Journal of System Simulation

Volume 36 | Issue 7 Article 11

7-15-2024

Adaptive Particle Swarm Optimization Algorithm Based on Trap
Label and Lazy Ant

Wei Zhang

College of Electrical Engineering and Automation, Henan Polytechnic University, Jiaozuo 454003, China,
zwei1563@126.com

Yuefeng Jiang
College of Electrical Engineering and Automation, Henan Polytechnic University, Jiaozuo 454003, China

Follow this and additional works at: https://dc-china-simulation.researchcommons.org/journal

b Part of the Artificial Intelligence and Robotics Commons, Computer Engineering Commons, Numerical
Analysis and Scientific Computing Commons, Operations Research, Systems Engineering and Industrial
Engineering Commons, and the Systems Science Commons

This Paper is brought to you for free and open access by Journal of System Simulation. It has been accepted for
inclusion in Journal of System Simulation by an authorized editor of Journal of System Simulation. For more
information, please contact xtfzxb@126.com.


https://dc-china-simulation.researchcommons.org/journal
https://dc-china-simulation.researchcommons.org/journal/vol36
https://dc-china-simulation.researchcommons.org/journal/vol36/iss7
https://dc-china-simulation.researchcommons.org/journal/vol36/iss7/11
https://dc-china-simulation.researchcommons.org/journal?utm_source=dc-china-simulation.researchcommons.org%2Fjournal%2Fvol36%2Fiss7%2F11&utm_medium=PDF&utm_campaign=PDFCoverPages
https://network.bepress.com/hgg/discipline/143?utm_source=dc-china-simulation.researchcommons.org%2Fjournal%2Fvol36%2Fiss7%2F11&utm_medium=PDF&utm_campaign=PDFCoverPages
https://network.bepress.com/hgg/discipline/258?utm_source=dc-china-simulation.researchcommons.org%2Fjournal%2Fvol36%2Fiss7%2F11&utm_medium=PDF&utm_campaign=PDFCoverPages
https://network.bepress.com/hgg/discipline/147?utm_source=dc-china-simulation.researchcommons.org%2Fjournal%2Fvol36%2Fiss7%2F11&utm_medium=PDF&utm_campaign=PDFCoverPages
https://network.bepress.com/hgg/discipline/147?utm_source=dc-china-simulation.researchcommons.org%2Fjournal%2Fvol36%2Fiss7%2F11&utm_medium=PDF&utm_campaign=PDFCoverPages
https://network.bepress.com/hgg/discipline/305?utm_source=dc-china-simulation.researchcommons.org%2Fjournal%2Fvol36%2Fiss7%2F11&utm_medium=PDF&utm_campaign=PDFCoverPages
https://network.bepress.com/hgg/discipline/305?utm_source=dc-china-simulation.researchcommons.org%2Fjournal%2Fvol36%2Fiss7%2F11&utm_medium=PDF&utm_campaign=PDFCoverPages
https://network.bepress.com/hgg/discipline/1435?utm_source=dc-china-simulation.researchcommons.org%2Fjournal%2Fvol36%2Fiss7%2F11&utm_medium=PDF&utm_campaign=PDFCoverPages
mailto:xtfzxb@126.com

Adaptive Particle Swarm Optimization Algorithm Based on Trap Label and Lazy
Ant

Abstract

Abstract: Many existing strategies for improving particle swarm optimization (PSO) fall short in assisting
particles trapped in local optima and experiencing premature convergence to recover optimization
performance. In response, an adaptive particle swarm optimization algorithm based on trap label and lazy
ant (TLLA-APSO) is proposed. Firstly, the trap label strategy dynamically adjusts particle velocities,
enabling the particle swarm to escape from local optima. Secondly, the lazy ant optimization strategy is
employed to diversify particle velocity and enhance population diversity. Finally, the inertia cognition
strategy introduces historical position into velocity updates, promoting path diversity and particle
exploration while effectively mitigating the risk of falling into new local optimum. The convergence of the
particle swarm algorithm with the incorporation of historical positions has been empirically
demonstrated. Simulation results validate the efficacy of TLLA-APSO, showcasing its ability to mitigate
local optima and premature convergence while achieving faster convergence speed and higher
optimization accuracy compared with other algorithms.
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assisting particles trapped in local optima and experiencing premature convergence to recover
optimization performance. In response, an adaptive particle swarm optimization algorithm based on trap
label and lazy ant (TLLA-APSO) is proposed. Firstly, the trap label strategy dynamically adjusts particle
velocities, enabling the particle swarm to escape from local optima. Secondly, the lazy ant optimization
strategy is employed to diversify particle velocity and enhance population diversity. Finally, the inertia
cognition strategy introduces historical position into velocity updates, promoting path diversity and
particle exploration while effectively mitigating the risk of falling into new local optimum. The
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empirically demonstrated. Simulation results validate the efficacy of TLLA-APSO, showcasing its ability
to mitigate local optima and premature convergence while achieving faster convergence speed and higher
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Table 3 Trap values in 7 trap functions
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Path diversity test results

