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Path Optimization in CNC Cutting Machine Based on Modified Variable Neighborhood Search

LIAO Yi-hui, YANG En-jun,LIU An-dong and YU Li

College of Information Engineering,Zhejiang University of Technology, Hangzhou 310023, China

Abstract To solve the optimization problem of non-cutting path for multi-contour segments,a modified variable neighborhood
search (MVNS) based metaheuristic algorithm is proposed for computer numerical control (CNC) processing systems. Firstly,
this paper transfers the optimization problem into a generalized traveling salesman problem (GTSP). Secondly.for the sequential
sequence problems in GTSP,it modifies the local search and shaking procedure in traditional variable neighborhood search. A 2-
opt with insertion operator of neighborhood structure and an incremental calculation method are proposed for local search,which
improve the solution quality and search efficiency. Combining genetic algorithm, some operators such as partition and reorgani-
zation are designed for shaking procedure,which avoid to prematurely fall into local optimum. Furthermore.,a Tabu search with
dynamic programming (TS-DP) algorithm is used to eliminate duplicate cutting sequences and determine the starting point of
each segment. Finally, through the application examples and comparative experiments, the effectiveness of the proposed algorithm
is tested from the perspective of solution accuracy and running time. In the test of cloth segments, the proposed algorithm im-
proves the results of garment CAD about more than 51% ,and the average running time is 9. 3s. In the test of TSP, the proposed
algorithm achieves or exceeds the accuracy value of the comparison algorithm in most instances. In the test of GTSP,although the
proposed algorithm achieves or exceeds the accuracy of the comparison algorithm in some instances, the difference of the average
error between the proposed algorithm and the comparison algorithm is within 1% ,and average running time of the proposed algo-
rithm is 73. 7% shorter than the comparison algorithm. Thus, the test results demonstrate that the proposed algorithm can simul-
taneously consider the solution accuracy and running time,which has a certain application value.

Keywords Computer numerical control cutting machine, Non-cutting path, Generalized traveling salesman problem, Variable

neighborhood search, Tabu search
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Fig. 1 Diagram of non-cutting path
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Table 1 Optimization results of different layout drawings

HAER  BEHE#H CAD#H M /mm MVNS/mm /%  #iEl/s
1 11 3914 1912 51.15 0.5
2 30 17974 7052 60.76 3.2
3 35 29523 10560 64.23 5.8
4 66 48854 14184 70.97 9.3
5 70 29524 10568 64. 20 5.8
6 72 32645 13655 58.17 9.1
7 82 26837 18012 67.11 6.2
8 105 43425 15379 64.59 1.7
9 140 57087 21383 62.57 18.9
10 222 88854 55609 62.58 22.1

T — - 62.63 9.3
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Fig. 9 Optimization result of non-cutting path
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Table 2 Optimization results of large-scale layout drawings
B PaER Y A2
BB AE /Y BE/s REBAHK AR/ % HE/s
105 3500 64.59 11.7 731 63.08 7.18
140 5196 62.54 18.9 984 61.73 11.7
222 11965 62.58 22.1 1314 61.10 12.1

4.2 b IE

ASCX GTSP 4L HUE 56 MVNS 503548 R #0791
A LVEAEXT TSP (5K fi# X 58 4 %+ TSP 9 I i )
PAPFAl MVNS 533 (9 5 68 , 28 HUbr #E TSPLIB % f 3 FI A 10
2R R A AT IO, E g O R i RS K B A A
value 5 B i P55 AR BB AAE Optimum FRBARZE errort

value—Optimum

error= Optimum X100 (6)
AR ST AEAT 10 W R0 1 5 ek o i A8 R I 4 &

B (Improved VNS, TVNS)™ fil — Fh JG W5 B 2 3] & 3k
GSOA VR 17 e 45 % 3 prs, Hoep hiopl 4 5 4% £ oR 3
T B A AN T ) v 1 S O B R B SC P R 4 AR R B
BIAR BoRgs 5.
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Table 3 Test results of three algorithms for TSP benchmark instances
No. of IVNS GSOA MVNS
No. Instances . Optimal
cities value error/ % value error/ % value error/ %
1 berlin52 52 7542 7544. 36 0.03 — — 7544, 36 0.03
2 st70 70 675 677.11 0.31 682.6 1.13 677.17 0.32
3 €il76 76 538 545.39 1.37 558.8 3.86 544. 36 1.18
4 kroA100 100 21282 21618.2 1.58 — — 21282 0.00
5 lin105 105 14379 14383 0.03 14383.3 0.03 14442 0. 44
6 prl36 136 96772 97979.11 1.25 100023. 5 3.36 98730 2.02
7 prl52 152 73682 73847.6 0.22 74286.2 0.82 74155 0. 64
8 ratl95 195 2323 2450, 14 5.47 2327.9 0.21 2391.4 2.94
9 kroA200 200 29368 30300. 56 3.18 30434.1 3.63 29616 0.84
10 rd400 400 15281 16155.91 5.73 15281 0.00 15857 3.77
Average 1.92 1.63 1.22

X% 3 T 3 R VR I iR 25 SR HE AT 43 T T A, MVNS 78
B kroA100 "R I MEAE . R 22 0 0 AT B, MVNS
MR 2ZEIE A% LI, Xt MVNS H1 IVNS 44 1k 8 45 3
MVNS 7 6 3B U T TVNS; 78 Hi gk 4 NG d B
ZHERE 1%, PR 2250 500 1. 920 F1 1. 22%, o LLR
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J91.63% 0 1. 22% , 454 TVNS B E iR 22 1. 92% W LU &
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Table 4 Test results of three methods for GTSP benchmark instances
ICA IQEA MVNS
No. Instances Optimal

value error/ % value error/ % value error/ %

1 11eil51 174 174 0.00 — - 174 0.00
2 20kroB100 10328 10328 0.00 10328 0.00 10327 —0.01

3 30kroA150 11018 11018 0.00 11018 0.00 11107 0.81

4 40kroA200 13111 13116 0.04 13112 0.01 13356 1.87

5 53gil262 1013 1013 0.00 1013 0.00 1042.2 2.88

6 16pr226 64007 64007 0.00 — — 64007 0.00

7 53pr264 29549 29549 0.00 29549 0.00 29827 0.94

8 60pr299 22612 22615 0.013 22615 0.01 23992 1.68

9 84f1417 9651 9651 0.00 9651 0.00 9660 0.09

10 88prd39 60100. 4 60100. 4 0.00 — — 60896 1.32

Average 0.01 0.01 0.96
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Table 5 Results of running time comparison

No. Instances IQEA MVNS

aver time/s aver time/s  dev/ %

1 20kroB100 10416 43 10401 11.5 73.3
2 30kroA150 11182 50 11278 12.2 75.6
3 40kroA200 13222 66 13456 14.7 77.7
4 53gil262 1052 38 1066 14.2 62.6
5 53pr264 30018 78 30133 15.7 79.9
6 60pr299 22832 80 24176 17.1 78.6
7 8411417 9801 78 9771 25.0 67.9
Average 67 15.8 73.7
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