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Drones are one of the most intensively studied technologies in logistics in recent years. They
combine technological features matching current trends in transport industry and society like
autonomy, flexibility, and agility. Among the various concepts for using drones in logistics,
parcel delivery is one of the most popular application scenarios. Companies like Amazon test
drones particularly for last-mile delivery intending to achieve both reducing total cost and increasing customer satisfaction by fast deliveries. As drones are electric vehicles, they are also
often claimed to be an eco-friendly mean of transportation.
In this paper an energy consumption model for drones is proposed to describe the energy
demand for drone deliveries depending on environmental conditions and the flight pattern. The
model is used to simulate the energy demand of a stationary parcel delivery system which serves
a set customers from a depot. The energy consumed by drones is compared to the energy demand
of Diesel trucks and electric trucks serving the same customers from the same depot.
The results indicate that switching to a solely drone-based parcel delivery system is not
worthwhile from an energetic perspective in most scenarios. A stationary drone-based parcel
delivery system requires more energy than a truck-based parcel delivery system particularly in
urban areas where customer density is high and truck tours are comparatively short. In rather
rural settings with long distances between customers, a drone-based parcel delivery system
creates an energy demand comparable to a parcel delivery system with electric trucks provided
environmental conditions are moderate.

1. Introduction
Drones are regarded as one of the technological innovations which may trigger a revolutionary reshaping of transportation
industry. This is mainly caused by the prospect of quick, cheap, and flexible deliveries which complies with current trends in the
transport industry (Joerss et al., 2016). Therefore, a lot of pilot projects have been launched to exploit the potentials of drones in
logistics applications. Examples of large companies experimenting with drones are Google, DHL, and Amazon (Goodchild and Toy,
2018). Next to large-scaled projects of multi-national firms, also smaller-scaled projects of drone delivery systems have been successfully put into practice (Haidari et al., 2016).
Technically, drones are referred to as Unmanned Aerial Vehicles (UAVs) in most official and scientific documents. This term refers
to the fact that UAVs are flying vehicles without accompanying pilot. There exist numerous models of UAVs for logistical applications. For logistical applications, payload and radius of operation are the most important technical parameters. At the moment,
primarily models with payload capacity up to 5 kg are used (Wang, 2016; Joerss et al., 2016). However, also heavy-load UAVs are
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available with a payload capacity of up to 40 kg (Multikopter, 2019).
Payload and radius of operation are interdependent as the energy demand depends on the payload. Other important factors
influencing the energy demand are weather conditions and traveling speed. E.g., (D’Andrea, 2014) shows that the energy consumption of drones increases drastically in case of head wind conditions. The energy demand and the UAV’s battery capacity determine the radius of operation.
Additional technological issues to be considered in logistical UAV applications are the launching and landing concept as well as
the autonomous control capability. Meanwhile, most commercial UAV models also provide fully automatic launching stations Scott
et al. (2017). For B2C concepts, however, the UAV must be able to land on ‘rough’ ground or some detachment technology like ropes
(Flirty, Google) or parachutes (Zipline) must be available. In a B2C application scenario, it is reasonable to assume that UAVs have to
wait hovering until all prerequisites for detaching the cargo are fulfilled (e.g., waiting for a clear detachment area or the customer’s
approval).
As electricity-powered vehicles, UAVs are often claimed as efficient and eco-friendly (Goodchild and Toy, 2018; Amazon, 2019).
In this paper, some light is shed on this claim considering a particular application scenario. In the following a stationary parcel
delivery system is considered where customers are served from a central depot. Parcels can be delivered either by conventional Diesel
trucks (DVs), electric trucks (EVs), or UAVs. To assess the three means of transportation, the total energy consumption for serving all
customers is calculated. Based on the energy demand, the resulting environmental effects in terms of greenhouse gas (GHG) emissions
are derived. The paper is organized as follows: Section 2 briefly reviews the relevant literature on logistical applications of UAVs. In
Section 2 the energy consumption models for DVs, EVs, and UAVs are presented. Section 3 outlines the simulation settings and
planning procedures for calculating the energy demand of the parcel delivery processes using DVs, EVs, or UAVs. The simulation
results are analyzed in Section 4 before the paper closes with a conclusion.
2. Literature review
In recent years, there is an exploding body of literature on potential application scenarios of drones. Otto et al. (2018) provides an
extensive overview about civil applications of UAVs. In the following, we focus on logistics applications where the UAV’s task is to
deliver cargo to customers. Typically, it is assumed that only one customer can be served on a UAV trip. Counterexamples can be
found in case of urgent and small pieces of cargo like blood samples or drugs (see Scott et al., 2017; Krey et al., 2019, for an
overview). In the following, we will consider the one-customer-at-a-time case only. In general, two application scenarios are considered in literature: stationary and dynamic systems. Stationary systems refer to static UAV hubs serving as depots where UAV trips
to customers start and end. Dynamic systems use mobile hubs like delivery trucks as depots.
Amazon’s Prime Air project is an example of a stationary UAV concept (Amazon, 2019). A comparatively small body of literature
is devoted to this application scenario (Murray and Chu, 2015). In such a scenario, the locations of UAV hubs need to be determined.
Thereby, a hub can serve as a cargo depot and/or can serve as a relay station where UAVs can be switched or recharged. Thus, the
delivery process of a customer order can consist of multiple UAV trips to bridge the gap between initial cargo depot and customer
location. Hong et al. (2017, 2018) study a maximum covering location problem for planning a network of UAV recharging stations in
an urban area. They consider a fragmented customer area with varying customer density and obstacles which cannot be passed by
UAVs. The problem is solved by a combination of a greedy heuristic and simulation annealing. A capacitated maximum covering
location problem without obstacles is described by Chauhan et al. (2019). The problem is solved by a greedy heuristic and a decomposition heuristic. Shavarani et al. (2018) propose a covering location problem where the demands are located at the edges of a
