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Application of Resampling Method based on Statistical Hypothesis Test for
Improving the Performance of Particle Swarm Optimization
in a Noisy Environment

Seon Han Choi'

Inspired by the social behavior models of a bird flock or fish school, particle swarm optimization (PSO) is
a popular metaheuristic optimization algorithm and has been widely used from solving a complex optimization
problem to learning a artificial neural network. However, PSO is difficult to apply to many real-life optimization
problems involving stochastic noise, since it is originated in a deterministic environment. To resolve this problem,
this paper incorporates a resampling method called the uncertainty evaluation (UE) method into PSO. The UE
method allows the particles to converge on the accurate optimal solution quickly in a noisy environment by
selecting the particles’ global best position correctly, one of the significant factors in the performance of PSO.
The results of comparative experiments on several benchmark problems demonstrated the improved performance
of the propose algorithm compared to the existing studies. In addition, the results of the case study emphasize
the necessity of this work. The proposed algorithm is expected to be effectively applied to optimize complex
systems through digital twins in the fourth industrial revolution.

Key words : Particle swarm optimization, noisy environment, resampling method, statistical hypothesis test,
uncertainty evaluation method
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Algorithm 1: Basic particle swarm optimization

1:  generate m particles with X} and V! randomly
initialized, where i={1,...,m}
set P,<—X. for each i

for (=1 to [ do

max

R

evaluate the fitness f(Xl) for each i

5 update P, for each i:
if ‘?(X])S ?(P) then set P, X!

6: update G: set G<—argmin,f(P)

7: update V"' and X'*' for each i using the
equations (1) and (2)

8: end

9: retum G
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Algorithm 2: Uncertainty evaluation method

1:  collect n, samples of the output for each input

design i€{1,...,k}, and set N, <n, for each i
2: calculate the sample mean s;, sample variance s’
of the collected output samples for each 4

3: while XF_ | N, <7 do

4 set b<—argmm, {1, :“z

S evaluate the uncertainty 6, for each i based on
statistical hypothesis test and p-value [ref. to

the egs. (9) and (10) in Choi and Kim (2018)]

6: calculate o, for each i depending on ¢, as
follows: a, = [A . Ji/Zj‘zléj]

7: collect a;, additional samples of the output for
each i, and set V,< N, +a, for each ¢

8 update 1;, s; for each i

9: end

10: " retum b—argmin,_, 1,
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Algorithm 3: PSO incorporated with UE method

I:  generate m particles with X and V! randomly
initialized, where i<{1,...,m}

2: set P,<X, for each i

3: for =1 to l,,, do

4. evaluate the estimated fitness f(x ) for each i

and select G usmg Algorithm 3-1:
(G x:92p,.p)]
- UEIneo(TnU’ A, X le’ QR,.,.,P,,,)’

where .QX[ and {2, are the evaluation data of
X; and P,

5: update P, for each i: if f(X!)< f(P),
then set P,<X; and Qp—02y

6: update V"' and X1*' for each ¢ using the
equations (1) and (2)

7:  end

retum G

Algorithm 3-1: Refined UE method for PSO
UE,,(Ting A X\ .. P,
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I: set X . <P, and load £2, for each i<{l,....m}:
set f(X’

m+l)(_0 f( )’ !IL+L(_QR'82’
and N, <2, -V

20 collect n, samples of f ( ) for each ¢

3¢ calculate f ( ,) and s, and set NV,<—n, for each i
set k<—2m and T<T—mn,

. while 7>0 do

4

5

6: set be—argmin,_, . f(X1)

7 evaluate §; for each i€{1,....k}

8 calculate q;, for each ¢ depending on ¢,
9

collect @, additional samples of f (Xl) for each ¢
10: update f(X) and s?, and set N, <N, +aq,
for each ¢
11: set 7'—T—A
12: end
13 set be—argmin,_, L}}(Xi) and GX,

14: save 2, for each i€{1,...,m}:
set .QX,.}’(Xi)Ef(X'), X,s <—s , and 2, NN,

15: save 2, for each i: set £2 .f(P)H}(Xj"H),

7, s s’ and 2, N<—N

m+is m+i
16: retum [G' ..... x4, p}
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Table 1. Benchmark functions for comparative experiments

