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Abstract – Optimizing the design of large-scale electric machines based on nonlinear finite element 
analysis (FEA) requires longer computation time than other applications of FEA, mainly due to the 
huge size of the machines. This paper addresses a new region decision method (RDM) with mesh 
adaptive direct search (MADS) for the optimal design of wind generators in order to reduce the 
computation time. The validity of the proposed algorithm is evaluated using Rastrigin and Goldstein-
Price benchmark function. Moreover, the algorithm is employed for the optimal design of a 5.6MW 
interior permanent magnet synchronous generator to minimize the torque ripple. Additionally, 
mechanical stress analysis as well as electromagnetic field analysis have been implemented to prevent 
breakdown caused by large centrifugal forces of the modified design. 
 

Keywords: Interior PM generator, Mechanical stress, Mesh adaptive direct search, Optimal design, 
Region decision method 

 
 
 

1. Introduction 
 
Recently, large-scale electric machines such as wind 

generators, solar power generators and power transformers 
have been required to develop alternative energy sources 
owing to increased power demands. Among them, wind 
generators, in particular, have been studied and developed 
thanks to their advantages in terms of the possible 
installation sites and greater annual energy production 
compared to other renewable energy sources. 

From the perspective of designing wind generators, 
various operating characteristics need to be considered and 
therefore thorough numerical techniques of analysis and 
design are required [1, 2]. Moreover, using finite element 
analysis (FEA) for rigorous electromagnetic simulations 
leads to long computation time. Hence, it is necessary to 
develop a specialized optimal design method suited for 
large-scale wind generator design.  

Mesh adaptive direct search (MADS) is a stochastic 
local optimum search algorithm that spreads neighbor 
solutions around the current optimal point to find the more 
improved one and iterate it [3]. In our previous works, we 
developed improved versions of MADS called the guided 
MADS and the variable MADS, in order to obtain the 
global optimum with faster convergence when optimally 
designing various electrical machines [4, 5]. 

A multistart strategy can be applied to MADS for the 

purpose of expanding it to global optimization. Each of the 
initial points finds a local optimum in serial order. Then, 
the most optimal solution is selected. In the case where 
the convergence path of each multistart is similar, the 
converged local optima are likely to be identical to each 
other. For this reason, the convergence time becomes slow 
due to the unnecessary computations. 

This paper presents a new combination of region decision 
method (RDM) with MADS for the optimal design of a 
wind generator, where RDM is newly implemented in 
order to solve these problems. The proposed algorithm 
improves the convergence speed by saving the search 
paths and omitting overlapping areas. We analyze the 
whole search region by using these paths. Additionally, if 
the difference between the cost value and current optimal 
solution is large at the same mesh size for each searching 
path, which means that there is a low probability of 
including the global optimum, then the current search will 
stop. This algorithm is highly effective and reliable when it 
is applied to the problems whose cost function is 
multimodal, such as the electric machine design problem. 
In particular, the proposed RDM with MADS has been 
verified through benchmark functions such as the Rastrigin 
function and the Goldstein-Price function, both of which 
contain many local optima and traditionally require much 
longer computation time. 

For optimal design, the employed type of wind generator 
is the interior permanent magnet synchronous generator 
(IPMSG). With the benefit of the PM configuration of 
IPMSG, buried in the rotor, it has advantages in terms of 
high power density and efficiency compared with other 
types of generator. However, IPMSGs have the distinctive 
feature of nonlinear magnetic saturation near PMs [6]. 
With magnetic saturation, the changing flux according to 
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rotor position gives rise to the torque ripple [7]. The 
increasing torque ripple cause various problems in terms of 
total harmonic distortion of electromotive force, noise and 
vibration [8]. Hence, it is necessary to reduce the torque 
ripple by optimal design. In particular, in the case of a 
large-scale generator, mechanical running circumstances 
will change greatly according to the modified designs 
because of the large centrifugal forces [9]. Therefore, it is 
recommended to include the mechanical stress analysis in 
order to prevent a breakdown when designing the large-
scale generator. In this paper, the optimal design of a 
5.6MW IPMSG is executed to minimize the torque ripple 
combined with a mechanical stress analysis employing the 
proposed algorithm, which is synthetically based on FEA. 

