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Abstract

Singh, Vinay. M.A.Sc. University of Ottawa, August 2018. Design and shape op-
timization of unmanned, semi-rigid airship for rapid descent using hybrid genetic

algorithm . Supervised by Dr. E. Lanteigne, Ph.D..

Airships provide an eco-friendly and cost-effective means to suit sustained airborne op-
erations. Smaller autonomous airships are highly susceptible to adverse atmospheric
conditions owing to their under-actuated, underpowered and bulky size relative to
other types of unmanned aerial vehicles (UAVs). To mitigate these limitations, care-
ful considerations of the size and shape must be made at the design stage. This
research presents a methodology for obtaining an optimized shape of a semi-rigid
airship. Rapid descent of the LTA ship is achieved by means of a moving gondola
attached to a rigid keel mounted under the helium envelope from the bow to the
mid-section of the hull. The study entails the application of a robust hybrid genetic
algorithm (HGA) for the multi-disciplinary design and optimization of an airship ca-
pable of rapid descent, with lower drag and optimum surface area. A comprehensive
sensitivity analysis was also performed on the basis of algorithmic parameters and at-
mospheric conditions. With the help of HGA, a semi-rigid airship capable of carrying
a payload of 0.25 kg to 1.0 kg and capable of pitching at right angles is conceptually
designed. The algorithm is also tested on commercially available vehicles to validate
the results. In multi-objective optimization problems (MOOPs), the significance of

different objectives is dependent on the user.

Keywords: genetic algorithm, hill climbing, optimization, Pareto optimality, rapid

descent, semi-rigid airship
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Chapter 1

Introduction

An airship or dirigible is a type of aircraft that uses lighter-than-air gas to gain lift and
it navigates through the air under its power [1|. Typically classified into rigid, semi-
rigid and non-rigid airship, the focus of the present work is the second type. There
are four basic components of a miniature semi-rigid airship, which also happens to

be subject of discussion- hull, tail unit (optional), gondola and keel.

1.1 Motivation

Airships use lighter than air gases like hydrogen or helium to gain buoyancy necessary
for lift. Invented by the French engineer Henri Giffard in the year 1852 [2|, airships
have seen significant changes in the design since their inception. With the techno-
logical advances in heavier-than-air aircraft as well as accidents owing to flammable
hydrogen, came a sharp decline in the development and use of airships. However,
in the past decade or so, there has been renewed research interest in these aircrafts.
Hydrogen is replaced by safer and almost equally light helium. On account of which,
airships offer longer endurance flights at speeds as high as 100 km/h [3]. Airships
are tailored for applications such as: payload delivery, prolonged aerial surveillance,
photography, advertizing and so on [!]. Owing to their safe, user-friendly and cost-
effective qualities, airships have leverage over heavier-than-air vehicles like rotary wing
aircraft or any ground vehicle. Airships are most commonly classified on the basis
of structural configuration: rigid airships, semi-rigid airships and non-rigid airships
[7]. Rigid airships (e.g. Hindenburg) are made up of solid shell framework with one
or more gas cells [(]. These maintain their shape by virtue of their framework and
not from the pressure of the lifting gas. Semi-rigid airships have a partial rigid frame
mounted inside or outside to subside the total load carried by the airship. Com-

mon examples include Zeppelin NT, Norge, Italia and so on. Non-rigid airships or



blimps, a contemporary technology like semi-rigid airships, are gas-filled pressure ves-
sels made of natural or synthetic fibre [2]. The hull (helium-filled vessel) is equipped

with appendages like gondola, a set of propellers and a tail rotor [7].

Modern manned semi-rigid airships like CargoLifter and Zeppelin N'T utilize carbon-
composite frames that allow them to be light, huge and structurally sound [2|. These
airships are earmarked for payload delivery with their advanced actuation to control
pitch and altitude. However, smaller unmanned version of these airships achieve ac-
tuation with thrusters [11]. Most common configuration involves two thrusters for
longitudinal propagation and one thruster for transverse movement [I1]. Fig. 1.1

shows some of the modern unmanned airships with an airship hull that has its maxi-

Figure 1.1: Modern unmanned airships: (a) Aurora airship AS 800 [3], (b) Airship deploying
UAS [9], (c) High altitude airship Berkut [10], (d) SAIC Skybus 80K [9])



(a) Old airship model (b) Hull profile with keel for
rapid descent

Figure 1.2: Structural modelling of semi-rigid airship: Old airship vs. new airship

mum diameter shifted away from the mid-section. These airships are either battery-
powered or solar-powered or powered by combination of both. Despite this, the small
unmanned airships are typically under-powered, under-actuated and lack controlla-

bility making them vulnerable to crash in adverse weather conditions [11][12][13].

To address the concern, the current research will attempt to use a center of gravity
(CG) control for rapid descent capability as shown in Fig. 1.2. The descent is
generally realized for neutrally buoyant airships as shown in Fig. 1.3 which shows the
CG control using ballast repositioning instead of conventional over-actuation using
controller [12]. A friction wheel is used to drive the gondola along the keel as shown
in Fig. 1.4. It must be noted that no aerodynamic optimization was performed on
the vehicle shown in Fig. 1.3 [11]. The present work proposes the fastest means to
achieve descent by utilizing an extended keel (with a straight portion and a circular
portion around the bow) embedded inside the envelope material as shown in Fig.
1.2(b). Design of an airship involves multiple complementing objectives that are
often formulated into a single multi-objective optimization problems. Evolutionary

algorithmic (EA) optimization techniques such as genetic algorithm (GA) are a robust



Figure 1.3: Airship descent using CG control [12]

and powerful technique to solve such optimization problems [I1]. Consequently, a
hybrid genetic algorithm (HGA), a combination of local search and global search
techniques, is employed on the mathematical model of airship hull to optimize its

surface area and aerodynamic drag for a given range of missions.

1.2 Problem description

The scope of the current research is restricted to the design optimization of the au-
tonomous, semi-rigid airship described in the previous section. Earlier airships had a
cylindrical shape as shown in Fig. 1.3 and ellipsoid form while modern airships have
a prolate ellipsoid shape with lower fineness ratio [I]. The cylindrical hull facilitates
a smooth sliding of gondola unit which has its significance while the ellipsoidal or

prolate ellipsoid profile is proven to be aerodynamically superior [1].

To understand the dynamics, stability and control of the airship, the motion of axes is
considered with respect to the trimmed equilibrium flight. For a general configuration
of body axes, origin is assumed to be at the center of volume (CV), the z axis
is coincident with the axis of symmetry and the oxz plane is coincident with the

longitudinal plane of symmetry of the airship as shown in Fig 1.5. Considering that



Figure 1.4: Airship gondola prototype [12]

the volume of gondola is negligible in comparison to the volume of the hull, the CV
lies on the axis of symmetry of the envelope. A labeled, side view of gondola that
also carries the ballast is shown in Fig. 1.4. The friction wheel, powered by a gear
motor, is pressed against the keel to help the sliding movement of gondola. The two

forward facing thrusters provide the necessary forward thrust.

In designing an airship, it is vital to consider the balance or trim of the airship. For
any type of aircraft to be stable and controllable, it is necessary to have the CG to
be within a prescribed range from the origin. In relation to airships, the relationship
between the CG and center of volume (CV, geometrically located at the CB of the
envelope) is of paramount significance. For instance, the CG should be vertically
collinear with the CV for a statically stable configuration (ignoring the aerodynamic
and thrust effects) [1]. Airship will adopt a pitch for any horizontal offset between
the CV and the CG. Extending the concept to descent, the CG and the CV should
follow the same relation to achieve the maximum pitch. Lanteigne et al. based on
the study by Srikanth et al. suggested that a feasible way to achieve pitch control for
a small unmanned airship is to exploit center of gravity (CG) control with the aid of
a sliding ballast [11][13]. This is achieved by attaching a rail/keel to the bottom of
the airship on which the ballast slides.

It is imperative to include the pertinent characteristics of an airship while consider-



Figure 1.5: Airship axes configuration [11]

ing the conceptual design [15]. For instance, the structure of an airship including its
weight, the aerodynamic effects on the vehicle, propulsive power needs (solar cells, if
used) and so on are to be incorporated into the objective function. Envelope mass of
an airship, which is a function of total surface area, has a significant contribution to
the total self weight, and, thereby affects the payload capacity. On the other hand,
the envelope body profile also influences the aerodynamic force and moments gen-
erated on it. To increase the payload capacity and reduce the required propulsive
power of an airship, it is indispensable to optimize the envelope drag coefficient that

accounts for roughly two-third of the total airship drag [L0].

The objective is to optimize the shape of the airship hull for a given payload capacity
subject to the effects of aerodynamics and the structural weight with the additional

constraint of enabling a complete vertical pitch to improve controllability.



1.3 Thesis layout

The thesis will be comprised of six main chapters. A thorough review of existing
literature on airship optimization will be summarized in Chapter 2. The methodology
adopted for the current research will be presented in Chapter 3. Chapter 4 will
highlight the simulation platform set up for optimization. In Chapter 5, the results
obtained will be discussed and compared to relevant work by other scholars in addition
to running the algorithm on commercial blimps. Finally, Chapter 6 will list the

conclusion of the present research.



Chapter 2

|iterature review

2.1 Airship shape optimization

In order to facilitate practical applications of unmanned airship technology, it is vital
to enhance their operational efficiency. For instance, the propulsive power needed for
an airship is a factor of the aerodynamic drag on the gas envelope. Optimizing the
aerodynamic drag would enable higher endurance, low power consumption, less fuel
(greater payload), and increase the range of missions. Propulsive power (P,.) relates
to the drag force at cruise in the following manner where, propulsive power,

_ DVer

77pr op

Pcr (21)

where D is the drag force on the ship, V. is the cruise velocity, and 7,,,, is the

propulsive efficiency [17].

It is significant to understand that airship optimization is not a novel idea. Early
optimization attempts could be dated back to the last quarter of the twentieth century.
Lutz et al. devised a tool for drag optimization of axi-symmetric airship bodies
submerged in incompressible flow at zero incidence [16]. This work used a parametric
source distribution function to model the body profile of the airship as shown in Fig.
2.1 and the source strength was modelled as the design variable. The prime objective
of the work was to attain an aerodynamic shape for a prescribed range of flight speed

(five Reynolds number regimes).

