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Abstract

A novel strategy to design optimization is expressed using the fuzzy preference function concept. This method efficiently
uses the designer’s experiences by preference functions and it is also able to transform a constrained multi-objective
optimization problem into an unconstrained single-objective optimization problem. These two issues are the most
important features of the proposed method which using them, you can achieve a more practical solution in less time.
To implement the proposed method, two design optimizations of an unmanned aerial vehicle are considered which are:
deterministic and non-deterministic optimizations. The optimization problem in this paper is a constrained multi-
objective problem that with attention to the ability of genetic algorithm, this algorithm is selected as the optimizer.
Uncertainties are considered and the Monte Carlo simulation (MCS) method is used for uncertainties modeling. The
obtained results show a good performance of this technique in achieving optimal and robust solutions.

Keywords: Robust design, multidisciplinary design optimization, preference function, fuzzy logic, genetic algorithm.

1 Introduction

Although the aircraft classical design methods are respectable and valuable, generally these methods are costly and give
a new optimal design [I2, [d]. Multidisciplinary Design Optimization (MDO) is a design method that by eliminating
the hierarchical relationship among design disciplines and with an optimal approach has been able to reduce the cost
and find optimal designs [20]. In the real world, uncertainties in manufacturing and operations are certain and they
should be considered in the design. Uncertainty, in addition to significant changes in system performance, adds cost to
the system [B, [7]. Designers use the safety factor in the classical design methods to consider the uncertainty but this
technique has some difficulties [IR, 26]. In recent years, the Uncertainty-based Multidisciplinary Design Optimization
(UMDO) technique has been expressed and used to consider uncertainty [I7]. A lot of studies have been done that
MDO and UMDO methods are used to solve design optimization problems [I, B, G, 0T, "4, I9].

Design optimization problems are very complex in aerospace systems and in most cases, there is more than one objec-
tive function however there are various constraints in these problems too. These issues will increase the computational
costs significantly. Converting a constrained multi-objective optimization problem to an unconstrained single-objective
optimization problem can help reduce these costs. Therefore, it is recommended to use algorithms to do this issue. One
of the most commonly used methods is Sum Weighted Method (SWM) that its efficiency is strongly dependent on the
determination of weights. In this method, the determination of weights is based on try and error and this process is
time-consuming and not smart. As well as if the optimization problem changes, it is necessary to determine weights
again. Other multi-objective optimization algorithms (such as NSGA) also increase the computational cost by adding
the necessary operators. It is worth noting that because evolutionary optimization algorithms must calculate objective
functions and constraints at each iteration, so these algorithms have high computational costs and they don’t suitable
for high-fidelity analysis [I].
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Mirshams et al. [[Z] presented a technique for multi-objective optimization problems using Holistic Concurrent
Design (HCD), concept. To validate the proposed method, design optimization of space launch system is considered.
A fuzzy-multi-objective genetic algorithm is used to optimize the problem. Dexl et al. [d] studied multi-objective
design optimization of a morphing wing by considering aerodynamic and structural objective functions and using the
multidisciplinary design optimization approach. Wang et al. [25] presented a method for robust multidisciplinary design
optimization. In this method, fuzzy logic has been used for the conceptual design of a hybrid rocket motor. Jafarian
et al. [R] presented a novel method to solve multi-objective problems using fuzzy logic. This method is applicable
for solving nonlinear problems. One advantage of this method is that the decision-maker continuously interacts with
this method. Mohammad Zadeh et al. [[3] presented a metamodel-based multi-objective multidisciplinary design
optimization method for optimizing multi-objective problems. This technique has been used for the optimization of
an unmanned aerial vehicle. Nguyen et al. [I&] presented a robust multidisciplinary design optimization of a UAV.
A new objective function is created that includes mean and variance values. A framework is developed for robust
design optimization of UAV which MCS is used for uncertainty modeling. Nguyen et al. [I6] submitted a non-
deterministic design optimization of an unmanned aerial vehicle. The possibility-based design optimization method is
used to implement. The considered objective function is flight endurance.

Despite the mentioned problems for the classical design methods, using the knowledge and expertise of the designer
during the design process is the most important advantage of these methods. This advantage of the classical design
methods is a flaw and inefficiency of design optimization methods because in these methods the experiment of the
designer cannot be used effectively during the optimization process. The quality of solutions can be increased if
the designer experiences used in the whole process of design optimization and therefore, this defect of optimization
algorithms is resolved.

Fuzzy logic is a technique based on the experience of people and has been developed to deal with complex and
non-deterministic systems. This concept converts the knowledge and experience of the expert people to nonlinear
mathematical mapping and then this mapping performs such as a human. Some of the advantages that make this
theory an efficient technique in engineering applications are proper simplicity and speed, no need for any complex
calculations, finding acceptable answers in a short period of time, and using the experience of experts [22]. There are
many studies about the application of fuzzy logic in the aerospace engineering field [6, 21, 23, 24].

It is tried in this paper to respond to the following challenges:

1. Converting a constrained multi-objective optimization problem to an unconstrained single-objective optimization
problem and therefore reducing the computer run-time, cost, and solving the mentioned problems about the SWM
and the NSGA approaches.

2. Creating a smart structure to use designer experiences in design optimization and utilize this important source.

Both of these challenges have been responded using a function entitled “fuzzy preference function”. This function
provides a structure to apply designer experiences and finally converts a multi-objective optimization problem to a
single-objective optimization problem. So it can be expected that the more quality solution will achieve in less time.
Therefore, the quality of optimal solutions will be increased systematically due to the use of this experience. The main
advantages of this method compared with other methods are:

1. Using the knowledge and experience of expert people during design optimization by defining fuzzy preference
functions.