No. Name Objective function d X, f (Xo,,t) Search space
1 Matyas  f(X)=0.26(a? +a2)— 0.48z,z, 2 [00] 0 [~10,10]*

2 (:S;;gli)r:fk FO)=2+(4—2.10% +2/3)a? +, 2, +4(a? — 1) 2 [ggfgg] 09684  [—5,5]"

3 Cross-in-Tray f(X)=— 0.0001(1 + | sin(ml)sin(mz)exp( | 100— m/ﬂ ’) |)0'1 2 [11,.33’:99:; 20626 [—10,10]"

4 DropWave f(X)=—(1+cos(12/z? +27))/(0.5(23 +42)+2) 2 [00] 1 [-512,5.12]7
5 Griewank  f(X)=3"_ (a?/4000)—I2'_ cos(x,/ Vi )+1 30 [0,...0] 0 [-100,100]"
6 Happy Cat  f(0=((1x12—d)"" +(1 X12/2+ 50_ 2,)/2+0.5 2 [0 [—2,2]

7 LeviN. 13 f(X)=sin(3mz, )+ (2, — 1)*(1+sin?(3ma, )+ (¢, — 1)*(1+sin?(3mz,)) 2 [L1] 0 [—10,10]*

8 Schaffer N. 2 f(X)= 0.5+ (sin?(2? —22)—0.5)/(1+0.001(2? +22))° 2 [00] 0 [~50,50]"
9 Schaffer N. 4 f(X)= 0.5+ (cos(sin®(2? — 22))—0.5)/(1+0.001 (a2 +22))? 2 [0,12531] 02926 [—50,50]
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Fig. 1. Graphs of average of f(G) versus the iteration number (1) of PSO for the nine benchmark problems.
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Table 2. Parameter setting for comparative experiments

Parameters Set value
m 50
Particle Lo 100
swarm
optimization G 2.05
& 2.05
T 4900+ 1001
Resampling
n, 1 O
methods 0
A 100

Table 3. Average value of f ( G') and standard error after 100
iterations in PSO

. Algorithm 1
No.[Aleorthm 3 o) cpA PSO EA  (without  f(X,,,)
(PSO_UE) ‘ p
noise)
|| oosses  00v66  onissy 00 0
0.0019)  (0.0047)  (0.0038)  (0.0)

1.0262 10681 10728 09684
21 000200 (00053) (00035)  (00) 0084

20017 19303 19040  -2.0626
’ (0.0021)  (0.0049)  (0.0044)  (0.0) -2.0626

-0.8669 -0.7683 -0.6894 -0.9983

1 00036 ©0077)  (00077) (00003

S| 14507 17872 22043 04942 0
(0.0046)  (0.0121)  (0.0128)  (0.0053)

6| 00401 0.1000  0.1262 0.0 0
0.0013)  (0.0052)  (0.0042)  (0.0)

5| 00668 01226 01628 0.0 0
(0.0025)  (0.0070)  (0.0048)  (0.0)

g | 0089 02494  0.2991 0.0 0
(0.0030)  (0.0068)  (0.0053)  (0.0)

0.4034 04735 04687 02926
O 0003y ooy (o) (o) 0%

*Average value of f( G) and the standard error in parentheses
below.

°The value of 0.0 is not actually zero, but is a very small value
closed to zero.
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Table 4. Average value of f(G) and standard error for the
case study after 100 iterations in PSO

Average value of f(G) Standard error

Algorithm 3
(PSO_UE)

PSO_OCBA 0.7472 0.0025
PSO_EA 0.7257 0.0035

0.7766 0.0006

0.78
0.77
0.76
0.75
0.74
0.73
0.72

Average of f(G)
(i.e. survival rate of optimal solution

selected by the algorithm)

0.71
0.7

0 20 40 60 80 100

Iteration number (1)

Algorithm 3(PSO_UE)
————— PSO_OCBA

Fig. 2. Graphs of average of f(G) versus the iteration
number (I) of PSO for the case study.
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Fig. 3. Surface graph of the survival rate for the leading
degree and soaring distance, constructed with several
precisely estimated values of f(X).
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Fig. 4. Surface graph of the standard deviation of f(X)
for the leading degree and soaring distance, constructed
with several precisely estimated values of f(X).
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