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Abstract: This paper proposes a knowledge-driven iterative greedy (KDIG) algorithm for the distrib-
uted assembly hybrid flow shop scheduling problem with dual resource constraints. The algorithm adopts a
knowledge-based NEH (Nawaz-Enscore-Ham) initialization strategy to generate the initial solution.
Based on the problem characteristics, four local search operators are designed. Combined with a Q-
learning mechanism, these operators enable individuals to dynamically select the optimal local search opera-
tor during iterative updates, thereby significantly improving search efficiency. Experimental results on 81
large-scale instances, comparing the KDIG algorithm with five other mainstream algorithms, demonstrate
that the proposed KDIG algorithm outperforms all benchmark algorithms.
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2 1.15 17.52 7.63 23.64
N, 4 2.39 10.96 5.95 18.89
6 4.05 9.85 4.25 15.89
20 3.54 4.05 3.08 14.68
N 40 0.96 11.48 3.09 20.65
60 0.25 22.85 5.67 21.66
2 2.90 12.58 8.94 20.69
N, 4 2.39 13.57 6.84 16.36
6 2.39 11.78 6.04 14.65
2 2.85 11.74 5.09 19.67
N, 4 1.68 13.85 6.98 18.65
6 3.18 12.45 6.28 18.55

#4 KDIGEER TR Wilcoxon & R
Tab.4 Wilcoxon results of KDIG algorithm

and its variants

R’ R p-value
KDIG vs KDIG1 2891.0 430.0 0.00000
KDIG vs KDIG2 2512.0 1124.0 0.00006
KDIG vs KDIG3 3365.0 44.0 0.00000

Wilcoxon ¥ 56 5 £| i p-value # /N F 0.05, UE 5E
KDIG 5k 5 HAMAfEAE B 2 5 . Xl KDIG1
M KDIG A 1. 7844 48 NEH 5 g w43 i n) £ %030
AR R MEfE . KDIGS 76 BT A 728 K vh 81
e 2 . YL 3L F Q-learning A9 25 458 38 J5 35 $8 R X
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Fig.6 Result interval graph of KDIG algorithm

0

and its variants
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KBIG'" | HDIWO™ | IG_VNS™/ | MNIG"™" F1
WWO™ HEAT H . 43 0 ok FH 6 F 332 x4 A4 5
i 45 A Al ST AT 20 UKL AR IBORE R B Aene FHER S
AT KDIG Bk e R 2804 i 25 S B B A8 F O
b be A

950 W KDIG 83k 5 5% ek 2 5 HAT W3

x5 KDIGEZXREIEE XM A
Tab.5 Ay, of KDIG algorithm and comparison

algorithms
. IG_V . .
S8 | Mg | KDIG | HDIWO N MNIG | WWO | KBIG
1.15 441 |15.10| 25.72 | 16.47 | 7.15
N, 4 2.39 5.64 6.60 | 26.53 | 9.05 | 4.04
6 4.05 7.37 4.54 | 20.61 | 14.66 | 4.86

20 3.54 10.21 2.95 | 481 5.20 | 7.02
N 40 0.96 3.35 7.43 | 23.05 | 12.10 | 1.63
60 0.25 1.67 15.33 | 24.03 | 22.8 1.19
2 2.90 7.60 9.83 | 29.59 | 10.11 | 4.25
Ng 4 2.39 3.94 8.76 | 30.02 | 10.18 | 2.80
6 2.39 3.87 7.12 | 30.58 | 19.57 | 2.77
2 2.85 6.60 6.39 | 27.58 | 12.85 | 3.00
N, 4 1.68 3.48 9.33 | 33.09 | 16.89 | 2.84
6 3.18 5.20 9.99 | 30.28 | 11.03 | 4.00

2 5 AT Wilcoxon K 55, 45 5 WL3K 6. T A7 1Y p-
value #J/ T 0.05. X % W] KDIG 57k 5 H AL 5 %
RS RFE . WET R KDIG 8 A, ¥ 5
NS B UR BGIE KDIG 83k 09 e fe 1
% 6 KDIG & & K3t btk & % Wilcoxon &5 R
Tab.6 Wilcoxon results of KDIG algorithm and

comparison algorithms

R R p-value
KDIG vs HDIWO 2480.0 841.0 0.00000
KDIG vs IG_VNS 2471.0 850.0 0.00000
KDIG vs MNIG 2887.0 434.0 0.00000
KDIG vs WWO 2754.0 567.0 0.00000
KDIG vs KBIG 2356.0 858.0 0.00007
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Fig.7 The results of the KDIG algorithm and its
comparative algorithms in the form of an interval graph
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