2. Converting a constrained multi-objective optimization problem to an unconstrained single-objective optimization
problem without the need to determine the weights for combining objective functions and constraints.

3. Decreasing complexity and computing time.

4. No need for widespread changes in fuzzy rules by changing the optimization problem.

It is worth noting that, this method can be used for deterministic and non-deterministic design optimization prob-
lems. The proposed method is applied to deterministic and non-deterministic multidisciplinary design optimization of
an Unmanned Aerial Vehicle (UAV).

The organization of this paper is as follows. The proposed methodology has been introduced in Section 2. The
application of this method for deterministic and non-deterministic multidisciplinary design optimization of an aircraft
is presented in Section 3. In Section 4, design optimization results are expressed and finally, conclusions are presented
in Section 5.
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2 Theory of the presented multi-objective design optimization method

In this paper, a method is presented that has been able to reduce optimization time and apply the designer experiences
in the design optimization process intelligently. The main logic of the proposed method is based on fuzzy logic and
preference function concepts. The steps of this procedure are shown in Figure . At first, objective functions, constraints,
and design variables must be determined. In the multidisciplinary analysis module, various disciplines are modeled based
on design variables, mission requirements, and uncertain parameters. The mean and standard deviation of objective
functions and constraints are as outputs of this module. In the next, fuzzy preference function for any objective
functions and constraints created in next module. Finally, preference functions of objective functions and constraints
combine together in several steps and a representative function is created for the whole problem. It is worth noting that
to use this method for deterministic optimization, the uncertainty modeling module is deleted. In Figure O, n is the
number of constraints, m is the number of objectives, p is the number of steps to combine constraints, q is the number
of steps to combine objectives, Fj; is the preference function of it" objective function, F; is the preference function of
ith constraint, Fji,k is the preference function of i*" objective function in k' step, Fe¢; 1 is the preference function of

ith constraint in k** step, Fy and F¢ are the representative functions of objective functions and constraints respectively.

2.1 Fuzzy preference function

The fuzzy preference function is a function that describes the satisfaction degree of objective functions and constraints.
These functions allow good use of the designer experiences during system optimization by using writing fuzzy rules. In
other words, the designer experiences apply in fuzzy rules and after this, fuzzy rules (such as a designer or decision-
maker) assign a satisfaction degree to the objective functions and the constraints.

Objective functions Constraunts
definition (j;) definition (Ci)
Design variables |[Design parameters
definition (Xi) calculation (Pi)

Pi l)h

Multidisciplinary Analysis

Discipline
1
2

Wi, Hcw Oji, Oci

Fuzzy Preference Function (FPF)

FeiFij

Creating fuzzy representative function of constraints Creating fuzzy representative function of objectives

Mission
definition

Uncertainty
modeling

The representative funci on of the whole problem

NO

Figure 1: Flowchart of the proposed methodology.

In deterministic design, to create these functions, some satisfaction degrees are defined for the objective functions
and constraints by the designer (in the horizontal axis). In other words, the designer classifies the horizontal axis
to different regions in terms of satisfaction of the objective function (and constraint). Then the vertical axis, which
indicates the preference function is divided into several regions same as the horizontal axis. The basis of the division
of both axes (horizontal and vertical) is designer (decision maker) experiences. It is worth noting that the preference
function value is between zero and one and maximization of the preference function (the greatest satisfaction degree)
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is the purpose of optimization. Figure B shows an example of the preference function. The relationship between the
objective function (constraint) and the preference function is created using fuzzy logic (Figure B) and it can be said
that the fuzzy preference functions change the shape of the objective functions and the constraints of the optimization
problem and it is necessary to apply the opinions and experiences of the experts for this change. In other words, the
designer experiences are used in two shapes in this method: 1) Axis division from the point of view of the degree of
satisfaction and 2) making fuzzy rules to create preference functions. Since the aim of the robust design is to minimize
the variance due to noise parameters, the logic of this method is as follows.

In robust design, the variance and the mean value of the objective function and the constraint should initially be
calculated. Then different satisfaction degrees are determined for these values (as mentioned above) and preference
functions corresponding to the objective functions and constraints variance and mean values are produced with fuzzy
logic. This process is shown in Figure B. Now, maximizing these preference functions is the aim of optimization
algorithms (the highest satisfaction degree). In other words, objective functions and constraints of the optimization
problem are the set of preference functions that all of them must be maximized.

2.2 Fuzzy representative function

The purpose of this section is to create a representative function for the whole problem. In other words, a constrained
multi-objective problem converts to an unconstrained single-objective problem in this section. As shown in Figure [,
the preference functions of objective functions and constraints must be combined with each other separately until two
representative functions to be created for objective functions and constraints and then these two representative functions
are combined together and the total representative function is obtained. To combine preference functions, similar to
the method of preference function creation, the x-axis (which expresses preference functions) must first be divided into
several regions (in terms of satisfaction degree of preference function). Then the vertical axis, which indicates the new
preference function, is divided into several regions too. Finally, using fuzzy logic, the two preference functions are
combined and a new preference function is created.
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function
1

Very Good|
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Medium|

Low 1 | | Otjective
Tow J1Medum )2 High 13 VeyHigh funcion

Figure 2: An example of relationship between objective function and preference function for a minimization problem.
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Figure 3: Creating fuzzy preference function for deterministic design optimization.
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Figure 4: Creating fuzzy preference function for robust design optimization.

