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ABSTRACT A swarm intelligence optimization algorithm is an effective method to rapidly solve large-scale complex optimization
problems. The JAYA algorithm is a new swarm intelligence evolutionary optimization algorithm, which was proposed in 2016.
Compared with other active evolutionary algorithms, the JAYA algorithm has several advantages, such as a clear mechanism, concise
structure, and ease of implementation. Further, it has guiding characteristics, obtains the best solution, and avoids the worst solution. The
JAYA algorithm has an excellent optimization effect on many problems, and it is one of the most influential algorithms in the field of
swarm intelligence. However, when dealing with the CEC test suite, which contains and combines shifted, rotation, hybrid, combination,
and other composite characteristics, and the complex engineering constrained optimization problems with considerable difficulty and
challenges, the JAYA algorithm has some flaws, that is, it easily falls into the local extremum, its optimization accuracy is sometimes
low, and its solution is unstable. To better solve complex function optimization and engineering constrained optimization problems and
further enhance the optimization capability of the JAYA algorithm, a global optimization-oriented hybrid evolutionary JAYA algorithm
is proposed. First, opposition-based learning is introduced to calculate the current best and worst individuals, which improves the

possibility of the best and worst individuals jumping out of the local extremum region. Second, the sine—cosine operator and differential
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disturbance mechanism are introduced and integrated into individual position updating, which not only improves the diversity of the
population but also better balances and meets the different requirements of the algorithm for exploration and mining in different iteration
periods. Finally, in the algorithm structure, the hybrid evolution strategy with different parity states is adopted and the advantages of
different evolution mechanisms are effectively used, which further improves the convergence and accuracy of the algorithm. Then, the
pseudocode of the improved algorithm is given, and the theoretical analysis proves that the time complexity of the improved algorithm is
consistent with the basic JAYA algorithm. Through the simulation experiment of function extremum optimization of six representative
algorithms on multiple dimensions of the CEC2017 test suite, which contains and combines 30 benchmark functions and the optimal
solution of six challenging engineering design problems, such as tension/compression spring, corrugated bulkhead, tubular column,
reinforced concrete beam, welded beam, and car side impact. The optimal solution of the test results shows that the improved algorithm
has significantly improved the optimization accuracy, convergence performance, and solution stability, and it has obvious advantages in
solving CEC complex functions and engineering constrained optimization problems.

KEY WORDS JAYA algorithm; CEC2017; sine—cosine operator; parity evolution strategy; engineering design optimization problems
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Table 1 Comparison of the optimization results of six representative algorithms under fixed iteration times