road network. The problem is solved by a genetic algorithm.
In dynamic UAV delivery systems, UAV trips and truck routes are planned simultaneously. Delivery trucks are equipped with a
certain number of UAVs and are routed in a road network. The customers can be supplied either by truck or by UAV. UAVs start at the
truck, fly to customers, deliver the parcel, and return to the truck afterwards. While the UAV delivers, the truck can proceed its tour
such that the UAV starts and ends its trip at different locations which poses a synchronization problem. In the simplest case, only one
truck is considered as proposed by Murray and Chu (2015) introducing the flying-sidekick TSP. The problem is solved by a route and
re-assign heuristic based on cost savings. Other heuristical solution methods to the flying sidekick TSP are proposed in Ponza (2016)
(Simulated Annealing), Ferrandez et al. (2016) (clustering and genetic algorithm), Ha et al. (2018) (Greedy Randomized Adaptive
Search Procedure), de Freitas and Penna (2018) (Randomized Variable Neighborhood Search), Es Yurek and Ozmutlu (2018) (decomposition heuristic), and Poikonen et al. (2019) (branch-&-bound algorithm). Bouman et al. (2018) proposes a dynamic programming approach to solve the flying-sidekick TSP optimally.
Extensions of the flying-sidekick TSP are numerous. Agatz et al. (2018) assumes that UAVs travel on the same (road) network as
the trucks. They derive a lower bound for the optimization problem and solve the problem with a route-first-cluster-second heuristic.
Carlsson and Song (2017) present a probabilistic analysis to estimate the potential service time savings by using UAVs depending on
the speeds of trucks and UAVs. Jeong et al. (2019) extended the flying-sidekick TSP by considering also the parcel weights affecting
the UAVs energy demand and, thus, radius of operation. The problem is solved by an evolutionary algorithm. Boysen et al. (2018)
studies the complexity of scheduling multiple UAvs for a given truck tour. Chang and Lee (2018) and Murray and Raj (2019) extend
the flying-sidekick TSP to the case when the truck carries multiple UAVs. In Chang and Lee (2018), customers are served by UAVs
only while the trucks serve as mobile hubs. To solve the problem, the authors define centers of customer areas using k-means
clustering and subsequently solve a TSP for routing the truck in each area. In Murray and Raj (2019), truck and UAVs can serve
customers such that it is to decide on the route of the truck and the customers to be served by the UAVs. To solve the problem, a threephased iterative heuristic is proposed.
2
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Dynamic UAV delivery systems with multiple trucks are often summarized as vehicle routing problems with drones (VRPD) and
are introduced by Wang et al. (2017) and Poikonen et al. (2017) which studied the potential benefits from using UAVs in traditional
VRPs. Similar to Agatz et al. (2018), Wang et al. (2017) assume that UAVs and trucks have to travel along the same road network.
This restriction is dropped in Poikonen et al. (2017). Kitjacharoenchai et al. (2019) consider an mTSP with multiple UAVs per truck
which is solved by an adaptive insertion heuristic. Chiang et al. (2019) describe a static VRPD where each truck carries one UAV
which is solved with a genetic algorithm. Same-day delivery problems are addressed by Dayarian et al. (2018) and Ulmer and Thomas
(2018). Ulmer and Thomas (2018) study a setting with dynamic customer orders arriving during the day. Customers are served either
by truck or by UAV. Both types of vehicles are dispatched at the depot. In Dayarian et al. (2018), UAVs are used to resupply trucks
during the day whereby only trucks deliver customer orders.
Very most of the literature cited above consider service time and cost savings as the main advantages of using UAVs in parcel
delivery services. Sustainability aspects of UAV delivery systems are less frequently addressed. Goodchild and Toy (2018) compare
the CO2 emissions of a stationary UAV delivery system with conventional truck deliveries. It is concluded that a UAV delivery system
can emit less CO2 than conventional truck-based delivery system when customer density is low (less than 100 stops per truck tour)
and the energy demand of UAVs is less than 62 Wh per kilometer. To estimate energy demand and CO2 emissions of trucks, average
tailpipe emission rates are used. In contrast, Chiang et al. (2019) consider an emission-minimizing VRPD. They conclude that using
UAVs can save up to 30% of the total CO2 emissions compared to conventional diesel trucks.
The advantages reported in these studies rely on the comparison between Diesel-powered trucks and electricity-powered UAVs.
However, also electric trucks are an option for energy-efficient and eco-friendly parcel deliveries nowadays. Moreover, the effect of
environmental aspects like wind and traffic conditions or waiting times are not considered in a comparative study so far. This study
contributes to literature by using a detailed energy consumption model for UAVs taking into account environmental conditions and
hovering as additional components of UAV delivery processes. The energy consumption models are used to compare the energy
demands of UAVs, electric trucks, and conventional trucks when delivering parcels to customers from a central depot. Based on the
energy demand, the associated CO2e emissions are derived and compared.
To account for the overall environmental effect of vehicle operations, not only the direct energy demand of the vehicles has to be
considered but also the upstream energy consumption required to generate and supply the fuel or energy consumed by the vehicles
during operation. A vehicle’s direct energy demand is commonly referred to as the tank-to-wheels (TTW) energy while the upstream
energy demand is summarized as well-to-tank (WTT) energy. Combining both parts of energy supply chain yields the well-to-wheel
energy demand (Beziat et al., 2011). The TTW scope allows assessing the energetic efficiency and, thus, the associated local environmental effects of a vehicle. For example, electric vehicles show typically a higher TTW efficiency than conventional Diesel
vehicles and produce no local emissions. However, electricity is produced from primary energy sources (like coal, crude oil, or wind).
The demand of primary energy to produce a certain amount of fuel or energy consumed in vehicles reflects its WTT efficiency. Thus,
to analyze the energy efficiency and overall environmental effects of different vehicle technologies, the WTW scope has to be applied.
In the subsequent section, first the TTW energy consumption of DVs, EVs, and UAVs is modeled (Sections 3.1 and 3.2) and analyzed
(Section 3.3). Subsequently, Section 3.4 describes how the WTW energy demands of DVs, EVs, and UAVs are calculated based on the
vehicles’ TTW energy demand.
3. Drivers of energy consumption of DVs, EVs and UAVs
3.1. Energy consumption models of DVs and EVs
Calculating the energy demand of ground-based delivery vehicles and the associated GHG emissions has attracted a lot of attention in the scientific community. Most energy consumption models rely on the physical formulation of the power demand for
moving a point of mass