A representative function of objective functions (F ;) (describes the satisfaction degree of objective functions behav-
ior) and a representative function of the constraints (F¢) (describes the satisfaction degree of constraints behavior) are
created by repeating these steps. The number of steps in this process depends on the number of objective functions and
the constraints of the optimization problem. These two representative functions are also combined in a similar process
and finally, one representative function (Fg) is obtained for the whole problem which indicates the satisfaction degree
of the objective functions and the constraints. Now the optimizer uses this function to find the optimal solution.
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3 Application of the proposed method for multidisciplinary design opti-
mization of an aircraft

3.1 Optimization problem definition

In this study, deterministic design optimization and non-deterministic design optimization of a tactical UAV are done.
Both of them are multidisciplinary design optimization problems and MultiDisciplinary Feasible (MDF) approach is
used to implement. Minimization of take-off weight (WWro) and the drag of the cruise phase (Dr.,.) are considered as
objective functions for both problems. The mathematical formulation of deterministic and non-deterministic design
optimizations are as follows:

Minimize Wro & Dre,

st. Gi(z) i=1,2,...,23 (1)
Minimize (159 Wroy & Dro
st (10)g,w =12, 23 (2)

It is worth noting that G, u, and o are constraints, mean value, and standard deviation respectively. Since the pro-
posed method converts a constrained multi-objective design optimization problem to an unconstrained single-objective
design optimization problem and because the goal in the proposed method is to maximize the preference functions so
the mathematical expression of both optimization problems is as in equation (3). Fr is the representative function of
the whole problem. As previously stated, one of the advantages of the proposed method is to reduce the complexity of
the problem in addition to reducing the computational cost. This issue is easily understood by comparing equations
(1), (2) and (3).

Maximize Fr (3)

As previously stated, in the deterministic design optimization the value of objective functions and constraints are as
inputs to the fuzzy system but in the robust design optimization, the values of the mean and standard deviation of
objective functions and constraints are as inputs. For both design optimizations, 22 design variables, and 23 constraints
are considered. Design variables, design constraints and their numerical ranges have been shown in Table 1 and Table
2 respectively. The presented ranges have been determined based on special limitations, requirements, similar UAVs
database, and designer experiences.

Table 1: Design variables

No. Design variables Description Lower limit  Upper limit  Unit

1 Sw Wing area 0.8 1.8 m?

2 AL Sweep angle 15 35 degree
3 AR Aspect ratio 3.5 5.5 -

4 A Taper ratio 0.4 0.8 -

5 Ca/C Aileron mean chord to mean chord ratio 0.2 0.4 -

6 ab, A constant for calculation of aileron span 0.15 0.25 -

7 Ayouea A constant for calculation of aileron outboard distance 0.25 0.35 -

8 XA, Longitudinal position of the wing from the aircraft nose 1.9 2.3 m

9 € Twist angle -3 0 degree
10 Sht Horizontal tail area 0.2 0.4 m?

11 Avgw Horizontal tail leading edge sweep angle 15 30 degree
12 ARy Horizontal tail aspect ratio 3.5 5.5 -

13 At Horizontal tail taper ratio 0.2 0.6 -

14 Cg /Cht Elevator mean chord to horizontal tail mean chord ratio 0.2 0.5 -

15 ig Horizontal tail incidence angle -3 0 degree
16 Syt Vertical tail area 0.1 0.3 m?

17 Avgw Vertical tail leading edge sweep angle 25 45 degree
18 Avt Vertical tail taper ratio 0.2 0.6 -

19 ARy Vertical tail aspect ratio 0.5 2 -

20 Cg /Cut Rudder mean chord to vertical tail mean chord ratio 0.15 0.45 -

21 & First angle of boat tail 5 15 degree
22 4y Second angle of boat tail 5 15 degree
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Table 2: Design constraints

No. Constraints Description Unit

1 Cruise angle of attack —3<a<3 degree
2 Cruise elevator deflection angle —3<0p <3 degree
3 Cruise side slip angle —2< B, <2 degree
4 Cruise aileron deflection angle —2<0Ar <2 degree
5 Cruise rudder deflection angle —2<0Rr <2 degree
6 Turn angle of attack 0<aiy <8 degree
7 Pull up angle of attack 0<apu<8 degree
8 Pull down angle of attack 0<apa<8 degree
9 Turn side slip angle —4< B, <4 degree
10 Turn elevator deflection angle —15<0g, <15 degree
11 Pull up elevator deflection angle —15<0E,, <15 degree
12 Pull down elevator deflection angle —15<0E,q<15 degree
13 Turn aileron deflection angle —8<0A 1, <8 degree
14 Turn rudder deflection angle —8<0R 1, <8 degree
15 Static margin 0.03<SM<0.06 -

16  Short period frequency min(wsp)>0.5 rad/sec
17 Short period damping coefficient 0.2<min(&,)<0.6 -

18  Phugoid frequency 0.05<min(wpn)<1 rad/sec
19 Phugoid damping coefficient 0.05<min(&p1)<0.4 -

20 Dutch roll frequency min(wpgr)>1 rad/sec
21 Dutch roll damping coefficient 0.05<min(¢pgr)<0.6 -

22 Spiral time constant max(Tspiral)>1 S

23 Rolling time constant 0<max(Tyon)<1 S

3.2 Aircraft mission definition

The flight profile is shown in Fig. 5 for both design optimizations. The considered mission is listed in Table 3.

