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Abstract: In the practical flexible job-shop, the efficient collaboration between end-effector allocation and production
scheduling benefits providing global decision-making, thus facilitating the flexibility of the workshop. To address the
collaborative optimization problem of end-effector allocation and production scheduling, a mixed-integer programming
model is constructed to minimize the comprehensive production cost and makespan, enabling the accurate solution of small-
scale problems via Gurobi. In addition, a dual-stage discrete teaching-learning-based optimization algorithm is proposed,
incorporating a distance-based adaptive adjustment strategy for learning coefficient and an improved neighborhood search
based on critical operation movement to facilitate efficiency and objective balancing. Through simulation experiments, the
superiority of the proposed collaborative optimization method and the effectiveness of the proposed algorithm are analyzed
and validated.
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Table 2 Algorithm 1: Pseudocode of the proposed discrete teaching-learning-based optimization algorithm
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Table 3 Algorithm 2: Pseudocode of the teaching operator based on distance-adaptive adjustment mechanism
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L2 0.006 0.022 0.027 0.499 0.628 0.691 0.001 0.011 0.027
L3 0.011 0.041 0.043 0.963 0.951 0.98 0.004 0.015 0.024
L4 0.025 0.030 0.032 0.887 0.906 0.956 0.015 0.049 0.043
L5 0.012 0.023 0.037 0.968 0.956 0.987 0.013 0.029 0.039
L6 0.003 0.008 0.024 0.967 0.984 1.004 0.008 0.024 0.045
L7 0.001 0.017 0.033 1.005 0.993 0.978 0.010 0.013 0.023
LS8 0.001 0.003 0.014 0.856 0.945 0.981 0.015 0.017 0.037

a) DDTLO5 GurobisRfift4h X b,

SEIG AR /NIAR SLA5S1-S6 13347, DDTLOK fif i
8] R (T3 30 X AT #8300 X % £ AR £0)/10 s, Gurobi
SRABREAS BTVR RIS 1B]_EBR 7 200 s, PPN FRbrah R
W67, 7ES1-S4541 b, DDTLOS LIRS 5
KSR A H AT ESSTS6ELM |, Gurobi # LAZERT
PEL P 4R ZRS T A, HEISFDDTLO S IR B IR T Gu-

R, TR LSRR AL R 50 SRR A3
(L7 20 X AT 8 50 X B 4% AR %0)/100 s. NSGA-TIT
FIMOGWORIAE XA NO0.1 . 22 FMEZRH0.01 . AR
TEAE RS 50, TLO-O R 3% R AL 40.3.

% 6 DDTLO% Gurobi#y i 154745 R
Table 6 Metric values obtained by DDTLO and Gurobi

robi>RAFEE R, . GD A IGD

b) DDTLO S LJH A HILRILL. DDTLO Gurobi DDTLO Gurobi DDTLO Gurobi

LR FIXT LB NSGA-ITI(non-dominated sor- o1 0 0 0 0 o o
ting genetic algorithm)[34], MOGWO (multi-objective S 0 0 0 0 0 0
grey wolf optimizer)?®*> F TLO-O (teaching learning S3 0.001 0 0.089 0 0.006 0
metaheuristic algorithm with opposite-based learn- S4 0005 0.003 0078 0 0007 0.001
ing)B6. Hrf, TLO-O T-20224F 4, 454 e ) =1 3 S5 0.002 0094 0.031 0981 0.018 0214
AT HIAG AL, IR B | 7 NS R S6  0.001 0021 0.014 1.003 0.004 0.036
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Table 7 Metric values obtained by DDTLO and comparative meta-heuristics

o GD A IGD

DDTLO NSGA-III MOGWO TLO-O DDTLO NSGA-III MOGWO TLO-O DDTLO NSGA-III MOGWO TLO-O
L1 0.008 0.046 0.045 0.006 0.972 1.012 0.98 1.019 0.016 0.051 0.029 0.039
L2 0.001 0.006 0.009 0.027  0.646 1.014 0.979 1.09 0.001 0.024 0.022 0.05
L3  0.004 0.006 0.121 0.02 0.94 1.011 0.996 1.141  0.002 0.034 0.112  0.019
L4  0.001 0.02 0.018 0.009 0.935 1.078 0.988 1.335 0.012 0.022 0.044 0.022
L5 0.004 0.006 0.008 0.006  0.869 1.009 0.946 1.021  0.012 0.036 0.027 0.028
L6 0.004 0.019 0.027 0.022 0.985 1.004 0.974 1.026  0.009 0.052 0.096  0.035
L7 0.01 0.031 0.041 0.019  0.987 1.009 0.994 1.004  0.006 0.02 0.062 0.029
L8  0.005 0.025 0.033 0.011  0.945 1.020 0.996 1.049  0.005 0.032 0.054 0.013
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