, and stochastic modeling of risks in drone travels 
(Gupta et al., 2013; Joerss et al., 2016; Seliem et al., 2018; Kuru et al., 
2019; Shao et al., 2020). 

Adaptation to current systems: Incorporating drones in the existing 
distribution system requires major changes to these systems. Some of 
these changes include changes to the locations of facilities and adding 
recharging locations, infrastructure for launching and receiving drones, 
space assignment for drones in facilities and trucks, changes to the use of 
automated storage and retrieval systems, and consideration of air traffic 
and navigation systems. Studying these system-level effects of drone- 
based logistics operations constitutes a highly relevant field for future 
research. 
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