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Abstract Based on improved multi-objective particle swarm optimization (MOPSO) algorithm

with principal component analysis (PCA) methodology, an efficient high-dimension multi-

objective optimization method is proposed, which, as the purpose of this paper, aims to improve

the convergence of Pareto front in multi-objective optimization design. The mathematical efficiency,

the physical reasonableness and the reliability in dealing with redundant objectives of PCA are ver-

ified by typical DTLZ5 test function and multi-objective correlation analysis of supercritical airfoil,

and the proposed method is integrated into aircraft multi-disciplinary design (AMDEsign) plat-

form, which contains aerodynamics, stealth and structure weight analysis and optimization module.

Then the proposed method is used for the multi-point integrated aerodynamic optimization of a

wide-body passenger aircraft, in which the redundant objectives identified by PCA are transformed

to optimization constraints, and several design methods are compared. The design results illustrate

that the strategy used in this paper is sufficient and multi-point design requirements of the passenger

aircraft are reached. The visualization level of non-dominant Pareto set is improved by effectively

reducing the dimension without losing the primary feature of the problem.
� 2017 Production and hosting by Elsevier Ltd. on behalf of Chinese Society of Aeronautics and

Astronautics. This is an open access article under the CC BY-NC-ND license (http://creativecommons.org/

licenses/by-nc-nd/4.0/).

21

221. Introduction

23Multi-objective design methods mainly include weighted aver-
24age optimization and non-dominated optimization based on
25Pareto idea. The former is actually a single point optimization
26method, and the design results strongly depend on the choice
27of weight function. Its main deficiency is that the selection of
28reasonable weight function is becoming more and more diffi-
29cult with the increasing number of object. Improper weight
30may lose some important information as the design problem
31is going to be more complex. As a consequence, numerical
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32 optimization based on Pareto idea has played an important
33 role in multi-disciplinary and multi-objective design of aircraft.
34 However, the research mainly focuses on low dimensional
35 multi-objective problems with simple shape and single design
36 point. The application of Pareto in high dimensional optimiza-
37 tion has several major problems1–3:

38 (1) The Pareto front would advance extremely slowly and is
39 not reliable. With the increasing number of object (when
40 P 3, in the following, it is named as multi-objective
41 problem), the dimension of Pareto optimal front surface
42 increases, and the number of point in the Pareto fronts
43 would rise exponentially, which makes the time con-
44 sumption and space complexity of the algorithm deteri-
45 orate greatly.
46 (2) The number of the non-dominated solution will grow
47 dramatically. When the object reaches to a certain num-
48 ber, almost all individuals are non-dominated solutions,
49 which will lead to serious weakening of performance
50 based on Pareto dominance ranking and selection. For
51 a given external group with fixed size, excellent individ-
52 uals may not be preserved in the evolutionary process,
53 making the entire algorithm search become slow and
54 difficult to reach a reasonable Pareto front. So, the tra-
55 ditional optimization method is powerless in dealing
56 with multi-objective problems.
57 (3) Wide design space and huge grid scale of complex con-
58 figuration result in large computation expense and
59 requirement of high population diversity.
60 (4) For designers, the visualization level of non-dominated
61 solution set is not sufficient, which leads to a difficulty
62 to make reasonable decisions. So, the traditional opti-
63 mization method is powerless in dealing with multi-
64 objective problems.
65

66 Aerodynamic design of wide-body aircraft is a typical multi-
67 point integrated design process, in which the multiple design
68 requirements such as the cruise lift-to-drag ratio, the buffer
69 boundary and the drag divergence characteristic should be con-
70 sidered. At the same time, wide-body aircraft often use the crane
71 wing-mounted engine configuration. For this type of configura-
72 tion, the existence of pylon and nacelle will affect the pressure
73 distribution of supercritical wing to a certain extent by a posi-
74 tive correlation with the sweep angle of wing, whichmay change
75 some crucial aerodynamic characteristics. Therefore, for the
76 fine design of wing-mounted engine configuration, influence
77 of pylon/nacelle on the wing must be considered. In addition,
78 in order to maintain excellent aerodynamic performance after
79 trimming the pitch moment, it is necessary to carry out inte-
80 grated design considering the nacelle interference and the hori-
81 zontal tail trimming. With the rapid development of computer,
82 it is possible to conduct multi-objective and refine integrated
83 design for full aircraft configuration, which, however, has not
84 been deeply investigated in industrial field at present.
85 According to the above problems, in the large scale distributed
86 parallel computing environment, multi-objective aerodynamic
87 integrated design for wing, fuselage, pylon, nacelle, horizontal
88 and vertical wing on cruise configuration of wide body aircraft
89 is studied based on improvedmulti-objective particle swarmopti-
90 mization (MOPSO) algorithm coupling with principal compo-
91 nent analysis (PCA) method. Validity of the design method in
92 this paper is verified and the optimized results are discussed.

932. PCA-MOPSO optimization platform

942.1. Redundant object identification and dimensional reduction

95The search process of Pareto-based algorithm slows down dra-
96matically in multi-objective optimization, and the visualization
97level of non-dominated solutions is not conducive to make
98decision for designers. In data analysis, the data with less vari-
99ables and more information is always expected. Actually, there
100is always a certain correlation between the variables in prac-
101tice, and when there is a correlation between two variables,
102it can be explained that the information reflected by these
103two variables has a certain overlap, and then the dimension
104reduction can be achieved. PCA4,5 has been widely accepted
105in image processing and data reduction because of its ability
106of correlation analysis, variable identification, target recogni-
107tion and the abnormal value grouping.6–8 However, the appli-
108cation of PCA in aerodynamic multi-objective optimization is
109still rare. PCA method can identify the principal components
110as well as ‘‘redundant components” or ”sub components‘‘.
111Using the analysis results, we can regard ”sub components‘‘
112as a constraint or redundancy for the further dimension reduc-
113tion. Based on the PCA method, the dimension reduction of
114multi-objective optimization can be realized by the following
115steps9,10:

116(1) Initialize the iteration counter I = 0, the target set
117M = £, and the threshold TC.
118(2) Initialize population randomly, and optimize to obtain a
119set of Pareto solution P.
120(3) Perform principal component analysis on the Pareto
121solution P, and the redundant target can be eliminated
122by the specified threshold TC. The specific implementa-
123tion strategies are as follows:
124(A) Normalize the target vector to calculate the corre-
125lation matrix R (I, J) and the eigenvector V (I, J),
126and extract the first and second principal compo-
127nents via PCA analysis.
128(B) For the first vector, select two targets with the
129most positive and negative elements into the set
130M; if all the elements have the same sign, select
131two corresponding targets with the maximum a-
132bsolute value.
133(C) For next component, check the threshold. If the
134threshold is met, end the cycle; otherwise, if the
135eigenvalue < 0.1, select corresponding target with
136the largest absolute value |max (V(I, J))| into the
137M. Otherwise.
138(a) Select two corresponding objects with the
139most positive and negative elements into t-
140he set M.
141(b) If all the elements have the same sign, select
142two corresponding targets with the maxi-
143mum absolute value into the set M.
144145

146

147

148

149

150(4) IfM = M (I – 1), stop and output the optimal solutions;
151otherwise, I= I + 1 and return to step (2).
152

153After PCA analysis, we can identify the relationship
154between the targets so as to extract the principal target from
155the high dimensional object space and eliminate the redundant
156objects. The original design problem can be simplified without
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