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Modeling and Solving the Repair Crew Scheduling for the Damaged Road
Networks Based on Q-Learning

SU Zhao-Pin" %3 LI Mo-Han' ZHANG Guo-Fu® 23 LIU Yang'

Abstract Repairing the damaged road network is an important issue in disaster emergency response, which mainly
focuses on how to schedule the repair activities of the repair crew to clear the life path as soon as possible. In this paper,
we first present a mathematical model of the repairing and scheduling of the repair crew. Next, we introduce the Markov
decision process to simulate the repair activities of the repair crew. Additionally, the Q-learning algorithm is proposed
to search for the optimal scheduling strategy of the repair crew for the damaged road network. Finally, the comparative
experimental results demonstrate that the proposed approach is able to make the repair crew repair the damaged road
network from the global and long-term perspective, improves the transport and repair efficiencies to a certain extent, and
provides a useful reference for our government to carry out the emergency rescue and evacuate the victims as quickly and
safely as possible.
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Fig.1 Schematic diagram of the damaged road network
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Table 1  Basic parameter settings of the damaged road network and the Q-learning algorithm
|V| % % I, lij th v A U”é}ﬁ\)ﬁﬁﬂﬁ( 15 « Y
{26,31,36,41}  {0.1,0.25,0.5}  {1.05,1.25,1.5}  [1,10] [1,10] [1,10] 1 0.9 [100,10000] 0.1 0.4 0.2
FK2 36 MAFNRSLE SR E
Table 2 Parameter settings of the 36 different test instances

PR S 1 2 3 4 5 6 7 8 9
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‘gq‘ 0.1 0.1 0.1 0.25 0.25 0.25 0.5 0.5 0.5

V=31 e 1.05 1.25 15 1.05 1.25 15 1.05 1.25 15
VENEEE 500 500 500 1000 1000 1000 3000 3000 3000

‘ﬁ;l‘ 0.1 0.1 0.1 0.25 0.25 0.25 0.5 0.5 0.5

V| =36 e 1.05 1.25 15 1.05 1.25 1.5 1.05 1.25 1.5
ENERE 300 300 300 900 900 900 5000 5000 5000

‘ﬁ;q‘ 0.1 0.1 0.1 0.25 0.25 0.25 0.5 0.5 0.5

V| =41 D—O 1.05 1.25 1.5 1.05 1.25 1.5 1.05 1.25 1.5
Y25 15 300 300 300 3000 3000 3000 10 000 10000 10000
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Fig.3 The average running time of the two algorithms (s)
3 36 MAFENNR S RIS H AR ek Bl (M £ brifE2)
Table 3  Weighted objective function values (mean and standard deviation) of the 36 different test instances
V] =26 V] =31 V| =36 V] =41
DR S
Q-learning DP Q-learning DP Q-learning DP Q-learning DP
1 2176.40£4.21 2160.05 5388.19+0.91 - 3655.55+£34.83 37392 6096.11£63.38 6832.49
2 2201.18+1.7 2192.71 5438.54 +53.68 - 3540.41+0.76 3964.6 6005.27+56.46 -
3 2201.18+1.7 2192.71 5427.44+41.31 - 3625.27+36.28 3960.7 6276.5+126.58 -
4 3265.48+4.71 392492 2800.84+63.33 2880.5 4919.75+33.79 5657.62 4844.56+288.19 6011.95
5 3318.17+43.28 3839.56 2697.35+43.7 2851.61 4756.02+94.22 5765.13 4586.82+238.45 6233.67
6 3367.82+75.62 370591 2784.31+£82.92 2578.67 4663.86+t71.74 6777.95 4309.49+129.79 6355.16

7 3222.24+179.3
8 2813.94+15.41

9 2930.07 £69.46

4405.91 + 39.26
3824.53 +£145

3919.55 +201.8

3566.12 +62.31
3350.95+76.4

3004.85+135.9

6189.04 +125.91
5891.23 +184.08

5356.4 +177.42
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Fig.4 The objective function values of the two algorithms for each test instance
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