Maneaver
(Pullup, Pull down, Turn)

Landing Take off

Figure 5: Intended flight profile.

Table 3: The considered mission
hcr(m) Wpay(kg) E(h"') Sto (m) Ver (m/s)
12000 60 1.5 480 238

3.3 Flight uncertainty modeling

In this study, two uncertainties are considered: 1) environmental uncertainties (Aleatory uncertainties), and 2) uncer-
tainties due to modeling and lack of knowledge (Epistemic uncertainties). The altitude of the cruise phase is considered
as the aleatory uncertainty that a uniform distribution (h=h,* lhsdesign(1,N)) is used to create sample points. All
parameters that are considered constant (such as propeller efficiency, constructive material density, fuel conception
and etc.) and all parameters that are calculated in the multidisciplinary analysis process (such as landing distance,
the weight of components, aerodynamic coefficients) are considered as epistemic uncertainties. A normal distribution
(X=X+(X*AXx* lhsnorm (1,N))) is used to create sample points for these uncertainties. Since one of the Monte Carlo
Simulation (MCS) method defects is its calculation time, so Latin Hypercube Sampling (LHS) method is used. LHS
method reduces the computational time by reducing the number of sample points and maintaining proper dispersion.
In this study, the value of h, is 12000 m and the considered percentage of errors (AX) for epistemic uncertainties are
listed in Table 4. With attention to the accuracy of the aerodynamic relationships, the error is considered 15% and
30%. MCS method is used for uncertainty modeling in this study.

Table 4: The considered percentage of errors
Constant parameters Weight specifications Aerodynamic specifications
AX 10% 10% 15% & 30%
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3.4 Multidisciplinary design analysis

Calculation of the objective functions and the considered constraints (in deterministic optimization) and mean val-
ues and standard deviations of them (in non-deterministic design optimization) is the aim of this section. In this
study, the multidisciplinary analysis section consists of the following modules: Input, Geometry, Performance, Weight,
Aerodynamic, Center of Gravity, Trim, and Dynamic stability. Fig. 6 shows the relationship between these disciplines.
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Figure 6: The flowchart of aircraft multidisciplinary analysis.

3.5 Fuzzy preference function

In this study, preference functions are generated by using the product inference engine, singleton fuzzifier, and center
average defuzzifier as follows:

DY 7 (I pogr (1))
O (M par ()
The details about the creation of fuzzy preference functions for deterministic and non-deterministic design optimiza-

tion problems are discussed in the following. As mentioned ago, the experiences of expert are applied in the design
optimization by using fuzzy rules.

[ () (4)

3.5.1 Fuzzy preference function for the deterministic optimization problem

To create preference functions of objective functions and constraints, their normalized values are entered into the
fuzzy system and the preference functions of each one are produced. The membership functions of objective functions,
constraints and preference function (as the output of fuzzy logic) are shown in Fig. 7, Fig. 8, and Fig. 9.

In the case of the membership function of the constraints, we must say that if the constraints fall within the intended
ranges, the constraints are respected so between 0 and 1 numbers are acceptable from the constraints point of view.
So the whole area between 0 and 1 is defined by one membership function. By approaching the 0 and 1 boundaries,
a strict condition is taken into account. For this reason, although between 0 to 0.2 and 0.8 to 1 are acceptable from
the constraints point of view, in these areas, other membership functions are also defined. The fuzzy rules set to create
preference functions of objectives and constraints are listed in Table 5 and Table 6.

u(WTO or Dr)

Normalized
‘WTO or Dr

Figure 7: The membership function of normalized objective functions for deterministic optimization.
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Figure 8: The membership function of normalized constraints for deterministic optimization.
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Figure 9: The membership function of preference functions.

Table 5: Fuzzy rule set to create preference function of objective functions
1. If (j; is high) then (Fj, is very low).
2. If (j; is medium) then (Fj, is medium).
3. If (j; is low) then (F;, is high).

Table 6: Fuzzy rule set to create preference function of constraints
1. If (C; is high) then (Fc, is very low).
2. If (C; is low) then (F¢, is high).

3.5.2 Fuzzy preference function for the robust optimization problem

In the robust optimization problem, the values of the mean and standard deviation of normalized objective functions and
constraints are entered into the fuzzy system and their preference functions are produced. The membership functions
of the mean and standard deviation of normalized objective function and constraints are shown in Fig. 10 and Fig.
11. The membership function of the preference function is similar to Fig. 9. The used fuzzy rules to create preference
functions of objective functions and constraints are also listed in Table 7 and Table 8.
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Figure 10: The membership function of mean and standard deviation values of objective functions for robust optimiza-
tion.
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Figure 11: The membership function of mean and standard deviation values of constraints for robust optimization.

Table 7: Fuzzy rule set to create preference function of objective functions

1. If (nor is high) and (oor is high) then (For is very low).

2. If (uor is high) and (oor is medium) then (For is very low).

3. If (por is high) and (oor is low) then (Fop is low).

4. If (por is medium) and (oo is high) then (Fop is very low).

5. If (por is medium) and (oor is medium) then (Fop is medium).
6. If (uor is medium) and (oor is low) then (For is medium).

7. If (por is low) and (oor is high) then (For is low).

8. If (por is low) and (oor is medium) then (Fop is medium).

9. If (uor is low) and (oor is low) then (For is high).

Table 8: Fuzzy rule set to create preference function of constraints
1. is high) and (o, is high) then (F¢, is very low).

