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Harris Hawks optimization algorithm based on nonlinear convergence
factor and mutation quasi-reflected-based learning

cen 1 .2 a1 . . 3
SONG Meijia , JIA Heming', LIN Zhixing , LIU Qingxin
(1. Center of Network, Sanming University, Sanming 365004, China; 2. Department of Information Engineering, Sanming University,
Sanming 365004, China; 3. School of Computer Science and Technology, Hainan University, Haikou 570228, China)

Abstract: Due to the shortcomings of the Harris Hawks optimization (HHO) algorithm, such as premature convergence,
low optimization precision, and slow convergence speed, an improved HHO (IHHO) algorithm integrating nonlinear
convergence factor and mutation quasi-reflection-based learning (QRBL) is proposed. First, circle chaotic mapping is in-
troduced in the initialization stage to improve the diversity of the initialization population and the location and quality of
the population. Second, the sigmoid nonlinear convergence factor is introduced to balance the ability of global explora-
tion and partial exploitation. Finally, because the HHO algorithm easily falls into the local optimum, mutation QRBL is
proposed to improve the vigor of the population and further improve the local convergence ability of the algorithm. The
simulation experiments are conducted by applying 13 standard test functions and one classical engineering problem to
the evaluation of the proposed algorithm. The results show that the convergence accuracy and the convergence speed of
the IHHO algorithm are greatly improved, and IHHO is suitable for solving practical problems.

Keywords: Harris Hawks optimization; nonlinear convergence factor; quasi-reflected-based learning; quasi-inverse

learning; chaotic mapping; engineering problems; meta-heuristic algorithms; swarm intelligence
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Mean 107107 2.07x10°  1.15x10°  3.81x10° 1.60x10 " 2.10x10"° 1.00x10 "
F, Std 8.94x10° 1.74x10"  122x10°  4.28x10° 6.59x10° 1.34x10" 8.06x10
JHE/s 03075  0.2675 0.1791 0.0895 0.1057  0.1496 0.1203
Mean -1.26x10" -1.26x10"  —126x10"  —1.04x10" ~7.48x10° —5.81x10° -3.79x10°
Fy Std 426x10" 3.15x10"  7.93x10'  1.71x10° 7.04x10°  1.05x10° 3.43x10°
FEt /s 0.1874  0.2838 0.1124 0.0538 00651  0.1106 0.0853
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g5k 3
PR GeitE IHHO SMA HHO WOA SSA GWO SCA
Mean  0.00 0.00 0.00 0.00 5.09x10' 3,12 4.55x10'
Fy Std 0.00 0.00 0.00 0.00 1.38x10' 386 3.22x10'
s 01308 0.246 1 0.0846 0.0428 0.0611  0.1003 0.0758
Mean 8.88x10"°  8.88x107'°  8.88x10'®  4.68x10 " 231 1.02x107" 1.48x10'
Flo Std 0.00 0.00 0.00 2.46x107"° 7.60x10"" 1.85x10°" 8.64
s 0.1463 0.2390 0.090 1 0.0457 0.0642  0.1060 0.0844
Mean  0.00 0.00 0.00 1.94x10" 1.57x10° 2.81x10° 1.06
Fiy Std 0.00 0.00 0.00 6.12x10° 12110 6.05x10° 4.68x10"
Hmts 01743 0.2583 0.1078 0.0554 0.0744  0.1079 0.1087
Mean 6.63x10°7  5.56x10°  7.65x10°  2.02x10° 6.00 4.62x10° 5.35x10°*
Fi Std 8.42x107  7.88x10°  7.68x10°  1.11x10° 271 2.01x10°° 2.26x10°
HEts  0.7282 0.3451 0.4208 0.1752 0.1981  0.2313 0.2105
Mean 1.02x107°  3.84x10°  8.08x10°  5.59x10"' 1.23x10'  6.65x10"" 3.96x10°
Fi Std 1.59x10°  3.99x10°  137x10°'  2.43x10" 1.38x10"  2.40x10"' 1.62x10°
FRf/s  0.6896 0.6896 0.4443 0.1786 02245  0.2339 0.2170
F 4 SEMHHO AL ERIREREHNIKE R3TLE
Table 4 Test results of benchmark functions with other HHO optimization algorithms
PR GiiHi IHHO HHOCM CEHHO DHHO/M
- Mean 0.00 0.00 0.00 8.16x10
1 .
Std 0.00 0.00 0.00 3.92x10 "
Mean 0.00 2.06x10 " 0.00 526x10°"
F2 .
Std 0.00 0.00 0.00 2.39x10"
- Mean 0.00 0.00 0.00 462310
’ Std 0.00 0.00 0.00 2.53x10 "
Mean 0.00 4.90x10"" 0.00 1.89x10°*
F4 —
Std 0.00 0.00 0.00 1.02x10
Mean 2.24x10° 1.80x10 4.26%10° 1.15x10°
F ) } ) )
> Std 2.12x10°° 2.47x10° 7.03x10° 1.17x10°
Mean 1.05x107° 4.82x10™* 1.65x10" 6.56x10"
F, ) B B )
6 Std 2.29%x10" 6.54x10" 2.32x10° 9.79x10
Mean 1.07x107* 1.52x10™* 1.33x10™* 1.58x10*
F. } ) ) )
7 Std 8.94x10 1.46x10"* 1.09x10™* 1.31x10"*
Mean -1.26x10* -1.26x10* -1.26x10* -1.24x10"
F _ .
§ Std 4.26x10"" 7.51x10" 6.03x10" 9.65x10
- Mean 0.00 0.00 0.00 0.00
9
Std 0.00 0.00 0.00 0.00
Mean 8.88x107"° 8.88x107"° 8.88x107"° 8.88x107"°
F
10 Std 0.00 0.00 0.00 0.00
- Mean 0.00 0.00 0.00 0.00
11
Std 0.00 0.00 0.00 0.00
Mean 6.63x10” 1.66x10" 1.73x10°° 5.44x10°
F § B B )
2 Std 8.42x10” 2.41x10° 2.37x10° 6.46x10°
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PRER ESRANIEN [HHO HHOCM CEHHO DHHO/M
Mean 1.02x107° 1.50x10 " 1.57x107 7.29x107
F ) . ) .
P Std 1.59x10°° 1.42x10°* 3.16x10° 9.17x10°
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Fig. 5 Convergence curves with classic algorithms
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Fig. 6 Convergence curve with other HHO optimizer
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Fig.7 Pressure vessel design problem
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Table 5 The optimization results of pressure vessel problem

Fiik Tx) Ti(x,) R(xs) L(xy) 5
IHHO 0.8251 0.4066 44.8326 145.5222 5928.67
HHO 0.8815 0.4267 47.2647 121.6444 6030.17
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BRs
EERES Ty(x)) Ti(x) R(x3) L(xy) £
SMA 0.8656 0.4236 46.4191 129.5605 5989.18
WOA 0.7651 0.4534 41.1400 188.8871 5976.27
SSA 0.9038 0.4402 48.3157 112.2960 6078.02
GWO 0.8859 0.4345 474291 120.1625 6036.72
SCA 0.8320 0.3728 43.4836 161.8432 6031.48
HHOCM 0.8614 0.4219 46.2201 131.4779 5980.16
CEHHO 0.8972 0.4733 49.1172 105.5075 6234.97
DHHO/M 0.8189 0.4250 449023 144.7359 5969.54
4 % % i% ture selection optimization based on hybrid sooty tern op-
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