The authors employed a sophisticated semi-empirical e"-transition method for pre-
dicting the location of transition of fluid flow from laminar to turbulent. The work
was premised on the idea that the length of laminar flow region has a crucial im-

pact on the drag coefficient, predominantly for lower to medium Reynolds number.
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(a) Flow field at zero incidence
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Figure 2. Source section with linearly varying strength

(b) Source section with varying linearly
strength

Figure 2.1: Modelling of flow field and geometry of body profile [16]

They used POINTER, a commercially available optimization tool, and an evolution
strategy with de-randomized co-variance matrix adoption tool to minimize the multi-
dimensional objective function. In this work, no geometric constraint was introduced;
instead the results were derived solely on the basis of friction and form drag with a
penalty for pressure drag in case of turbulence. This method was computationally ex-
pensive and it ignored surface waviness of airships and the drag induced by attached

bodies such as the gondola, fins, and thrusters.

A considerable number of attempts for multi-disciplinary design optimization (MDO)
incorporating Structures, Aerodynamics and Flight Mechanics, can be found in the
literature for improving airship design and performance [11] [1&]. A classical strategy
to incorporate the different domains is to formulate a pertinent objective function.
This approach is commonly referred to as ‘Sum of weighted function’. Nejati et
al. extended the drag-based optimization of airship hull by using genetic algorithm

(GA) [14]. Unlike other previous work, this work used a forced transition criterion
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to identify the transition region with respect to Reynolds number. In other words,
they replaced the transition region by a transition point i.e. 3% of the body length.
Also, the boundary layer was calculated by neglecting the curvature effects which led
to error in results at the stern side of the ship. The drag coefficient was computed

using Young’s expression as shown below:

Cp = T 0y (2.2
where,
H+5
A= —5 S = 7[(r0) maz]’ (2.3)

where Cp is the drag coefficient consisting of form drag and skin-friction drag, 6 is the
momentum thickness, A is the area factor, H is the shape factor, U} is the velocity
at the edge of the boundary layer, S is the surface area at maximum radius, and r

is the radius of the body of revolution.

Pant established a methodology for determining baseline specifications for non-rigid
airships [17]. The research provides a benchmark for conceptual design of an airship
with a platform for multi-disciplinary optimization for a certain payload capacity.
Mueller et al. emphasized the importance of a superior control and guidance system
for an unmanned autonomous airship [19]. They developed a dynamic model of
the airship based on energy balance and mass constraints, and they achieved an
aerodynamic model of the double-ellipsoid airship profile using computational fluid
dynamics (CFD) tools [19]. This work stands out in designing control laws for single
operating condition based on results from open loop dynamic tests translating to a
representative model for expected disturbances. Put another way, linearized models
of the open-loop dynamics were used to build SISO controller for tracking desired
angular and linear velocity. Thus, Mueller et. al’s investigation involved the shape
optimization of the hull together with the design of control laws corresponding to the
airship. Kale et al. argue that the drag coefficient estimation on the basis of empirical
relation by Hoerner and Cheeseman concurs to the results from CFD packages for

only a specific class of envelope shapes [20]. This class is based on values of fineness



11

ratio and the position of maximum diameter along the longitudinal length of the

airship. The empirical relation is as follows [1]:

0.172(1/d)"/® 4 0.252(d/1)*? + 1.032(d/1)>7

where the Reynolds number is expressed as
wvd
Re = P2¥ (2.5)
1

where Cpy is the volumetric drag coefficient, [ and d are the length and the maximum
diameter of the airship respectively. Re is the Reynold’s number, p, is the density of

air, u is the dynamic viscosity of air, and v is the velocity of wind.

Consequently, they devised a response surface methodology (RSM) based on geomet-
ric parameters to ascertain the relation between parameters involved and the drag
coefficient. The RSM technique further optimized the objective function over the
design space and a second-order surface fit was obtained to predict the drag coeffi-
cient values with an accuracy of £10% . Wang et al. presented a methodology for
multi-objective optimization of airships based on aerodynamics, structural stresses
primarily, hoop stress, propulsive power and, the area of solar array [21]. They
suggest that a user can choose from multiple optimizing algorithms, namely ASA,
NSGA-IT or NLPQL to achieve an optimum shape that is modelled on the basis of
shape generation algorithm. The shape is modeled on the basis of airship equation

as shown:

64(y* + 2%) = a(l — x)(bx — I/c + Vcl? — dix) (2.6)

such that a, b, ¢ and d are the independent variables used to represent the shape

coefficients of the airship shown in Fig. 2.2.

The body profile generated using the equation and the constraints can be seen in
Fig 2.2. Gawale et al. presented a detailed methodology for remotely controlled
(RC) airship design, sizing and layout based on user-specified performance and op-

erational needs [1]. They showed that stability and control requirement also suit the
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Figure 2.2: Modelling of geometry of body profile

slender shape of the airship. The study also offered a detailed discussion on the stan-
dard envelopes, material to be used for envelope, fin sizing, lift calculations, and the
propulsion system. They proposed that the envelope fabric thickness was a function
of circumferential and longitudinal stresses acting expressed as follows:
OPi2r  0Pur

2t t

BMr
wrdt

(2.7)

Ohoop =

(2.8)

Olong = =+

where Opo0p and 00, are circumferential /hoop stresses and longitudinal stresses per
unit width respectively. Also, § P;,; is the internal pressure of the hull, and r and ¢
are the radius and thickness of the fabric respectively. BM is the bending moment

on the envelope.

Wang et al. performed MDO including factors such as weight, aerodynamics, struc-
ture and energy using adaptive simulated annealing (SA) [15]. Along these lines, Ram
et al. presented a comprehensive optimization of the aerostat envelope including fin
sizing for static stability of the tethered body [22]. They showed the importance of
multi-fabric construction that can improve the payload capacity by around 6.5%. The
focus of their research was to achieve an airship that can be static for wide range of
atmospheric disturbances. Furthermore, they showed calculations for weight of the
fin for a stable configuration and the forces on each tether element shown in Fig. 2.3

with respect to the confluence point. For this type of airships, blow-by is a major
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Figure 2.3: Forces on tether elements with respect to confluence point [22]
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Figure 2.4: Change in operational height due to blow-by [22]
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cause for concern [22]. Blow-by refers to longitudinal displacement of the aerostat
due to wind drag. Thus, to retain a constant operational altitude, a longer tether is
needed as seen in Fig. 2.4. Also, the longer the tether, greater is the weight. Thus,
a lot of effort is put into optimizing the tether profile [22][20]. Concurrent subspace
optimization based on response surface approximations is performed in the literature
for conceptual design of high altitude airships [23]. Liang et al. attempted to op-
timize the envelope shape and location of solar array for minimum total mass [23].
Other evolutionary algorithmic optimization techniques like particle swarm optimiza-
tion (PSO) and simulated annealing (SA) are also employed for the MDO of airships
as reported in the literature [21]. Optimization of airships with certain unconven-
tional contributions is presented by Amani et al. [18]. In their research, the glide
distance traveled by the vehicle in a given time is adopted as one of the objectives
based on the argument that a larger helium mass is required for a larger distance. In
order to achieve the static stability, stability derivatives are optimized subjected to

initial disturbances.

To put GA in the context of modern developments in the field of artificial intelligence
techniques of optimization, the next section is included to give the reader a basic
understanding of optimization strategies. The terminology used in the evolutionary
techniques is very uncommon in the core of mechanical engineering and thus, a brief
genetic background is supplied to further the understanding of terms and rationale

behind the components of the algorithm.

2.2 Optimization methods

Engineering optimization can be defined, mathematically, as a process of finding con-
ditions to minimize a function provided that the constraints, if any, do not fix the
solution in the feasible domain [25]. The general process of optimizing an engineering

problem can be summarized as shown in the flowchart shown in Fig. 2.5

The need for optimization should be identified firstly such that it does not preclude
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Identify need for
optimization

Formulate
objective function

Set constraints

Set bounds on
variables «—

Apply
optimization

No

onvergence
?

Figure 2.5: Optimization flowchart [26]

any of the methods of optimization [25][26]. Subsequently, it is necessary to formulate
the engineering problem into a mathematical model, that is, optimized for a set of
constraints with a bounded set of variables until the convergence criterion is met.
Quite notably, it is a common engineering practice to limit the design space based on

the practicality of a design [20].

Optimization techniques can be broadly classified on the basis of the nature of the
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Figure 2.6: Optimization methods [25]

problem and the method of solving as shown in Fig. 2.6. Optimization methods
can be broadly categorized into calculus-based techniques, guided search strategies
and enumerative techniques. In traditional optimization techniques such as calculus-
based methods that is classified into direct and indirect methods, the convergence
to an optimal solution relies on the chosen initial solution that is used for the first
iteration [27]. Moreover, these methods tend to be inefficient for discrete variable
problems and they cannot be used on a parallel machine. Direct methods utilize
the knowledge of objective functions and constraints to steer the search for optimum
[27]. On the other hand, indirect methods or gradient-based methods use first and/or
second-order derivatives to find the conditions for optimum [27]. Owing to this, they
are inefficient for discontinuous or non-differentiable problems. For a non-linear and
complex problem, the traditional techniques are only sophisticated enough to solve
for local optimum, hence, they are not suitable for multi-modal problems. The most
powerful calculus-based indirect method, the Lagrange multiplier method, states that

for a constrained problem, the optimum is reached when the following condition is
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satisfied:
0y — Ad¢p =0 28] (2.9)

where \’s are the Lagrange multipliers, y is the objective function matrix and ¢ is the
constraints matrix. It is to be noted that each traditional technique is tailor-made
for a specific type of problem [27]. For instance, for a convex problem with differen-
tiable design space, the optimization process is much faster with indirect techniques
as compared to any other method as described in section A of Appendix. Some of
the most eminent calculus-based direct methods include- the Fibonacci and Newton

methods.

Enumerative techniques, such as dynamic programming in which the entire problem
is divided into a sequence of elemental problems, demand considerable creativity in
the optimization process. The applicability of these methods is also limited to the
type of problem [25]. For instance, geometric programming is designed to optimize
polynomial-type cost functions and constraints, the conjugate gradient methods are
known to converge for quadratic cost functions and so on. Obviously, Fig. 2.6 does not
show an exhaustive list of all known optimization techniques. Other similar methods

include linear programming, geometric programming, etc [25].

