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Fig.5 Optimization effect of the PSO-ACO-3opt algorithm
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4.2.5 PSO-ACO-3opt 5% 15 A 532 (1) % b 52 56

Sk T UC B8 I BT AR 0 5 S B PSO-ACO-30pt B35 ACO-ABC 8 3 \RAB-TSP! /5
AT B B AT L, B SC B 25 AN 3R 5 BT R o 8 S X 5 AN AN R RLASE R 43 A 1 D0 9 S5 48 R AT X
o, AT LA, 7E SR A% Berlin52 3 52 ) I, ACO-ABC %0 1 HUS 1 5 At 9 b 20 1 B 4 10 45 % 5 76 01
AR 4B, PSO-ACO-3opt 51 T 15 1 Avg SDChR#EZE) | Error ¥4 T Fofb 9 B3 . 0L Ak,
ARSI ST AE SR A 5 b T A I G 4] 1 S5 SR 0 T RAB-TSP Sivk . Rt , AT RAAS H, 24 03 5
BRI AL KA, PSO-ACO-3opt 5k HA — & M # .

#5 PSO-ACO-3opt 5HMHEHELKHE R L

Table 5 Comparison of numerical experimental results between PSO-ACO-3opt and other algorithms

GEN7S EizE 7 Eil51 Berlin52 Eil76 KroA100 KroB150
PSO-ACO-3opt Avg 433.05  7549.40 550. 50 21395.75 26506. 75
SD 3.07 16. 20 3.60 86. 14 121.45
Error/ % 1.65 0.10 2.32 0.53 1.19

ACO-ABC Avg 443.40  7544.40 558. 00 22435. 30 -

SD 5.25 0 4.10 231. 30 -

Error/ % 4.08 0.03 3.17 5.42 -
RAB-TSP Avg 437.47  7932.50 - 21522.73 26631. 87
SD 4.20 277. 25 - 93. 34 232. 86
Error/ % 2.69 5.18 - 1.13 1.92

5 R4

AR SCEE R AT R 1) AE 48— Fh PSO-ACO-3opt 836 o %80 1 LIR30 vE W HE 2R ) ) i ok Y
KL B FE A WO SR I S5 S A M P 5 B R AR KR Z M A G & IR R A
AT Tt MR A R ER R AR G fE B R P B Sk i R A R . SRS LA
Bl 3-opt B 7 Xof W g A i) 5 A% 6 3-opt Ry I R Ll i B Bt AL — AR B AR KR L B T RDE
BISR R PERE . 85 ¥ PSO-ACO B 5 PSO-ACO-3opt B ik HEAT HL 8¢, UE W 1 AR SC8 1 B9 A Rk o
ELAEAS 591 S A7) v AR SCHRE H B4 B3 e A I8 A8 BLARL ) PRI I, 78 A SR I BIF 9 Hh s 4 S TR A R0k 1A T i
HE, DA TR AR AN R 5 S0 F R g .
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Hybrid Ant Colony Optimization Algorithm for Solving the Traveling
Salesman Problem

GUO Naping'*,MA Xiaohua®, GAO Yuelin"*
(1. College of Mathematics and Information Science, North Minzu University, Yinchuan 750021, China;
2. Ningxia Collaborative Innovation Center for Scientific Computing and Intelligent Information
Processing, Yinchuan 750021, China)

Abstract: To address the slow convergence and susceptibility to local optima in ant colony optimiza-
tion (ACO) when solving the traveling salesman problem (TSP), an improved ACO algorithm opti-
mized with particle swarm parameters is proposed. Firstly, adaptive weights are introduced to enhance
the global and local search capabilities of the particle swarm optimization (PSO). Secondly, a compos-
ite function state transition formula is used to balance the relationship between pheromone and heuristic
factors, improving the algorithm's robustness and global search capability. Additionally, a pheromone re-
set ratio factor is included to enhance the ants’ exploratory ability, preventing premature convergence to
local optima. Finally, the 3-opt local search strategy is employed to further optimize the generated paths.
Experimental results show that the improved algorithm outperforms the basic ACO in terms of perfor-
mance on the TSPLIB dataset.

Key words: traveling salesman problem; ant colony optimization algorithm; particle swarm optimi-

zation algorithm ; adaptive; 3-opt



