
Abstract
This paper describes a possibility-based multidisciplinary optimisation for electric-powered 
unmanned aerial vehicles (UAVs) design. An in-house integrated UAV (iUAV) analysis program 
that uses an electric-powered motor was developed and validated by a Predator A configuration 
for aerodynamics, weight, and performance parameters. An electric-powered propulsion system 
was proposed to replace a piston engine and fuel with an electric motor, power controllers, and 
battery from an eco-system point of view. Moreover, an in-house Possibility-Based Design 
Optimisation (iPBDO) solver was researched and developed to effectively handle uncertainty 
variables and parameters and to further shift constraints into a feasible design space. A sensitivity 
analysis was performed to reduce the dimensions of design variables and the computational load 
during the iPBDO process. Maximising the electric-powered UAV endurance while solving the 
iPBDO yields more conservative, but more reliable, optimal UAV configuration results than the 
traditional deterministic optimisation approach. A high fidelity analysis was used to demonstrate 
the effectiveness of the process by verifying the accuracy of the optimal electric-powered UAV 
configuration at two possibility index values and a baseline.
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Nomenclature
∆Cdflap	 increase drag due to flap deflection
CDo	 parasite drag coefficient
CDi	 induced drag coefficient
CL	 lift coefficient
CLmax	 maximum lift coefficient
Clβ	 static lateral derivative
Cmα	 static pitching derivative
Cnβ	 static directional derivative
CT	 thrust coefficient
h	 flight altitude, m
J	 propeller advanced ratio
k	 induced drag factor
L/D	 lift to drag ratio
PCT	 power setting, %
R/C	 rate of climb, ms–1

Sto	 take-off distance, m
Stand	 landing distance, m
SW	 wing area, m2

Vstall	 stall speed, ms–1

Vmax	 maximum speed, ms–1

Vdesign	 design flight speed, ms–1

We	 empty weight, kg
Wo	 take-off gross weight, kg
α	 possibility index
β	 propeller pitch angle
ηprop	 propeller efficiency
ηm	 motor efficiency

Acronyms

CFD	 Computational Fluid Dynamics
HT	 Horizontal Tail
MALE	 Medium Altitude Long Endurance
RDO	 Robust Design Optimisation
RBDO	 Reliability Based Design Optimisation
PBDO	 Possibility Based Design Optimisation
SM	 Static Margin
UAV	 Unmanned Aerial Vehicle
VT	 Vertical Tail
WOT	 Wide Open Throttle

1.0	 Introduction
Recently, aircraft conceptual design has aimed to develop or implement quick and accurate design 
analysis tools to seek the deterministic optimal design solutions by compromising many complex and 
highly coupled subsystems and disciplines(1) with the help of optimisation algorithms. The optimal 
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results from the conceptual design stage play an extremely important role in the next preliminary and 
detailed design stages. However, the nondeterministic nature of the complex aircraft design problem 
and the importance of modelling the human designer’s decision-making activities have been largely 
neglected at the conceptual design stage(2). For example, the design flight speed is required as a design 
variable to maximise the critical performance features of the aircraft for the conceptual design of a 
MALE UAV. The design flight speed might be slightly changeable during very long endurance tests 
or it might be affected by the wind or flight altitude. In addition, the round off of main geometry 
parameters during the construction of the mathematical models or the manufacturing stage and the 
lack of knowledge might lead to variations in the conceptual optimal design solutions. These sources 
are referred to as the uncertainty or unexpected derivations. Design optimisation under uncertainty 
extends traditional design optimisation methods by integrating uncertainty modelling to predict the 
influence of uncertain variables or parameters on a solution, which yields more conservative designs. 
Three disciplines have emerged to address designs with uncertainty: Reliability-Based Design 
Optimisation (RBDO), Possibility-Based Design Optimisation (PBDO)(3), and Reliability-Based 
Robust Design Optimisation (RBRDO(4,5). Both RBDO and PBDO are optimisation strategies that 
enforce the desired likelihood that constraints will be satisfied when the design is fabricated and tested 
or subjected to more reliable analysis methods. RBDO utilises probabilistic modelling to represent 
uncertain quantities. PBDO was developed for problems that contain sources of uncertainty and 
that lack the knowledge or data to build accurate probability models. These methods are applied 
to prevent such phenomena(6). Wet Chen et al applied the Robust Design Optimisation (RDO) to 
improve the handling performance of vehicles. RDO is effective to prevent the worst manoeuvre 
condition as well as a range of manoeuvre inputs(7). Daniel et al also applied RBDO to an aircraft 
conceptual design and wing box design optimisation(8,9).