It (:U’Ci
2. If (pc, is high) and (o¢; is medium) then (Fg, is very low).
3. If (pc, is high) and (o, is low) then (F¢, is low).
4. If (uc, is low) and (o, is high) then (F¢, is low).
5. If (uc, is low) and (o¢, is medium) then (F¢, is medium).
6. If (puc, is low) and (o¢, is low) then (F¢, is high).

3.6 Fuzzy representative function

The considered membership functions to combine preference functions of objective functions (in several steps) are
shown in Fig. 12. The membership functions to combine preference functions of constraints are similar to membership
functions of Fig. 12.

1 (Fjis=1) n(Fjw)
or A or
“(Pc“"l) Very  Low Medium High u(Fca) [Very o Medium High
Low 1| Eow g
1 | 1 ] I
| ! I : | |
| | I | | |
| ! | | | |
| ! | | | |
| I | | | |
| ! ! | | |
I ! | | | |
1 1 l f H H
| | | | | |
1 1 1 1 |
| [ [ Fju= ] \ | Fjix
0 033 0.7 1 o 0 3 7 » o
Fax 0.35 0 1 =

Figure 12: Membership functions of preference functions.

Since there are two inputs for the fuzzy system at each stage and each of the inputs has four modes, therefore, 16
fuzzy rules must be written. The satisfaction degree of preference function is the logic of writing fuzzy rules. If the
inputs to the fuzzy system have inappropriate conditions (very low or low) so the output of the fuzzy system should
show undesirable conditions (very low or low) and vice versa. There are also different situations between desirable
and undesirable conditions that the fuzzy rules are written for them based on designer experiences and the purpose of
design.



190

M. R. Setayandeh, A. R. Babaei

For example, the fuzzy rules to combine preference functions of objective functions, preference functions of the first
two constraints (« o & 0 <), and the combination of the representative functions of the objective functions and the
constraints (to create the whole representative function) are expressed in Table 9, Table 10, and Table 11.

Table

9: Fuzzy rule set for combination of objective functions

1. If (Fp is very low) and (Fwro is very low) then (Fj is very low).
2. If (Fp is very low) and (Fwro is low) then (Fj is very low).
3. If (Fp is very low) and (Fwro is medium) then (Fj is very low).
4. If (Fp is very low) and (Fwro is high) then (Fj is low).
5. If (Fp is low) and (Fwro is very low) then (Fj is very low).
6. If (Fp is low) and (Fwro is low) then (Fj is very low).
7. If (Fp is low) and (Fwro is medium) then (Fjy is low).
8. If (Fp is low) and (Fwro is high) then (Fj is low).
9. If (Fp is medium) and (Fwro is very low) then (Fj is very low).
10. If (Fp is medium) and (Fwro is low) then (F; is low).
11. If (Fp is medium) and (Fwro is medium) then (Fj is medium).
12. If (Fp is medium) and (Fwro is high) then (F; is medium).
13. If (Fp is high) and (Fwro is very low) then (Fj is low).
14. If (Fp is high) and (Fwro is low) then (F; is low).
15. If (Fp is high) and (Fwro is medium) then (Fj is medium).
16. If (Fp is high) and (Fwro is high) then (F; is high).
Table 10: Fuzzy rule set for combination of two constraints

1. If (F, , is very low) and (F5, .. is very low) then (Fy; is very low).
2. If (F, ., is very low) and (Fs,, . is low) then (Fy; is very low).
3. If (F, ., is very low) and (Fs,, _, is medium) then (Fi; is low).
4. It (F, . is very low) and (Fs, . is high) then (Fy; is low).
5. If (Fy ., is low) and (Fs,, . is very low) then (Fy; is very low).
6. If (Fy ., is low) and (F5,, _, is low) then (Fy; is very low).
7. If (F, ., is low) and (Fj,, ., is medium) then (Fy; is low).
8. If (F, ., is low) and (Fj,, ., is high) then (Fy; is medium).
9. If (F, ., is medium) and (Fs, . is very low) then (F1; is very low).
10. If (F, . is medium) and (Fs, _. is low) then (Fy; is very low).
11. If (F, _, is medium) and (Fs, _, is medium) then (F;; is medium).
12. If (F, ., is medium) and (Fs, . is high) then (Fy; is high).
13. If (F, . is high) and (F5, ., is very low) then (F1; is low).
14. If (F,, . is high) and (Fs, _,. is low) then (Fy; is low).
15. If (F, . is high) and (Fs, _. is medium) then (F;; is medium).
16. If (F,, _. is high) and (Fs, _. is high) then (F;;is high).

Table 11: Fuzzy rule set for combination of representative functions

. If (F¢ is very low) and (F is very low) then (Fpg is very low).

. If (F¢ is very low) and (F; is low) then (Fg is very low).

If (F¢ is very low) and (F; is medium) then (Fg is low).

If (F¢ is very low) and (F is high) then (Fg is low).
If (F¢ is low) and (F; is very low) then (Fg is very low).

. If (Fe is low) and (F; is low) then (Fg is very low).

. If (F¢ is low) and (F; is medium) then (Fg is low).
(
(

ooﬂ@gng:p:m»d

. If (F¢ is low) and (F is high) then (Fg is low).
If F¢ is medium) and (F; is very low) then (Fg is low).
F¢ is medium) and (F; is low) then (Fg is low).