The third major class of optimization methods is search methods. Search methods like
evolutionary techniques tend to mimic natural evolution in the form of a progressive
improvement in the solution throughout the search for optimum. These methods do
not have any mandatory requirement for continuity or differentiability of the objective
function [28]. Some of the popular evolutionary algorithms (EAs) are particle swarm
optimization (PSO), simulated annealing (SA), ant-colony optimization (ACO), dif-
ferential evolution algorithm (DEA), tabu search etc. PSO is a stochastic search
technique inspired from the social behavior of bird flocking or fish schooling [28]. In
PSO, each feasible candidate solution is adjusted through the search space following
the behavior of their neighboring candidates. Like PSO, simulated annealing (SA) is

also a robust meta-heuristic method to solve for a larger search space |21]. Inspired
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from the minimum energy configuration of metals during annealing, SA tries to min-
imize the objective function where cost is analogous to the energy of a state of metal.
On the other hand, Genetic Algorithm (GA) is a stochastic search algorithm based
on the mechanics of genetics and natural selection [29]. Based on the premise that
natural evolution is an optimization process, GA simulates the process of evolution.
GA is proven to be a robust and powerful technique that features a remarkable bal-
ance between efficiency and efficacy. In engineering terms, it explores and exploits

the feasible design space at a promising rate, that is to say, finds the global optimum.

Quite evidently, GA has been a preferred optimization technique in airship design and
optimization in the pool of evolutionary artificial intelligence algorithms [14][22][15][30].
Nejati et. al used GA for the first time to estimate aerodynamic calculations for the
airship bodies without any tail fins [11]. Ram et. al proposed an optimized shape
of aerostat envelopes using GA to ascertain the optimum shape for single and multi-
fabric configurations [22]. Amani et. al presented an optimized airship model for the
following objectives- drag, stability and traveled distance. In addition, the optimal
design on the Pareto front was also estimated [15]. Along the same lines, a multi-
disciplinary shape optimization of stratospheric shapes using GA incorporating solar
cell area as one of the objectives is presented by Alam et. al [30]. Appreciating the
importance of GA as a robust global optimization scheme, the current work employs

GA to optimize the shape of unmanned, semi-rigid airship.

2.3  GA in detail

Genetic algorithm has four main components: encoding, selection, crossover, and
mutation. GA starts by creating a population pool of random feasible individuals
that, in turn, undergoes a selection filter based on fitness. The selected individuals
participate in crossover to produce new off-springs that replace the individuals that
were not selected. Some of the individuals, subsequently, undergo mutation in order

to bring in new genetic content (explore the search space) [31].
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The flowchart shown in the Fig. 2.7 gives a general overview of the GA operators in
sequence. A more detailed description into the algorithm operators and the nuances

of the various options is as follows:

Encoding: The individual representation in the algorithm is referred to as encoding.
There are two important ways to encode each chromosome: binary representation
and floating-point representation. Floating-point or real-valued GA is an order of

magnitude superior in terms of computer CPU time as compared to binary GAs [29].

chromosome = [10101 01010 10101  01010] (2.10)
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chromosome = [p; P2 p3  ...pu) (2.11)

The above equation 2.10 shows the binary representation for a chromosome with four
variables while equation 2.11 shows the representation for floating point or continu-
ous GA. Understandably, the size of an individual will be much larger to represent a
floating point number in binary which will, in turn, affect the total storage require-
ment. Floating point GA does not have to be decoded at the end of the algorithm
making them inherently faster than binary GA. It is also suggested that more natu-
ral representation produces better solutions [32]. In general, many researchers have

concluded that GA is superior to other optimization algorithms for a wide range of

problems [ [30][22][15][2][32].

Fitness evaluation: The encoded individuals in the population are arranged in the
order of increasing fitness function values. The fitness/objective function value of
each individual is evaluated as per the objective function described in section 4.1,
such that the first chromosome in the vector is the optimum design candidate and

has the lowest value of objective function value for a minimizing objective.

Selection: Pairing or selection in GA can be achieved in myriads of ways. Some of
the interesting methods are [29]:

e Top to bottom pairing: In this, the chromosomes from top to bottom are paired
two at a time until Ny, i.e. the number of individuals deemed fit enough to pass
onto the next generation is reached.

e Random pairing: As the name suggests, parents are randomly selected by using a

random number generator that is further used to call on different rows.
mg = np.ceil(Nyeep * random.rand(Neep)) (2.12)

where mg is the row vector that stores the row numbers to be selected for pairing
of chromosomes and N, is the number of chromosomes passed on to the next
generation.

e Weighted random pairing: As the relative importance of an individual in a pool



21

is dependent on its cost, probability of selection is assigned to each individual such
that one with the least cost has highest chances of getting picked and vice-versa.
The individuals are subsequently selected as the cumulative probability of the pool is
greater than the generated random number. This method is also known as roulette

wheel selection [29].
. N keep — TV + 1

Nk’eep
n=1

where P, is the probability of selection of a chromosome in the pool based on its

P, (2.13)

n

fitness, n is the rank of the chromosomes in the pool.

e Tournament selection- This method of selection also quite closely mimics the nat-
ural selection. In this, a small subset is randomly selected out of the population,
and the best individual from that pool is chosen to be the parent. This process is
repeated until all the parents are selected [29]. Tournament selection is a magnificent
technique for large populations as other methods tend to get slower with increasing

population size.

Crossover: Crossover or mating is a process of creating new individuals by main-
taining the genetic makeup of the population. A very common approach of crossover
is the one in which two parents produce two off-springs. The point of crossover
(kinetochore) is randomly chosen out of all the genes of a parent for single point
crossover. Consequently, the genes are exchanged between the parents. Let’s sup-
pose, the crossover points come out to be genes (2, 3, 6). Therefore, only those genes

are exchanged in the crossover process as shown in the illustration below.

MG = [Pm1 Pm2 Pm3 Pma Pms5 DPmé--- Dmn] (2.14)
fg="1[ps s> Ps3 Psa Pys Pre- Ppnl (2.15)
¢1 = [Pm1 Py2 Pf3 Pma Pms Df6-- Pmnl (2.16)
Cy = [pﬂ Pm2 Pm3 Pra Pf5 Pm6--- pfn] (2-17)

where mg and fg are the mother and father chromosomes respectively, producing the

child individuals ¢; and c,.
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While for a uniform crossover, it is randomly decided which parent will contribute to
a position of an offspring for certain number of pre-decided crossover points [29]. The
main problem with this approach of mating is that no new information is brought
into the genetic pool. Put another way, the same floating-point numbers are ex-
changed and propagated throughout the generations. So, the onus to introduce new
material (explore search space) shifts entirely to mutation. To solve this setback,
blending method of mating is adopted [29]. In this, the new off-springs variables are

a combination of two corresponding values in a random proportion [31].

where [ is a random number generated, also called the mixing parameter, on the

interval [0,1] and OS, is the blended gene using the parents genes p,,, and py,.

Mutation: Mutation in a GA refers to the process of alteration of one or more genes
in a chromosome to address genetic diversity in a biological population. It is cus-
tomary to include mutation in the entire evolution-"mimicking" to avoid premature
convergence of the algorithm [31]. Mutation aids to ensure that the search space is
satisfactorily explored by adding in new information (genetic material). The most
common way to achieve this is to replace the mutated variables by a new random
variable that is within the bounds of variables. This approach is commonly referred

to as random mutation.

Hybrid GA: It is very well established that regular GAs are not suited to fine tuning
and modifications to tackle complex search spaces [33]. Furthermore, recent advance-
ments in the implementation of genetic algorithm have proven to be advantageous
by greatly improving the efficiency. Evidently, it has been noticed in the literature
that GA gravitates speedily to a global minimum. However, it is not sophisticated
enough to close-in on the global optimum when in a locally quadratic region [29]. Tt
is common to hybridize simple GA with local search technique, thereby, making it a

hybrid genetic algorithm (HGA) or memetic algorithm (MAs) [34]. That being said,



23

it is extremely critical to decide a necessary balance of the exploration action of local

optimization over the exploitation action of the GA [35]. There are several ways to

employ HGA [29]:

e Run GA until the performance slows down, then allow the local optimizer to take

over. It is assumed that the solution passed on is already in the neighborhood

of the global minimum.

GA is seeded with a population that has evolved at some random point in the
population at any random gene. Now, the most common approach to achieve
this is to use hill climbing (HC) technique after the mutation stage. Hill climbing
is a common local search method that usually starts with a single solution
point. Subsequently, at each iteration, a feasible solution is generated with
the help of a move operator. This move operator could either be a crossover
(shown in the psuedocode 1) or a random number generation. In a nutshell,
the algorithm builds up on the optimization from an arbitrary solution, that is
progressively improved by making incremental changes to the solution. There
are several implementations of hill climbing proposed in the literature- crossover
HC, random HC. Unlike crossover HC, in random HC the offsprings are created

randomly within the bounds of variables [34].

After a number of generations, run a local optimizer on the elite class (optimum
candidates and/or their neighboring candidates for each iteration) and modify

the population accordingly.

Algorithm 1 Pseudocode- Crossover hill climbing (p1, p2, no, n;)

1.

NGtk W

Py = p1 and ph = p,

For n; generations:

Generate ny offsprings by mating p} and pj
Calculate the fitness of new offsprings.

Find best offspring

Replace the worst of p} and p), with best offspring.
Return p) and p),
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2.4  Pareto optimality

Even though it is very tempting to solve a single objective problem, most of the real
life problems are multi-objective, and to aggravate the situation, the knowledge of
search space is relatively limited for the latter as compared to that for the former.
Furthermore, in an MOOP, since there are several objectives conflicting with each
other, there is no single optimum solution for various weights for the objectives of the
problem. Instead, a set of equally good solutions for the range of weights exists, and
is sought. Consequently, there could be best solution, worst solution, and solution

indifferent to other solutions (non-dominating, non-dominated) [36]. However, the
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Figure 2.8: Pareto optimality [30]

optimal solution is the one that is not dominated by any other solution in the search
space as can be seen in Fig. 2.8. The figure shows the best solutions in the quadrant
1, worst solutions in the quadrant 3, and the non-dominating, non-dominated solu-
tions in the quadrants 2 and 4 on a plot for two distinct objective functions that are a

function of an independent variable vector x. The optimal points shown in the figure
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were defined as Pareto-optimal points after Vilfredo Pareto, an Italian engineer and
economist [37]. These points lie on the Pareto front represented by the curve. The
Pareto optimal solutions are always of prime interest in a multi-disciplinary optimiza-
tion (MDO) owing to the fact that they suggest a group of optimal solutions for a
variation in the importance of an objective with respect to the other. In practice, in
order to make sure that a better approximation of Pareto front is obtained, a larger
population set is needed in comparison to the MOOP method of ‘sum of weighted

objectives’.