P M = P roll + P air + P grade + P inert
= g·croll· · m +

·cair

2·103

·A ·

3

+ g ·i · ·m +

nacc·0.504 3
·v ·m
2·103·3.6

(1)

where m denotes the mass, i is the road grade, v and the speed (in km/h and m/s, respectively), A the frontal surface area, cair the
aerodynamical drag coefficient, croll the rolling resistance coefficient, the air density, and g the gravitational constant (see e.g.
Bektaş and Laporte (2011, 2014)). To approximate the power for acceleration P inert , the formula proposed by Kirschstein and Meisel
(2015) is used where nacc denotes the frequency of acceleration process up to speed v per kilometer. Based on the power demand, the
energy demand can be calculated by assessing the efficiency of the power-generating process. In case of a DV, power is generated by a
combustion engine which transforms chemical energy into kinetic energy. For EVs, electric engines transform electric energy into
kinetic energy. During the energy transformation process, two types of energy losses are important: the loss of the engine and the loss
of the gear system. The energy losses determine the energetic efficiency of the energy transformation process. The efficiency of
combustion engines eng
DV is comparatively low with about 45% at most (see e.g. Figliozzi, 2017). In contrast, electric engines show a
TTW efficiency eng
EV of about 90% (Goeke and Schneider, 2015). For DVs, engine efficiency depends on the rotational speed of the
engine as combustion engines must operate in a certain rotation range to transmit sufficient torque. As a consequence, for low power
demand (i.e., at low speeds), high frictional losses occur in the gear system of DVs leading to high fuel consumption at low speeds
(Bektaş and Laporte, 2011). Among the various models for calculating the energy consumption of DVs (for an overview see Demir
et al., 2014), we use the model proposed in Kirschstein and Meisel (2015). For constant parameters (including speed v) and a given
3
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distance d in kilometers, the fuel consumption is calculated as

F DV d , v , nacc =

f full f idle M
d idle
· f
· P v , d, nacc
+ trans
v
DV (v )·P

(2)

where
and f
are fuel consumption rates (in l/h) in idle and full-throttle mode, respectively, and P denotes the engine power
1.41
DV
0.72·e 0.077·v . Thus, for the total energy consumption
(kW). The transmission efficiency function trans
DV (v ) is given as trans (v ) = 0.90
holds

f idle

full

(3)

EDV (d , v , nacc ) = F DV (d , v , nacc )· NHV Diesel

whereby the net heating value NHVDiesel of Diesel is about 10 kWh/l.
For EVs, total energy consumption is easier to determine as engine and transmission efficiency can be assumed to be constant (Lee
et al., 2013; Davis and Figliozzi, 2013). For engine efficiency and transmission efficiency a value of 90% is assumed. In addition, the
energy losses when charging the battery have to be considered (for an extensive study on battery behaviour see Pelletier et al., 2017).
EV
Goeke and Schneider (2015) report a charging efficiency char
of about 90%. Hence, total TTW efficiency of an EV can be apEV EV
EV
· trans · char
= 0.93 73% such that for the energy consumption of an EV holds
proximated as EV = eng

EEV d, v , nacc =

d P M (d , v , nacc )
·
EV
v

(4)

for constant parameters.
3.2. Energy consumption models of UAVs
For UAVs, energy consumption has to be calculated differently. Basically, four phases of a UAV flight can be distinguished: takeoff, level flight, hovering, and landing. For the level flight, Figliozzi (2017) and D’Andrea (2014) provide an approximate energy
consumption model considering UAV weight, speed, head wind and gliding ratio. However, hovering is likely to become an important
aspect in UAV logistics. An idealized flight pattern for UAV delivery services can be displayed as in Fig. 1 (see also Xu, 2017).
To account for the energy demand of a typical UAV delivery process, the power to overcome the body’s and the rotors’ air drag
(P air and P profile , respectively), for lifting (P lift ), for climbing (P climb ) and for supplying internal electronics (P int ) can be calculated as
follows (see e.g. Langelaan et al., 2017)

PUAV = P air + · P lift + P profile + P climb + P int
1

= 2 · · 3·A· cair + ·w· T + · R· t3· 1 + 2·

()
t

2

·

·cbd
8

+ m ·g · ·sin + P int

(5)

+
+ 2·Dbody
·
where thrust T =
(with Dbody =
is the flight angle (i.e. = 0 for level flight), is flight
air ),
speed (in m/s), t is the blade tip speed (in m/s), R is the rotor disc area, is the rotor solidity ratio, cbd is the blade drag coefficient, w
is the downwash coefficient, and is an up-scaling factor (usually equal to 1.15, see Langelaan et al., 2017). Details on determining
t , R , , cbd , and w are given in Section A of the Appendix along with an overview of the notation in Table B.3 in Section B. To
estimate the energy demand during an idealized delivery process as depicted in Fig. 1, the power demand during the different phases
is evaluated using (5) and weighted with the associated duration.
In the following, it is assumed that the UAV ascents and descents at an angle of 45° . Furthermore, a denotes the altitude of level
flight (in km), thover is the total hover time (in h) and vhead is the head wind (in km/h, tail wind if negative). Hence, the net speed is
a
d
vnet = v vhead such that the time for takeoff and landing is ttol = v and the time for level flight is tlf = v
2·ttol . Thus, total energy
net
net
demand of one leg of the idealized drone delivery process can be expressed as
m2· g 2

EUAV d , , m =

2
Dbody

1
UAV · UAV
charg

1
·
2

· P climb

2· A ·c

·(ttol·(PUAV (m , , 45°) + PUAV (m , ,

tlf · PUAV (m , , 0°) + thover ·PUAV (m ,

head

, 0°)) + t ·

45°))+

P int

(6)

UAV
charg

Fig. 1. Idealized UAV delivery flight pattern.
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Fig. 2. Energy consumption of DVs and EVs.