 
 

2. Region Decision Method with MADS 
 

2.1 Multistart with MADS 
 
MADS is an iterative optimization method that has 

reliable and fast convergence to local minima. MADS 
generates a mesh frame based on the current point and then 
produces stochastic neighborhood points near the current 
point in the mesh frame. If at least one of the neighborhood 
points is an improved one, it is defined as a new frame 
center. Then, it regenerates a new mesh frame and iterates 
the search again. If there is no better solution among the 
neighborhood points, the mesh size is decreased and the 
neighborhood points are evaluated by the objective 
function on a more dense mesh with reference to the frame 
center. Various search strategies are allowed on account of 
the neighborhood points which are generated randomly on 
the basis of the mesh frame. 

Fig. 1 shows the local search scheme of MADS. 
Considering that the current solution ( kx ) is a frame center, 
the mesh frame near the frame center is generated by means 
of the mesh size parameter ( m

kD ). The poll size parameter 
( p

kD ) dictates the magnitude of the distance from the trial 
points to the current solution. In accordance with the 
characteristics of MADS, the trial points on the mesh are 
defined as [10]: 

 
 { }:m

k k k kP x d d D= + D Î ,   (1) 

where pk is a set of solutions used to evaluate the objective 
function and kD  is a positive spanning set for the mesh. 
The mesh size parameter has the following relationship at 
the k+1th iteration: 

 
 1

km m
k k

wt+D = D , (2) 
 

where t  is 1/4. kw  is 0 or -1 for an improved solution 
and otherwise 1. 

Since MADS has the disadvantage of quickly converging 
to a local minimum, multistart combined with MADS is 
adopted to enable the exploration to proceed to global 
optimization. Multistart is classified as an iterative local 
search method to locate a global minimum which is the 
best one among the local minima found so far. 

In MADS, there are two conditions; the stopping and 
termination conditions. The stopping condition is necessary 
to decide whether the current MADS should be continued. In 
the case where the maximum number of iterations is exceeded 
or the mesh size drops below the tolerance value, MADS 
stops the local search and multistart obliges MADS to start 
from another initial point. The termination condition concerns 
whether the global minimum is located. The global minimum 
is already known in benchmark function optimization and is 
assigned a desired cost value in general problems. 

 
2.2 Search region encoding 

 
Most engineering problems, including the optimal 

design of electric machines, have multiple solutions whose 
cost values vary to some extent. For the efficient global 
optimization of the multimodal cost function, revisiting the 
solution regions previously sought needs to be prohibited 
in the exploitation phase. In the exploration phase, however, 
a large step size makes the search path of the incumbent 
point pass through those regions, which has to be allowed 
for search diversification. 

The revisiting check has difficulty from two perspectives; 
registering the regions of local minima found so far and 
referring to them to protect revisits of the current search 
path. It is in general difficult to register areas near the local 
minima in a real-valued search space whose axis scales are 
different and to decide whether the incumbent point has 
intruded into one of them. 

This paper proposes a new and effective approach to 
number a compact neighborhood region, i.e., basin of 
attraction (BOA), of local minima using the unbiased 
coding rule [11]. Fig. 2 illustrates the relationship between 
the binary strings and their real values decoded by the 
unbiased coding rule for an m-bit long binary string inside 
whose equation is written as: 

 

 ( )1 1 1
1

2 1
2

m
j

m m jm
j

u lg b b b l b- +
=

æ ö-
= + +ç ÷

è ø
åL    (3) 

 
where l and u represent the lower and upper bounds in 
decoding, respectively. As shown in Fig. 2, it is apparent 

       
(a) Iteration of the search (b) Mesh frame and poll size parameter 

Fig. 1. Conception of MADS frame 
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that the decoded values occupy symmetric and non-
overlapping positions in the whole domain.  