In addition, global warming has been raising average temperatures and sea levels around the world, 
and extreme weather phenomenon and ecological destruction have been causing changes across our 
lives at a rapid pace. The aviation industry emitted approximately 600million tons of CO2 as of 2007 
and is expected to be responsible for 15% of the total global CO2 emissions by 2050 (10). However, 
the emissions of pollutants can be fundamentally addressed by using electricity as the main source of 
power instead of fossil fuels. Moreover, the control bandwidth available to the motor can conceivably 
be used improve the roll axis stability for sensing and targeting. Furthermore, electric aircraft are 
already under development in a number of countries, even though the options for improving the 
performance of internal combustion are limited(11). The Taurus Electro (G2) from Pipistrel, Slovenia 
and E430 from Yuneec, China have already entered the commercialisation stage, while Electra – one 
from PC-Aero and Antares 20E glider from Lange Aviation, Germany are under development(12,13).

Conversely, electric-powered UAVs have not yet entered the commercialisation stage. However, 
many countries are engaged in the study of electric-powered and hybrid UAVs with internal combustion 
engines, mainly for small-sized engines. Inventus E developed by Lew Aerospace is powered by 
an electric motor and shows high endurance at high-altitude. UAV Zephyr, developed by QinetiQ 
in the UK, is now in trials and relies on solar cells and batteries for flights exceeding 80hours in the 
stratosphere. In addition, research centres, such as DARPA (Defence Advanced Research Projects 
Agency), Boeing, and IIT (Israel Institute of Technology), are researching hybrid propulsion systems 
for UAVs that rely on electric power(14).

Currently, many studies are actively examining electric-powered UAVs. However, this technology 
still shows obvious limitations. The biggest challenges are the battery capacity, regulation, and speci-
fication issues. Electric aircraft are currently not subject to regulations or specifications. The ASTM 
(American Society of Testing Materials) is a standard-setting body that is defining the specifications 
for LSA (Light Sports Aircraft) aircraft powered solely by electricity, and the FAA (Federal Aviation 
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Administration) of the US plans to review these specifi cations for acceptance in the future. The 
batteries used in electric aircraft need to be certifi ed for overheating protection, waterproofi ng, 
charging effi ciency, and intelligent self-diagnosis for aviation certifi cation. In addition, batteries 
that deliver a higher density are required because the energy density of a battery signifi cantly 
impacts the weight of electric aircraft. Fortunately, battery technologies are expected to advance 
rapidly due to the growth of electric vehicle technology, which is one step ahead of the devel-
opment of electric aircraft(13).

The design of an electric-powered UAV was optimised in this study. Specifi cally, the replacement 
of a piston engine system by an electric-powered system was studied and integrated into the design 
and analysis programs of developed UAVs to maximise the endurance of the UAV. However, many 
uncertainty variables and parameters affect the endurance of an electric-powered UAV, such as 
the battery voltage, battery capacity, fl ight altitude, payload, and design speed. Neglecting these 
parameters in the design process might result in unpredictable design results. Therefore, a design 
method that implements PBDO was proposed for electric-powered UAVs to obtain more realistic 
UAV results while considering uncertainty parameters and variables in the design optimisation 
process. Both the deterministic and PBDO optimum MALE UAV results are presented.

2.0  INtegrAteD ANALysIs ProgrAM for eLectrIc-
PoWereD uAVs

An integrated UAV (iUAV) program was developed and validated in MATLAB for the design 
and analysis of UAVs(15). The iUAV program is composed of geometry, weight, aero and S&C, 
propulsion, performance, and mission analysis disciplines, as shown in Fig. 1. These components 
form the Design Structural Matrix (DSM). The feed-forward parameters are straightforward and 
sequentially provide the next disciplines.

Figure 1. Integrated UAV (iUAV) analysis datafl ow.
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However, a feedback parameter from the weight analysis discipline is resolved by using a fixed-
point iteration method until the solution converges. The gross weight is then used to predict other 
weight components and provide these data to other disciplines, as shown in Fig. 1.

2.1	Aerodynamics and S&C analysis discipline

The designed Unmanned Aerial Vehicles (UAVs) is a Medium Range and Long Endurance (MALE), 
which operates at an altitude of approximately 5,000-15,000metres and shows an endurance of 24 
hours at low speed. The MALE UAVs feature a long wingspan to maximise the aerodynamic efficiency 
during surveillance missions that require high resolution and a thermal camera. Hence, the aerodynamic 
and stability & control (S&C) analysis discipline is required to accurately and quickly estimate the 
lift and drag for aircraft with a long wing span and low speed unmanned aircrafts at different flight 
conditions, such as take-off, climb, cruise, descent, loiter, and landing. AVL’s Drela code(16), which 
employs an extended vortex lattice model for the lifting surfaces together with a slender-body model 
for fuselages and nacelles, was implemented to determine the trim lift coefficient (CL), induced drag 
coefficient (CDi), and estimate the S&C. In addition, a maximum lift coefficient (CLmax) estimation 
subroutine at take-off and landing conditions was added to the lift analysis discipline for various flap 
deflection angles. A parasite drag estimation was developed and validated by using semi-empirical 
equations for aircraft components, namely AERO09(15). Therefore, the lift coefficient (CL), maximum 
lift coefficient (CLmax), induced drag coefficient (CDi), and parasite drag (Cdo) were estimated for a 
given aircraft at the different flight condition and flap configurations. Moreover, the S&C analysis 
discipline predicted the static and dynamic stability derivatives for a given aircraft.