where P UAV (·,·,·) refers to (5) with the corresponding parameters of the different flight phases and t = tlf + thover + 2· ttol . On the first
UAV
leg, the UAV’s total weight m is the sum of the UAV’s tare weight mtare
and the payload mpay while on the second leg only the empty
UAV is to be considered. When hovering, wind must be compensated regardless of its direction. Therefore, speed is equal to head
when calculating the energy demand for hovering. In the following calculations, level flight altitude a is set to 150 meters.
3.3. Sensitivity analysis
In the following a sensitivity analysis for the energy consumption of DVs, EVs, and UAVs is conducted. We use technical parameters of small parcel delivery trucks like RAM ProMaster 2500 or Mercedes Sprinter which are operated in cities (Saenz et al.,
2016). For the EV, the same framework data is used (same power, empty weight, etc.) as for the DV but payload capacity and tare
weight are adjusted for the weight of an 80-kWh-battery (Goeke and Schneider, 2015; Murakami, 2017). To calculate the battery
weight of UAVs and EVs, an energy density of 150 Wh/kg for the complete battery system is assumed (Xu, 2017). Table C.5 in the
Appendix lists all parameter values for DVs, EVs, and UAVs assumed in the following calculations. The energy consumption functions
of DVs and EVs depending on speed for various payload utilization rates are displayed in Fig. 2a. For DVs energy consumption shows
the usual U-shape with an optimal speed of about 40–50 km/h. For EVs, energy consumption increases quadratically with speed. As
electric engines exert constant torque independent of motor speed, losses in the gear system are small such that considerable amounts
of energy can be saved at low speeds compared to DVs. For high speeds, energy consumption curves of DVs and EVs become closer. As
delivery trucks have a comparatively low payload-to-tare-weight ratio (compared to heavy duty trucks), payload utilization has only
a comparatively small effect on energy consumption.
A crucial practical aspect for EVs is their range, i.e., the maximum travel distance of an EV starting with a fully charged battery. As
the recharging infrastructure is still sparse in most countries, estimating an EV’s range is important. Fig. 2b shows the range of an EV
depending on speed for various levels of payload utilization and acceleration frequency. It appears that the range varies between 80
and 600 km. While payload utilization still has a comparatively small effect on the range, speed and acceleration frequency noticeably influence this parameter. I.e., minimizing speed and avoiding heavy traffic conditions as well as driving efficiency training
are important for maximizing the range of EVs.
For the UAV calculations, the technical specifications of the Amazon delivery drone are used which has a reported radius of
operation of 16 km (Amazon, 2019). In the following, a battery capacity of 1.5 kWh is assumed. The current design and an improved
design are considered. The improved design is projected to improve energy efficiency and assumes a higher energy density of the
battery (200 Wh/kg). All technical parameters are summarized in Table C.5 in the Appendix.
In the following, two wind settings are analyzed: constant cross wind and head/tail wind. Both settings are displayed schematically in Fig. 3. Under cross wind conditions, aerial vehicles need to compensate air drag to keep direction which increases energy
demand. Thus, cross wind conditions increase energy demand (Stolaroff et al., 2018) which is similar to constant head wind

Fig. 3. Schematic description of cross wind and head/tail wind setting.
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Fig. 4. Energy consumption of UAV for idealized flight profile with a delivery distance of 16 km.

conditions. In contrast, in a head/tail wind setting, tail wind supports the drone on one leg which reduces energy demand, while head
wind increases the drone’s energy demand on the other leg. In the following, head (tail) wind is assumed on the first (second) leg.
Fig. 4 displays the UAV’s total energy demand during the idealized delivery process displayed in Fig. 1 depending on speed
(Fig. 4a) as well as wind speed and setting (Fig. 4b). Additionally, the effect of hovering time on energy demand is displayed in Fig. 4c
(cross wind setting) and Fig. 4d (head/tail wind setting).
Similar to DVs, Fig. 4a shows that an energy-optimal traveling speed exists. For the considered UAV design, this speed is about
80 km/h which is close to the operating speed announced by Amazon. At low speeds, still energy for maintaining altitude is consumed and flight time increases. In fact, UAV designs combine the properties of airplanes and helicopters. While airplanes are
designed to cover large distances efficiently, helicopters are designed to hover efficiently. I.e., there is a trade-off between cruising
and hovering capabilities and the UAV design determines which capability has priority. As the radius of operation is crucial for
logistical applications, parcel-delivery UAVs are typically designed for cruising which this leads to comparatively high energy
consumption for hovering. Fig. 4c and d show that even hovering for up to 5 min per landing process leads to considerable additional
energy demands. Fig. 4c also illustrates the effect of cross wind conditions. Even for moderate wind conditions with wind speeds of
35 km/h, battery capacity is exceeded after only 4 min of hovering. In head/tail wind scenarios, the UAV’s energy demand is smaller.
Fig. 4b illustrates that in the cross wind setting a higher energy demand is observed than in the head/tail wind setting. Note that if
wind speed ranges between 0 and about 15 km/h, energy demand decreases in the head/tail wind setting which is caused by the

Fig. 5. Contour plot of the UAV’s radius of operation in km for idealized flight pattern depending on wind speed and hover time.
6
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energy savings on the second leg where the tail wind leads to shorter less energy demand. Fig. 5a and b show the UAV’s radius of
operation depending on both parameters, hover time and wind speed for the cross wind and the head/tail wind settings, respectively.
Although hovering shows a negative effect on the radius of operation in general, for small wind speeds the effect of hovering is not
monotonous (see contour lines on the left-hand side of Fig. 5a and b). E.g.,in a cross wind setting, a radius of 21 km is possible with up
to 9 min hovering if wind speed is about 10 km/h. For smaller wind speeds, a hover time of at most 8 min enables a similar radius of
operation. Based on the results displayed in Fig. 5a and b, a radius of operation of 9 km is assumed in the following. This radius seems
realistic even under difficult environmental conditions.
3.4. Comparing energy consumption of DVs, EVs, and UAVs
The energy demands of DVs, EVs, and UAVs calculated by (3), (4), and (6) determine the TTW energy demand of a vehicle. I.e.,
the amount of energy required by the vehicle to perform a trip. To assess the primary energy demand, the well-to-tank (WTT)
efficiency wtt expresses the share of primary energy which is transformed into energy that can be used in vehicles (Beziat et al.,
2011). Thus, dividing the TTW energy demand by wtt yields the corresponding well-to-wheel (WTW) energy demand.
Diesel
Let wtt
denote the WTT efficiency of Diesel which can be assumed to be about 90% (Beziat et al., 2011). Likewise, let elec
wtt denote
the WTT efficiency of the electric power system which depends on the energy efficiency of the power generation system and the
efficiency of the electricity transmission system. Electricity transmission accounts for a loss of about 6% in Germany (Bundesamt,
2019). The efficiency of power generation depends on the primary energy sources used and varies between about 40% (coal power)
and 100% (renewable energy sources) (Umweltbundesamt, 2019). Thus, WTT efficiency for electric vehicles varies between about
35% and 95%. E.g., in Germany elec
wtt is estimated to be about 50% (Bundesamt, 2019) which is assumed in the following calculations.
Thus, to obtain WTW energy demands (3), (4), and (6) are divided by the appropriate WTT efficiency coefficients as follows

E

DV

E

EV

E

UAV

d , v , nacc =

d, v, nacc =

EDV (d , v , nacc )
Diesel
wtt

(7)

EEV (d , v , nacc )

d , , mpay =

elec
wtt

(8)

EUAV (d, , mpay )
elec
wtt

.