In the present work, a new inverse transformation of the 
unbiased decoding rule is necessary to map a real-valued 
search point into its nearest binary string, which represents 
a corresponding region as well. That is, a search point of 
0.6 for instance is nearest to the binary strings 1 (3/4=0.75), 
10 (5/8=0.625) or 100 (9/16=0.5625) at each level of string 
length. Since the string length is proportional to the area 
resolution, mapping to a smaller region requires a longer 
string, such as one of length 100.  

To this end, (3) is rewritten in order for a real value to be 
encoded into a binary string with a length of m : 

 

 ( ) ( )
1

1

2 1 2
m m

j
x j

jx x

y x x l b
u l

+

=

é ù
= - - »ê ú-ê ú

å    (4) 

 
In an n-dimensional problem, the unbiased coding 

approximation is carried out for each variable of a point and 
returns an binary matrix that represents its corresponding 
region. The binary matrix is then decoded into an integer 
vector to designate the divided region. Fig. 3 illustrates the 
example of the region registering process for the n-
dimensional point. 

 
2.3 Supervisory multistart with MADS 

 
The supervisory multistart search proposed in this work 

consists of local searches proceeding from randomly 
chosen initial points in a parallel manner, collecting 
information on the local minima and BOA’s at each 
iteration. Since the conventional multistart carries out a 
local search in a serial manner starting from one of the 
initial search points until converging to its local minimum 
and restarting from the other initial point afterwards, the 
attained local minima can be crowded near the previously 
found or premature local minima. 

This crowding can be avoided in the supervisory 

multistart by checking the cost value and standard deviation 
of the trial solutions at each iteration of the search. In 
MADS, 2n neighborhood points are generated inside the 
frame of the incumbent point and, thus, the standard 
deviation of their cost values is a useful indicator of the 
search status. When the local minimum point is trapped 
in one of the BOA’s, the standard deviation of the 
neighborhood points will be quite small. To resolve the 
problem of the different levels of standard deviation in the 
various cost functions, the standard deviation is normalized 
by dividing by with the minimum cost of the trial solutions 
in the present code.  

The proposed multistart scheme employs elitism to 
judge convergence to unacceptable local minima using the 
information on the previous local minima. That is, once the 
current search point enters the BOA, its cost function 
should be smaller than the average of those in the top 30% 
of the previous local minima. If not, the current search is 
stopped in the iterative search. 

For additional restart from a new search region in the 
case of failure in the current local search, we examine 
whether the randomly selected initial point is included in 
the BOA regions located so far through a look-up table. In 
this case, MADS restarts from this initial search point. This 
type of search scheme is called the region decision method 
(RDM).  

The proposed supervisory multistart is written in 
pseudo-code as follows: 

 
Supervisory multistart with MADS 
Initialization: 

Generate rstn  initial points randomly selected in search domain. 
Start MADS from the i th initial point ix0 . Where, 

cbx  and 
cbJ  

are the current best point and value, 
lmx  and 

lmJ  are the local 
minimum point and value, )(xJ  is the cost value of function. 

)()( ii
lm xJxJ 0=  

0k =  
 while k < max_iter or termination condition is not satisfied do 
 1k k= +  
   for 1: rsti n= . 
     if i

lmx  enters a BOA and ( ) elite
i
lm JJ >x  then 

       This point is discarded in this iteration.  
      else 
       while i

lmx  is improved do 
        Perform MADS: 
        Generate trial points .,,, njj 21L=x  around i

lmx  with m
kD . 

         min ( ), 1, ,2 .cb jJ J j n= =x L  
         if 

cbJ < i
lmJ  then 

cb
i
lm xx = . 

cb
i
lm JJ = . 