2.2	Weight analysis discipline

The weight analysis discipline was constructed by implementing the build-up of weight components 
from Raymer and Roskam(17,18). However, the piecewise linear beam theory was used to estimate the 
MALE UAV wing weight due to its long wingspan characteristic(19). The weight of the subsystems 
was estimated by calculating the weights of the Flight Control System (FCS), Environmental Control 
System (ECS), Communication System, Electrical System, and Fuel System. The avionics weight 
included the Auto Pilot, Inertial Navigation System (INS), Global Positioning System (GPS), 
Processor, Camera, Recorder, and Air Traffic Control (ATC), which are directly inputted by users. 
The electric propulsion system was composed of the motor, battery, and power controllers. Each 
component was assigned a location to predict a centre of gravity. In addition, the inertia moment 
of the aircraft was estimated for the S&C analysis discipline.

2.3	Electric-powered propulsion analysis discipline

The propeller and electric motor analysis discipline integrates a motor specification database with 
a propeller aerodynamics solver. The electric motor specifications were obtained from the database 
and corrected for the temperature and altitude of the specified flight conditions. An optimisation 
algorithm was used to identify the most efficient propeller angle and throttle setting that produces 
the correct thrust for an input flight velocity, as shown in Fig. 2. The propulsion analysis discipline 
was used as an offline analysis to generate a thrust table based on the electric motor and propeller 
index for the performance and mission analysis at various throttle settings, speeds, and altitudes. 
The Blade Element Theory (BET) was used to analyse the propeller(20). An X-foil program(21) was 
integrated into the BET to estimate the lift and drag coefficients at each propeller blade section. 
The thrust table includes the speed, available thrust, propeller efficiency, amperage, and propeller 
optimum blade angle with several tables for various throttle settings.
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 table 1
battery solutions(13) 

 Li Polymer FePO4 Li-SOCl2 Li-FeS2 Lithium – Nickel –
     Ion  Cadmium

Voltage (V) 3·7 3·2 3·6 1·5 48 4·8
Amp-hours 35 200 19 2·9 45 260
Weight (kg) 1 6·26 0·107 0·0145 23 37
Energy (Watt-hour/kg) 129·5 102·24 639·25 300 93·91 33·73

In addition, a battery was used to provide the power to operate the electric motor. The important 
factors that infl uence the selection of the battery are based on the voltage, amperage-hours, weight, 
and energy for each battery cell for the current and innovative technology. A higher energy or 
power-to-weight ratio provides more power for same battery weight. Therefore, these ratios are the 
main criteria to be considered for aerial vehicle applications while ignoring cost considerations. 
Several battery solutions are listed in Table 1.

2.4 Mission analysis discipline

The mission analysis discipline uses the time simulation method to predict the take-off, landing, 
climb, descent, loiter, and cruise duration as well as the used amperage during each mission. The 
equations of motion were derived for each mission to perform the time integration. The used 
amperage was calculated by multiplying each mission duration with the corresponding amperage 
in the thrust table(22).

2.5 Performance analysis discipline

The equations of motion were solved for un-accelerated and accelerated fl ights to determine 
minimum and maximum speed, maximum rate of climb, turn rate, and service ceiling at different 
fl ight altitudes. The take-off and landing time simulation method were applied to determine the 
take-off and landing distance over obsaatacles or ground roll. In addition, the endurance of an 

Figure 2. Electric-powered propulsion analysis module.
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electric-powered UAV is given by Equation (3), which is affected by the constant weight of an 
electric-powered UAV based on the battery capacity, motor voltage, required power, and required 
current as shown in Equations (1) and (2) (19, 22):

		  The required current:				    . . . (1)
	

		  Where, the required power: 	 . . . (2)
 

T is a required thrust, V is an aircraft speed, and η is the propulsion efficiency.
The endurance equation for electric-powered UAV:

	 . . . (3)

2.6	Possibility Based Design Optimisation (PBDO) solver

Possibility Based Design Optimisation (PBDO) accounts for uncertainties by modelling each 
source of uncertainty as a fuzzy number(23). Fuzzy numbers including uncertainty variable xu and 
parameter pu define an interval in which the true value of the uncertain term could lie. The width 
of the interval is controlled by adjusting the alpha value, which is referred to as the possibility 
index. The shape and width of the fuzzy number is typically determined by expert experience or by 
examining any available data relevant to the variable or parameter(24). Many methods are currently 
available to handle optimisation problems with fuzzy variables or parameters(25).

