PV S e KEZRXRFFHAAEAHF R Vol. 44 No. 4
2024 7 A Journal of Chang’an University (Natural Science Edition) Jul. 2024

R R TR R HLRAL ST BE R L H AR AL BT ], K% R A= 2 i CRARBL2A D 22024 ,44.(4) : 149-160.
LI Kun, QIAN Qian. Multi-objective optimization design of mechanical transmission planetary gear train based on slime mold optimization al-

gorithm[ J]. Journal of Chang’an University (Natural Science Edition) ,2024,44(4) :149-160.

TR A B R PSS T B g
% 2 stk et

BORE
(. BB TR FE TS A b . =/ BW 650500,
2. BUIETRY mi A AR E AR E, =/ B 650500

W OEATREMBED T XERETERRAGTER BRSO BRARALL R, ZA ki
WA IR A F T A AR R R E 0 P A AT F 3] e A A AR B 4T B R
REKRREFRAETE, BITERAGEDI R FHER BRFEAEAREARLEZT. AL
FXEHAGRKEANGRES AEHHE AR RFTFRREBAFEARALB AR, B HES
EWENE R EITERRZR T ERRACR NN —A S BAFRACF R, F R Z A RS 9 A
Vo Sk BN K R A AT AR LR AT R e, TR REAN A T RREF T A
HRRARAT FRATHT 2R 2R R B F, LA KGR BB A E & AL AT AL 5,
RALHE % 40t 1) 3K 3] & B AR, ELAR 45 4R B o m A & Ao T SR RAL L R,

TER IR IR ATER R BERE S RSttt TREEA mREASF T

hE 4 ZES.0463. 21 XEtRER A XEHRE:1671-8879(2024)04-0149-12

Multi-objective optimization design of mechanical transmission planetary

gear train based on slime mold optimization algorithm

LI Kun'?, QIAN Qian'?
(1. School of Information Engineering and Automation, Kunming University of Science and Technology, Kunming
650500, Yunnan., China; 2. Yunnan Key Laboratory of Computer Technology Applications. Kunming
University of Science and Technology, Kunming 650500, Yunnan. China)

Abstract: Amid at crucial component in mechanical transmission in mechanical transmission, a
planetary gear system design optimization model based on improved slime mold optimization
algorithm was proposed. The weighted aggregation learning mechanism was introduced, the
algorithm enables slime mold individuals to better learn and utilize excellent information from

other individuals in the search space, thereby accelerating convergence speed and improving

optimization accuracy. Key parameters such as transmission ratio, gear tooth number, and
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modulus of planetary gear systems was used as optimization variables, and the relationship
between variables was taken as constraint conditions, and performance indicators such as
transmission efficiency, volume, and noise was used as optimization objectives. By constructing
appropriate fitness functions, the planetary gear train design optimization problem was
transformed into a multi-objective optimization problem. And experimental verification on the
function test set and planetary gear design through 9 comparative algorithms was conducted. The
results show that the slime mold optimization algorithm based on the weighted aggregation
learning mechanism achieves significant effects in planetary gear train design optimization.
Compared with traditional optimization algorithms, this algorithm can not only find the global
optimal solution in a shorter time but also provide more stable and reliable optimization results.
The proposed algorithm provides a novel solution for the design optimization problem of planetary
gear trains, and have advantages in fast convergence speed, high optimization accuracy and good
stability. 6 tabs, 5 figs, 19 refs.
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R RS E | WASMA| SMA | AOSMA | BTBSMA | CNMSMA | DASMA | DFSMA | ELSHADE-SPACMA | AGSK | EBLSHADE
FeABE/108 | 1.440 | 103.000 | 0.174 | 713.000 | 119.000 | 46.800 | 0.221 57. 800 176.000 |  349.000
Fi | FHE /108 3.830 | 146.000 | 0.477 | 848.000 | 222.000 |112.000 | 0.442 134. 000 285.000 | 552,000
FRiE2Z/108 | 2,990 25.400 | 0.171 61.500 40.800 | 37.400 | 0.135 35. 000 39. 000 92. 500
FARE/10° | 1.020 1.240 | 1.400 1. 400 1. 100 1.360 | 1.410 1. 140 2.720 0. 437
Fy | F#MH/10° | 1.600 1.640 | 2.720 1. 780 1. 480 1.850 | 3.080 1.590 3. 620 0.783
PRAEZE /101 | 3,470 3.030 | 7.360 1. 940 1. 640 3.000 | 7.770 2. 440 3.890 2.510