11 Fc¢ is medium) and (F; is medium) then (Fg is medium).
12 Fo is medlum) and (F is high) then (Fg is medium).

13 Fc is high) and (F is very low) then (Fg is low).

14. If (F¢ is high) and (F; is low) then (Fg is low).

If (
If (
If (
If (
( ) and (
If (F¢ is high) and (F; is medium) then (Fg is medium).
If (Fc is high) and (Fj is high) then (Fg is high).
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To create the representative function of the objective functions, the preference functions of take-off weight and
drag are combined with each other using fuzzy logic and F; is created. The steps of combining preference functions
of constraints are shown in Fig. 13. As it is clear, the constraints are classified from the point of view of the flight
phase and the modes of motion in the first step (Fy,, with Fsg,_ , Fsa,, with Fp, , and F,,,, with Fe ). The outputs
of this stage represent the behavior of the constraints in the desired flight phase and the modes of motion. Then in
the second stage, constraints are classified from the point of view of longitudinal motion and lateral-directional motion
(Fy5 with Fig and Fig with Fig). The outputs of this stage represent the behavior of the constraints in the longitudinal
and lateral-directional motions. This process continues until the representative function of constraints (FC) is created.
Finally, using the same method, the two representation functions are combined and the whole representative function
of the problem (Fg) is obtained.

3.7 Optimizer

Since the considered optimization problem in this study is a complex problem and with regard to the capabilities of
evolutionary algorithms, Genetic Algorithm (GA) is selected as the optimizer. The specifications of GA for optimization
are expressed in Table 4. In this study, the crossover type is uniform crossover. It is worth noting that in the NSGA
method, the population size must be large enough to provide a good Pareto front. So to solve the optimization problem
with this approach the population size is considered 200.

Table 12: Specifications of GA

Parameter Value
Generation 50
Population size 50
Mutation rate 0.1
Selection rate 0.5

Figure 13: The creation process of representative function of constraints.

4 Design optimization results

Using the proposed method, deterministic design optimization was done. The histories of objective functions during
the different generations are shown in Fig. 14 and Fig. 15 for deterministic design optimization. As these figures
show, the proposed method has been able to minimize both objective functions in the optimization. To validate the
proposed method, this problem is redesigned using two other famous methods and the results of them are compared
to each other. In addition, information of an aircraft with a similar mission (Mirach 150), which was designed using
the classical design method, is also used. These two methods are: 1) Design optimization using Sum Weighted Method
(SWM), and 2) Multi-objective design optimization using the Non-dominated Sorting Genetic Algorithm (NSGA). It
is worth noting that, the modules for creating preference functions and representative function have been deleted in
design optimization using WSM and NSGA approaches and numerical values of objective functions and constraints
have been used. Also, the constraints in these two methods have been applied using the penalty function method. The
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NSGA method has been created a set of optimal solutions known as Pareto front that best of these optimal solutions
has been selected for comparison based on utopian distance concept. For more information about this concept refer
to [2]. The full specifications of the obtained designs are presented in Table 13, Table 14, Table 15, and Table 16.
Non-deterministic design optimization is done using the proposed method after confirming it. It is worth noting that
the PC characteristics for design optimization in this study are: Core i5, CPU 2.5 GHz, RAM 4 GB.
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Figure 14: The mean value of take-off weight for each generation in deterministic design optimization.
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Figure 15: The mean value of drag for each generation in deterministic design optimization.

Table 13: Objective functions values for different designs
WTO(Kg) Drag(N)

Mirach 150 350 568.4
SWM 344.93 512.47
NSGA 334.1 494.02
Proposed method (Optimal design (OD)) 333.6 469

Table 14: Design variables of base, optimal and robust designs

Design variables Mirach 150 Proposed method SWM NSGA  Unit
Sw 1.1 0.92 1.01 0.89 m?
ALg 27 21.8 17.2 21.8 degree
AR 4.81 4.96 4.7 4.59 -

A 0.4 0.42 0.57 0.44 -
Cp/C 0.29 0.31 0.29 0.26 -

ap, 0.25 0.16 0.21 0.23 -
Ay 0.25 0.27 0.27 032 -

XA, 1.99 2.04 2.11 2.04 m

€ - -0.27 -0.74 -1.03 degree
Sht 0.29 0.22 0.26 0.34 m?
ALEnRt 27 16.6 19.5 22.9 degree
ARyt 4.02 4.28 3.93 4.43 -

Aht 0.36 0.2 0.37 0.4 -
Cg/Chs - 0.42 0.41 0.35 -

i - -1.8 -0.26 -0.13 degree
Svt 0.2 0.26 0.29 0.16 m?
ALEvt 34 38.4 43.5 36.1 degree
Avt 0.48 0.25 0.39 0.35 -
ARyt 1.94 0.57 1.94 1.73 -
Cr/Cyt - 0.27 0.26 0.27 -

o1 5 9.2 9.2 7.4 degree

02 10 8.6 9.2 8 degree
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Table 15: Optimal and robust design constraints