This research implements an in-house PBDO solver (iPBDO) written in the MATLAB 
programming language shown in Fig. 3(26). The solver implements a sequential solution strategy. 
The process begins with a full deterministic optimisation using a Sequential Quadratic Programming 
(SQP) optimiser followed by a reliability assessment phase with the initial variable xi,o and initial 
search step si,o as shown in Fig. 3. An anti-optimisation is performed on each constraint to determine 
the worst possible combination of the uncertain variable and parameter values within the boundaries 
defined by each fuzzy number. This information is used to further shift the constraints into the 
feasible design space. A deterministic optimisation is performed using the shifted constraints. This 
process is repeated until the results converge.

3.0	� Possibility Based Design Optimisation for 
electric-powered UAVs

3.1	Electric-powered UAV design process

The PBDO for electric-powered UAVs design process begins by selecting a generic UAV with piston 
engine system, as shown in Fig. 4. The electric-powered system, which includes the motor, power 
controllers, and battery weight, was selected to match the power and weight of a piston propulsion 
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system. The mission profi le, electric-powered system, and UAV baseline confi guration data were 
provided to the iUAV analysis box. A sensitivity analysis was performed to eliminate the small 
effects of the UAV confi guration variables on the performance and other output parameters. The 
effective variables were then selected as the design variables for the design formulation, as shown 
in Fig. 4. In addition, the uncertainty consideration was investigated to identify the uncertainty 
variables that infl uence the UAV output parameters. Eventually, the iPBDO solver was processed 
with the help of the design formulation, uncertainty consideration, and iUAV analysis to obtain the 
optimal UAV confi gurations with different possibility indices, as shown in Fig. 4. The high fi delity 
analysis ANSYS Fluent13 was implemented to validate the optimal confi guration and baseline(27,28).

Figure 3. In-house iPBDO solver fl owchart.

Figure 4. PBDO for electric-powered UAVs design process.
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3.2	Motor and battery selection for UAV

A Brushless Direct Current (BLDC) has been selected for many aerospace applications due to several 
advantages, such as a light weight, high efficiency, low noise, and low thermal dissipation(11). The 
six BLDC motors ranging from 10HP to 160HP are listed in Fig. 5. The motor and battery systems 
were selected to replace a Predator A propulsion system, which is a Rotax 115HP turbocharged 
engine and fuel weight, shown in Fig. 5. The appropriate motor and power controller weight are 
estimated in Table 4 for a 115HP engine. The power controllers were composed of power controllers 
and two cable weights, which are shown in Table 2.

Table 2 
Selected motor and power controllers

		  Motor
	 Horse Power (HP)		  115
	 Weight (lbs)		  98·725
	 Opt. Voltage (V)		  400-700
		  Power Controllers
	 Power Controllers Weight		  61·003
	 Cable (+) (lb)		  10
	 Cable (–) (lb)		  10

The electric UAV propulsion system was matched to a Predator A propulsion system at 402∙75kg 
for the propulsion system in Table 3. The battery weight was estimated by using the selected motor 
and power controller data. Because the Tenergy Li-SOCl2 battery is known to have a very high 
power-to-weight ratio and light weight(13), it has been used in many aerospace applications(5,6). 
Therefore, a Tenergy Li-SOCl2, which has an output of 3∙6V, capacity of 19Amp-hours, and weight 
of 0∙107kg per cell, was selected. The electric-powered UAV was assumed to use a 115HP and 
600 Voltage motor. Hence, a 100Ah and 600V Tenergy Li-SOCl2 battery pack of 1,755 cells was 
required to yield a total weight of 188kg. The electric-powered UAV was matched with a 321∙25kg 
battery weight with 3,000 cells of the Tenergy Li-SOCl2 battery.

3.3	Sensitivity analysis

A sensitivity analysis was performed on 21 variables of the MALE UAV configuration, including 
the wing, horizontal tail, vertical tail, and their locations relative to 17 constraints and the endurance 
shown in Table 6. Five hundred design points were selected by implementing the Latin Hyper-cube 

Figure 5. Motors and controllers selections.
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and orthogonal method (27) to execute the iUAV analysis program. Four sensitivity analysis results 
for the empty weight, stall speed, static margin (SM), and endurance are shown in Fig. 6. The empty 
weight component is primarily affected by the wing span, design speed, wing geometry, vertical and 
horizontal tail as shown Fig. 6(a), which agrees with aircraft weight components. Similarly, the static 
margin is primarily affected by the wing sweep angle (63%), wing x location or wing longitudinal 
location, and wing root chord, as shown in Fig. 6(c). The wingspan, wing root, and wing tip chord 
mainly affect the stall speed as shown in Fig. 6(c). The endurance parameter is mainly affected by 
the design speed (80%) because gross weight is constant for an electric-powered UAV. If the UAV 
flies at a lower speed, the endurance increases. A combination of the wingspan span speed, which 
relate to the aerodynamics parameters and other wing geometry parameters, also affect the endurance, 
as shown in Fig. 6(c). The main variables that affect the UAV endurance and the 17 constraints are 
shown in Table 6. The wing, vertical tail, and horizontal tail z location or vertical location within 
5% effects on objective and 17 constraints are neglected in the design formulation which slightly 
affected the endurance and constraints. The design altitude is considered as uncertainty parameter.