K CLPSO OLPSO GLPSO TLLA-APSO
LR HE# LR He# LR He# LR He#
Schwefel 4.71e-52 4 5.04e—-47 3 3.72e-14 2 5.49¢-12 1
Rosenbrock 2.47¢-07 3 4.73e-09 4 1.98e+01 2 2.87e¢+02 1
Rastrigin 2.20e-19 3 5.02e-19 4 1.96e+00 2 1.81e+01 1
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Griewank 2.24e-16 4 1.92e-16 3 3.21e+00 2 2.03e+01 1
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Fig.4 One-dimension paths of star particles
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Fig. 5 Error iterative curve of optimal fitness for each test function
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Table 6 Optimization performance of each algorithm on 9 test functions
PR PSO I;I\),SA% FIPS  CLPSO OLPSO GEPSO GAPSO GLPSO CAPSO ZLPLS‘;'
Mean 5.66e+01 2.09¢e-08 1.66et01 3.75e—10 2.18e—12 4.16e—01 3.97e—07 8.00e—20 1.98e—02 0
Best 2.00et01 5.93e-10 1.40et01 1.45e-10 9.96e—13 1.87e—02 6.36e—10 1.56e-20 1.50e—03 0
A Std  2.4let01 2.64e-08 1.87e+01 1.63e—10 8.84e—13 5.17e-01 8.99¢e-07 4.35¢-20 2.33e-02 0
Rank 10 5 9 4 3 8 6 2 7 1
Mean 3.35¢+03 8.16e-01 4.22e+02 3.41et02 5.36e-02 3.01e+00 1.70e+00 3.72e—-04 6.28e—02 0
Best 2.01et03 1.18e-01 2.29e+02 1.83e+02 1.60e—03 7.97e—01 3.23e—01 3.61e—-05 1.60e—03 0
% Std  8.20et02 8.42e-01 1.53e+02 1.21et02 1.22¢-01 2.63et00 6.21e-01 2.87¢-04 6.11e—02 0
Rank 10 5 9 8 3 7 6 2 4 1
Mean 1.72e+05 8.78e+01 4.61e+03 5.01e+02 1.56e+01 9.28¢+01 4.59¢+01 3.11e+02 2.94e+01 9.76e+00
Best 2.43e¢+04 1.75¢+01 2.79¢+03 5.10e+01 1.50e+00 2.02¢+01 1.04e+01 2.97¢+01 1.65¢+01 9.71e—07
% Std  8.86et04 8.89e+01 1.27e+03 2.89e+02 3.15e+01 4.21e+01 2.24e+01 2.41e+02 2.05e+t01 1.30e+01
Rank 10 5 9 8 2 6 4 7 3 1
Mean 1.33e+02 3.92e+00 2.00e+02 3.78e+00 7.71e+00 2.40e+01 4.52e—12 2.71e-01 4.81e+01 0
Best 8.29e+01 5.32e-15 1.73e+02 9.95e-01 2.98e+00 1.99e+01 3.55e-15 0 1.98e+01 0
2 Std  2.93e+01 3.13e+00 1.54e+01 1.69e+00 3.59¢+00 5.53e+00 1.47e-11 4.53e-01 1.85e+01 0
Rank 9 5 10 4 6 7 2 3 8 1
Mean 1.03e+01 2.56e—11 9.15e+00 5.67e—08 4.96e—10 2.54e+00 1.96e—04 6.92e—15 7.73e—04 0
Best 1.34et00 1.35e-13 7.96e+00 2.34e—08 1.94e—10 1.65e+00 5.02e—07 3.55¢—15 6.52¢-06 0
% Std  8.02e+00 5.12e—11 1.04e+00 2.65e—08 2.16e—10 6.01e—01 7.82e—-04 7.94e—-16 1.10e-03 0
Rank 10 3 9 5 4 8 6 2 7 1
Mean 3.73e-02 2.83e-02 4.75¢e-01 4.58e-02 7.30e-03 7.01e—03 1.54e—12 3.70e-03 2.38e-02 0
Best 1.69¢e-07 1.11e-16 3.70e-01 2.51e—-05 0 6.21e—04 2.24e-14 0 8.56e-09 0
s Std  4.68e—02 3.60e—02 7.54e—02 2.02e—01 6.90e—03 3.90e—-03 3.75e—12 5.60e—-03 1.54e-02 0
Rank 8 7 10 9 5 4 2 3 6 1
Mean 4.98e+01 2.15¢-01 3.39¢+01 4.54e—02 2.08e—18 3.23e+00 1.25¢—04 1.49e-32 5.16e+00 2.06e—07
Best 4.22¢-01 6.56e—16 1.64e+01 1.33e—08 3.21e—-19 1.88¢+00 2.14e—15 1.49e-32 2.80e—-03 7.83e—09
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