There has been a significant growth in the approach to solve multi-objective prob-
lems using multi-objective evolutionary algorithm (MOEA) [38]. For such problems,
the decision maker needs an approximation to the Pareto-front to make a preferred
decision in the design process usually accomplished by evolutionary algorithms. Prior
to selecting a suitable technique for this, it is vital to visualize the search space in

design space and criterion space.

™ Loal maxima

_— Local minima

Global minimum at [0 0]

Figure 2.9: Design space [39]

An objective function along with the constraints could be depicted in design space
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in which the functions are plotted with the design variables as the axes as shown for

illustration purpose in Fig. 2.9.

On the contrary, the multi-objective optimization function could also be depicted in
criterion or cost space as shown for illustration purpose in Fig. 2.10. In this, the axes
are represented by the value of different objective functions. The red lines formed by
the cluster of points represent the Pareto optimal points for a minimizing objective
function problem. As can be seen, the points on the curve are dominating all the
other solutions for the same value of objective functions (i.e. all other solutions hor-

izontally and vertically).

The Pareto optimal set is always situated at the boundary of the feasible criterion
space [28]. Despite that, the Pareto front is not necessarily defined by the constraints.

In fact, the Pareto front exists even for unconstrained multi-objective problems.



Chapter 3

Modelling and theory

This chapter illustrates the modelling of the low-altitude airship, the methodology
adopted for the optimization process and the overall optimization approach employed
for the current research. A mathematical model of the ship will be proposed to pa-
rameterize the shape in order to express all the structural features vis-a-vis structural
strength, aerodynamics, equilibrium control, size effects and, shear forces and bending

moment considerations acting on the airship hull structure.

3.1 Modelling of the airship

Referred to as ‘unmanned aircraft systems’ (UAS) by various western regulatory or-
ganizations, even so not distinct from ‘remotely piloted vehicles’ (RPV), unmanned
airships are bound by the same concepts of aerodynamics, weight, performance and
aerostatics as manned airships [1]. The term UAS encompasses a piston or jet-driven
or any electric motor propulsion systems. The present work is meant to address the
design concerns of a radio controlled (RC) airship as well as that of an autonomous
airship. Besides, RC airships configuration due to their low weight and absence of
a well-equipped launching needs, are free of any certification requirements in most
countries with a little to no restrictions [10|[!]. Unlike autonomous airships that
are enabled to ‘think’ and take decisions independently i.e. without any human in-
volvement, RC airships have manual and automatic mode for the flight control of the
vehicle [1|. These unmanned airships could be as small as 0.06 m? in volume. Because
of the nascent stage of the industry, the clear set of objectives ranked in priority are

a driving force in the conceptual design of the airships.

Canadian Aviation Regulations (CARs) in Transport Canada define airships as- en-

gine driven, lighter-than-air aircrafts that can be steered [11]. Airship standards are

27
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laid commonly in the ‘Airworthiness Manual Chapter 541’ for both small and large
airships. Regulations state clearly that hydrogen cannot be used as the lifting gas.
They also require an extremely maneuverable unmanned air vehicle (UAV) to have a
safety flight operation certificate (SFOC), and this necessity is also extended for teth-
ered UAVs. Detailed regulations regarding standards for airships are reported under
the same category as UAVs [12|. Transport airship requirements (TARs) states cer-
tain important guidelines for near-equilibrium non-rigid airships for both horizontal
and vertical take-off and landing [43]. The document is a comprehensive compliance
standard that should be followed in the design and manufacture of airship. TAR 21
Proof of compliance states that certification is issued for each appropriate combina-
tion of static heaviness, lightness, total mass, center of gravity [13]. The guidelines
explain the allowed tolerance on the flight testing parameters. The maximum mass of
the airship must be established before compliance is issued. Removable ballast is also
permitted to be shown in compliance provided it is properly carried and installed on
the airship. The maximum pitch is to be within a limited range so that the compli-
ance is shown. The circumstances for take-off, landing and climbing are to be clearly

stated to show compliance.

The key design drivers for the present airship conceptual design are as follows:

3.1.1 Weight

The total weight of the airship is determined by the payload, the envelope mass, the
gondola, and the fuel carried by it. It is established that unmanned airships can
fly upto 30% heavier than the displaced weight as opposed to manned airships that
are limited to about 10% due to human accommodation requirements [1] [2]. The
implication of flying with static heaviness is an aggravated aerodynamic drag and the
related increased fuel needs [1]. Due to which, the airship will have to fly all the time

in order to evade possible unwanted landing.

Static heaviness, quantified in kilograms or pounds, is the measure of the weight off-
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set from the state of static equilibrium or neutral buoyancy of a ship [2]. In other
words, it is the case when an airship has a higher weight than the displaced weight
of the air, hence called heavier-than-air (HTA) airship. On the other side of the
scale, are the airships with the maximum magnitude of static lightness. Thus, it is
not hard to guess that there is an operational bracket for airships between extreme
lightness and extreme heaviness [1|. That being said, it is customary to operate an
airship slightly heavier (statically heavy) to facilitate easier landing. The importance
of static heaviness is vital in case of emergency situations, adverse weather conditions
and maneuvering. At the time of take-off or landing, the engine is kept idle and the
ascend or descend rate is proportional to the static heaviness of the airship. Not to
mention, the maximum efficiency is always at the static equilibrium of the airship
because a relatively lesser power is required to maintain a certain airspeed. Static

heaviness is commonly achieved by one of the following ways:

e An additional weight, also called ballast, used in the heaviness limit of the vehicle.
e Jettisonable payload in the form of fuel etc., a resort for hostile weather conditions.
e With relative lack of control, weather effects such as moisture on the hull or super-

heating of the inflated gas.

Keeping in view the miniature size of the airship at cruising speed and its efficiency,
a neutrally buoyant airship is designed for the present research. Owing to which, it
will ride lighter and statically neutral and will achieve descent with the aid of the

sliding gondola.

3.1.2 Altitude

In the conceptual design formulation, it is indispensable to consider the operational
altitude above the sea level. For one reason, the increase in altitude has a dramatic
impact on the volume of the airship needed to sustain the flight [19]. For instance,
to lift 1 tonne of payload at sea level, the volume of the airship should be 816 m3.

However, a volume of 1105 m? is needed for the same mass of payload at 10,000 ft
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above the sea level. On a side note, a typical operational altitude for small airship is

1,000 ft [1].

Based on the flight parameters like the weight of the gondola, the ballast weight,
the wind speed, the temperature of the flight space, and the height of the flight, the
flight data is seeded to the algorithm to compute the density of air and helium. For
this work, we have assumed a 70 m altitude above the sea level that is the average
elevation of Ottawa, a temperature of 15° C as mean sea level (SL) conditions, and
proceeded with calculations accordingly. The flight is limited to the lower region
of the atmosphere i.e. troposphere. The temperature at the height is computed as
follows|1]:

T =Ty— Lh (3.1)

where T is the temperature at a height h, Tj is the temperature of atmosphere at sea

level, and the pressure is given by:

Lh\ f&
P=r (1 _ —) (3.2)

where P is the pressure at elevation h, L is the temperature lapse rate, g is the
gravitational acceleration, M is the molar mass, and R is the ideal gas constant=
8.314 J/mol K. thus, using the above equations, the density of the fluids is calculated

using the ideal gas equation as follows:

p= RT (3.3)

3.1.3 Speed

Speed of travel for an airship is also a paramount issue in the conceptual design stage.
The empirical relation between the power requirement and the speed of an airship
can be approximated by:

P; o< S% [44] (3.4)

where P; is the power needed to achieve a flight speed S. Thus, it can be said that

there is a rapid escalation in the power requirement after a certain breakeven point.
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Typically, for small airships, this point is around 80 knots (148.16 km/hr) [I]. For
the current research, the angle of attack is considered to be zero and the travel speed
is taken as 3.61 m/s or 13 km/hr for the aerodynamic drag calculation purposes, that
is also the mean wind velocity used in the relevant literature for trajectory planning
of airships [15]. Needless to mention, the input values of the atmospheric parameters
are chosen only for the proof of concept and hence, could be altered to reflect the

exact conditions.

3.1.4 Aerodynamics

A significant amount of aerodynamic literature suggests there are several ways to
ascertain the aerodynamic drag on the airship. Wind tunnel testing for a scaled
airship model for upto three different scales could be plotted to suggest a trend in
the magnitude of lift and drag coefficients |1]. Usually, CFD analysis of the model is
used to establish the credibility of the experimental results for the scaled model [16].
Furthermore, the drag coefficient for an airship could also be estimated analytically
using empirical relations. Kanikdale et al. developed an empirical procedure based
on experimental results from CFD analysis of numerous shapes for computation of

Cpy as follows [17]:

Cpy = Aa+ B (35)

where the coefficients A and B are functions of the thickness ratio (d/l) [17];
o= al.ag.ag.Xymm (3.6)

and

24 31.26 for 8>3
= (l/d)
b { 3 otherwise (3.7)
where parameters of aq, s, and ag are as follows:
d
Qg (3.8)

- [ — Xymaz
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l

dy/dx
Qg = E IN (3.9)
x=0.9]

0.1

ag =3 di’_ﬁx (3.10)

=0

where N is the number of grid points used in CFD analysis, [ is the length of aerostat

envelope (in meters).

This approach to estimate the drag coefficient of an airship requires the information
of slope of nose (bow) and tail (stern) ends. Not only that, a proper choice of pa-
rameters to obtain the Cpy is based on arbitrary selection, in other words, is not
based on a scientific consideration [20]. Obviously, this method is not amenable to
the multi-disciplinary optimization (MDO) approach and hence, cannot be used for
the current attempt. Another empirical relation for C'py obtained by combining Ho-
erner’s empirical expression and the form drag equation is shown below. Hoerner’s

relation for Re > 5 x10° and practical level of surface roughness on the ship is as

follows [1]:
0.043

where Cy is the form drag and, also,

Cpv I\ 1o o7

—— =4(= —) 4+ 24(-)" A2

G = AR 6 (D) (3.12)
which upon combination yields the relation,

A72(1/d)"3 4 0.252(d/1)*2 + 1.032(d /1) *7

Rel/6

where, [ and d are the length and maximum diameter of the airship hull. The above
equation is believed to give a reasonable estimate of the coefficient of drag for the

present conditions [5|[24][21].