3.4	Electric-powered UAVs design formulation

The endurance of a UAVs is a main factor for surveillance and other missions. Therefore, it was 
selected as an objective function to maximise the endurance of the electric-powered UAV.

			   Maximise Endurance = End(xl) j = 1, 17	 . . . (4)

			   Subject to: П (Gi(d(X) > 0)) > αt,  i = 1, ..., 17	 . . . (5)

The 17 design variables are listed in Table 4, including the wing, horizontal tail, vertical tail 
geometry, and the design speed after sensitivity analysis. The design space for each design variable 

Table 3 
Propulsion system weight for electric UAV

	 Predator A propulsion system
	 Dry engine weight (kg)		  75·5
	 Installed engine weight assumed 10% dry (kg)	 7·55
	 Fuel weight (kg)		  301·6
	 Unused fuel assumed 6% fuel (kg)	 18·096
	 Propulsion system weight (kg)	 402·75

	 Electric UAV propulsion system	
	 Motor (kg)		  44·88
	 Power controllers (kg)		  27·72
	 Cable (+)		  4·45
	 Cable (-)		  4·45
	 Battery weight (kg)		  321·25
	 Electric UAV propulsion system weight (kg)	 402·75

→
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was set at ±25% from a baseline. The lower bound of the design speed variable was set to the 
stall speed and the upper bound was defi ned by the maximum speed from the Predator A specifi -
cations. The 17 constraints were subjected to geometry, aerodynamics, weight, performance, and 
S&C analysis parameters, as shown in Table 6. The fi rst run to determine results was executed 
while satisfying these above constraints. Uncertainty variables were formulated to run the PBDO 
process, which are shown in Table 5. The design speed was considered an uncertainty variable 
due to its variability during the course of the mission. The electric-powered propulsion system 
introduces many uncertainty parameters, which are listed in Table 5. The battery cell and pack 
were set to their mean value and interval width due to the technology limitations consideration 
based on engineering experience. In addition, the density correction, design altitude, and propeller 
effi ciency were considered uncertainty parameters due to their effect on the UAV endurance.

(a) empty weight sensitivity analysis

(c) SM sensitivity analysis

(b) stall speed sensitivity analysis

(d) endurance sensitivity analysis

Figure 6. Sensitivity analysis for electric-powered UAV.
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Table 4 
Design constraints for electric-powered UAV

	Constraints	 Description	 Discipline

	 G(1)	 Static Margin: SM ≥ 0∙05	 S&C (@Vdesign)
	 G(2)	 Static Margin: SM ≤0∙15	 S&C (@Vdesign)
	 G(3)	 Take-off field length ≤ 609m (2,000ft)	 Perf. (50ft) (WOT) 
	 G(4)	 Lateral stability derivative: Clβ ≤ −0∙03	 S&C (@Vdesign)
	 G(5)	 Gross weight: MTOW ≤ 1,020 (kg)	 Weight
	 G(6)	 Pitching moment der. Cma ≤ 0	 S&C (@Vdesign)
	 G(7)	 Landing distance ≤ 518m (1,700ft)	 Performance 
	 G(8)	 Empty weight W ≤ 360kg	 Weight
	 G(9)	 Lift over drag ratio: L/D ≥ L/Dbaseline 	 Aerodynamics (@Vdesign)
	 G(10)	 Wing taper ≥ 0∙2 	 Geometry
	 G(11)	 Take-off ground roll ≤ 438m (1,440ft)	 Performance(@WOT)
	 G(12)	 Maximum speed (Vmax) ≥ 60∙3ms–1	 Performance (@WOT) 
	 G(13)	 Stall speed (Vstall) ≤ 27·8ms–1	 Performance (Clean) 
	 G(14)	 Service ceiling ≥ 25,000ft	 Performance (@WOT) 
	 G(15)	 Hinge moment equation @ take-off condition	 Performance (@low V)
	 G(16)	 Directional stability derivative: Cnβ ≤ 0∙28	 S&C (@Vdesign)
	 G(17)	 Directional stability derivative: Cnβ ≥ 0∙08	 S&C (@Vdesign)

Table 5
Uncertainty variable and parameter selection

		  Name	 Interval Width	 Mean Value
	 Uncertain Variable	 Design speed	 ± 3ms–1	 42ms–1