AR F A RKEAA, TR
®3 CECQ01THIFEEP I0NEEZESOETHINRER(ZSIERE)
Tab.3 Experimental results of 10 algorithms in CEC2017 dataset at 50 dimensions ( multimodal function)

PR RIS E | WASMA | SMA | AOSMA | BTBSMA | CNMSMA | DASMA | DFSMA | ELSHADE-SPACMA | AGSK | EBLSHADE
A /102 5.96 13.5 5.45 149. 00 12.50 10. 30 5.43 15. 90 30. 90 39.10
Fy | FE¥y(E /102 7.76 20. 00 6.55 195. 00 26. 10 17. 20 6. 46 24. 80 48. 90 102. 00
FrifE2% /102 2.01 4.17 0.57 24. 80 7. 80 5.13 0.69 4.81 8.43 32. 80
Fe At /102 7.18 8.42 7.09 10. 70 9.55 8. 86 7.26 9.91 9.77 8.89
Fs |- /10° 7.94 9.26 8.25 11. 50 10. 20 9.61 8.27 10. 70 11.20 9. 60
FriE2% /102 0.81 0.39 0.56 0.24 0.31 0.37 0.54 0.27 0.47 0.29
AR /102 6.21 6. 44 6. 20 6. 84 6.55 6.58 6.17 6.38 6.79 6.50
Fo | F¥{E /102 6.33 6. 60 6.39 6.97 6.76 6.71 6.43 6.50 6.98 6.76
b 22 6. 84 5.58 8.91 4.83 7.66 6.93 | 12.00 8.68 7.26 10. 70
B i /102 | 10.50 12.60 | 10.30 17. 20 14. 00 13.10 | 10.20 12.10 13.10 14. 60
F7 | SE¥{E /102 | 12,30 13.90 | 11.50 18.70 15. 40 15.30 | 11.80 13.00 14. 50 17. 60
FRifE22 /10" | 24.30 6.72 7.33 6.06 7.45 11. 20 7.74 3.90 6.41 11.20
Bt /103 0.99 1.18 1. 00 1.41 1.26 1.19 0.99 1.29 1.27 1.24
Fs | SE¥{E /108 1.10 1.25 1.11 1.47 1.34 1.28 1.09 1.38 1.41 1.32
FrifE2 /10! 5.61 3.81 4.98 2.72 4.32 4.15 4. 84 4.21 5.68 4.18
Bt /103 6.35 11. 90 9.82 25.00 22. 80 18.10 | 11.90 7.01 29. 50 16. 00
Fo | F¥{E /10 1.44 2.13 1.92 3.52 3.07 2.54 2.02 2.54 4.65 3.35
FrifE22/10° 4.27 5.11 6.10 3.81 4,25 3.75 5.82 10.10 8.92 5.37
Bt /103 5.52 9.56 6.68 12. 60 11. 30 8. 50 5.97 13. 20 13.50 13.00
Fio | F#{E/10° 8.32 11. 60 8.26 14. 50 13.30 10. 30 8.37 14. 80 14.50 14. 60
FRifE2 /102 9.54 10. 50 9.96 7.58 10. 80 10. 50 9.76 5.26 5.26 6.47
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Tab. 4 Experimental results of 10 algorithms in CEC2017 dataset at 50 dimensions (mixed function)
Mg IXESE | WASMA| SMA | AOSMA | BTBSMA | CNMSMA | DASMA | DFSMA | ELSHADE-SPACMA | AGSK | EBLSHADE
AR /108 | 1.32 1.80 1.36 13.50 3. 84 2.97 | 1.34 3.45 4.73 2.21
Fui [ SE#ME /108 | 1,91 2.98 1.87 17. 40 6.39 5.31 | 1.89 5.45 7.71 5.68
bRz /102 | 5.22 7.06 7.86 20. 20 15. 10 14.80 | 7.94 10. 80 24.70 19. 00
FARE/107 | 0.84 19. 00 0.68 | 3060.00| 128.00 38.80 | 1.24 56. 30 217. 00 58.70
Fi, [ E¥ME /108 | 1.15 7.65 0.59 482. 00 37.10 16.10 | 0.59 14.70 44, 40 58. 90
PRAEZ /108 | 3,84 4.35 0.37 87.10 12. 80 8.70 | 0.32 5.00 14. 30 52. 80
AL /105 | 0.56 21. 10 0.59 |63200.00| 910.00 | 134.00 | 0.51 448. 00 959. 00 7.86
Fus | F¥{E/108|  3.32 18.90 0.21 |17 300.00| 535.00 | 136.00 | 0.20 195. 00 402. 00 40. 00
FRMEZE /105 | 21.70 17.50 0.12 | 5220.00| 301.00 | 118.00 | 0.13 107. 00 256. 00 112. 00
B /105 | 0.55 0. 64 2. 67 7.41 2. 81 6.34 | 1.16 0. 46 1.36 0.02
Fiy | F#fH/106 ] 1.58 2.09 1. 41 16. 80 2.48 3.83 1. 30 0.54 1.35 0.01
FrEZE /108 1.98 2.91 0.96 14. 00 1. 84 3.19 1.03 0.41 0.92 0.01
AL /105 0,07 0.38 0. 20 936. 00 24. 90 3.42 | 0.14 20. 80 8.41 0.13
Fis | E4MH/10° 0.25 8.21 0.88 |11 700.00| 270.00 90. 50 0. 80 73. 20 77.10 1.01
FRuEZ/10° | 0.13 15. 10 0.69 | 4720.00| 240.00 | 143.00 | 0.66 61. 80 92. 90 0.97
AR /108 | 2,59 2.37 2.77 4. 93 3.54 2.97 | 2.72 4. 87 5.27 3.69
Fis | E¥{E/10° |  3.51 3.99 3.73 6.53 4.70 4.23 | 3.76 5.61 6.29 4.91
FRMEZE /102 | 4.70 4.75 4. 87 6.99 5.36 5.91 | 4.38 2.40 4.35 4.22
