IEEE TRANSACTIONS ON MAGNETICS, VOL. 39, NO. 3, MAY 2003 1285

A Simulated Annealing Algorithm for Multiobjective
Optimizations of Electromagnetic Devices

S. L. Ho, Shiyou Yang, H. C. Wong, and Guangzheng Ni

Abstract—This paper proposes a simulated annealing algorithm ~ When working with multiobjective optimal problems, itis de-
for multiobjective optimizations of electromagnetic devices to find sjrable to define some concepts or terminok)gies for the conve-

the Pareto solutions in a relatively simple manner. The algorithm piance of the potential users. The main terminologies used in
is based on the successful introductions of the Pareto set as well asthis paper are therefore given as follows

the parameter and objective space strings. The new rank formula
and fitness-sharing functions together with the stop criterion and
other improvements are investigated in the proposed method. Two A. Weakly (Strongly) Dominated and Nondominated Solutions
numerical examples for validating the robustness of the proposed

L . N .
method are also reported. A solutionz* is a weakly nondominated solution if there is no

T € X(& # %) such thatf;(z) < f;(z*) fori =1,2,...,k;
otherwise, solutiorz* is a weakly dominated solution (a so-
lution z* is a strongly nondominated solution if there is no
z € X(z # ©*) such thatf;(z) < fi(z*) fori =1,2,....k
. INTRODUCTION and for at least one index éfsuch thatf;(z) < f;(z*); other-

HE MULTIOBJECTIVE or vector optimization is a very wise, the solutiorz* is a strongly dominated solution).
important research area in engineering studies because i .
real world design problems require the optimization of a grodfy Pareto Optimal (Solution or Front)
of objectives. Thanks to the effort of scientists and engineersThe strongly and weakly nondominated solutions constitute
during the last two decades, particularly the last decadefhe total Pareto front of a multiobjective optimization problem.
wealth of multiobjective optimizers have been developed, A qualitative demonstration of the Pareto front for mini-
and some multiobjective optimization problems that coulehizing two objectives is shown in Fig. 1.
not be solved hitherto were successfully solved by using
these optimizers. In terms of robustness and efficiency of thdl. M uULTIOBJECTIVE SIMULATED ANNEALING ALGORITHM
available vector optimizers, these optimizers are still in need

Ofromgrr:;/e[rlqe?tt?saa[;gohggggr\:zgrteh:tre;n?;ngf l:ﬁ;e;%ll\:%%lg% r1‘]|nd and to sample the Pareto solutions uniformly. To achieve
P . 1€ these two goals, different approaches for designing a robust mul-

tive optimization studies have been focused on evolution LY biecti S . . .
. Et bjective optimizer based on a simulated annealing algorithm
algorithms. However, a more thorough research reveals thatO €

) : Single objectives is proposed. To facilitate the understanding,
performances of evolutionary algorithms are often overshad-~. . . o )
. n iterative procedure of the proposed algorithm is firstly given
owed by local search methods, such as simulated annealing

or tabu search that are generally quite complex [2]. In this
paper, a simple multiobjective optimizer based on simulated

Index Terms—Design optimization, grid algorithm, multiobjec-
tive optimization, simulated annealing.

An ideal multiobjective optimal tool should have the ability

annealing algorithms is proposed. Without a loss of generaliggnpty the Pareto set Spareto, S€t the con-
the following minimization problem is considered: trol parameter To;
- Randomly generate a feasible solution z;
min f(z) (z € X) (1) Repeat
X ={z € E"|g(z) > 0,h(7) = 0} (2) Generate randomly y € X from =z, evaluate
the fitness values of solution z and solu-
where z = [z1 zo -+ z,]", f(@) = [fi(z) tion 7
fo(x) - fu(@)]", 9(z) = [91(2)g2(®)--- gm(x)]", and Accept § with probability
h(z) = [h1(z)ho(Z) - - hy(2)]T
(7) = [ (@)ha(2) -y ()] | { ((ﬁt(y)_ﬁt(x)))}.
min< 1, exp T ;
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A« strongly nondominated this purpose, the ranking concept used in a genetic algorithm is
solutions introduced to assign a fitness value to a solution [3]. Extensive
simulation results show that after the introduction of the fithess
™ sharing function, especially in both the parameter and objective
. spaces for preserving the diversity of the searched Pareto so-
lutions where the point density of a dominated solution is far
\ smaller than that of a Pareto solution in some cases, the total
4 fithness value of the dominated solution may be larger than that
of the Pareto solution. Hence, the dominated solution will have
a very high probability to be selected as the most current one to
begin the next iterative cycle, giving rise to an inefficient algo-
rithm. To overcome such drawbacks of the conventional ranking
%pproach, a new rank formula to decide the rank of a solution
is proposed as

weakly nondominated £ )
solutions ~

o

Fig. 1. Weakly and strongly nondominated solutions for minimizing a tw
objective case.