D=10 D=50 D=100
Functions Algorithms

Best Mean Variance Best Mean Variance Best Mean Variance
H-JAYA 1.10x10°  1.11x10° 1.40x10' 1.37x10° 1.74x10° 1.65x10° 1.50x10* 3.94x10* 2.47x10°
IJAYA L11x10°  1.12x10°  2.62x10' 3.87x10°  7.80x10° 2.20%10° 1.68x10° 2.55%10° 1.32x10°
CLJAYA L11x10°  1.18x10°  4.57x10° 5.95x10° 1.27x10* 1.37x10’ 9.30x10* 1.32x10° 3.71x10°
) HFPSO L11x10°  1.16x10°  2.65x10° 5.19x10° 1.43x10* 3.54x10’ 1.12x10° 2.37x10° 5.10x10°
JAYA 1.14x10°  1.19x10° 1.19x10° 5.59x10°  9.84x10° 6.79%10° 1.66x10° 2.68%10° 2.61x10°
WOA 1.12x10°  1.22x10° 1.04x10* 2.93x10°  5.25x10° 1.65x10° 1.26x10° 2.31x10° 6.78x10°
H-JAYA 2.80x10°  1.01x10*  3.15x10’ 6.03x10°  4.80x10’ 5.94x10" 4.18x10° 1.46x10° 1.74x10"
IJAYA 8.60x10*  4.01x10°  1.35x10" 1.18x10° 1.85x10° 1.55%10" 9.17x10° 1.20x10"  2.80x10"
CLJAYA 3.44x10°  4.28x10°  1.67x10" 7.36x10°  2.36x10'°  6.40x10" 8.88x10  1.35x10"  3.73x10%
fid) HFPSO 3.02x10°  1.60x10* 1.33x10° 1.01x10"  8.26x10"  6.55x10" 7.82x10° 1.24x10"  1.99x10"
JAYA 6.17x10°  8.03x10°  4.38x10" 5.39x10°  7.86x10° 1.77x10" 2.86x10"  4.13x10"  5.16x10"
WOA L.11x10*  4.99x10°  2.17x10" 4.90x10° 1.52x10°  4.04x10" 6.85x10° 1.30x10"  9.73x10™
H-JAYA 1.90x10°  1.91x10°  5.47x10' 2.84x10°  3.03x10* 3.91x10° 7.24x10* 9.21x10° 1.60x10"
IJAYA 1.95x10°  2.89x10°  9.08x10° 1.00x10°  7.99x10°  2.24x10" 1.78x10° 4.39x10" 1.88x10'
CLJAYA 1.91x10°  1.95x10° 1.61x10° 1.16x10°  2.96x10’ 1.00x10" 1.97x10° 7.38x10°  9.59x10'®
fis) HFPSO 1.94x10°  1.10x10*  8.86x10’ 3.75x10°  3.69x10° 1.30x10" 3.11x107 1.72x10" 3.85x10'
JAYA 1.94x10°  3.13x10°  8.75x10° 4.27%10° 1.36x10°  6.37x10" 1.32x10° 2.58x10°  3.29x10"
WOA 2.37x10°  7.89x10*  4.84x10" 3.42x10° 1.07x10’ 8.86x10" 2.99x10’ 1.25x10°  4.01x10"
H-JAYA 2.00x10°  2.02x10° 1.49x10? 3.03x10°  3.37x10° 2.51x10* 5.01x10° 5.78x10° 6.10x10*
IJAYA 2.04x10°  2.07x10°  2.05x10? 3.74x10°  4.11x10° 3.54x10* 7.21x10° 7.76x10° 7.01x10*
CLJAYA 2.02x10°  2.07x10°  2.09x10° 3.06x10°  3.55x10° 8.07x10* 5.66x10° 6.82x10° 3.74x10°
Faol) HFPSO 2.03x10°  2.14x10°  4.44x10° 2.86x10°  3.69x10° 1.84x10° 5.65x10° 7.25x10° 3.76x10°
JAYA 2.05x10°  2.09x10°  9.96x10* 3.83x10°  4.28x10° 2.81x10* 7.30x10° 7.94x10° 8.05x10*
WOA 2.07x10°  2.19x10°  6.29x10° 3.19x10°  3.91x10° 1.40%10° 5.37x10° 7.12x10° 3.94x10°
H-JAYA 220x10°  2.33x10°  2.87x10 2.50x10°  2.55x10° 1.04x10° 3.30x10° 3.47x10° 5.39x10°
IJAYA 221x10°  2.33x10°  6.44x10° 2.67%10°  2.79x10° 1.69x10° 3.45x10° 3.61x10° 5.55x10°
CLJAYA 220x10°  2.33x10°  4.23x10? 2.74x10°  2.96x10° 6.65x10° 3.85x10° 4.16x10° 2.72x10*
) HFPSO 221x10°  2.33x10°  3.11x10° 2.71x10°  2.82x10° 3.30x10° 3.48x10° 3.65x10° 1.09x10*
JAYA 2.33x10°  2.34x10°  3.50x10' 2.78x10°  2.86x10° 1.17x10° 3.61x10° 3.79x10° 8.65x10°
WOA 221x10°  2.33x10°  2.79x10° 2.81x10°  3.05x10° 1.16x10* 3.91x10° 4.36x10° 5.14x10*
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Table 1 (Continued)
D=10 D=50 D=100
Functions Algorithms
Best Mean Variance Best Mean Variance Best Mean Variance
H-JAYA 230x10°  2.31x10°  1.69x10'  2.58x10°  1.09x10°  3.02x10°  2.09x10*  2.50x10*  5.31x10°