BAb(E/10% | 2.37 2.52 2.98 4.03 2.85 2.85 | 2.74 3. 87 4.17 2. 64
Fir | B4 /108 | 3.19 3.17 3.56 5.05 3.77 3.66 | 3.49 4.35 4.92 3.47
FRifE2/102 | 3.40 2.99 3.51 6.05 3.81 3.80 | 3.70 2.46 3.32 3.98
AR /108 | 0. 34 0.63 0. 90 9.49 3.05 1.74 | 0.74 0.99 2.57 0.02
Fig | E#MH /108 | 4.76 8.65 7.25 46. 10 16. 60 17.80 | 8.98 4.02 21. 80 0.11
FREZE /100 | 4,27 8.61 6.89 26. 50 14. 20 16.90 | 5.92 2. 64 10. 80 0.08
B /106 | 0.01 0.12 0.01 137.00 1.94 0.75 | 0.01 1. 60 0.41 0.03
Fio [ E¥{E /108 | 0.06 0.36 0.03 613.00 18. 30 5.61 | 0.03 7.18 4.91 1.15
FRifEZ /108 | 0.23 0.15 0.02 459. 00 13.90 3.90 | 0.02 4.59 4,77 2.29
AL /103 | 2.45 2.61 2.70 3.06 2.75 2.98 | 2.61 3. 14 3.59 2.88
Fao |E¥ME/10% | 3.15 3. 30 3.34 3.73 3.38 3.50 | 3.46 3.73 4,24 3. 66
FREZ /102 3.14 2. 80 3.35 2.62 2.27 2.80 | 2.95 1.51 2. 04 2.25
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Tab.5 Experimental results of 10 algorithms in the CEC2017 dataset at 50 dimensions (composite function)
Hg| RIS | WASMA| SMA | AOSMA | BTBSMA | CNMSMA | DASMA | DFSMA | ELSHADE-SPACMA | AGSK | EBLSHADE
AR /108 | 2,47 2.63 2.51 2. 94 2.77 2. 62 2. 49 2.73 2.79 2.72
For | SE3{H /103 2.56 2. 74 2.59 3.07 2.85 2.77 2. 60 2.80 2.92 2.82
bR /10! 4.45 4.73 4,80 4. 88 4.43 5.06 6.99 2.68 5.63 5.16
B /108 | 2.49 11.10 7.77 15. 50 4.22 3.41 7.21 3.76 14. 80 6.01
Fop | SEH{H/10° | 10. 40 13.90 9.92 16. 90 14. 40 13.10 9.97 6. 64 16. 30 12.20
bR /108 1.34 1.07 0.93 0.48 2.91 2. 64 1.06 2.62 0.54 3.36
A fE /108 2. 99 3.17 2.94 3. 94 3.26 3.16 2.94 3.19 3.29 3.24
Fos | EH9{H /103 3.15 3.31 3.05 4.18 3.38 3.33 3.04 3.29 3.53 3.50
FRifEL /10! 9.05 5.95 7.59 12. 40 7.89 7.95 6.24 3.64 9.03 27.50
/108 3.20 3.45 3.06 4,23 3.33 3.29 3.06 3.36 3.52 3.38
Fou | 44915 /10° 3.43 3.56 3.21 4.71 3.48 3.47 3.22 3.42 3.72 3.69
FrifE 2= /102 1.91 0.68 1.02 2.05 0. 67 0. 89 0. 90 0.28 1.13 2.19
AR /108 3.16 3. 60 3.04 8. 65 3. 80 3.53 3.06 3.82 4.72 5. 30
Fos | SEH9{H /103 3.32 3.94 3.12 10. 60 4.59 3.94 3.13 4.33 5.79 7.69
e 2% /107 2.26 2. 10 0. 37 8. 70 3.22 3. 14 0.39 3.29 5.38 11. 20
AR /103 3.33 6.05 3.34 12.70 6.07 5. 44 3.16 5.55 9.93 7.82
Fos | ¥ /10| 4.75 9.58 6. 64 14. 80 8.23 7.54 6.97 7.33 11. 30 11. 50
bR /10° 1.77 1.08 1.14 1.05 1.87 1.85 1.08 0. 89 0.68 1.62
AR /103 3.56 3. 74 3.37 5.61 3. 60 3. 64 3.32 3.81 4,21 3.54
For | SF-¥4{# /103 3.79 4.02 3.59 6.43 3. 84 3.92 3.55 4.03 4.56 3.85
Tk 2% /102 1.28 1.52 0.96 3.65 1. 46 1.88 0.97 1.27 1.71 1. 90
A /108 3.48 4.23 3.32 8.77 4.51 3.91 3.36 4,49 5.30 5. 44
Fos | E49ME /105 | 3. 64 4,67 4.25 9. 90 5. 34 4.65 3.71 5.10 6.28 7.18
FruEFE/102 | 0.88 1.99 | 13.40 6.55 4,15 3.63 3.56 3. 04 3.76 8.71
AL /108 | 3.68 4.78 4.18 8.79 5. 44 5.16 4.19 5.13 6.63 5.12
Foo | EHIME/10% | 4. 66 5. 80 5.07 13. 80 6.46 6.01 5.10 6.51 7.87 6.17
e 2% /102 3.63 5.28 4.43 35. 60 6.31 5.32 4.63 3.59 6.91 5.57
AR /107 0. 66 5. 82 0.48 43. 00 13. 30 8.05 0. 64 7.84 9.45 3.01
Fso | ¥l /108 0.17 1.35 0.19 11. 50 2.82 1.85 0.19 1.54 1.49 0.89
FRMEZ /108 | 0.18 0.48 0.06 5.02 1.04 0.72 0.08 0.42 0.46 0. 44
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Fig.5 Convergence curves of 10 algorithms in CEC2017 dataset at 50 dimensions
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Tab. 6 Optimization results of planetary gear system design problems
) A&k
"k et as R
Ny N N3 Ny Ns N P m ms