(9)

4. Simulating energy demand of parcel delivery processes
4.1. General assumptions
In the following, a comparative simulation study for stationary parcel delivery services with UAVs, DVs, and EVs is outlined.
Thereby, a number of assumptions is made which are summarized in Table 1.
In the subsequent computational experiments, the region of the city Berlin is considered. If parcels are supplied by UAVs in a
stationary delivery system, a set of depots needs to be determined. As outlined above, a radius of operation of 9 km is assumed for
UAVs. Thus, when setting up an infrastructure for a stationary UAV delivery system, the UAV depots have to be positioned such that
any potential customer in Berlin can be reached by a UAV from at least one depot. In case of circular delivery areas, placing a set of
circles such that a set of points is covered is known as the (discrete) unit disc cover problem (Das et al., 2011). A heuristic solution is
obtained by applying a hexagonal packing pattern (Chang and Wang, 2010) as displayed on Fig. 6. The hexagonal packing is
constructed by tiling equilateral triangles at whose corner points depots are located. As the point farthest away from the corners of an
15.5 km when the distance between corners and
equilateral triangle is its centroid, for the triangles’ edge length holds 9· 3
centroid is set to 9 km.
To compare the tours of UAVs, DVs, and EVs in a standardized way, it is assumed that all vehicles start from the same depot. I.e.,
only the depot and its associated delivery area in the middle of Fig. 6 is considered in the following. All calculations regarding EVs
and DVs rely on the road network of the city of Berlin. The road network is obtained from www.geofabrik.de. As in Behnke and
Table 1
Summary of assumptions for simulation study.
each customer receives exactly one parcel
all parcels weigh 2.5 kg
no refueling/recharging of vehicles is considered
at a truck stop, multiple customers can be served
DVs and EVs have to use the road network
road network of Berlin with 3 road types
no time windows are considered
5 min of hovering on each UAV trip
negated wind directions on UAV trip legs (head/tail wind setting)

all parcels can be delivered by all vehicles
all vehicles start and end their trips at the same depot
each truck tour consists of exactly 100 stops
all customers at a truck stop are served by foot
UAVs can fly directly
road types differ w.r.t. traffic conditions
wind and traffic conditions don’t change during a trip
radius of operation of UAVs is 9 km
wind conditions are random for each UAV trip
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Fig. 6. Map of the street network and potential UAV depots in Berlin.

Kirschstein (2017), three types of roads are considered: highways, primary roads, and urban roads. Each road segment belongs to one
of these types and has an individual speed limit. By default, travel speeds v on the road segments are equal to the corresponding speed
limits v . Default acceleration frequencies nacc are set to 0.1, 1, and 4 for highways, primary roads, and urban roads, respectively.
d
of the
Based on travel speed (v) and length (d) of a road segment, a segment’s travel time is calculated as t = v . For two points i , j
road network, a path is defined as a sequence of traversed road segments. The path’s total distance is defined as the sum of the
distances of all traversed road segments and denoted as dij . The path’s average speed vij is the distance-weighted average of the
segments’ travel speeds such that tij =

dij
vij

denotes the path’s total travel time.

For delivering parcels by truck in an area like Berlin, parcels are centrally stored at multiple depots (Bundesverband Paket &
Expresslogistik, 2017). Parcel delivery planning requires to solve vehicle routing problems (VRPs) routinely which means to assign
the customers/parcels to the trucks and find the tours for the trucks. A parcel delivery tour of DVs and EVs ships a number of parcels
to customers in a certain area. Typically, trucks are loaded with all dedicated parcels at a depot in the morning. Afterwards, the trucks
travel through the delivery areas and stop close to customer locations to deliver the parcels. Once all parcels are delivered, the trucks
return to the depot. At a truck stop, the truck driver fetches the parcels of all customers living in walking distance to the stop’s
location. Hence, at a particular truck stop, one or more customers are served. For the last meters delivered by foot, no additional
energy demand is considered in the following. Furthermore, it is assumed that recharging or refueling is of no concern for truck
routing. Very most parcel delivery tours in urban areas sum up to less than 200 km such that recharging is not necessary even in case
of EVs (compare Fig. 2b and Bundesverband Paket & Expresslogistik, 2017).
In the following, it is assumed that customer locations are already grouped and assigned to the vehicles. In case of truck deliveries,
the stops and the customers associated to each stop are known for each truck. Formally, in each instance there is a set of stops and
at each stop s
one or more customers are served. Thus, the set of customers served by a truck ( ) consists of the customers served
1 for all s
at stop s ( s ), i.e., = s
. To determine the energy demand for serving all customers , the sequence in
s with s
which the stops are visited is to be determined. I.e., for each truck, a TSP is to be solved. As time is often the most critical performance
measure in last-mile logistics (Joerss et al., 2016), the time-minimal tour is sought in the following. To find the time-minimal truck
tour, in a first step the fastest paths between any two stops (plus the depot) are calculated. Subsequently, the time-minimizing TSPs is
solved using the Chained Lin-Kernighan heuristic implemented in the Concorde solver suite (Applegate et al., 2006). More formally,
× denote the set of paths used in the TSP-solution for a set of stops .
let tsp
To determine the energy demand of a truck route tsp , let EDV ( tsp) and EEV ( tsp) denote the associated WTW energy demand of
this tour for a DV and an EV, respectively. Then, the route’s total energy demand is calculated by summing up the WTW energy
tsp
demands of the paths traversed (i, j)
using (7) and (8) such that

E

E

DV

EV

(

(

tsp

)=

E
(i, j )

tsp

(i, j)

tsp

tsp

)=

E

DV

EV

dij , vij , nijacc

(10)

dij , vij , nijacc .

(11)

To calculate the energy demand of UAVs, it is assumed that each UAV delivers exactly one parcel at a time. Thus, the energy
demand for delivering a parcel to customer c
consists of the payload flight from the depot to the customer location and the empty
8
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trip back to the depot whereby d̄ 0c denotes the great-circle distance from the depot to the customer location. Thus, total WTW energy
consumption for serving a set of customers with UAVs calculates as

E

UAV

( )=

(E

UAV

(d¯0c , , 2.5) + E

UAV

(d¯0c , , 0)).