The loss of momentum in the immediate vicinity (formally, known as the boundary
layer) of the surface of the ship is associated with the drag force also known as skin

friction drag. On the other hand, the form drag is a consequence of wake formation
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at the rear of the body due to boundary layer separation [I|. Thus, it is interesting
to study the effects of principal drag forces- the skin friction drag and the form drag,
on the shape of the airship estimated by the empirical relation in eq. 3.13. From
optimization point of view, a relatively lower skin friction drag or viscous drag results
into minimum surface area, however, spherical shape (a shape with the lowest surface
area) has a massive pressure or form drag in forward motion. A body is referred to
as a bluff body if it has a predominant pressure drag as compared to viscous drag.
On the other hand, it is referred to as streamlined when it exhibits a viscous drag
domination. In this context, the reference optimization subject has a blunt nose and a
relatively higher pressure drag due to the formation of airwake. Hence, it is regarded

as a bluff body.

3.1.5 Material

The material of the envelope is to be decided in the design process factoring in ele-
ments like altitude of operation, endurance need, time of operation, and so on. For
example, for stratospheric airships, the temperature is in the range of —56° C, which
could make the plastic coated film more brittle. In addition to that, the jointing tech-
niques should be able to provide enough sustainable joint strength or load-bearing
capability. At higher elevations, ultra-violet (UV) light rays are also a major cause
of rapid degradation. Moreover, some of the other properties like emissivity, reflec-
tivity, and absorptivity are also to be considered before the selection of material for
the envelope. Porosity or gas retention component of an envelope material is another

prime concern that has to be optimum for a given range of missions.

Keeping in mind the penalty associated with manufacturing, polyester polyurethane
is chosen as the envelope material for the present design. It is heat sealable, flex
fatigue resistant, and has good weatherability (on an average five-year life) [18]. Tt
has a very low permeability, high crease resistance, and most importantly, joints are
stronger than the material itself for it [I]. Polyester polyurethane offers high overall

strength and stability [19]. The material acts as an excellent adhesive [19]. The
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material selected has a thickness of 0.1016 mm. Owing to its qualities, this material

is very widely used in airship manufacture [11|[4][17].

3.1.6 Structure

The present subject, a semi-rigid airship, tends to combine the features of non-rigid
airship and a rigid airship, essentially having a long lattice beam or a simple keel
structure (for smaller airships) fixed at the bottom of the pressurized envelope. The
keel aids in carrying the overall bending moment and also maintains the structural

integrity of the ship. The model of the airship is shown in Fig. 3.1(a).

As can be seen, the gondola is enabled to slide freely on the keel and to control the
CG of the ship as and when required. Notably, some of the most common shapes
of Lighter-than-air (LTA) vehicles shapes reported in the literature are ellipsoidal,
GNVR (a shape consisting of an ellipse, circle and parabola), lenticular, spherical
and hybrid and so on [2] [1]. However, there are justifiable reasons for selecting the

above shape i.e. it facilitates the sliding feature of the gondola, helps balance the

(a) Old airship model (b) New airship hull profile with
keel: Gondola positions A, B
and C

Figure 3.1: Structural modelling of semi-rigid airship: Old airship vs. new airship
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Figure 3.2: Airship body profile for the current design

total weight, and increases the maximum pitch angle.

Fig. 3.2 shows the body profile of the airship model that upon 360° revolution yields
the hull of the ship. The geometry consists of four shape parameters namely, a, b,
¢, and d that also form the design vector for the routine. The optimization also
incorporates an additional keel section at the aft of the hull as shown in Fig. 3.1(b).
The length of the keel is from half-way through b to an angular extension of o above

the nose-center.

Angle o

The keel is extended by an angle o over the nose to control the position of the CG
with respect to the CV to design for rapid descent. Fig. 3.1(b) shows how at certain
angle a, the CG of hull, keel and gondola unit are aligned on the longitudinal axis,
thus, enabling 90° pitch. Gondola position along the rail at coordinates A, B and C
are of interest for the CG consideration. Point C is at the mid-section of the straight
portion (defined by variable b). The curved rail OB is defined by the variable a and

the extension OA is estimated by the angle a. While attempting the perpendicular
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descent, the gondola is at the position A and the value of angle o is computed for
collinear CGs of all the components. When the three CGs lie on the same vertical
axis, the effective CG of the vehicle will be on the vertical axis. As a result, the ship
will experience perpendicular pitch, and also, the fastest descent. An in-built Python

optimizer is used to solve for the value of a.

3.1.7 Envelope stress

Some of the pertinent work reported in the literature have incorporated circumferen-
tial stress as one of the objective terms [2] [15]. On the contrary, the current attempt
employs a partially inflated hull and also, a minimized bending moment is realized
due to the presence of keel that tends to support the weight of the airship. Conse-
quently, envelope stress (circumferential and bending) is neglected in the optimization

process.

3.1.8 Surface Area

The surface area (SA) contributes significantly to the total weight of the ship and,
also to the payload capacity. Thus, in an effort to enhance the payload capacity of
the ship, the surface area qualifies for a place in the objective function. The total
surface area of the airship hull is the sum of the surface areas of individual geometric

shapes in the mathematical model of the ship calculated as follows:

SA = 2ra® 4 2mab + w(a + b)Y/ (a — d)? + 2 + 27d? (3.14)

where, a, b, ¢ and d are the independent variables representing the dimensions for the

body profile.

3.1.9 Relation between buoyancy and gross weight

The current work aims to maintain the equality relation between gross weight and

the static lift for the MDO routine, where the total weight of the airship is given by-

W =my X g = (me+ Mgas + My +mp+m,) X g (3.15)
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where m, is the mass of the envelope, mgqs is the mass of helium gas, m, is the mass
of gondola, my is the mass of ballast, and m, is the total mass of the keel. Also, the

buoyancy or static lift of the airship for a given shape is given as [1]:

B = (pa — pgas)V X g (3.16)

where p, is the density of air, pys is the density of helium gas, V' is the volume of

the hull and ¢ is the gravitational acceleration.

The volume of the hull is given by

2 2
V= gwa?’ + ma*h + gh(a2 + d* + ad) + gwd3 (3.17)

3.1.10 Centre of gravity

Due to the state-symmetric shape of airship hull, the fundamental theory of center of
gravity of a 2D shape is used to formulate the expression for the value of «. The rail
has negligible thickness and is accordingly modeled as a 2D shape. The expression
for the CG of the airship to be on the vertically centered line (z axis) obtained is as

follows:

( 2b + acosa )(b+7ra+2aa

b+ ar + 2aa 1 )m MgSina (3.18)

where a, b, ¢, and d are the design variables, m, and m, are the masses of rail and

gondola respectively.



Chapter 4

Optimization set up

This chapter focuses on the optimization approach and the simulation set up for the
current multi-objective optimization (MOOP). The objective of the present effort is
to develop an optimization algorithm routine in order to optimize the airship hull. In
the present research, hybridization of algorithms is achieved by combining a global
stochastic heuristic (genetic algorithm) and a local stochastic heuristic (hill climbing)

to achieve improved performance.

4.1 Formulation of the multi-objective function

The objective function for the optimization process is based on aerodynamic and
weight-optimum design for a given user-defined payload requirement. It is customary
to introduce the constraints in a multi-objective optimization (MOOP) function by
adding an equivalent penalty in the function itself, thereby making it unconstrained
in nature [25] [20] [24] [5]. The complete fitness or objective function to be minimized

is defined as follows:

DV SA m, K
+ + ws— 4.1
o Chovo . SAp s myo i Ko ( )

minimize Feopp =

where Cpy is the volumetric drag coefficient of the airship hull, SA is the surface
area of the hull, m,. is the mass of the keel and, k refers to the square of the difference
between the buoyancy (B) and the total weight (W) of the airship. Also, the term
kappa

k= (W — B)? (4.2)

and,
i=1

The reference design is the subject of the optimization process. It corresponds ap-

proximately to the volume needed to lift the requested payload i.e. 500 g. Also, it has

38
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dimensions that roughly compare to the design already available in the laboratory.
Additionally, Cpyqo, SAg, m,o and, ko correspond to the reference design while their
respective numerators correspond to the iterative design parameters that are also a
function of the design variables. w;, wsy, w3, and w, are the weight constants to be

factored to different objective terms.

The third term in the objective function keeps a check on the length of the keel.
Especially, the term x is significant to keep the total volume to the minimum in op-
timization. It facilitates to filter the infeasible solutions i.e. volumes that correspond
to lower buoyancy than required; and volume that has too high buoyancy than re-
quired. This is essentially achieved by applying a severe penalty, that is changing

quadratically to the deviation from neutral, to such shapes.

4.2  Optimization approach

In the beginning of the routine, it takes in the initial design vector based on the
reference design to compute the value of . The term « is a function of the design
variables a, b, ¢ and d. The in-built python optimizer is used to solve for the value
of this angular extension at the aft of the ship. This value of « is subsequently
passed on along with other input parameters including lower and upper bounds for
the design variables to the hybrid GA operators for optimization of the parametric
objective function. In addition to that, the flight conditions are fed to the optimization
routine that begins the exploration and exploitation of the search space as expected
in evolutionary algorithms. Eventually, the algorithm outputs the best result after
the converging criteria is met i.e. the number of generations is reached, as can be

seen in the flowchart summary in Fig. 4.1.

The table 4.1 shows the value of input parameters such as weights for the different
objective functions and masses (gondola, ballast, rail, fins, and fabric) seeded into

the optimization algorithm. All these parameters are supplied by the user based on
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Table 4.1: Input Parameters

Parameter Value
w1 0.2
W2 0.4
w3 0.1
Wy 0.3
Mg 0.5 kg
My 0.1 kg
my 0.032 kg
Pfab 0.225 kg/m2

the flight objectives.

GA is inherently a stochastic optimization process that is based on generating designs
from random number generation. Therefore, the algorithm will inherently generate
different design solutions for the same problem. That being said, all the generated
solutions will be optimal solutions given the constraint settings and variable bounds.
To remedy this, it is recommended to run the simulation multiple times for the same
problem to gauge the best possible solution and evaluate the results to obtain the

best solution [25].