A. Introduction of Pareto S&éip,cto 1
. Rank(z) = = + p; 3
To report the searched Pareto solutions, a ParetSsgt:, ank(2) 3 TP (3)
is introduced in the proposed algorithm. The length of the set i is th ber of solui 5 hich dominat
finite, and its quantities are dynamically updated in the sear eesrzzljétlizn*e NUMDET Of SOIULIONS Wfpareto WNICH dOMINALES
Z.

process. To maintain the diversity of the searched Pareto sd u;l_ ; i distributi fih hed Paret
tions in both parameter and objective spaces, the solutions, in 0 guarantee uniform distributions otthe searched rareto so-
ons in both the parameter and objective spaces, the fithess

the Pareto set is used in the computation of the point denél . . .
around a specific point in the determination of its sharing fun@1aring concept is extgnded [4]. To addregs_ the ?gnsmes of the
tion value. searched Pareto solutions around a specified pgitte fol-

lowing simple but efficient fitness sharing function is proposed:
B. Introduction of Parameter and Objective Strings

1
Toreduce the CPU time when computing the distances among Fenare(Z) = — d; (%) S dx () (4)
different solutions and to evaluate the densities of a solution in oot T® xm T Ix@
the fitness sharing procedure as well as to develop an efficient
multiobjective optimizer, the objective and parameter spaces afeered,(z) (v = f,X;z = z,y) is the density of Pareto
first divided into separate discrete grids according to user pregelutions found around in the u space.
fined precision parameters. Each of the discrete grids is recorded he fitness value of the solutionis then given by
as a binary string. When a solution is identified as a Pareto so-
lution, its location in the grids, for example in the parameter 2\ 1 : -
Ly . X . . .fﬁt(z) = — + fshare(z)~ (5)
space grid, is determined by repeatedly bisecting the range of it Rank(z)
in each direction and to identify the specific half range that con- . _ o
tains the solution. The corresponding bit of the strings is then T N€ Minimal value of the rank of a dominated solution is 4/3,
set to a logical 1. Since the maximum and the minimal valu@§d the value of the rank of a nondominated one is constant at
of an objective in optimal problems are generally unattainablé3- The total fitness value _of a nondomlnated soll_Jtlon is still
before the optimization process is carried out in real problemd@§g€r than that of the dominated solutions, even in the worst
reference point, giving a base value of the objective vector af@S€ Where the maximal value of the sharing functions, which
a pointer to identify the position of this reference point in thi 2, IS assigned to the dominated solutions while the minimal
objective string, is used in the evaluation of the grid location §fUe of the sharing functions of 0 is assigned to this nondom-
an arbitrary Pareto solution in the objective grid. By introducin%ted one. The proposed approach for fitness assignments is
the two strings for both the parameter and objective grids, tH&'S relatively superior and efficient. _ B
computation of the point densities and the evaluation and re-10 détermine the density of the Pareto optimals for a specific
porting of the searched Pareto solutions can be done simply &1, 0ne simply needs to account for the number of logical
efficiently. It should also be noted that the proposed strings ars S In the bits of the aforementioned two strings that corre-
vital in maintaining a constant number of the searched Par&igP"d to the neighborhood points of the specific grid point.
solutions in the final stage of the search process, particulafipus: by introducing the parameter and objective strings as
where the Pareto solutions are found in different disconnecti@P0osed; the point densities evaluation is done efficiently and

subregions in the parameter spaces. Moreover, these stringssé{FlPly'

very important in the development of an efficient stop criterion ) ) )
for the proposed algorithm. D. Evaluation and Reporting the Pareto Solutions

In the optimization process, the Pareto optimal set is updated
automatically in the proposed algorithm. To simplify the de-

To decide if a solution is to be taken as the current one, sosiption, letz(") be a new solution to be considered. In the set
techniques must be designed to scale the vector objectives. &athe Pareto solution, there is a solutiﬁj‘nsuch that:

C. Fitness Value
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if #P i =(1l +P 7 =(1)-.
1) if 2% is dominated by:(), thenz” is substituted by:("); TABLE |

Set the bit of the strings for” to zero, and set the bit of PERFORMANCE COMPARISON OF THEPROPOSEDALGORITHM WITH
the strings fo@(l) 0 1s- 1 AVAILABLE ONES FOR THETEST FUNCTION

2) if () is dominated by:", thenz(®) is discarded; Method Number of found Pareto  Number of function
3) if none in the Pareto optimal set satisfies (1) or (2), the solutions evaluations
z() becomes the current Pareto solution, and in this ca: Pmp“giGa}f"“‘hm ;;g igj;
i) if the bit value of this solution in either the param- HGA 112 11975
eter or objective strings is not a logic 1, add this
solution to the Pareto set; set the bits of the strings 90 —=
for this solution to logic 1; 80 \
ii) otherwise, discard the solution. 70 T3
. L . 60 i}
By using the new parameter and objective strings, the evalua- s0 i
tion and reporting of the new Pareto solutions become straight- 40 } ‘
forward in the proposed algorithm. In the final stage of the 30t
searching process, the number of the searched Pareto solutions, 20 ¢ k
which are now distributed uniformly in both the parameter and 18 ettt e e e e e e
objective spaces, will also become constant. 10 Si