(12)

c

For all customers, hovering time is set to 5 min.
4.2. Experimental design
To compare the energy demands of DVs, EVs, and UAVs, a set of customers is generated which fits into the capacity of a DV and
EV. Based on empirical studies, the number of customers served on typical urban parcel delivery tours varies between about 100 and
200 (Bundesverband Paket & Expresslogistik, 2017). This is reflected in the simulation study by defining the average number of
customers per truck stop (cd) which is set to [1.1, 1.4, 1.7, 2.0]. The total number of customers in an instance ( ) results when
multiplying cd with the total number of stops which is fixed to 100 in each setting such that instances with [110, 140, 170, 200]
customers are generated.
To generate customer locations, a two-stage approach is applied: First, 100 stop locations are randomly drawn from a subset of the
road network which coincide with 100 customer locations. In the second step, a number of additional customers (i.e., (cd 1)·100 ) is
iteratively assigned to the stop locations. Therefore, for each stop s = 1, …, 100 , the number of customers at stop s (ncs ) is drawn from
a Poisson distribution with Pois (cd 1) + 1. If ncs > 1, (ncs 1) customer locations are randomly drawn from all points of road
network which are in walking distance from stop s. The walking distance threshold is set to 50 meters in this study. When at a certain
stop s the total number of added customers equals (cd 1)·100 , the procedure stops.
As an additional influential parameter, the lengths of parcel delivery tours vary in urban areas between about 50 and 150 km
mainly depending on the population density in a certain area (Bundesverband Paket & Expresslogistik, 2017). To reflect this
variability, all truck stops and associated customer locations are generated within a circular subarea whose radius is set to [2, 4, 6, 8]
km. The center of the customer subarea is randomly located within the central delivery area of Fig. 5 such that the customer subarea
is entirely part of the central delivery area.
Fig. 7 shows exemplary tours of EVs and DVs for problem settings with extreme values for the number of customers per stop and
the radius of the customer area. In the appendix, Fig. D.11 displays depot as well as truck stops and customer locations of the selected
problem instances while Fig. D.12 additionally shows the associated UAV trips.
The tours displayed in Fig. 7a and b have a total length of 53 and 48 km, respectively. The tours displayed in Fig. 7c and d total to
147 and 145 km. On average, the chosen parameter range for the customer area captures quite precisely the empirical delivery tour
lengths reported in Bundesverband Paket & Expresslogistik (2017).
To assess the effects of traffic conditions on energy consumption of EVs and DVs, three settings with low, medium, and high traffic
congestion are modeled. In each setting, travel speed and acceleration frequency of each road segment are adapted to multiples or
fractions of the corresponding default values as summarized in Table 2. Similarly, wind conditions are varied to reflect different
environmental conditions for UAV deliveries. Settings with low, medium, and high expected wind speeds are generated. For each
parcel delivered by UAV, the head/tail wind setting as displayed in Fig. 3 is assumed. The wind speeds on each UAV trip are sampled
from a normal distribution with mean v̄wind and a standard deviation of 5 km/h as displayed in Table 2 such that vwind ~N (v¯wind, 5) . If
vwind > 0 (vwind < 0 ) the UAV faces head (tail) wind on the first leg and tail (head) wind on the second leg. Note that according to the
results displayed in Fig. 4 this setting resembles the wind conditions with lowest UAV energy demand.
To mimic low congestion, the travel speed of each road segment is at its maximum while default acceleration frequencies are
halved to account for free traffic flow characteristics. When traffic congestion is high, travel speeds are reduced to two-thirds of the
speed limits while acceleration frequencies are doubled compared to the default. Note that high traffic congestion does not resemble
traffic jam situations which are characterized by extremely low average speeds below 10 km/h.
To study the effects of the aforementioned parameters, all possible combinations of customer radius and number of customers per
stop as well as wind and traffic conditions are constructed which results in 42·32 = 144 settings. Each setting is replicated 200 times
whereby in each replication the customer locations and associated stops, the center of the customer area, and the wind conditions are
randomly generated. Thus, in total, 28,800 simulation runs are performed. All problem instances can be found at prodlog.wiwi.unihalle.de/forschung/research_data/2623675_3240984.
5. Simulation results
5.1. Energy consumption
Fig. 8 displays the total WTW energy demand of DVs, EVs, and UAVs depending on the traffic conditions, the radius of the
customer area, and the number of customers per stop.
Fig. 8 shows that the total WTW energy demands of DVs and EVs depend on customer radius and traffic conditions, whereas the
numbers of customers per stop plays no role. As expected, EVs always consume less energy than DVs in total. For low and medium
traffic congestion, DVs require about 40–50% more energy than EVs. When congestion is high, the gap between both vehicle types
increases such that DVs consume 80–90% more energy than EVs. This is because EVs operate more efficiently at low speeds as Fig. 2a
illustrates. In fact, the smallest energy consumption of EVs is observed in the high traffic congestion scenario. This is because lower
9
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Fig. 7. Exemplary problem instances incl. optimal vehicle tours for extreme parameter settings.
Table 2
Parameter settings in experimental design for traffic and wind conditions (where v and nacc are default values of each road segment).
traffic congestion
level
low
medium
high

wind conditions

travel speed
v

accel. frequency
nacc

mean wind speed
v̄wind

1·v
0.95· v
0.67· v

0.5· nacc
1·nacc
2· nacc

0
25
45

average speeds result in lower energy demand which is not overcompensated by more frequent acceleration processes.
Taking also UAVs into account, Fig. 8 shows that UAVs require even more energy than DVs in most situations if medium wind
conditions are assumed. As expected, the number of customers per stop has the largest effect on the UAVs total energy demand as it
coincides with more customers to be served and, thus, more UAV trips leading to a proportional increase in total energy demand. In
contrast, the radius of the customer area has only a marginal effect on the UAVs’ total energy consumption as the average distance
10
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Fig. 8. Total WTW energy demand categorized by traffic conditions, radius of customer area, and numbers of customers per stop (at medium wind
conditions).