4.3 Implementation details of the algorithm

Recent developments in the GA implementation indicate the algorithm superiority
upon hybridization with a local minimizer. In GA, the quality of the solution cannot
be evaluated due to the random nature of the solution and lack of knowledge. Thus,
the reinforcement of GA mutation with a local mutation based on reinforcement
learning is a refinement to the overall performance [50]. It is a recommended practice
to employ a non-deterministic hill climbing into the hybridization process [51]. GA
when combined with hill climbing, is also reported as memetic algorithm (MA) in
the literature [52] [53]. Owing to the nature of problem i.e. multi-variable, multi-

modal, constrained, and non-linear optimization model, the various operators of the
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non-traditional evolutionary GA are explained as follows:

4.3.1 Encoding, precision, and limits

e Encoding: Since the search space is continuous in nature, real-value encoding
is employed to express the values of variables. For instance, the initial solution

is expressed as:
zo=[0.7 0.88 0.67 0.25] in meters (4.4)

where 1z is the initial design vector comprised of bow radius, length of constant
diameter mid-section, length of rear cone and, radius of the stern corresponding
to the reference shape. The numerical values shown in equation 4.4 correspond

to the reference shape used in the initialization of the algorithm.

e Precision: In the continuous GA, the precision of the digital computer is limited
by the internal machine precision and round-off. Thus, the machine round-off
error defines the precision of the algorithm. In our case, the computer uses 16
bytes for each number in decimal form. In other words, a number is represented

by a maximum of 16 digits, and thus, a precision of 16 decimal digits.

e Limits: On account of the fact that GA is inherently a search technique, it is
vital to limit the exploratory effort by limiting the region of search space. Quite
commonly, this is achieved by either bounding the variables of the problem or by
enhancing the diversity in the initial population which, in turn, helps widening
the focus on the region of interest [29] [71]. Given the nature of the problem i.e.
believed to be multi-modal, the former technique is employed and the bounds

on the variables are as follows:
Lower bounds = [0.70 0.70 0.70  0.20] (4.5)

Upper bounds = [3.0 2.00 3.0 0.25] (4.6)

The bounds roughly correspond to minimum and maximum volumes for supporting

the range of payloads 250 ¢g and 1 kg. Additionally, the variable ‘d’ is intentionally kept
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lower as compared to other independent variables in agreement with the aerodynamic
effect. It is also taken into consideration that an MOOP needs enough breathing

interval between the variable limits to optimize the objective function.

4.3.2 Initial population - a set of feasible solutions

A summarized flowchart of the HGA algorithm is shown in Fig. 4.2 to illustrate the
steps in the algorithm. Following the initialization of the optimization, GA proceeds
with an initial set of population that is progressively improved over the number of
iterations. Evidently, the population matrix is of the order Nx 4, where N is the
number of individuals in the pool which is set to be 20. These array of continuous
values (unnormalized), uniformly spread within the bounds, is generated randomly
using an unbiased random number generator. Subsequently, the relative worth of

each individual is computed using the fitness vector of size N x 1.

4.3.3 Natural Selection

In this step, a decision is made to allow some of the members of the population, un-
derstandably by the virtue of their fitness, to reproduce while the others are discarded
to make room for the new off-springs. Following a rule of thumb, a rate of selection
of 50% is employed for the problem [29]. Such a high selection rate means the half
of the population is overhauled every generation. Quite notably, this process has a
tremendous impact on the improvement of mean fitness of the population over the
number of generations. Consequently, the average fitness of the population is greatly

reduced after a few iterations.

4.3.4 Pairing

The selected parents are paired randomly based on the probabilities of selection.
This roulette-wheel pairing computes chances of selection on the basis of fitness of
the individual. For instance, all the individuals are ordered by decreasing fitness.

Also, the cumulative probability of each individual is calculated as shown in table
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4.2. Now, to pick the parents, as many random numbers are generated. For example,
let’s suppose, the generated random numbers are (0.784, 0.4141) and (0.2321, 0.998)
for picking two parents. Then, the set of chromosomes to be selected is given by the

vectors:

ry=[3 2 (4.7)

xr=1[2 4 (4.8)

The numbers in the vectors are obtained in the way that 0.784 is the highest number
less than the cumulative probability till chromosome 3 and so on. Besides, the mating
occurs such that chromosome 3 mates with chromosome 2 and chromosome 2 pairs

with chromosome 4 to produce two off-springs each.

4.3.5 Crossover

After pairing i.e. once the parents are shortlisted for the reproduction, a suitable
crossover strategy is employed. Some of the most common crossover strategies for a
continuous GA are uniform crossover, blending crossover, quadratic crossover, heuris-
tic crossover, linear crossover and so on [29]. Out of all these, blending method of
mating is considered effective for a continuous GA with four variables [29]. In this
method, the mixing parameter J is used to modify the offspring genes. The crossover
points are also generated randomly. For instance, let’s say, the crossover point is 2
(generated randomly) and S comes out to be 0.5444 (also generated randomly) for

parents PI1 and P2. Then,

Pl=[x; x2 x3 x4 (4.9)

Table 4.2: Rank Weighting

Chromosome Gene x Gene y Probability Cumulative Probability
1 7.7246 5.5655 0.4 0.4
2 0.1887  8.9214 0.3 0.7
3 2.3434  6.2332 0.2 0.9
4 5.3433  0.1233 0.1 1.0
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x5 = X9 — 5[51”2 - yz] (4.11)
Yo’ =y + Blwa — 1] (4.12)

where, 5 and y}" are the modified variables for the off-springs. This method

provides the advantage of obtaining the values of variables exclusive to that of the
parents, thus, introducing new genetic content in the population. Here, the offsprings

are given by ¢; and ¢y such that,

o= xy x5 xy w4 (4.13)

new

o= Y5 Ys Y (4.14)

4.3.6 Mutation

It is indispensable to introduce a sufficient quantity of new information in the popula-
tion in an effort to avoid premature convergence [51]. Mutation is a classic technique
to accomplish the function that also confirms to the biological process in nature.
In the present context, mutation refers to the alteration of certain number of gene
(variable) values from its initial state [I1]. For the present approach, a mutation
probability of 10% is employed based on a rule of thumb as described in [29]. Nev-
ertheless, a sensitivity analysis for the mutation rate is performed and is reported
in Chapter 5. The mutated variables are replaced by random numbers within the

bounds for the corresponding variables.

4.3.7 Hill climbing

In an unconventional sense to the simple GA (SGA), a local optimization is attempted
on the mutated population for every iteration. This effort to hybridize the regular
GA is effective and is feasible to implement for a problem of this scale (i.e. with four
variables) as demonstrated by numerous researchers [52] [53] [33]. The flowchart as

shown in Fig. 4.3 highlights the significant steps in the local tuning of the variables
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in hill climbing. Post mutation, all the individuals of the population pool tend to

shift to a better neighborhood until the convergence criteria is met.

4.3.8 Convergence criteria

The routine could be stopped once a set of acceptable solutions is obtained or once
the set number of generations is exceeded [29]. The latter technique is employed
here keeping in mind the solutions will never be all same or even close enough to
converge provided a mutation is performed at every iteration. The convergence figures
including the number of iterations/generations of GA and of hill climbing are specified
in table 4.3. As can be seen in the flowchart 4.2, the algorithm terminates once the

set limit on the number of generations (gens.) is reached.
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4.4  Benchmarking the algorithm

In algorithmic optimization, it is customary to benchmark the developed routine
against a test function with the details of computer configuration in order to analyze
its efficiency [54] [51] [28]. Typically, the test function has plethora of local minima
spread over the search space, is non-convex, multi-modal, and multi-variable [54].
For the present research, the two-variable Rastrigin’s function is chosen to be the test
subject. Besides, the simulations were performed on Intel(R) Core(TM)-i5-4590 CPU
3.30 GHz processor with a RAM of 4 Gigabytes. The topography of the function is
illustrated in the Fig. 4.4, and it is expressed as:

Landscape of Rastrigin's Function

@ o
“ {\ 4. e
=]
1 RN
Vbbbt ° "

Figure 4.4: Design space of Rastrigin's function

Table 4.3: HGA Input Parameters

Parameter Value

Population 20
selection rate 0.5
mutation rate 0.1

generation-GA 50
generations-HC 1000
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F(z) = Ad + i[acf — Acos(2mz;)] (4.15)

i=1
where A= 10 and d is the number of dimensions/variables. Therefore, for a two-

dimensional space, the expression is given by:
F(z) = 20 + 27 + x5 — 10(cos2mw; + cos2mzs) (4.16)

The test function has only one global minimum, that is, at the origin (0, 0), where
the value of the function is 0. Also, the farther the local minimum is from the global
minimum, larger is the value of the function. The results for the benchmarking of
the algorithm are summarized in table 4.4. The hybrid GA was set for convergence
at 50 generations for the GA and 1000 generations for the hill climbing. Despite such
complicated search space, the algorithm was observed to solve for the global minimum
in 10 seconds. Evidently, the HGA is superior to normal GA in regards to precision

and computer time.

Ergo, it can be concluded that the routine is robust and efficient to locate the global

optimum even in a complicated landscape as is for the test function.

4.5 Optimization engine- Pareto GA

It is customary to solve multi-objective optimization problems by formulating a series
of single objective problems which are solved by a single optimization routine also

called as optimization engine [28]. In the present research, tournament selection

Table 4.4: Benchmark test results for the HGA

| Test | Optimum candidate | F(x) |
T )
=10 —09
hybrid GA 1.00494249 x 10 1.24710245 x 10 0
analytical 0 0 0
solution
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technique is employed for obtaining designs that are used over the generations in the
routine. The principal advantage of this method is that it circumvents the idea of
fitness of a design. Instead, it gives the distribution of the objectives in the criterion
space, thereby, enabling the user to make a better decision in scaling weights to the
objectives. Some of the other prominent methods listed in the literature are: niche
technique, elitist strategy, Pareto-set filter and so on [27]. A detailed flow chart for
the Pareto optimization routine is shown in Fig. 4.5. The algorithm was run for the

three objective functions as shown:

min F; = S2V (4.17)
C’DVO
) SA
min F2 = 5—140 (418)
min Fy = " (4.19)
myo

and the constraint (neutral buoyancy) is employed at the post convergence step to
eliminate all the infeasible design solutions. The bounds on the values of the de-
sign variables is kept identical to the previous optimization approach (i.e. ‘Sum of

weighted functions’).

The Pareto GA algorithm is seeded the values of gondola mass, rail mass per unit
length (m,,), ballast mass to maintain the same airship configuration as for the ‘sum
of weighted functions’ approach. As per the parameter settings, the neutral buoyancy
constraint helps generate design solutions that have sufficient buoyancy to sustain the
payload of 500 grams. Fig. 4.5 summarizes the key components of the Pareto GA
algorithm. In the beginning, the algorithm works with three objective functions- the
surface area (SA), the coefficient of drag (Cpy) and the mass of rail (m,.). However,
the Pareto GA algorithm could be employed for higher number of complementing
objectives. Quite evidently, Pareto GA needs a large population size to work well in
order to generate a precise curve at the Pareto front. As a result, tournament selec-
tion is employed in the process. It is a common procedure to normalize the values of

fitness for different objective functions [25][18]. The population size for the algorithm
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is chosen to be 250 with a selection rate of 50%, mutation rate of 10%.