No. Constraints Proposed method SWM  NSGA Unit

1 Cruise angle of attack 1.3 1.78 1.7 degree

2 Cruise elevator deflection angle 0.29 -2.7 -1.78 degree

3 Turn angle of attack 4 44 44 degree
4 Pull up angle of attack 6.9 6.3 6.9 degree

5 Pull down angle of attack 6.9 6.3 6.9 degree

6 Turn side slip angle 0.1 0.11 0.1 degree
7 Turn elevator deflection angle 0.13 -2.6 -1.9 degree

8 Pull up elevator deflection angle -0.4 -3.2 -2.2 degree

9 Pull down elevator deflection angle -0.4 -3.2 -2.2 degree
10 Turn aileron deflection angle -2.5 -3.6 -2.5 degree
11 Turn rudder deflection angle 0.63 0.42 0.63 degree
12 Static margin (min) 0.048 0.032 0.038 -

13 Short period frequency (min) 0.64 0.58 0.63 Rad/sec
14 Short period damping coefficient (min)  0.24 0.3 0.3 -

15 Phugoid frequency (min) 0.073 0.073  0.071  Rad/sec
16  Phugoid damping coefficient (min) 0.05 0.07 0.137 -

17 Dutch roll frequency (min) 1.23 2.08 1.04 Rad/sec
18  Dutch roll damping coefficient (min) 0.035 0.045  0.04 -

19  Spiral time constant (max) 17.7 6 13.5 s

20  Rolling time constant (max) 0.7 0.6 0.76 s

Table 13 states that the obtained optimal design from the proposed method has lower take-off weight and drag
and this issue represents the good ability of this method compared to other famous methods. Table 16 states that the
proposed method has been able to dramatically reduce computational time compared to the other method, and this is
another advantage of this method.

The third advantage of the proposed method is the simplicity of implementation because this method converts a
constrained multi-objective optimization problem to an unconstrained single-objective optimization problem and it is
much easier to accomplish unconstrained single-objective optimization than constrained multi-objective optimization
(because of the constraints implementation using the penalty function method and assigning their weights and adding
more operators to multi-objective optimization). So three main advantages of the proposed method relative to other
methods are:

1. Provide optimal solutions from the point of view of objective functions.
2. Reduce optimization time.

3. Easier implementation of design optimization.

The last two advantages are due to the conversion of a constrained multi-objective optimization problem to an
unconstrained single-objective optimization problem.

Table 16: Optimization time for different methods
Proposed method SWM method NSGA method
Optimization time (min) 25 25.5 120

After validating the proposed method, this method is used for the non-deterministic design optimization of UAV in
the next step. Table 17 to Table 19 show the specifications of robust and optimal designs.

Table 17: Objective functions values for optimal and robust designs of UAV
WTO(Kg) Drag(N)
Optimal design (OD) 333.6 469
Robust design (RD) 366.2 804
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Table 18: Design variables of base optimal and robust designs

Design variables  OD RD Unit
Sw 0.92 0.82 m?
ALg 21.8 16 degree
AR 4.96 3.85 -

A 0.42 0.41 -
Ca/C 0.31 0.39 -

ap, 0.16 0.23 -
Ayoiia 0.27 0.31 -

Xa, 2.04 2.13 m

€ -0.27 -0.8 degree
She 0.22 0.25 m?
ALEnRt 16.6 20.1 degree
ARy 4.28 4.17 -

Aht 0.2 0.28 -
Cg/Ch 0.42 0.32 -

i -1.8 -2.3 degree
Sut 0.26 0.22 m?
ALEvt 38.4 37.8 degree
Avt 0.25 0.25 -

ARyt 0.57 0.54 -
Cr/Cyt 0.27 0.42 -

01 9.2 9.7 degree
02 8.6 9.7 degree

Table 19: Optimal and robust design constraints

No. Constraints OD RD Unit

1 Cruise angle of attack 1.3 0.092 degree
2 Cruise elevator deflection angle 0.29 2.12 degree
3 Turn angle of attack 4 6.3 degree
4 Pull up angle of attack 6.9 3 degree
5 Pull down angle of attack 6.9 3 degree
6 Turn side slip angle 0.1 0.13 degree
7 Turn elevator deflection angle 0.13 1.7 degree
8 Pull up elevator deflection angle -0.4 1.9 degree
9 Pull down elevator deflection angle -0.4 1.9 degree
10 Turn aileron deflection angle -2.5 -4.9 degree
11 Turn rudder deflection angle 0.63 0.8 degree
12 Static margin (min) 0.048  0.041 -

13 Short period frequency (min) 0.64 0.81 Rad/sec
14 Short period damping coefficient (min)  0.24 0.33 -

15 Phugoid frequency (min) 0.073  0.075  Rad/sec
16  Phugoid damping coefficient (min) 0.05 0.089 -

17 Dutch roll frequency (min) 1.23 0.97 Rad/sec
18  Dutch roll damping coefficient (min) ~ 0.035  0.047 -

19  Spiral time constant (max) 17.7 27 s

20  Rolling time constant (max) 0.7 0.98 s

The results showed that the drag and take-off weight of robust design has been increased relative to optimal design.
The reason for this is that the cruise altitude of robust design is considered between sea level and 12000 meters and
this increases the density. Increasing the density also increases the drag and as a result, fuel weight and take-off weight
will increase. In other words, increasing the objective functions is a penalty for achieving a design that can function
optimally in a range of cruise altitudes and also has a robust performance against the uncertainties.