between depot and customer locations is only slightly affected by this parameter. In all settings displayed in Fig. 8, EVs consume least
energy. UAVs and DVs require similar amounts of energy when the number of customers per stop is low and the radius of the
customer area is comparatively large. If the number of customers per stop is low and the radius of the customer area is large, UAVs
show a lower total energy demand than DVs. Thus, in rather rural scenarios with comparatively low truck utilization and long
distances to cover, a stationary parcel delivery system with UAVs is less energy intensive than system with DVs.
However, taking wind conditions into consideration changes the picture at least partly. Fig. 9 displays the total WTW energy
demands depending on traffic conditions, wind conditions, and radius of the customer area.
For a low number of customers per stop, Fig. 9a illustrates that with low wind speeds and medium traffic congestion UAVs
consume even less energy than EVs when the customer area’s radius is 8 km (see middle row, left column). However, higher wind
speeds increase the UAVs total energy consumption considerably. At high wind speeds, the UAVs’ energy demands are about 3–10
times higher than the energy demands of EVs, even for large radii of the customer area. For a high number of customers per stop,
UAVs are always the worst option as Fig. 9b shows. Even for low wind speeds and large radii of the customer area, DVs and EVs
require less energy. For high wind speeds, UAVs consume about 6–20 times more energy than EVs (see right-most column).
5.2. CO2e emissions
Although parcel deliveries by UAVs require more energy than deliveries with EVs or DVs in most situations, replacing DVs by
UAVs for parcel delivery might be ecologically beneficial as electricity can be generated in an eco-friendly way e.g. by using wind
mills or solar panels. GHG emissions of electricity consumption can be approximated by the WTW CO2e emission coefficient for
electricity generation coelec . For example, electricity generation using coal power plants results in a CO2e emission coefficient of about
0.85–1,15 kg CO2e per kWh while natural gas turbines emit about 0.38 kg CO2e per kWh (Icha and Kuhs, 2017). Electricity generation by nuclear power plants as well as wind mills and solar panel causes almost no CO2e emissions. In Europe, CO2e emission
coefficients vary for most countries between 0 and about 1.1 kg CO2e per kWh reflecting the different electricity generation systems
(Schmied and Knörr, 2013).
The WTW CO2e emissions of DVs is calculated by multiplying the fuel consumption in liters of Diesel (e.g. as calculated by (2))
11
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Fig. 9. Total WTW energy demand categorized by wind, traffic conditions, and numbers of customers per stop.

Fig. 10. Median relative CO2e emissions of UAVs and EVs compared to DVs depending on coelec (and 90% confidence interval).

with the WTW emission coefficient of Diesel (co Diesel = 3.24 kg CO2e) (Schmied and Knörr, 2013). Thus, for each simulation run, the
total CO2e emission quantity of DVs (CO DV ) is calculated by multiplying its total fuel consumption with co Diesel . Likewise, CO2e
emissions of EVs (CO EV ) and UAVs (COUAV ) are calculated by multiplying the total TTW energy consumption with coelec . The relative
COi

CO2e emissions of EVs and UAVs compared to DVs for each simulation run is defined as 100· DV with i {EV , UAV } . Fig. 10 shows
CO
the median relative CO2e emissions of EVs and UAVs compared to the CO2e emissions of DVs over all simulation runs of the four
settings with extreme radius of the customer area (i.e., radius 2 and 8 km) and extreme numbers of customers per stop (i.e., 1.1 and
2.0 customers/stop). Thus, each of the four sub-sets contains 1,800 instances as all sub-settings of the environmental parameters
(traffic and wind conditions) are summarized (i.e., 3·3·200 = 1, 800 ). Additionally, for each of the four sub-sets, the 90%-confidence
intervals over all 1,800 simulation runs are shown.
Fig. 10 indicates that using EVs for parcel delivery reduces CO2e emissions for very most cases even if the CO2e emission coefficients of electricity are high. Only if coelec 0.75, a considerable number of the simulation runs shows more CO2e emissions for EVs
than for DVs. Nonetheless, Fig. 10 clearly indicates that reducing CO2e emissions by switching to electric vehicles requires an
12
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emission-friendly electricity generation system in the first place.
Using UAVs for parcel delivery shows in many scenarios no environmental benefit over the use of DVs. E.g., if the radius of the
customer area is 2 km and the number of customers per stop is 2.0, UAVs produce always more CO2e than DVs, even for very small
values of coelec . Also in the rather rural situation with an 8-km customer radius and 2.0 customers per stop, UAVs emit less CO2e than
DVs only if coelec is smaller than 0.3 kg CO2e per kWh. When comparing EVs and UAVs, it is clear that UAVs emit more GHGs in most
cases.
6. Conclusion
6.1. Summary
The analyses shown in this paper highlight that drones show some disadvantages regarding energy efficiency when used as parcel
carriers. As parcel delivery drones are multicopters designed to cover large distances, they show a limited energy efficiency when
hovering such that spending even short times hovering generates noticeable energy demands affecting a drone’s radius of operation
seriously. Wind conditions have a similar impact on a drone’s radius of operation. When compared with conventional ground-based
delivery by Diesel trucks or electric trucks in a stationary unimodal distribution system, the simulation results indicate that drones
consume more energy than Diesel and electric trucks particularly when the customer density is high in rather small areas. Drones
consume a comparable or even slightly smaller amount of energy than trucks in rather rural settings with large areas to cover and low
customer density provided wind conditions are calm or moderate.
6.2. Critical discussion
The results shown here are based on a number of assumptions restricting their credibility. The used energy consumption model for
drone flights relies on a number of technical assumptions which appear plausible and produce reasonable results. The applied energy
consumption models for trucks have been used in various research projects and corresponding scientific publications such that their
validity has been studied more frequently (see e.g. Turkensteen, 2017). However, drone technology is rapidly developing and there
are only few studies with real-world measures to compare with up to now. Thus, the validity of the applied energy consumption
model and its configuration needs to be verified by real-world experiments as e.g. presented for smaller-scaled quadrocopters in
Stolaroff et al. (2018).
Conceptually, the conducted simulation study relies on an unimodal stationary delivery system where exclusively one (homogeneous) type of vehicle is used to serve all customers. For such a system the provided results indicate that drones are useful if
customers are dispersed in large area. In most situations, the simulation results indicate that a stationary parcel delivery system with
electric trucks is more energy efficient and more eco-friendly than a delivery system relying on UAVs only. For planning stationary
drone distribution systems, locating and configuring the drone hub network is crucial for the system’s overall performance and, thus,
customer acceptance. Hub network planning requires to consider e.g. obstacles and no-fly areas restricting the drones’ area of
operation. In this study, the simplest hub system and a simple direct flight path are considered. Thus, the drone energy demands
calculated in this study are rather lower bounds and probably higher in a real-world system. Likewise, certain environmental
parameters like wind speed and direction are set to artificial values due to a lack of data as well as to handle computational
complexity. Incorporating more detailed traffic or wind information (e.g. based on real-world data) is necessary to obtain more
realistic simulation result.
In real world, however, the trend is to use multiple different technologies at the same time and in the same area. Consequently,
the effects of multimodal parcel delivery systems on total energy consumption and associated environmental effects are not clear up
to now. Next to the uncertainty regarding the technologies used, it is not yet clear how decisions should be made in such a much more
complex delivery system. Particularly, it is to decide which types of services to offer requiring not only detailed information about
delivery operations but also the customers’ service expectations as well as willingness to pay. Delivery time and time window
adherence are important real-world aspects not considered in this simulation study. Particularly, the hand-over process from drone to
customer depends heavily on the applied technology and the customers’ behavior and expectations. Both aspects affect the configuration of parcel delivery system and are not well-studied up to now.
When comparing technologies using different energy sources like Diesel and electric vehicles, the WTW concept allows one to
compare these technologies in terms of the primary energy demand. Using the direct TTW energy demand for comparison leads to
biased results in favor of electric vehicles as upstream effects from electricity generation are not considered. However, primary
energy demand is not an end in itself. For a sustainable reshaping of the economy its more important which type of primary energy is
used. Thus, switching to electric vehicles can be more eco-friendly even if the technology is less energy efficient provided the
consumption of non-renewable resources like oil or gas can be reduced. For finally assessing the overall sustainability, however, a
system-wide life-cycle assessment is required including effects from manufacturing and infrastructure maintenance.
Appendix A. UAV energy consumption model
To calculate the force to overcome air drag due to rotating rotors, the number, size, and physical properties of the used rotors
matters. Hence, let nrotor denote the number of rotors, nblade the number of blades per rotor, and r the radius of the rotors. Thus, the
total area on which air is moved by the rotors R is calculated as
13
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R = r 2· · nrotor .
The speed of the blade tips t depends on the thrust to be exerted and the physical property of the blades. Therefore, let c̄ denote the
rotor mean chord and c̄l the mean lift coefficient which are set to c̄ = 0.1 and c̄l = 0.4 for all calculations (Langelaan et al., 2017). For
blade speed follows

