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Hybrid mutation based gray wolf optimization algorithm for berth-quay crane
scheduling

YANG Yu, SUN Shengbo, XU Zirui, JIANG Xiaowei, SONG Qiang, DAI Hongwei "
(School of Computer Engineering, Jiangsu Ocean University, Lianyungang 222005, Jiangsu, China)

Abstract: In order to address the issues of slow convergence speed and susceptibility to local optimality in the gray wolf optimizer
(GWO) algorithm, a hybrid mutation gray wolf optimizer (HMGWO) algorithm is proposed. This new algorithm is based on
hybrid mutation and utilizes the Tent chaotic mapping strategy. The population is initialized, and an adaptive convergence factor
strategy is incorporated to maintain search diversity. Additionally, the algorithm introduces the Gaussian-Cauchy hybrid mutation
strategy to enhance performance. Six benchmark test functions are utilized for simulation experiments, evaluating the HMGWO
algorithm’s optimization capability and convergence. The HMGWO algorithm was applied to the discrete berth-quay crane scheduling
problem. After one thousand iterations in experiments, the HMGWO algorithm spent the shortest time for ships in port.
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Table 1 Benchmark functions

PR £y S XA, ISR A
fi(x)= Zx? 30 [-100,100] 0
fz(x)zg lx, | + H I, | 30 [-10,10] 0
fg(x>=g (Z,x, )2 30 [-100,100] 0
fi(x)=max,{Ix,1,1<i<n| 30 [-100,100] 0
]g(x)=2ix?+random[o,1) 30 [-1.28,1.28] 0

| < |
fo(x)=-20exp (—0.2 /fof )—exp (— z cos(2mx;) )+20+e 30 [-32,32] 0
n = n =
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Table 2 The optimal value of fitness value of six algorithms on six test functions

PR HMGWO DBO SCA HHO WOA GWO
fi 0 3.90x107"* 9.00x10™* 3.50x107'% 2.20x107% 1.90x107%
£ 8.90x107' 7.18x107% 4.00x10™* 2.57x107™ 1.85%10™° 1.42x107"7
fs 2.20x107%6 8.00x107'% 1.73x10° 1.60x107'" 6.64x10° 5.73%x10°
fi 2.10x107** 3.21x107" 5.54 1.62x107% 3.00x1072 2.68x107®
1 1.06x107 5.50x107° 6.00x107° 4.53x107° 7.48x107° 4.60x107™*
fe 4.44x107' 4.44x107' 1.00x107? 4.44x107' 4.44x107' 7.51x107"
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Table 3 The average of fitness values of six algorithms on six test functions

PR HMGWO DBO SCA HHO WOA GWO
fi 1.60x107%" 5.20x 107" 3.90x107"° 1.47x107 2.06x107" 6.80x107%
f 2.90x107'% 3.60x107"' 1.00x107 3.30x107 4.53x10™ 1.24x107'
£ 6.70x1072"° 3.62x107" 7.61x10° 1.67x107" 4.13x10* 7.69%x107°
fa 1.40x107'" 7.06x10™ 2.52x10' 1.74x107% 4.52x10" 7.06x107’
fs 1.20x107* 8.00x107* 5.00x107 1.50x107 4.90x107 1.30x10°
s 4.44x107" 4.44x107 1.26x10" 4.44x107" 4.94x107" 1.03x107"

F4 o PEEETE 6 MU R EL b3 N EE bR ifE 22
Table 4 Standard deviation of fitness values of six algorithms on six test functions

PRI HMGWO DBO SCA HHO WOA GWO
fi 0 2.80x107'% 1. 86x10" 8.02x10™* 1.07x107™ 9.62x107*
f 1. 60x107'* 1.97x107 2.00x107 8.81x107 2.47x107% 8.91x107"
fs 0 1. 68x107% 4.54x10° 9.07x107" 1.28x10* 1.00x107*
fi 7.80x107 3.87x107 1. 62x10" 9.21x107 2.58x10" 1.20x107
fs 1.20x10™ 1.10x107 8.00x107 1.50x107 5.00x107 2.00x107
I 0 0 9.36 0 2.46x107" 1.51x107"
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Fig.2 Six algorithms for solving iterative convergence curves of six test functions
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Table 5 Five algorithms for solving the discrete berth—quay crane scheduling model with one thousand iterations

ERTS F S FEMT/min SEHFERT/min FrifEZE/min W EE/ %
HMGWO 3486 3668 70.562 1
DBO 3728 3970 237.790 0 6.49
SCA 3703 3837 62.6191 5.86
WOA 3596 3754 101.220 0 3.06
GWO 3558 3688 71.2305 2.02
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Fig.3 HMGWO algorithm shortest time discrete berth-quay crane scheduling scheme
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