To evaluate the robustness of the designs, the probabilistic analysis was carried out on both designs. Table 20
indicates the proper robustness of the robust design against the uncertainties. About the take-off weight, the standard
deviations of the robust design and the optimal design are closed to each other. The reason is that the altitude has
no significant effect on the take-off weight. But in the case of drag, the situation is completely different because the
altitude strongly affects the drag. On the other hand, a higher percentage of error is considered for the aerodynamic
specifications. To better assess the robustness of designs, two performance indexes (endurance and range) are reviewed.
Robust design is a design that performance indexes have the least changes to the uncertainties. It is worth noting
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that, the ideal values of endurance and range are 90 min and 1284 km respectively. By performing the analysis of
robustness, it was observed that the objective functions and performance indexes of robust design have good robustness
to the uncertainties. But the robustness of the constraints must also be investigated. To verify the robustness of the
constraints, two criteria are considered. Maintaining the mean values of the constraints derived from probabilistic
analysis on the values obtained from the design optimization (the values of Table 19) is the first criterion. If this
criterion is violated, the standard deviation is the second criterion. Using the histogram diagrams (Fig. 16 to Fig. 22)
and the mean value and standard deviation (Table 21), the robustness analysis is performed.

Table 20: Standard deviations and performance indexes of optimal and robust designs

ftems  owro(kg)  0p ()  pp(min)  jpp(km)
OD 8.6 241 63.1 900
RD 7.3 182 86.9 1220

5 g 0
AlphapuRD Alphapu0D

0o 5 10 15 5

0 5
AlphapdRD Alphapd0D

Figure 16: Scattering of angle of attack in the presence of uncertainties for robust design and optimal design.
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Figure 17: Scattering of elevator deflection angle in the presence of uncertainties for robust design and optimal design.

5 0 -10 5
DeltaAtuRD DeltaAtuoD

Figure 18: Scattering of aileron and rudder deflection angles of turn in the presence of uncertainties for robust design
and optimal design.
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Figure 19: Scattering of frequency of motion modes in the presence of uncertainties for robust design and optimal
design.
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Figure 20: Scattering of damping

optimal design.

Figure 21:
design.
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Figure 22: Scattering of static margin in the presence of uncertainties for robust design and optimal design.

Table 21: Mean values and standard deviations of considered constraints for optimal design and robust design

Ty Mo, Ty Moy Oy, Foyu O8per | MOpe, | O0pin | Mop i U(SEpu //‘(551,“
OD 1.3 -1.7 2.9 3.96 2.6 0.33 14 -0.6 1.8 -1.1 2.4 -1.8
RD 1.7 0.03 | 2.7 4.9 35 3 1.2 1.7 2.5 0.92 | 2.3 1.25
Unit | deg deg deg deg deg deg deg deg deg deg deg deg

Table 22: Mean values and standard deviations of considered constraints for optimal design and robust design

OBtu | MBtu | Trew | MORew | Toary | HOasy | Twsp | Pwsp | T&sp Hesp Owpn__| Hwph
OD |0.24 |02 2.4 3 2.8 -4 0.42 | 0.86 | 0.11 | 0.27 | 0.003 | 0.072
RD 029 | 0.27 ]0.97 |12 2.1 -29 036 | 0.84 |0.13 | 0.29 | 0.0035 0.074
Unit | deg deg deg deg deg deg ad rad — — ad d

Table 23: Mean values and standard deviations of considered constraints for optimal design and robust design

Tépn 239 Owpr | Pwpr | 9€pr Hepr OTrou | PTrou | OTspiral HTspirdi TSM HsMm
OD 0.0066/ 0.078 | 0.092 | 0.64 0.014 | 0.05 0.33 0.86 8.7 45 0.23 0.09
RD 0.0075 0.08 0.15 0.82 0.013 | 0.04 0.29 0.86 10.7 39.5 0.24 0.045
Unit | — - rad % — - S S S S - -

According to Figure 17 to Figure 27 and also the values of Table 21 it can be found that in total the robust design
has more robustness relative to the optimal design from the considered constraints point of view. Table 22 shows a
simpler form of the results of constraints robustness analysis which confirms the more robustness of the robust design.
Choosing both designs for some constraints indicates that there is no difference between the two designs. For example,
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the cruise angle of attack is analyzed. According to the results of Table 19, optimal and robust designs have the angle
of attack 1.3 and 0.093 respectively. But optimal and robust designs have the angle of attack -1.7 and 0.03 respectively
according to Table 21. So it is clear that the robust design has been able to better fit the angle of attack on its average
value in the presence of uncertainties. The robustness analysis of the rest of the constraints is also done in a similar
fashion.

Table 24: Summary of robustness analysis of considered constraints for robust design and optimal design
Qep | Qpy | Ay 5E'ur 5Epu 6Etu ﬁtu 6Atu 6Rtu Wsp ésp Wph fph wpRr| €DR Trol Tspz' SM
oD v VY VY VY
RD |V |V VY V IV IV IV IV IV IV IV IV IV v

5 Conclusion

In this paper, an attempt has been made to solve the challenges of multi-objective optimization problems by presenting
a new method, and the designer’s experiences are applied during the design optimization process. These two issues
are achieved by the definition of fuzzy representative function and fuzzy preference function. In this method, first,
fuzzy preference functions are created for objective functions and constraints. Then these preference functions are
combined in several steps using fuzzy logic and finally, a representative function is obtained for the whole problem.
Some benefits of this strategy are: using the designer’s experiences, reducing the computation time, performing various
design optimizations with variable degrees of robustness, and simplicity. To show the performance of the proposed
method, two multidisciplinary design optimization problems was carried out. The first is the deterministic optimization
and the second is the non-deterministic optimization. The results show acceptable solutions for both optimizations
(both in terms of optimality and robustness) and indicate the efficiency of this method.
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