6·m · g
.
nrotor ·nblades ·c¯·c¯l· · r

vt =

n

·¯c

Likewise, the disc solidity ratio is defined as = blades
. The blade drag coefficient cbd depends primarily on the airfoil and typically
·r
increases with the blade lift coefficient and thrust coefficient (Langelaan et al., 2017; Gur, 2014). For simplicity this parameter is set
constant as cbd = 0.075 .
Finally, the downwash w is determined by solving

T
= w · (w
2· ·R
whereby

·sin )2 + ( ·cos )2

is the angle of attack which is calculated by

= arctan

(

Dbody

m·g·sin

m·g·cos

).

Appendix B. Lists of notation
Tables B.3 and B.4
Table B.3
Notation for energy demand modeling.
gravitation constant (9.81 m/s2)
vehicle weight
tare weight
payload weight

g
m
mtare
mpay
i
A
P

road grade
frontal surface area
engine power
power for rolling resistance

P roll

power for air resistance

P air

cair
croll
a
r

air drag
rolling resistance
flight altitude
rotor radius

Dbody

air drag coefficient of UAV body

R
nrotor
nblades
cbd

power for grade resistance

P grade

t

power for inertia

P inert

c̄l

total power demand of a DV/EV

PM

lifting power markup

air density (1.225 kg/m3)

power for climbing

P climb

power for profile air resistance

P profile

rotor solidity ratio

total power demand of a UAV

P UAV
fidle

eng

fuel consumption (idle)

f full

fuel consumption (full)

NHV diesel
capbatt
z batt

battery capacity
energy density

blade lift

flight angle

power for lifting

P lift

blade tip speed

rotor mean chord

c̄

power for internal auxiliaries

P int

rotor disc area
number rotors
number blades
blade drag

trans
char

net heating value of Diesel

v( )

vnet
tlf /thover /ttol
w

engine efficiency

transmission efficiency
charging efficiency

speed in km/h (m/s)

net speed after wind compensation
time for level flight/hovering/take-off and landing
downwash coefficient

Table B.4
Notation for vehicle planning and simulation.
Sets
set of nodes in a road network
set of truck stops
set of customers
set of customers at stop s
set of paths between stops
paths of a TSP-solution for stop set

s

=

×

tsp

EDV / EV / UAV (·,·,·)

E
E

(·,·,·)

WTW energy demand of DV/EV/UAV on a specific path/trip

)

WTW energy demand of a DV/EV for TSP-tour

DV / EV / UAV
DV / EV

(

Functions
TTW energy demand of DV/EV/UAV on a specific path/trip

tsp

tsp

(continued on next page)
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Table B.4 (continued)
Sets

E

UAV

WTW energy demand of a UAV for serving customer set

( )

Variables
speed limit of a road segment
default acceleration frequencies of a road segment
distance of path between i, j

v
n acc
dij

bee-line distance between depot and customer c

d̄0c
vij
tij =

travel speed on path between i, j
travel time on path between i, j

dij
vij

v̄wind
range
radius of operation

wind speed
maximum travel distance until recharging/refueling is required (for DVs and EVs)
maximum travel distance until UAV has to return to the depot

cd
ncs =
nc =

Simulation parameters
customer density, i.e., average number of customers per truck stop
number of customers at stop s
total number of customers

s

ncs
s
CO EV / DV / UAV

total CO2e emissions of DVs/EVs/UAVs

CO2e emission coefficients in kg CO2e per consumed liter of Diesel (or kWh of electricity)

codiesel /coelec

Appendix C. Parameter overview
Table C.5.
Table C.5
Overview of vehicle parameters.
parameter
A
mtare
P

description

unit

DV

2

frontal surface area
tare weight
engine power
power internal auxiliaries

m
ton
kW
kW

150
0.1

f full

fuel consumption (full)

l/h

25

NHV diesel
capbatt
z batt

net heating value

P int
fidle

eng
trans
char

wtt

nrotor
nblades
r
cair
croll
cbd
c̄
c̄l

fuel consumption (idle)

battery capacity
energy density
engine efficiency

transmission efficiency
charging efficiency
WTT efficiency
number rotors
number blades
rotor radius
air drag
rolling resistance
blade drag
rotor mean chord
blade lift
lifting power markup

l/h

6
2.5

1

kWh/l

kWh
kWh/kg
—

—
—
0.9
—
—
—
—
—
—
—

15

190
0.1

0.15
0.012
—
0.1

0.15
0.012
—
0.1

—

—

—

—

—

—
—
—

—
—
—
—
—
m
—
—
—
—
—
—

curr.

—

10

80

—
0.15
0.9
0.9
0.9

0.65
0.008

UAV

EV

—
—
—
—
—
—
—

1.5

0.45–0.95
8
3
0.4
0.5
—
0.075
0.1
0.4
1.15

imp.

—
—

1.5
0.2
0.93
0.93
0.93

8
3
0.4
0.3
—
0.075
0.1
0.4
1.15
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Appendix D. Instance plots
Figs. D.11 and D.12.

Fig. D.11. Customer locations and stops of problem instances with extreme parameter settings.
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Fig. D.12. UAV trips of problem instances with extreme parameter settings.
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