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Research on solving TSP problem based on
genetic algorithm and Matlab implementation

YANG lJintao, ZHAO Chunxiang, YANG Chengfu

(School of Information, Yunnan Normal University, Kunming 650500, China)

[ Abstract] The TSP problem belongs to combinatorial optimization problems and is also an NPC problem, so people have been
trying to find the corresponding effective approximation solving algorithms. Genetic algorithm is a random search method built to
imitate biological evolution, with strong global search ability, potential parallelism and good scalability, which can effectively solve
TSP problems. However, how to determine genetic parameters and select genetic manipulation has always been a difficult problem.
In this paper, a complete genetic algorithm system is constructed for the solution of TSP problems, appropriate parameters are
selected, and multiple sets of cross operators and mutation operators are designed to solve TSP problems separately. Through
multiple experiments and the analysis and comparison of experimental results, the effect of different crossover operators and mutation
operators in solving TSP problems is explored, which provides a certain reference for the selection of crossover operators and
mutation operators in genetic operations.
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Tab. 1 Comparison of biological and genetic algorithm concepts
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Tab. 2 9 sets of crossover and mutation operators
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Tab. 3 Genetic algorithm for Oliver30

b W W HEH B SBhnd WARdE HLtd BAd i
1 511.98 425.10 526.40 510.03 425.48 496.34 532.75 425.72 472.36
2 565.56 429.62 451.69 538.10 423.74 479.01 501.09 428.04 495.35
3 495.80 432.66 468.32 496.65 476.12 495.19 514.30 428.84 476.09
4 496.84 425.10 433.09 534.14 424.12 457.73 501.54 431.71 457.74
5 541.80 460.17 464.91 536.89 451.72 445.97 496.24 435.31 474.21
6 500.88 429.83 494.45 525.44 438.38 483.92 507.57 450.41 478.80
7 501.92 432.66 521.33 514.30 425.27 466.65 561.85 428.46 460.74
8 514.90 450.69 497.46 488.21 425.31 484.18 515.13 423.74 474.73
9 529.06 447.21 487.60 482.61 434.61 500.18 571.79 431.76 466.69
10 556.31 425.73 507.64 510.61 433.54 471.18 456.79 438.38 483.27
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Tab. 4 Genetic algorithm for ulysses16

5 AVG Best Opt Dr Time/ s
1 75.01 74.00 0.00 1.2
24 74.01 73.99 0.00 1.1
34 74.24 73.99 0.00 1.4
54 74.36 73.99 0.00 0.7
£ RE| 74.05 73.99 74 0.00 0.7
%64l 74.20 73.99 0.00 0.7
74 74.60 73.99 0.00 0.5
8l 74.09 73.99 0.00 0.5
ol 74.28 73.99 0.00 0.5

x5 BEEHEEKE dantzigd2
Tab. 5 Genetic algorithm for dantzigd2

5 AVG Best Opt Dr Time/ s
FI4 102234 864.89 0.24 1.4
24 75649  713.99 0.02 1.6
F34l 91569  838.38 0.20 2.8
AUl 944.02  858.26 0.23 1.0
FSY 733.00  698.98 699 0.00 1.0
o4l 89432 794.02 0.14 1.0
T4 1061.21 893.35 0.28 0.7
84l 760.73  725.37 0.04 0.6
o4l 937.22 846.41 0.21 0.7
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Tab. 6 Genetic algorithm for eil51

5 AVG Best Opt Dr Time/ s
F14 642.66  613.87 0.44 1.4
F24l 51635  487.95 0.15 1.8
34l 592.00  532.90 0.25 3.6
Fadl  646.09  559.68 0.31 1.1
S 503.97  481.67 426 0.13 1.1
o4l  580.39  534.41 0.25 1.1
BT 65748  604.81 0.42 0.7
84l 51191  465.28 0.09 0.7
o4l 60742  551.70 0.30 0.7
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Tab. 7 Genetic algorithm for eil76

5 AVG Best Opt Dr Time/ s
141 1037.94 971.96 0.81 2.2
W24 880.64  806.53 0.50 3.2
340 100201 916.52 0.70 9.5
W4 101232 949.17 0.76 1.8
540 835.37 79239 538 0.47 1.8
F6A  993.60 92574 0.72 1.8
74 107378 1014.86 0.89 0.9
W84 833.77  781.88 0.45 1.0
941 992.89  894.47 0.66 1.0
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Tab. 8 Genetic algorithm for eil101

JF5 AVG Best Opt Dr Time/ s
14 147094 1361.78 1.16 3.2
24 134033 1 286.64 1.05 5.3
W34 1452.02 1363.67 1.17 20.4
WA 1468.17 135224 1.15 2.7
S 119449 114219 629 0.82 2.7
640 1408.33 1297.43 1.06 2.7
TH 1479.12 1397.69 1.22 1.2
84 1238.68 116825 0.86 1.2
94l 1438.39 1 340.93 1.13 1.2
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Tab. 9 Deviation rate comparison

75 dantzigd2 eil51 €il76 eil101
ER| 0.24 0.44 0.81 1.16
Hi24H 0.02 0.15 0.50 1.05
34 0.20 0.25 0.70 1.17
E| 0.23 0.31 0.76 1.15
qi54 0.00 0.13 0.47 0.82
%6 0.14 0.25 0.72 1.06
W70 0.28 0.42 0.89 1.22
ERE| 0.04 0.09 0.45 0.86
ol 0.21 0.30 0.66 1.13
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Tab. 10 Comparison of average solving time

P55 ulysses16  dantzigd2 eil51 eil76 eil101
wid 1.2 1.4 1.4 2.2 3.2
o 1.1 1.6 1.8 3.2 5.3
%34 1.4 2.8 3.6 9.5 20.4
a4 0.7 1.0 1.1 1.8 2.7
s 0.7 1.0 1.1 1.8 2.7
o 0.7 1.0 1.1 1.8 2.7
| 0.5 0.7 0.7 0.9 1.2
e 0.5 0.6 0.7 1.0 1.2
Hod 0.5 0.7 0.7 1.0 1.2
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