Fig. 4.6 shows the final population obtained after the Pareto optimization. The
three objectives are along the three axes- SA, Cpy and m,. As can be observed,
the GA provides a reasonable approximation to the Pareto optimal solutions. It can
be observed from the final 3D plot in Fig. 4.6 that the final population consists of
most of the individuals along the lowest strata of the value of individual objectives
(at or near zero). This phenomenon is in accordance with the nature of the GA i.e.
optimizing the average fitness of the population. A suitable design solution according

to a user requirements could be picked from the available optimized population.



Chapter 5

Simulation results and discussion

In this chapter, the application of the developed HGA code to the design optimization
of rapid-descent airships of various payload carrying capabilities is discussed. A short
note on the mass distribution of the optimum design and the reference design is also
included to understand the implications of optimization on different components of
the airship, and the sensitivity of various important parameters is presented. Lastly,
to establish the credibility to the choice of objectives and other optimization charac-
teristics, the results are presented in reference to a commercially available off-the-shelf

airship product.

5.1 Results

The plot in Fig. 5.1 for the fitness trend shows the comparison of the best fitness (i.e.
objective function value of the optimum for a generation) to the mean fitness of the
population over the number of iterations for the complete objective function shown
below:

SA m,

CDV K
T —_— —) x 100 5.1
WICDVO +w25140 +w3mr0 +w4/‘€0) ( )

Here, the complete function is designed to have a payload capacity of 500 g. The

min Fompy = (

lower and upper bounds on the design variables is as shown in Chapter 4. The ob-
jective function is optimized subject to the constraint that all the output designs are

neutrally buoyant.

It can be observed that the maximum fitness at the start of routine is at 100%. At the
same time, the mean fitness is quite over 100% owing to the overwhelming number
of non-optimum individuals who have fitness far off from the best candidate at any
instant of time. Moreover, it is noticeable that the value of the objective function for

all the individuals in the population pool plummets only after a few iterations. This

23
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Table 5.1: Input Parameters

Parameter Value
w1 0.2
w9 0.4
ws 0.1
Wy 0.3
my 0.5 kg
My 0.1 kg
my 0.032 kg
Pfab 0.225 kg/m?
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action of tremendous improvement (more than 15%) in the fitness of the population is
ascribed to the fast convergence capabilities of HGA. The abrupt spikes in the mean
fitness profile reflect the occasional introduction of new individuals in the population
by mutation. Also, it is imperative to avoid mutation of the elite individual in the
population [29], thus, the process of elitism makes sure that the best individual is not
lost in any generation. The plot accentuates how the mean fitness tends to fall in
line with the best fitness except for the intermittent mutations. Evidently, GA is ear-
marked for improving the entire population pool and not just one or a few individuals
[29]. The computation time for the complete objective function was just 18 seconds.
The time taken is a little higher than that of the benchmark test function on account
of the number of variables involved in the objective function. Therefore, it can be
said that the process is computationally effective albeit the efficiency is dependent on

the size and dimensions of the search space.

The weight coefficient wy is chosen in a manner such that the total structural weight
is balanced with respect to the total buoyancy. All other weights for the objectives
are based on engineering decisions and can also be user-defined for a given range of

missions.

5.1.1 Optimization model variants

Other than the complete objective function, the algorithm was simulated for two vari-
ants of the objective function using different weights (w; = wy = 0.5) for volumetric
drag and « called as ‘drag model’ Fy,..4 as shown in eq. 5.1 and, for surface area and

 called as ‘surface area model’ Fs4 as shown in eq. 5.2, respectively:

C
min Fy.p = (wl bv wgi) x 100 (5.2)
Cbvo Ko
SA
min Fia = (g7 + w%) x 100 (5.3)

The purpose of devising these optimization models is to appreciate the conflicting

nature of the objectives and to optimize the vehicle for minimum drag and minimum
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Figure 5.2: Body profile comparison with different weights

mass, that is also quite intuitive. Fig. 5.2 shows the body profile for different models
compared to the reference profile. As can be seen, the ‘SA model’ tries to decrease
the surface area by assuming a spherical shape while the ‘drag model’ tends to make
the shape more streamlined by increasing the length of the airship. At the same time,
the optimum design profile tries to strike a balance of several factors combined and

achieves the optimum design.

To appreciate the effect of aerodynamics on the shape of the profiles achieved by
simulation, the skin friction drag results in a shape that has the least total surface
area for the same surface finish while the form drag governs the streamlining of the

rear of the ship [1].

In Fig. 5.2, it is also noticeable that the aft of the ship tends to attain the minimum
radius in comparison to that of the red-curve of the reference design. It is to be noted
that the Cpy is a non-dimensionalized quantity for the total drag coefficient (i.e. it
accounts for all types of drag like form drag, skin friction drag and so on). Using
the fundamentals of aerodynamics, the phenomenon could be attributed to the fact

that beyond the point of transition from laminar to turbulent, the wetted surface
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Table 5.2: Comparison of design properties for different profiles

H Property \ Reference design Optimum design  min-SA min-Drag H
Surface area (m?) 12.847 14.9365 12.7212 18.1769
Drag coefficient 0.07523 0.05155 0.0899 0.0434
Volume (m?) 4.04137 4.65 4.08121 5.6476
Reynold’s number 417631.92 408460 447824.7 370631.85
Mass of rail (kg) 0.1868 0.194 0.1978 0.234754
area attempts to get smaller in order to minimize the skin friction drag [22|. The

effect seems to be pronounced for the LTA ships on account of the fact that due to
larger surface area of airships the skin friction drag is the principal drag [1]. Also, the
structural feature of an axisymmetric body about the line of flight is a justified choice
owing to the fact that it experiences the least form drag [I|. Needless to mention,
the sharp edges in the simplified airship body profile due to discontinuity between
different geometric shapes lead to manufacturing and operational penalties. Thus, a

suitable fillet is introduced while building the hull to mitigate the issue.

The bar chart shown in Fig. 5.3 tries to capture the characteristics of the design
outcomes from the simulation. It highlights the improvement in the design features
like objective function value, aerodynamic drag, SA, volume, and the mass of keel

(m,.) for the three simulation models.

optimum /best fitness

Improvement in Fitness = x 100 (5.4)
reference fitness
) optimum drag
Improvement in drag = x 100 (5.5)
reference drag
_ optimum SA
I t A=———"x1 .
mprovement in S ~forence SA < 00 (5.6)
ti Vv
Improvement in Volume = OPUII V0 100 (5.7)
reference V
ti r
Improvement in mass of rail = OPHIMIR T 100 (5.8)
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Figure 5.3: Improvement in the design with respect to reference design

Here, negative values of equations 5.4 to 5.8 indicate an improvement in the design
relative to the reference shape labeled as ‘current design’ in Fig. 5.1. Notably, the
improvement in fitness for the drag is maximum but it does not consider the struc-
tural component (surface area) and, hence, cannot be a preferred design. Likewise,
the model for minimum envelope area is not preferable because it experiences rela-
tively significant drag. The bar plot for surface area and the drag characteristics is
very intuitive whilst the trend for the volume requirement for the min-drag model
experiences a very logical but dramatic increment despite the fact that the aft end is
very narrow. Lastly, the mass of rail which is a function of radius at the bow and the
length ‘b’ of the cylindrical portion, is evidently optimized for the complete objective

function.

A detailed list of data is put together in table 5.2 to give the reader a perspective into
the design output. Additionally, using the values from the optimized design, the mass
distribution for reference airship and optimized airship are shown in the pie charts

in Fig. 5.4. As expected, the envelope has a significant contribution to the total
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weight, in most cases being almost a two-third of the total weight. On the contrary,
it is counter-intuitive that the mass of the lifting gas and the gondola and the ballast
mass are comparable. The weight contribution of rail is optimized considerably due
to use of a carbon fiber material. In addition, the algorithm optimizes the size of rail

because of the penalty imposed by mass of rail in the complete objective function.

5.2 Sensitivity analysis

In this section, sensitivity of various parameters like objective function (fitness) and
payload is measured with respect to the design variables and the volume of the air-

ship, respectively.

The algorithm was tested for a total of five different gondola masses and the results
are plotted to scale. As expected, Fig. 5.5 shows how an increase in the mass of
gondola (m,) causes a linear increase in the total buoyancy required to compensate

for the extra weight.

In Figs. 5.6, 5.7, 5.8, 5.9, the sensitivity of the complete objective function with
respect to the independent design variables is captured. The study was performed by
keeping all the other variables constant at their optimized values while the subject

gene varies within their limits. In Fig. 5.6, it can be seen that there is a benign
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region in the whole interval i.e. (0.7-3 m) for the variable ‘a’ to affect the fitness.
On the other hand, there is a narrow valley that is favorable for the minimization
of the fitness as seen in Fig. 5.7. This region is around 0.9-1.2 m of the dimension
‘b’. Similarly, Figs. 5.8 and 5.9, highlight the dependencies of the fitness on the
variables. It is interesting to note that the variable ‘¢’ has a crucial effect on the
design as it increases. But, like other variables it has a regional optimality. This can
be understood by the fact the after a certain limit, the portion becomes too heavy

due to conical shape of the stern as it has a higher surface area but a lower buoyancy.

Although the plots in Figs. 5.6, 5.7, 5.8, 5.9 give a reasonable estimate of the effects
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of the variables on the parameters, they do not take into account the relation between
the variables themselves. For example, an increase in the value of variable ‘a’ causes
a gain in volume and buoyancy, however, it also affects the fitness due to larger keel
length around the nose. In other words, ‘b’ is a better candidate to enhance the
buoyancy as it has a smaller factor of keel attached to it. The algorithm tries to
locate the global minimum by targeting the optimum regions for several variables
simultaneously. It is the novelty of the algorithm to give optimum solutions every

time the routine is run.

Finding optimal values of mutation and selection rates is significant to improve the
performance of a GA [55]. In Fig. 5.10, the sensitivity of the best-fitness (fitness
of optimal solution) apportioned to the mutation rate and selection rate is indicated
by blue and orange curves, respectively. Selection rates are the probability measure
of rate at which individuals are subject to crossover. Typically accepted range of
values of selection rate is 0.5 (half of the population mates) to 1 (entire population
mates) for a continuous GA [56]. A direct consequence of higher selection rate is
that the new solutions will be introduced relatively quickly. Moreover, if the rate of
selection is very high, it essentially starts serving the task of mutation, a secondary
operator to restore genetic content, as no elite member is protected each generation.