IJAYA 230x10°  2.31x10°  1.79x10° 1.41x10*  1.63x10*  2.41x10° 327x10°  3.44x10*  4.14x10°
CLJAYA  2.22x10°  229x10°  1.40x10° 1.27x10°  1.48x10*  7.48x10°  2.87x10*  3.27x10*  2.48x10°
Jal®) HFPSO 231x10°  2.39x10°  1.02x10° 1.24x10*  1.50x10°  1.82x10°  2.83x10*  3.24x10*  3.61x10°
JAYA 223x10°  2.32x10°  5.18x10? 1.54x10°  1.66x10*  2.06x10°  3.32x10*  3.48x10*  3.48x10°
WOA 224x10°  2.51x10°  2.09x10° 1.10x10°  1.43x10*  2.11x10°  2.65x10*  3.09x10*  3.67x10°
H-JAYA 2.60x10°  2.89x10°  1.23x10°  3.09x10°  322x10°  5.72x10°  4.33x10°  520x10°  3.38x10°
IJAYA 2.90x10°  2.90x10°  8.93x10' 3.34x10°  3.59x10°  1.92x10°  7.41x10°  9.95x10°  1.60x10°
CLJAYA  2.90x10°  295x10°  2.57x10*>  6.91x10°  9.93x10°  2.01x10° 1.68x10°  2.16x10*  4.38x10°
Fosl) HFPSO 2.90x10°  2.93x10°  8.41x10°  3.59x10°  4.20x10°  1.93x10°  4.97x10°  5.79x10°  4.79x10°
JAYA 2.93x10°  2.96x10°  127x10*°  3.93x10°  4.58x10°  1.61x10° 1.05x10*  1.48x10*  3.79x10°
WOA 2.90x10°  2.95x10°  8.12x10>°  3.75x10°  4.22x10°  1.04x10°  6.55x10°  8.12x10°  6.34x10°
H-JAYA 2.79x10°  2.99x10°  8.70x10>  7.08x10°  9.01x10°  3.21x10°  223x10*  2.54x10*  2.05x10°
JAYA 2.90x10°  3.11x10°  1.76x10° 8.98x10°  1.10x10°  9.90x10° 2.58x10*  3.01x10*  5.24x10°
CLIAYA  291x10°  3.05x10°  2.59x10° 1.04x10°  1.32x10*  1.82x10°  2.97x10*  4.02x10*  1.82x10’
F2sl) HFPSO 2.81x10°  3.01x10°  1.15x10°  5.62x10°  9.75x10°  5.34x10°  7.77x10°  1.82x10*  1.41x10’
JAYA 3.00x10°  3.52x10°  3.11x10° 1.01x10*  1.14x10*  3.74x10° 2.58x10*  2.97x10*  4.55x10°
WOA 2.83x10°  3.61x10°  3.86x10° 1.03x10*  1.41x10°  1.63x10°  2.82x10*  3.62x10*  9.11x10°
H-JAYA 3.14x10°  3.17x10°  6.75x10°  5.10x10°  5.89x10°  1.33x10°  834x10°  9.85x10°  6.71x10°
IJAYA 3.15x10°  3.20x10°  8.47x10° 531x10°  6.26x10°  1.39x10° 1.18x10*  1.37x10*  9.48x10°
CLJIAYA  3.15x10°  3.19x10°  1.44x10°  528x10°  8.55x10°  2.60x10° 1.89x10*  3.32x10*  1.12x10°
Fosl) HFPSO 3.07x10°  3.27x10°  425x10°  4.88x10°  625x10°  4.44x10°  9.86x10°  1.15x10*  1.20x10°
JAYA 3.16x10°  3.22x10°  1.79x10°  6.14x10°  6.91x10°  2.38x10° 1.44x10*  1.83x10*  5.09x10°
WOA 3.19x10°  3.39x10°  1.59x10*  5.54x10°  8.56x10°  3.26x10° 1.39x10*  1.85x10*  1.34x10’
H-JAYA 4.40x10°  1.06x10*  3.57x10°  7.80x10°  9.97x10°  1.83x10"°  3.44x10°  1.82x107  4.14x10"
IJAYA 746x10°  6.66x10°  1.22x10  5.80x107  1.38x10°  2.57x10"°  3.95x10°  6.93x10°  2.14x10'
CLJIAYA  448x10°  1.98x10° 245x10™  531x107  3.07x10°  2.70x10"°  3.09x10°  1.32x110  3.27x10"
fl) HFPSO 9.86x10°  7.09x10°  6.11x10"  6.77x10"  1.49x10°  2.60x10"  2.62x10°  9.42x10°  3.74x10"7
JAYA 9.69x10°  3.75x10°  1.18x10" 6.08x10"  1.95x10°  1.71x10'*  2.18x10°  4.27x10°  5.93x10"
WOA 8.17x10°  L11x10°  1.65x10"%  9.36x107  2.54x10°  1.27x10"  6.34x10°  1.35x10°  3.02x10"
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Fig.1  Convergence curves: (a) /51(x); (b) f22(x); (¢) /25(x); () f26(x); (&) f29(x); () f30(%)
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2 KEPRM CEC2017 MEXELEM: Wilcoxon BRI p {H