1

14 ,     if  
4

,     otherwise

i i
k ki

k
i
k

+

ì D D <ïD = í
ï Dî

. 

   In case of mature convergence, register i
lmx  in search region  

database. 
             if termination condition is satisfied then  
                Stop the overall search. 
             end if 
         else 
  

1
1
4

i i
k k+D = D  

             Stop iteration for i
lmx . 

         end if 
       end while 
     end if 
   end 

end while 

 
Fig. 2. Binary tree composed of binary strings and their 

real values decoded by the unbiased coding rule 
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Fig. 3. Region registering process for an n-dimensional 

real-valued solution vector x 
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3. Benchmark Function 
 
The effectiveness of the proposed algorithms with 

respect to the local search is validated through two well-
known benchmark functions. 

The first, Rastrigin function, has the one global 
minimum and 50 local minima, and is described by the 
following expression: 

 
 ( ) ( )2 2

1 2 1 2 1 2( , ) cos 18 cos 18Raf x x x x x x= + - -   (5) 
 

where and the global minimal value is -2, which is located 
at (0,0). 

Fig. 4 shows a comparison of the two global 
optimization methods applied to the Rastrigin function. 
Since the global optimization schemes are different from 
each other, the actual number of local searches is set to 20 
in both cases. The 20 individual solutions attained by the 
conventional MADS called the cost function more times in 
each local region than the proposed algorithm. Fig. 5 
shows the cost profiles of the 20 local minima trajectories 
with respect to the number of iterations, where it is clear 
that the proposed method effectively prohibits convergence 

to unacceptable local minima. In the proposed RDM with 
MADS, the local search is interrupted in the case of a large 
difference between the current solution and the best 
solution found so far. In contrast, the conventional 
multistart continues MADS until the current mesh size is 
reduced below the tolerance value, irrespective of the 
search results attained at the other restart. 

The second test function, Goldstein-Price function, has 
one global minimum and several local minima, whose 
mathematical expression is as follows: 

 
2

1 2 1 2
2 2

1 1 2 1 2 2
2

1 2
2 2

1 1 2 1 2 2

( , ) (1 ( 1)
(19 14 3 14 6 3 ))

(30 (2 3 )
(18 32 12 48 36 27 ))

GPf x x x x
x x x x x x

x x
x x x x x x

= + + +
- + - + +

´ + -
- + + - +

 (6) 

 
where, and the global minimal value is 3, which is located 
at (0,-1). 

The five individual solutions attained by the 
conventional MADS called the cost function more times in 
each local region than the proposed algorithm. The 
convergence results of the Goldstein-Price function with 
the Rastrigin function are shown as function evaluation 
numbers in Table 1. For the comparison of the numerical 
performance of the conventional multistart and the 
proposed method, the local search is carried out 10 times 
from random initial points with the termination criterion 
that the difference between the function value of the 
current global minimum and the acknowledged global 
minimum value of the benchmark function should be 
below 10-6. However, the search is terminated if the global 
minimum has not been found when the mesh size drops 
below 10-8. 

In addition, Table 1 compares the function evaluation 
numbers counted while the proposed RDM with MADS 
and other optimization algorithms such as conventional 
MADS, PSO (Particle Swarm Optimization) [12, 13] and 
EA (Evolution Algorithm) locate the global minima of the 
Rastrigin and Goldstein-Price functions, where evaluation 
number of EA is adapted as in [14]. For the Rastrigin 
function and Goldstein-Price function, the proposed RDM 
with MADS reduces the average function evaluation 
number of the conventional method by 80.2% and 61.8% 
after 10 restarts, respectively. Consequently, the proposed 
RDM with MADS is more efficient in global optimization 

  
 (a) Conventional MADS     (b) Proposed algorithms 

Fig. 4. Comparison result of Rastrigin function 
 

  
 (a) Conventional MADS      (b) Proposed algorithms 

Fig. 5. Comparison result of iteration number 

Table 1. Comparison of function evaluation numbers consumed to locate global minima starting from the same initial 
points for test functions 