		  Density correction	 ± 0∙02kg/m3	 0
		  Design altitude	 ± 250 m	 3,000m
		  Payload	 ± 10 kg	 204kg
		  Battery weight	 ±3%	 321·25kg
	 Uncertain Parameter	 Battery pack voltage	 ±10%	 600V
		  Battery pack capacity	 ±10%	 200Ah
		  Battery cell voltage	 ±1%	 3·6V
		  Battery cell amperage	 ±1%	 19Amp
		  Battery cell weight	 ±1%	 0∙107kg
		  Propeller efficiency	 ±5%	 0∙85

3.5	Optimum UAV results

The electric-powered UAV analysis results based on the Predator A show agree well with 
the baseline aerodynamic, S&C, weight, and performance data, as shown in Table 6. The 
endurance was reduced to 4∙86 hours for a fully armed payload with a Tenergy Li-SOCl2 
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battery due to battery technology limitations for the baseline. The Design Explorer Optimi-
sation method (29), which uses the Latin Hyper-cube method to seek an entire design space 
with 123 design points and a Sequential Quadratic Programming (SQP) method, was applied 
to determine the electric-powered UAV configurations that corresponded to a possibility 
index of 1, as shown in Table 6. The possibility index alpha values were calculated from 0 to 
1. The alpha value of 1 represents the deterministic optimum results, while the alpha of 0∙4 
represents the most conservative optimum results when considering the entire uncertainty 
interval given for a UAV design formulation. However, the optimal UAV results are shown for 
alpha values from 0∙4 to 1 in Table 6. Due to the 17 design variables, 17 constraints, and 11 
uncertainty variables, the UAV design formulation has a small feasible region. Therefore, the 
UAV configuration cannot be optimised for alpha values between 0 and 0∙2 because feasible 
regions could not be found during the optimisation search, as shown in Fig. 7. The most 
conservative UAV configuration was reached at an alpha value of 0∙4, for which the endurance 
was improved from the baseline 4∙86 hours to 5∙41 hours. When the possibility index alpha 
value increased to 1, the UAV endurance also improved and was maximised at 6∙55 hours, 
which corresponded to the deterministic UAV results in Table 6 when all constraints are 
satisfied. Increasing the possibility index from 0∙4 to 1 indicates that certain data are defined 
in the uncertainty interval. Therefore, the relationship between the endurance and alpha value 
primarily consists of a compromise with the PBDO concept. The optimal wingspan increased 
from the baseline value at different possibility indices and was maximised at an alpha value 
of 1, which corresponded to the deterministic results. The wing tip chord reached a lower 
bound to improve the aerodynamic characteristics. This value increased the lift to drag ratio 
at the optimal UAV configuration for different possibility indices, as shown in Table 6. The 
lift over drag ratio increased from a baseline to different possibility indices and reached a 
maximum value of 28∙61 at the deterministic configuration. The wing weight, empty, and 
gross weight increased and satisfied the constraints due to the increase in the wingspan and 
area shown in Table 6.

The optimal UAV configuration performance characteristics, such as the stall speed, 
maximum speed, take-off, and landing distance, also improved from the baseline value due to 
the increased wingspan and lift over drag ratio. These characteristics were maximised at the 
deterministic optimum configuration. All performance constraints satisfied the constraints given 
in the UAV design formulation. The static stability constraints, including the SM, lateral and 
directional static derivative coefficients, and pitching moment coefficient were satisfied at the 
optimal UAV configuration with different possibility indices. The wing sweep, horizontal tail 
area, and location were adjusted to satisfy the SM and pitching moment coefficient constraints 
given in the design formulation shown in Table 6. The vertical tail area and location were 
changed to satisfy the static lateral and directional stability coefficients, as shown in Table 
6. The design speed was also considered as an uncertainty variable and reduced from 42ms–1 
at the baseline to 39·8ms–1 at an alpha of 0∙4, as shown in Table 6. The design speed was 
minimised at 34ms–1 for the deterministic result. The UAV operated at lower speed, which 
reduced the battery use during flight and increased the endurance, as shown in Table 6. The 
design speed reduced linearly with the increase in the possibility index due to uncertainty 
design speed variable consideration.
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Table 6 
Electric-powered UAV optimal configurations at different possibility index

