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Recent years, segment assignment problems (SAPs) are under intense investigation in order to improve pro-
ductivity in the shield tunneling construction. In previous study, the authors proposed the ε constrained integer
categorical particle swarm optimization (εICPSO) for SAPs, and demonstrated its effectiveness to SAPs. This paper
introduced the cooperative coevolutionary framework to the εICPSO for large-scale SAPs. The proposed method
statistically outperformed all the comparative methods in the simulation experiments using real construction data.
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1: An Example of Segment Assignment
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Algorithm 1 CCICPSO

1: for k = 1 to the number of subcomponents d

2: for each particle pi of the sub-swarm swarmk

3: initialize particle(pi)

4: initialize local best(pi)

5: end for

6: initialize global best(swarmk)

7: end for

8: initialize evalutions(swarms)

9: while (termination condition not met)

10: for k = 1 to d

11: for each particle p of the sub-swarm swarmk

12: Sp ← sample(Xp)

13: S ← collaborate Sp with the global best

samples of the other swarms

14: S.evaluation ← evaluate(S)

15: if S is superior to p’s local best solution SpBestp

16: XpBestp ← update best position(Xp, Sp, XpBestp)

17: SpBestp ← S

18: end if

19: if S is superior to p’s global best solution SgBest

20: XgBest ← update best position(Xpi , Spi , XgBest)

21: SgBest ← S

22: end if

23: end for

24: for each particle pi of the sub-swarm swarmk

25: Vp ← update velocity(Xp, Vp, XpBesti , XgBest)

26: Xp ← update position(Xp, Vp)

27: end for

28: end for

29: end while

30: return combination of the global best samples of all

the swarms
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2: Model of Shield Machines in a Two-Dimensional Simulator
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1: Fitness scores of feasible solutions obtained by each algorithm [m2] (50trials)

Problem Engineer* εCCICPSO εICPSO εDGA

Segment set Planning line average best worst average best worst average best worst

sg01 (k = 3)

pl01 (n=267) 107.48 106.46 106.27 106.71 106.87 106.47 107.23 107.42 107.30 107.47

pl02 (n=210) 102.54 102.23 102.21 102.31 102.26 102.22 102.30 102.47 102.39 102.48

pl03 (n=325) 105.33 104.81 104.75 104.94 105.18 105.10 105.24 105.33 105.30 105.39

sg02 (k = 5)

pl01 (n=267) 107.35 106.48 106.31 107.81 106.84 106.67 107.01 107.32 107.24 107.35

pl02 (n=210) 102.52 102.22 102.21 102.24 102.25 102.22 102.29 102.46 102.38 102.52

pl03 (n=325) 105.08 104.85 104.79 104.91 104.93 104.85 104.99 105.08 105.04 105.11
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3: Box plots of fitness scores of all the algorithms for each problem with 50 trials (horizontal dashed lines represent the conventional

method’s evaluations)
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