Function 
Name Restart No. 1 2 3 4 5 6 7 8 9 10 Avg. Evolution 

Algorithm 
PSO 1875 1225 750 825 1700 1275 1825 3025 2550 1700 1675 

Conventional 3300 3268 3128 3196 3068 3320 3132 3284 3172 3096 3196 Rastrigin 
Proposed 660 688 672 640 556 676 656 704 620 464 633 

2048 

PSO 400 530 490 530 790 400 470 430 510 500 505 
Conventional 410 1117 682 530 583 773 1149 749 1297 789 807 

Goldstein
- 

Price Proposed 353 413 313 309 265 269 253 317 293 305 309 
460 
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than the conventional multistart with MADS, especially 
useful for multimodal functions. The proposed algorithm 
has been employed for optimal design of IPMSG. 

 
 

4. Optimal Design of IPMSG 
 

4.1 Characteristics of IPMSG 
 
The field flux of IPMSG, which has a rotor structure 

with PMs buried in it, is generated by PMs without 
mechanical contact to air gap. This structure enables IPMSG 
to operate in good system stability and durability. With this 
advantage, it has a higher power density and efficiency 
than other types of generators. IPMSG has the outstanding 
characteristics of the d-q axis inductance difference caused 
by the magnetic saliency [7], as shown in Fig. 6. 

The terminal voltage is controlled analogously to the 
current combination. Its governing d-q terminal voltage 
and torque equation can be formulated as follows: 

 

 d
d s d d q

di
V R i L ωλ

dt
= - + -     (7) 

 q
q s q q d

di
V R i L ωλ

dt
= - + +      (8) 

 e
d q q d

3 PT (λ i λ i )
2 2

= +      (9) 

 
where, sR  is the coil resistance, ω is the mechanical 
angular speed, dλ  and qλ  are the d-q flux linkages at coil, 

dL and qL  are the d-q inductance. 
IPMSG usually operates under significant magnetic 

saturation around the bridge and center posts of the rotor, 
which should be as small as possible in order to reduce 
leakage flux; however, small bridge and center posts reduce 
mechanical strength. Hence, electromagnetic field analysis 
and mechanical stress analysis based on nonlinear FEA 
should be carried out in order to evaluate an accurate 
operating behavior considering the saturation and strength. 

 
4.2 Objective function: Torque-ripple 

 
The IPMSG requires various performance parameters 

to be taken into consideration, such as the harmonics, 
efficiency, size, torque ripple, etc. However, it is impossible 
to optimally design all of these parameters at once [15]. In 
this paper, minimizing the torque ripple is purposely 
selected for the objective function. According to Faraday’s 
law, the armature reaction occurs on the stator coils owing 
to the rotating field formed by the rotor, whereupon the 
differences of the resultant magnetic field, and cogging 
torque and reluctance according to the rotor position cause 
torque ripples. These torque ripples can cause performance 
degradation, such as low efficiency, harmonics and instability 
of the system. For these reasons, it can be said that 
reducing the torque ripple is crucial. The equations for 
torque ripple and its period are [16]: 

 

 
-e e

e Max. Min.
ripple e

Avg.

T T
T

T
=  (10) 

 ]e
ripple- period

p

360 2T [mec.Angle
2 N P

= ´
´

 (11) 

 
where, e

Avg.T  is average torque according to rotor position. 
e

Max.T  and e
Min.T  are maximum and minimum torque. phN  

and P  denote the number of phase and poles.  
 

4.3 Design variables 
 
Due to the many design parameters of the IPMSG, the 

selection of appropriate design variables is hard work itself. 
In the optimization process, the computation time increases 
dramatically as more design variables are selected. Therefore, 
in order to solve this problem, it is necessary to minimize 
the number of design variables that critically influence the 
torque ripple. 