Table2 p-value for Wilcoxon’s rank-sum test on each algorithm used to solve the CEC2017 test suite

H-JAYA vs JAYA H-JAYA vs IAYA

H-JAYA vs CLIAYA

H-JAYA vs WOA H-JAYA vs HFPSO

p-value win

p-value win

p-value win

Functions
p-value win p-value win
Sux) 2.6917x10753(+) 2.6917x1073(+)
Si2(x) 2.6917x107(+) 2.6917%107(+)
Sio(x) 2.6917x10753(+) 2.6917x107(+)
Saol%) 2.6734x1074(+) 2.6727x10°(+)
S (x) 2.6693x107(+) 2.6700x10°(+)
J2) 2.6720x107(+) 2.6727x10°%(+)
S2s(x) 2.6734x107(+) 2.6734x10°(+)
Jr6(x) 2.6734x107(+) 2.6734x10°(+)
S29(x) 2.6734x107(+) 2.6720%10°%(+)
J30(x) 2.6917x107%(+) 2.6917x10 (+)

(+/-1=)

10/0/0

10/0/0

2.6917x1073(+)
2.6917x1073(+)

2.6917x1073(+)
2.6727x10°*(+)
2.6727x1074(+)
2.6734x107(+)
2.6734x107%(+)
2.6727x1074(+)
2.6734x107(+)
2.6917x10°%(+)

10/0/0

2.6917x107%(+)
2.6917x107%(+)
2.6917x1073(+)
2.6727x10°4(+)
2.6720x107(+)
2.6734x10°4(+)
2.6727x10°4(+)
2.6734x107(+)
2.6734x10°4(+)
2.6917x107%(+)

10/0/0

2.6917x1073(+)
2.6917x10°3(+)

2.6917x1073(+)
2.6727x10°4(+)
2.6720x1074(+)
2.6734x10°4(+)
2.6727x10°4(+)
2.6734x1074(+)
2.6734x10°4(+)
2.6917x1073(+)

10/0/0
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AL 3 TEAR &, 0l g 448 x1(0.05 < xp <
2.00). 4 B H 2 x(0.25 < xp < 1.30), 1 P2k 1
BUE x3(2.00 < x3 < 15.0). % 3% 1 0] 550 1) K 27 A A
W,

FARPREL: () = (3 +2) - 32 - x7;
3.

X5 X3
AR LA g1(0) = 1 - —2—— <0,
A 0= 1 s
4-x2—x1-x2 1
2
x)= + -1<0,
82%) 12566 (x2-x — ) | 510822
140.45 - +
83(x)=1—%<0,g4(x)=x1 x2—1<0.

X5 X3

%3 R VE H-JAYA FH A 5 Fh o6

P45 B ST AE AT 50 YK fff P A 3 3 3 1 In) A5

BN R AR FE AT 2. NRP R LA

H, H-JAY A B95 W AR08 SF 338 For 2808 F
oAt 5 B, I UL AR A B J) R e k.
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Table 3 Comparison of the optimization results of six representative

algorithms used to solve the tension/compression spring design problem

Algorithms Best Mean Variance

H-JAYA 1.2665237000x107 1.2806874020x1072 2.7477865853x10°®
IJAYA 1.2666032600x107 1.3032429118x107 2.1994218985x10™°