		  	 α = 0·4	 α = 0·6	 α = 0·8	 α = 1·0
		  Baseline	 result	 result	 result	 result	 Unit
	 Endurance	 4·86	 5·41	 6·11	 6·34	 6·55	 hours
	 Wing span	 14·8	 16·61	 17·98	 18·42	 18·5	 m
	 Wing root chord	 1·24	 1·20	 1·21	 1·25	 1·3	 m
	 Wing tip chord	 0∙5	 0∙40	 0∙375	 0∙375	 0∙375	 m
	 Wing sweep	 5	 4·35	 4·48	 7·23	 3·69	 °
	 Wing dihedral	 0	 0∙00	 0∙00	 0∙00	 0	 °
	 Wing x location	 3·59	 4·00	 3·50	 3·44	 3·43	 m
	 HT span	 4	 3·84	 3·54	 3·80	 3·53	 m
	 HT root chord	 0∙742	 0∙61	 0∙83	 0∙46	 0∙85	 m
	 HT tip chord	 0∙742	 0∙58	 0∙59	 0∙40	 0∙6	 m
	 HT sweep	 0	 5·10	 2·05	 4·94	 1·91	 °
	 HT x location	 6·82	 7·80	 7·23	 7·80	 7·11	 m
	 VT span	 1·14	 1·50	 1·50	 1·50	 1·5	 m
	 VT root chord	 0∙742	 1·00	 1·00	 0∙93	 1	 m
	 VT tip chord	 0∙742	 0∙93	 0∙50	 0∙42	 0∙46	 m
	 VT LE sweep	 45	 0∙00	 13·26	 0∙00	 35·3	 °
	 VT x location	 6·82	 7·15	 6·90	 7·30	 6·89	 m
	 Vdesign	 42	 39·80	 38·60	 36·50	 34	 ms–1

	 Wing taper ratio	 0∙4	 0∙31	 0∙30	 0∙30	 0∙30	
	 Lift over drag ratio	 21·3	 23·20	 25·60	 26·10	 28·61	
	 Maximum speed	 76·1	 77·80	 78·20	 78·95	 80∙83	 ms–1

	 Stall speed	 24·48	 24·04	 23·11	 22·58	 22·21	 ms–1

	 Take-off ground roll	 317·75	 323·60	 325·12	 341·20	 356·40	 m
	 Take-off field length	 521·29	 540∙20	 550∙45	 560∙40	 572·30	 m
	 Landing distance	 400∙37	 413·12	 420∙60	 425·10	 430∙4	 m
	 Clβ	 0∙0069	 –0∙030	 –0∙032	 –0∙045	 –0∙091	
	 Clβ	 0∙0055	 0∙080	 0∙080	 0∙080	 0∙08	
	 Cmα	 –0∙741	 –0∙74	 –0∙76	 –0∙81	 –0∙85	
	 SM	 0∙106	 0∙05	 0∙089	 0∙115	 0∙126	
	 Wing weight	 91	 92·20	 93·10	 94·50	 95·4	 kg
	 MTOW	 1,011·7	 1,013·30	 1,014·20	 1,016·81	 1,018·2	 kg
	 Empty weight	 334·7	 337·80	 339·50	 340∙78	 342·3	 kg

The 3D optimal UAV configuration for various possibility indices is shown in Fig. 8. The wingspan 
was increased from the baseline value to the deterministic optimal configuration. The baseline 
and optimal configuration of the possibility index values at 0∙6 and 1 were validated by ANSYS 
Fluent 13.

3.6	High fidelity analysis validation

The objective function of the electric-powered UAV maximised the endurance. Therefore, 
the validation of the lift and drag module is significant to insure the reliability of low fidelity 
aerodynamics module for the optimum results. The entire baseline optimal UAV configuration 
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was validated by ANSYS Fluent 13 for a baseline and a possibility index values of 0∙6 and 1. 
The meshing topology for the entire electric-powered UAV configuration is shown in Fig. 9. The 
symmetric model of electric-powered UAV was meshed.

Steady state calculations were used to compute the aerodynamic coefficients and flow field of 
the entire UAV configuration in ANSYS-Fluent 13. The mesh was modelled using Pointwise(30) 
grid generation software. Reynolds-Averaged Navier-Stokes (RANS) equations were applied 
to describe the flow around a UAV Single equation Spalart-Allmaras turbulent model (S-A), 
which was specifically developed by Spalart and Allmaras for aerospace applications involving 
wall-bounded flows. This model was used in the current calculation. The model showed a good 
agreement for boundary layers subjected to adverse pressure gradients.

The flow was investigated around half of the entire UAV configuration because the UAV 
configuration geometry was symmetric. To precisely calculate the boundary-layer properties, 
a dense mesh was generated around the UAV configuration. The Y+ value at the wing and tail 
surface was equal to 1∙0 and greater than 1∙0 at the body surface. Applying a Y+ value less 
than 1∙0 at the body surface leads to high aspect ratio cells and mesh geometryproblems. A 
dense mesh with 2∙6 grid points was used to precisely predict the aerodynamic characteristics 
of the entire UAV configuration. The grid system is shown in Fig. 9. Maximum residuals 
of the velocity components, energy and continuity of less than 10−4 w were selected as the 
convergence criteria. 13 
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Figure 7 Electric-powered UAV endurance vs. Alpha 
 

 
 

Figure 8 3D optimal UAV configuration with various possibility index 
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configuration of the possibility index values at 0.6 and 1 were validated by ANSYS Fluent 13. 

 
F) High fidelity analysis validation 

The objective function of the electric-powered UAV maximised the endurance. Therefore, the validation of the 
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Figure 7. Electric-powered UAV endurance vs Alpha.