Five design parameters are selected for the optimal 
design, as shown in Fig. 7. The design variables are the 
dimensions of the PMs (X1, X2) angle of the PMs (X3), 
depth (X4) and width (X5) of the slitting. In the case of a 
stator with a number of rectangle slots, the size range of 
design variables is extremely limited by magnetic saturation 
of the stator, which scarcely affects torque ripple. Hence, 
the other dimensions including the stator are fixed. 

 
4.4 Constraint variables 

 
In the design of the large-scale IPMSG, a mechanical 

  
Fig. 6. Magnetic saturation and d-q modeling 

 
Fig. 7. The design variables of the IPMSG 
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stress problem arises because of the high centrifugal force 
caused by the large diameter of the rotor, which causes the 
breakdown of the generator. In the case of the optimal 
design, the mechanical stress for each modeling varies 
greatly according to the change of the geometric dimension 
of the rotor. In general, maximum mechanical stress by 
centrifugal force is generated around bridges or center-
posts of the rotor, which is designed as a sensitive factor.  

The safety factor, which is the tolerance index for the 
external stress without any strain on the materials, can be 
formulated as a function of the maximum stress and yield 
point as follows [9]: 

 

 
Yield Pointsafety factor

Maximum stress
=  (13) 

 
It is necessary to maintain the safety factor over a 

limited range in order to prevent breakdown. The safety 
factor as constraint variable is selected to maintain over 
1.69. At the same time, the torque average over 49 kNm is 
selected as another constraint variable to satisfy the 
capacity of IPMSG. 

 
5. Optimal Design Results 

 
5.1 Specification 

 
The IPMSG (5.6MW at 1096rpm) adaptively compatible 

to a wind turbine is designed optimally with the 
abovementioned global optimization methods. Table 2 
shows the target specifications of the IPMSG.  

 
5.2 Process of optimal design 

 
Fig. 8 shows the flow chart for the optimal design of 

IPMSG using the proposed RDM with MADS. The 
electromagnetic modeling and mechanical modeling are 
designed using the design variables obtained from the 
optimization algorithm. In the case of the electromagnetic 
analysis, both the rotor and stator modelling are required. 
However, in the case of the mechanical stress analysis, 
only the rotor modeling is required, because the centrifugal 
force affects only the rotor. After the analysis of these 
terms, performance evaluation of the average torque and 
safety factor is conducted. The torque ripple is calculated 
and reserved when the average torque and safety factor 
satisfy both conditions. If those are not satisfied, it can be 
judged that the torque ripple adopted seems higher than 
that in other designs. Therefore, the best candidate for 
designing the required level of torque ripple can be 
achieved after all. 

 
5.3 Analysis and results 

 
The torque ripple results are plotted against the number 

of iterations for the proposed algorithm with 20 multistart 
points in Fig. 9. 

Table 3. Comparison results of optimal design. (S/W:JMAG, number of elements : 31,000~33,000) 

Classification X1 
[mm] 

X2 
[mm] 

X3 
[deg] 

X4 
[mm] 

X5 
[mm] 

Call 
No. 

Computational 
Time [hr] 

Torque avg. 
[kNm] 

Safety 
factor 

Torque ripple 
[%] 

Conventional model 131 20 135 28.63 30 - - 49.5 1.69 6.67 
Best 132.92 19.44 138.92 2.74 21.98 49.1 2.88 2.18 

Second 132.95 21.11 139.32 2.77 18.12 49.6 2.52 2.21 RDM with 
MADS 

Third 132.98 26.92 139.52 2.80 21.68 
1475 40.15 

51.2 2.04 2.31 
Conventional MADS 132.89 19.57 139.01 2.75 20.47 4217 114.80 49.1 2.87 2.19 

PSO 133.12 20.38 139.42 2.76 20.35 2000 54.44 49.5 2.48 2.20 
 

Table 2. The specifications of the IPMSG 

Poles / slots 8 / 96 
Stator outer / inner diameter 1200 mm / 860 mm 
Rotor outer / inner diameter 850 mm / 500 mm 