WASMA 34. 80 25.50 24. 80 24.20 15. 60 87.30 1.26 1. 87 1.97 0.53
SAM 72.60 24. 30 13.50 30. 40 21.60 110. 00 2.27 0.98 0.51 0.56
AOSMA 17. 60 13.60 17.90 16. 80 13.50 62.10 1.25 4.17 0.52 0.55
BTBSMA 21.60 13.50 13.50 16. 50 13.50 49. 80 0.51 0.51 0.51 0. 85
CNMSMA 30. 50 17.70 14. 30 16. 80 18. 30 61.70 0.62 0.53 0.72 0. 54
DASMA 28.50 17. 20 13.50 16. 50 13.50 61.60 0.51 0.56 0.76 0. 54
DFSMA 23.90 13.50 13.50 16. 50 18. 50 62.10 0.52 2.72 0.96 0. 54
ELSHADE-SPACMA 24.30 13.50 13.50 16. 90 15.00 61.50 0. 96 3.13 0.51 0. 54
AGSK 69. 40 18. 30 14. 80 34.50 22.90 103. 00 1. 89 1.13 1.15 1.32
EBLAHADE 30. 40 18. 60 14. 80 17. 40 18. 60 62.10 0.76 1.87 1.76 0. 54
TR RITERE, high-altitude sites[J]. ISA transactions, 2022, 121 .
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