0 0.1 02 03 04 05 06 07 08 09 1
E. Start of New lterations

. . . ig. 2. The searched Pareto solution in the objective space for the test function.
To keep the diversity of the searched Pareto solutions af[‘:eglll : P

the iteration of every control parameter, the proposed algorithm 6
will always restart from a randomly generated point which is far
away from the current one in the Pareto set rather than from the 4 l
last accepted point. 5
F. Stop Criterion 0~ S——
By using a combination of the aforementioned two binary 2
strings as well as the new evaluation and reporting schemes, t
the searched Pareto solutions will become constant if enough 40 $ $
searches are executed in the searching process. Thus, a very % . T .
simple stop criterion is proposed and used in this paper, i.e., 4 2 0 2 4

the algorlthm will stop the iterative process aUtoma,tlca"y i th g.3. The searched Pareto solution in the parameter grid for the test function.
mean square value of the total searched Pareto optimal solutions

is constant for a specific number of iterative cycles. solutions using the proposed algorithm is almost double of that

using HGA. From the performance comparison of Table I, it
can be seen that the proposed algorithm is the most efficient
To validate the proposed algorithm and to compare it witthe among the three multiobjective optimizers. Although
other well known multiobjective optimizers, i.e., the genetic athe Pareto solutions of this problem are located in different
gorithm using uniform design (UGA) [5] and the hybrid genetigisconnected subregions in the parameter space (Fig. 3), the
algorithm (HGA) [6], a test function as follows is selected angroposed stop criterion can still work very well and produces

I1l. NUMERICAL VALIDATION

solved: uniform distribution of the searched Pareto solutions in both
1 the parameter and objective spaces, thereby illustrating the
min  fi(z,y) :m advantages of introducing the two binary strings.
min  fo(z,y) =2 + 3y + 1 IV. APPLICATION
st. —3<2<35<y<5. (6)

The single objective design problem of the geometrical
optimization of the multisectional pole arcs of large hydro-

For this test function, the proposed algorithm is inde- . . . L2
pendently run ten times, and a comparison of the avera %nerators [7] is extended to include two additional objectives

performances with those of UGA and HGA is summarize d_emonstrate t_he usefgln(_ass_of the _proposed algorithm in
in Table I. The searched Pareto solutions in the objective aﬁ(alv_mg engineenng mu_lt|0bject|ve design problems. Mathe-
parameter spaces for a typical run are, respectively, givennﬂ?‘t'ca"y’ the problem is formulated as

Figs. 2 and 3. Comparing Fig. 2 with [5, Fig. 6], one can see max By (X)

that: 1) although the number of the searched Pareto solutions .

of the proposed algorithm is less than that of UGA, the min. (e, THF)

searched Pareto solutions have a more uniform distribution in st SCR—-SCRy >0

the objective space and 2) the number of the searched Pareto Xy—X3<0 7
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the flux density in the air gap,, is the distortion factor of a si-
nusoidal voltage of the machine running on no-loBidF is the
abbreviation of the Telephone Harmonic Facioj,is the direct
axis transient reactance of the motor, @@Ris the abbrevia-
tion of the short circuit ratio.

The corresponding geometrical parameters to be optimized
are the center positionga(i, 1), (z2,y2)) and radii ¢1,72)
of the multisectional arcs of the pole shoes. The 628 searched
Pareto solutions of a 300-MW 44-pole hydrogenerator in the
objective space are given in Fig. 4. To visually demonstrate the
distribution of the searched Pareto solutions in the parameter
space, Figs. 5—7 show, respectively, their distributions in the
r10739, Y10Y32, T10x2 planes. From Figs. 5-7, one can see that
the distribution of the Pareto solutions in the parameter space
1t this problem is very irregular and located in some discon-
nected subregions. In other words, the specific design problem
yp— is hard to solve due to the difficulties in finding and uniformly
sampling the Pareto solutions. Nevertheless, the numerical
results reported in Figs. 4—7 show that the proposed algorithm
would not only simply find, but also can uniformly sample,
the Pareto solutions in both spaces. Thus, the proposed method
I ] is very robust in solving complex multiobjective optimization

R where By, is the amplitude of the fundamental component of

Fig. 4. The searched Pareto solutions of a 300-MW hydrogenerator in
objective space.

ry(m)
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2

problems of the real world.

r(m) |

-1 0 1 2 3 4
V. CONCLUSION

Fig. 5. The searched Pareto solutions of the 300-MW hydrogenerator in the

riory plane grid. A simulated annealing-based algorithm for multiobjective

6 i optimal designs of electromagnetic devices is proposed in this
. R, paper. The numerical results reveal that the proposed algorithm

> 8 *’31 can find and sample uniformly the Pareto solutions of multiob-
4= : jective problems very efficiently and is thus very suitable for
3 : engineering multiobjective optimal problems, especially for
2 problems where the Pareto solutions are located in different
1 disconnected subregions in the parameter spaces.
0 _yzn.)
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