Stack length 965 mm 
Rated power / voltage 5.6 MW / 3300 Vrms 

Rated speed / frequency 1096 rpm / 73 Hz 
Avg. torque Over 49 kNm Constraint Safety factor Over 1.69 

Material 50PN470 Core Yield point 265 Mpa 
 

RDM with MADS

Design variables

Mechanical
Modeling

Electrical
Modeling
Rotor+StatorRotor

Calculated [ ]
Select best solution
[ Global solution ]

High value [ ]
[] satisfied? [ . ] satisfied?

Yes Yes

No No

Iteration
Condition?

Yes

No

Nonlinear
FEA

Both Yes

 
Fig. 8. Flow chart of the proposed algorithm applied to the 

optimal design of the IPMSG 
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Fig. 9. The torque ripple vs. the number of iterations 

 
The multistarted individual solutions terminate rapidly 

under the following three conditions: 1. Trapping of BOA, 
2. A relatively higher cost value concerning torque ripple 
than other solutions, 3. No improvement in the solution 
observed during further iterations. This means that the 
probability of a global optimum is low for the present 
solution, which has a significant effect on the excessive 
computation time. 

Table 3 shows a comparison of the conventional model 
and the optimal models in terms of torque ripple and 
evaluation numbers, where the top three optimal models 
are presented by the proposed algorithm. Especially, the 
proposed algorithm is compared with conventional MADS 
and PSO, and the call number of PSO is set 2000 times. 
Although conventional MADS and PSO cost more call 
numbers, their torque ripple is not better than the best 
solution of the proposed algorithm. Among the design 
variables, the depth (x4) of the slitting is the main factor with 
the most significant changes compared to the conventional 
model. These dimensions are similar between optimal 
models. 

In terms of torque ripple, the best model (2.18%) is more 
improved than the conventional model (6.67%). The 
torque ripple waveform of the optimally designed one is 
compared with that of the conventional model, as shown in 
Fig. 10. It can be seen that the torque pulsation of the 
optimally designed one disappears noticeably according to 
the rotational mechanical angle, which will promise not 
only to reduce the noise and vibration, but also increase the 
stability. 

 

 
Fig. 10. The torque ripple waveform 

 
 (a) Conventional model    (b) Optimally designed model 

Fig. 11. Magnetic flux density distribution. 
 

 
    (a) Conventional model   (b) Optimally designed model 

Fig. 12. Mechanical stress distribution 
 
Fig. 11 and Fig. 12 show comparison results of the flux 

density distribution and mechanical stress analysis between 
the conventional model and optimally designed model. 
As shown in Figures, the bridge of the optimally designed 
model is bigger than that of the conventional model, 
leading to a slight decrease of the average torque due to 
the leakage flux on the bridge. However, both torque ripple 
(2.18%) and mechanical stress (2.88) intensity have been 
improved in the optimally designed model. 

 
 

6. Conclusion 
 
In this paper, RDM with MADS was newly introduced 

and employed for the optimal design of a 5.6MW IPMSG 
minimizing the torque ripple. The RDM with MADS 
proposed local searches proceeding at each multistart in 
a parallel manner. It can effectively reduce the function 
calls by avoiding revisits and checking the cost standard 
deviation at each iteration of the search. Its reliability 
and fast convergence were clarified with evaluation of 
the benchmark functions and the optimal design of an 
IPMSG. In particular, the optimal design of the IPMSG has 
been coupled with the mechanical stress analysis to prevent 
breakdown caused by centrifugal force. The optimal design 
result of the proposed algorithm shows its superiority in 
terms of the torque ripple, mechanical stress, and the 
effectiveness of the optimization algorithms. Above all, the 
feasibility of the proposed optimal design methodology 
considering the mechanical stress will provide more reliable 
analysis and results in designing the electrical machines. 
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