CLJIAYA 1.2666232800x107 1.3068941340x102 1.2273508194x10°¢

JAYA 1.2666917100x107 1.3185287610x107 1.9559284633x10°
HFPSO 1.2665806000x107 1.2982082240x107 3.0289473131x107
WOA  1.2671936200x107 1.3894943310x107 2.4615922288x10™°

3.2.2 SRR SURRER 1) B

e SO RE BT )Y E A 2 fe /M Dk S0RR RE
(B, X UL B 6 N IR A E A 4 AN AR
I, W T AR A0 2 B SO RE Y TE B (0 < <
100). I 200 BE 19 155 BE x2(0 < xp < 100). % SO BE 1Y
P x3(0 < x3 < 100), % SUAE BE AY JE B x40 < x4 < 5),
HBCERBRT

FUBR BB £ = 2380 X+ 43),

PR EEET

KM g1(0) =427 (0.4)61 +x—63)+

3.94(x +y[3-3]) <0,

2 X3
&2(x) =—x4x, (0.2x1 +E)+

4/3
2.2(8.94(x1+ |x§_x§|)) <0,

g3(x) =—x4 +0.015x; +0.15<0,g4(x) =
—x4 +0.0156x3+0.15<0,g5(x) =
—x4+1.05<0,g6(x) = —x3+x2 <O.

4 7% 6 FRETE 50 YRR A i SRR BE B 11 [ A
BN 0 B A E L SEE AT 25, R 8o mT A
H-JAYA 8 5B 5 ITAYA. CLIAYA 2348
W, HAGFH 4y 3 Bk, m-E¥E o 22 N4+
Jr A 5 AT B, R A SO0RS A AR
FEE.

F4 6 TR PR SO RER TR SRR LA
Table 4 Comparison of the optimization results of six representative

algorithms used to solve the corrugated bulkhead design problem

Algorithms Best Mean Variance
H-JAYA  6.8429580101  6.8574579730  3.5011426525x10*
IJAYA 6.8429580101  7.5431661442 1.0303170764
CLJAYA  6.8429580101  8.2229580101 1.4648979592
JAYA 69429580101  8.6689580101  7.9828979592x10""
HFPSO 6.8924274599  7.0360704247  2.4342757860x10"
WOA 6.8589881925  7.1845962530  2.1316652625x10™"

3.2.3 RFE AR

AT B AR DR A T — A
835 (1R A5 PR A TR A R R 2R 48 R AT, 1T ) A
5 6 MLYH A 2 DT R, W AR 45
HERMFEERENQ < <14), HREWNIEE x
(0.2 < x> <0.8), HA#ARE AU T

HARBREL: £(x) = 9.8x1x2 +2x;;

AR 5 g1(x) = ——— —1<0,
T X X0
8 2
20 = pL “1<0,
& 3 2, ,2
n° Ex; xz(xl +x2)

830 = = —1<0,
X1
X1 0.2 X2
=—-1<0, =—-=1<0, =——-1<0.
g4(0) = 77~ 1<0.85(x) o 1<0.86(x) == -1<0

Horp, A5 R PR PR i E = 0.85x 108, JiE IR 5 B o=
500.

5 g% 6 PP SR A AL R T[] A5 3 11
AR S E A 2.t P B T DUTE 4
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3.2.4 SRR EE R 5 n) A
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Table 5 Comparison of the optimization results of six representative

algorithms used to solve the tubular column design problem

Algorithms Best Mean Variance

H-JAYA 2.6486361472x10" 2.6486976485%10" 2.7492263055x10°°
IJAYA 2.6486361473x10' 2.6770361473x10" 3.8922448975x107

CLJAYA 2.6486361472x10' 2.6840361472x10" 2.8248979592x107*
JAYA  2.6686361472x10" 2.6910363872x10" 1.3289800884x10*
HFPSO  2.6491554294x10" 2.6524256607x10" 4.0282119604x10™*
WOA  2.6491740158x10" 2.6831750349x10" 1.0260601687x10™"

FRLE A P B FEAS (R R E A, W R R . %I
ALY H A 2 DL AR AR BT — T e KoK T 1)
B IR GE 1, AL 2 AN RS R 3 A
T, 3 AR 43 ) 2 A 9 TR o (o = {6,6.16,6.32,
6.6,7,7.11,7.2,7.8,7.9,8,8.4}), B2 & & x2(x, = {28,29,

L40)), ) K x3(5 < x3 < 10), H 827 4 A
R

HERBREL: £(x) =2.9x +0.6x2x3;

MR AN g1(x) = ——4 <0, g2(x) = 180 + 7.375

i
— —x1 X <0.