Figure 8. 3D optimal UAV configuration with various possibility index.
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The pressure distribution on the entire UAV confi guration is shown in Fig. 10. The low speed 
cruise condition was analysed at 42ms–1, 38∙6ms–1, and 34ms–1 for the baseline, a possibility index 
of 0·6, and a possibility index of 1 confi guration, respectively in Table 6. The highest pressure 
regions appeared on the nose of the UAV, the lower wing, lower wing, and lower horizontal tail 
surface, as shown in Fig. 10. The lowest pressure region was on the upper wing surface, due to a 
very long wingspan and low speed. These conditions produce a higher lift force on the wing and a 
higher lift-to-drag ratio. The endurance was improved. The pressure distribution was higher near 
the upper wing tip region due to the induced effect at the outboard wing. Therefore, the RANS 
solver captured the UAV aerodynamic characteristics well. In addition, the turbulence model was 
applied to the current analysis. However, the fl ow was a low speed regime and mostly laminar in 
the wing, tail, and fuselage. Hence, the drag coeffi cient was over-estimated due to the turbulence 

Figure 9. Entire electric-powered UAV grid system.

problems. A dense mesh with 2.6 grid points was used to precisely predict the aerodynamic characteristics of the 
entire UAV configuration. The grid system is shown in Figure 9. Maximum residuals of the velocity components, 
energy and continuity of less than  were selected as the convergence criteria.      

 

Figure 9 Entire electric-powered UAV grid system  

 

Figure 10 Pressure distribution for the entire UAV configuration at cruise condition 
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wing, lower wing, and lower horizontal tail surface, as shown in Figure 10. The lowest pressure region was on the 
upper wing surface, due to a very long wingspan and low speed. These conditions produce a higher lift force on 
the wing and a higher lift-to-drag ratio. The endurance was improved. The pressure distribution was higher near 
the upper wing tip region due to the induced effect at the outboard wing. Therefore, the RANS solver captured 
the UAV aerodynamic characteristics well. In addition, the turbulence model was applied to the current analysis. 
However, the flow was a low speed regime and mostly laminar in the wing, tail, and fuselage. Hence, the drag 
coefficient was over-estimated due to the turbulence model. The baseline and a possibility index values of 0.6 and 
1 configurations were calculated at cruise condition. The cruise lift coefficient comparison between high fidelity 
analysis and iUAV analysis tool at three different configurations are presented in Table 7. The results show very 
good agreement with the high fidelity analysis results at the maximum error of 4.08% comparing with the high 
fidelity analysis results. Therefore, the accuracy of results was verified to demonstrate the effectiveness of the 
proposed process.         

 

Figure 10. Pressure distribution for the entire UAV confi guration at cruise condition.
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model. The baseline and a possibility index values of 0∙6 and 1 configurations were calculated at 
cruise condition. The cruise lift coefficient comparison between high fidelity analysis and iUAV 
analysis tool at three different configurations are presented in Table 7. The results show very good 
agreement with the high fidelity analysis results at the maximum error of 4∙08% comparing with 
the high fidelity analysis results. Therefore, the accuracy of results was verified to demonstrate 
the effectiveness of the proposed process.

Table 7
The UAV high fidelity analysis validations comparison

	 	 Lift coefficient	 Lift coefficient	 Difference
		  (iUAV tool)	 (ANSYS Fluent 13)	 (%)
	 Baseline configuration	 0∙525	 0∙513	 2∙35
	 Alpha = 0∙6 configuration	 0∙474	 0∙46	 2∙95
	 Alpha = 1 configuration	 0∙490	 0∙47	 4∙08

4.0	Conclusion
A possibility-based multidisciplinary optimisation for an electric-powered UAV design was 
successfully presented and demonstrated by resizing a Predator A configuration with uncertainty 
considerations in the design formulation. The optimal electric-powered UAV results show a 
very good agreement and trend when increasing the possibility index from 0∙4 to 1. The optimal 
electric-powered UAV configuration, which increased when increasing the possibility index from 
0∙4 to 0∙8, yielded more conservative results compared with the deterministic results. The optimal 
configuration with uncertainty considerations is more reliable than the deterministic optimal result.

The electric-powered system was investigated to replace a piston engine system and to generate 
a propulsion analysis based on the blade element theory. The electric-powered system and propeller 
analysis results were created to analyse the electric-powered UAV performance. The uncertainty 
considerations for the battery voltage, capacity, and weight were simulated to make the electric-
powered UAV design problem more realistic. This approach resulted in a more conservative 
configuration with different possibility index values.

The accuracy of a baseline and two optimal electric-powered UAV configuration at possibility 
index values of 0∙6 and 1 was verified by the high fidelity analysis ANSYS Fluent 13 to demonstrate 
the effectiveness and feasibility of the proposed method with maximum error of 4∙08 percent.
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