The analysis for the present problem shows that 0.5 is the rate at which the value
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of objective function takes a dive and is thus, selected for the optimization. On the
other hand, mutation rate is the probability at which ‘genes’ are modified to restore
lost or unexplored region of search space. Although the suitable value of mutation
rate is problem-specific, too high mutation rate renders the GA to be a pure random
search routine which is not desirable [56]. For the present problem, the sensitivity
analysis suggests that a probability of 0.2 is apt. Regardless, the value of the best-
fitness is quite close for different rates of mutation as seen in Fig. 5.10. This can
be attributed to the elitism strategy used in the routine that tends to preserve the

optimum candidate at every generation.

5.3 Tests for various payload capacities

To qualitatively understand the effect of payload capacity on the body profile, a test
run with four cases of different payloads is conducted. All the other set up parameters
(except the gondola mass and payload) are kept identical to previous simulation to

maintain comparability of the results. The gondola mass is measured to be 700 g with
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the fins weighing 32 g. The results obtained can be summarized as follows where the

design vectors for the optimum solution is represented as vector z:

e Case 1: Payload 250 ¢

x=1[0.8598  0.8568 229 0.2 (5.9)

e Case 2: Payload 500 ¢

©+=1[0.8979 0879 2376  0.2] (5.10)

e Case 3: Payload 750 ¢

x=1[0.897954  0.850281  2.39844508  0.2] (5.11)

Table 5.3: Comparison of characteristics for various payload configuration

| Payload configuration (g) | Total mass(g) Lifting gas volume (cu. m.) ||

250 4.71 6.02
500 4.95 6.2

750 5.2 6.312
1000 5.449 6.450
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e Case 4: Payload 1000 g

x=[0.90755137  0.851308 2434402  0.20000193] (5.12)

As can be seen in the Fig. 5.11, the variable ‘¢’ is influenced the maximum for
an increase in the payload capacity. On the other hand, the consistent dip in the
value of ‘d’ is due to the prudent consideration of the aerodynamic consequence by
the routine. Beyond the point of transition which occurs at the point of minimum
pressure along the length of the airship, the wetted surface area has to be minimized in
order to control the skin friction drag. Also, the shape vectors are obtained attained
by eliminating certain possible optimization solutions that violate the lift density
constraint for an unmanned airship development with neutral buoyancy. Another
very important consideration: the size of the airship does not change by much for a
400% increase in payload. Therefore, larger airships are more effective. That being
said, the trait is limited to a breakeven point after which the electronics design to steer
the airship (power unit) becomes excessively larger to more than offset the buoyancy

provided.

5.4 Confirmation to a commercial product

To establish the practical significance of the simulation output, several commercial
and reported products are referenced in the section vis-a-vis the payload capacity,

resource consumption and the airship efficiency.

5.4.1 Example 1

In Fig. 5.12, an off-the-shelf RC Zeppelin airship developed for advertising purposes
available at Amazon.com is shown [57]. The height and the length of the airship are
1.5 m and 5 m respectively. It has a volume of 6.7 m? and a payload capacity of
1.2 kg. The vehicle can reach a maximum speed of 9.72 m/s. The HGA algorithm

was simulated to decipher the volume requirement for the identical payload capacity
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(a) Side view of RC airship (b) Bottom view of RC airship

Figure 5.12: Commercially available RC airship

with the present methodology. Consequently, the routine yielded a design vector as

follows:

x = [0.900 0.8560 2.407 0.200] in meters (5.13)

yielding the total length of 4.363 m with a total mass of 5.05 kg and the corresponding
volume is 6.32 m®. The mass of the keel assumed for the test is 100 ¢ per unit
length contributing a gross mass of 197 grams to the overall design. Evidently, for
the identical payload configuration, the proposed design solution by the HGA has
a lower resource consumption (volume or helium gas) and a superior aerodynamic
characteristics due to its lower maximum radius. In conclusion, it can be said that

the routine output is comparable to the commercial product in relation to the payload

capacity.

5.4.2 Example 2

A similar attempt to size a semi-rigid airship for a selected shape (GNVR profile-

elliptical, cylindrical, circular, parabolic) that is broadly along the same lines as the
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Figure 5.13: Simulation for various payload capacities [5]

present research is reported in the literature [5|.  The fully assembled semi-rigid
airship shown in Fig. 5.13 is chosen as a benchmark to compare the structural and
flight parameters with the current work. The airship has a payload capacity of 400
g to be operated at ISA +15° conditions with an aim to achieve a portable structure
for quick assembly [5] [58]. The lift ratio of the ship calculated using the empirical
relation as follows:

All-up weight

LR —
i Payload capacity

(5.14)

is estimated to be 8.25 [5]. On the other hand, for an identical payload capacity, the
present design is estimated to have an LR of 8.921. The airship is reported to be

Table 5.4: Comparison of different semi-rigid airships properties

| Property | Literature [5)] Current design ||

Surface area (m?) 14.08 14.9365
Envelope length (m) 4.305 4.25
Volume (m?) 3.753 5.81

Maximum diameter (m) 1.311 0.8709
Mass of gondola (kg) 1.065 0.7

Drag coefficient (Cpy) 0.0709 0.04720
Flight speed (m/s) 3 3.67
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lighter owing to the absence of fins. However, like the present research, the airship
shown in Fig. 5.13 is designed for neutral buoyancy with an oversized motor to
generate extra upward thrust in case of an adverse weather condition. Furthermore,
since the airship lacks fin structure, it is reported to experience inertial resistance to
yaw movement. On the contrary, the present design is expected to be dynamically
stable and controllable. The properties of the two designs are summarized in table
5.4. As can be noted, the algorithm output design has a larger volume, however, it

offers a superior controllability and stability of the vehicle.



Chapter 6

Conclusion

6.1 Key findings

In this thesis, the airship helium envelope is optimized using hill-climbing genetic
algorithm. An objective function was developed based on the design constraints of the
semi-rigid unmanned airship with a sliding gondola. Furthermore, the methodology
of optimization of the shape of the airship is based on payload and atmospheric
conditions. Several previous works have considered hoop stress as one of the objective
terms |15, 30, 24]. Unlike common practices, the airship used for the experiment is
inflated slightly above atmospheric pressure and, hence, has negligible circumferential
stresses. In the mathematical model of airship hull, the effects of uneven curve in
shape due to a discontinuity at sphere and cylinder conjunctions i.e. between variables
a, b; and ¢, d is neglected. As a result, the transition between each section is expected
to be made smooth while manufacturing of the blimp in order to eliminate possible
aerodynamic drag in the sharp points. The direct effects of fins in the surface area and
center of gravity (CG) calculations are neglected. The fins could significantly affect
the CG and the total area of the airship, e.g., the pitch angle at a certain gondola
positions will be reduced. The aero-elastic effects are ignored in the present study
considering the low flight velocity. An optimum design solution is obtained using
the algorithm which is subsequently used to build an airship with the rapid descent
ability. The algorithm was also simulated to obtain designs for a range of payload
capacities i.e. 250 g to 1 kg. The present work provides a useful preliminary tool for
optimization of airships. Due to inadequacy to express the overall drag as a function
of geometry for complex geometries of airship hull, a post-optimization CFD tool can
be used on a partially optimized shape. The proposed design is compared to other
similar designs available commercially and in literature to correlate the significance

of the results. The results indicate a good potential for the proposed approach to
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optimize the airship for the mission requirements.

6.2 Future work

The current research could be extended to improve the model to take into account
the continuous tail slope i.e. continuous transition from ‘¢’ to ‘d’ as shown in Fig.
6.1. The CG of the fins could be modelled to make the design and estimation more
precise. Along the same lines, a precise model of thrust and thrusters could be pro-
posed. Researchers could work to predict the endurance and flight time of the airship
to estimate the needs at design stage and optimize the overall design. Prospective
researchers could extend the work to design for high-altitude missions for an enhanced

range of payload capacity. The HGA results could be combined with a feed-forward

Aft Stern

Figure 6.1: Airship body profile for future contributions

artificial neural network using back propagation to make the optimization process
automatic [51]. The airship envelope is usually constructed by joining several smaller
strips of the fabric [4]. Each such piece is termed as panel and a group of panels is
referred to as a gore. Hence, further investigation in the gore design, for instance, us-
ing differential material construction that provides thick material at high stress areas
and thin material at low stress regions of the hull, could be performed to enhance the

overall efficiency of the airship [4].
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Appendix A

Appendix: Important concepts

Convex optimization and convex set

Convex optimization is often seen as a mixture of three disciplines: convex analysis,
numerical computation, and optimization [59]. Let S be a convex set, that is, a
region in the n-dimensional space satisfying the convexity condition, that is, for any
two points in the set, the line passing through them is also in S. Then, the convexity
of a function can be formally defined as, for a function f; of n variables to be convex
on a convex set .S, it must satisfy the inequality condition for any two points x and

y in S as follows [59]:
filax + By) < afi(x) + Bfi(y) (A1)

ifa+f =1, «a>0,82>0,where aand [ are any arbitrary positive scalars while x
and y are n-dimensional vectors in the space. Also, a set is said to be affine if always,

a line through any two distinct points z1, x5 in the set could be obtained such that:
=0z + (1 — bz3) (feR) (A.2)

For example, a solution set of linear equations x| Az = b is an affine set. In compari-
son, the convex set is a special case of affine set so that the value of 6 is always positive
for a convex set. Some of the common engineering convex optimization problems en-
countered in the literature are: multi-period processor speed scheduling, minimum

time optimal control, grasp force optimization etc [59].

The ability to understand a problem to be a convex problem is a blessing in the sense
that it enables us to optimize a larger class of problems. A majority of which belong

to constrained optimization problem of the form [59]:
minimize  fo(z) (A.3)
subject to  f;(x) <0, i=1,2,....m (A.4)
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hi(z) =0, i=1,2,....,p (A.5)

where, the function fj is the cost function, f; is the set of inequality constraint, h; is
the set of equality constraint. To put into perspective the importance of convexity of
a problem, if all the f; constraints are convex, and the h;s are affine, then any local
optimum is also the global optimum i.e. no local minimum traps, and therefore, such
problems can be efficiently solved by polynomial time complexity algorithms and so

on [28].
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