X3

R oG T 6 FIEILIZAT 50 UK fift A9 /7 1 B5E
T+ B R A B AR PR 2%, B
TP B P, H-JAYA B PRSI R 3

{E AN TJ5 22 HR 0% 6 Bl 53k v e 4 (9, SR A 1k E S0
.

6 6 PR HERARNATIREE L B2 IAE I FIRE R LA

Table 6 Comparison of the optimization results of six representative

algorithms used to solve the reinforced concrete beam design problem

Algorithms Best Mean Variance

H-JAYA 3.5920800000x10> 3.6080773841x10* 2.8418472149x10°
IJAYA  3.6225000000x10> 3.7488260888%10% 1.5910386068x10°

CLJAYA 3.6225000000x10% 3.7447556000x10% 1.3625233588%10°
JAYA  3.6225000000x10% 3.9080088880x10> 2.4313100946x10*
HFPSO  3.6925001569x10> 3.8520700009%10% 7.3955644549x10'
WOA  3.6225106247x10% 3.6700943742x10° 4.3808572351x10'

3.2.5 SRR R

FEAE RV B AR SR AE ST YT 7 . 25l R g
E%ﬁ%\%%%EﬂWﬁ%%T&ﬁ%ﬁﬂﬁ
WA, IS T AR 4 DT AR 1
THAZ 5 43 ) 2 FE 8 R B x0(0.125 < x < 2). @%’i‘k
JE (0.1 < x5 < 10), R FEIE x30.1 < x3 < 10), PJEJE

x4(0.1 < x4 <2), BTV 7 7, £ 225l 7 J'Ja, ith
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H AR bR 2L f(x) = 1.10471x% - x, +0.04811 - x3- x4
(14.0+ x2);

IR g1(x) = 7(x)— 136000 <0,

g2(x) =0 (x)—30000 < 0,g3(x) =x1 —x4 <0,
g4(x) =0.10471 -x% +0.04811 - x3-x4(14.0+ x,)—5.0<0,
g5(x) =0.125-x1 <0, g6(x) =0(x)—0.25 <0,
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784000 4%600x 143
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X4 X3 30x 10 Xyt X4

2.0065- /x2- x5
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Table 7 Comparison of the optimization results of six representative

algorithms used to solve the welded beam design problem

Algorithms Best Mean Variance
H-JAYA  1.6702177263  1.6808983776  1.2670965769x107
DAYA 1.6702258303  1.6902400352  2.0000233481x10°*
CLJAYA  1.6702177264  1.6902198653  1.9999912854x10

JAYA 1.6702177328  1.8165708743  1.2530675483x10"

HFPSO 1.6702682457  2.0454210525  8.4760880179x10°

WOA 17177501400  2.3609633625  5.8101787131x10""

3.2.6 SRR G M0 I Al AR 35 3T 1) A
T 00 i 8 R A B 0 5 T
A28 o8 2 000 Tl 4R 22 e P Y R L, G e R R A
B A8, L) R PR Ml 4 1 VR R RIE AR 2 A, A
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Table 8 Comparison of the optimization results of six representative

algorithms used to solve the car side impact design problem

Algorithms Best Mean Variance

H-JAYA 2.2848738268x10" 2.3445600597x10" 1.0419208431x10""
IJAYA 2.2857969385x10' 2.3815013650x10" 2.7491744948x10™"
CLJAYA 2.3008501929x10" 2.3956603034x10" 6.5386322803x10""

JAYA  2.3094202105x10' 2.3872171530x10" 7.0916777331x10™"

HFPSO  2.3207806520x10' 2.3570163892x10" 7.7055620394x10™"
2.3612634156x10" 2.5726584934x10"

WOA 2.0363936631
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