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Reinforcement-learning-based Multi-slot Rail Empty Wagon
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Abstract: Rail empty wagon distribution is critical to a transportation enterprise. The spatio-temporal
characteristics of the supply and demand of empty wagons and the dynamics of transportation generate
difficulties in developing an optimal strategy for multi-slot empty wagon real-time distribution. A
Q-reinforcement-learning algorithm can solve large-scale sequence decision problems using incomplete
information. In this study, the decision period is divided into multi-slots, and a multi-slot empty wagon
distribution model is proposed. First, based on local Markov characteristics of empty wagon distribution, an

improved Q-learning algorithm is designed, and a single empty wagon strategy evaluation is performed to
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evaluate a single wagon’s long-term gains under all spatio-temporal states during the decision period. Second,

an empty wagon real-time priority distribution algorithm is proposed to solve the strategy for each slot. A
pty wag p y g prop gy

case study of multi-slot empty wagon real-time distribution shows that our proposed model can maximize

long-term gains as well as minimize unloaded distances of a real-time distribution. Thus, providing rail

transportation enterprises with scientific real-time empty wagon distribution strategies is feasible.

Key words: railway transportation; empty wagon real-time distribution; reinforcement learning; empty

wagon; multi-slot
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Fig.1 Pseudocode for pail empty wagon distribution evaluation in local MDP

¥ % R
Input state transition equation (s,a,7,s")
Output action-value function Q(s,a)
1 Initialize Q(s,a) and Q(terminal,’)=0, VseS,aecA(s)
2 def judge action(s,a) :
If a=s[0]: /=0 # wait in the same station
Else a=#s[0]:
if unloaded: 7/ =0 # unloaded transport
Elif loaded: 7] # loaded transport
return 7},
3 for total time=T to 0 do:
4 Initialize s
5 Repeat for each step of episode:
6 Choose a from s using & — greedy policy derived from Q
7 Take action a , judge action(s,a), observe r/,s',At
8 O(s,a) < O(s,a) +alr] +y* max,_, O(s',a") — O(s,a)]
9 time += At
10 s« s'
11 If  time==total time then:
12 s is terminal
13 return  O(s,a)
14 break
15 Elif  time > total _time then:
16 last _time = total _time —time + At
17 foreachae 4 :
18 If At(s',a,s")<=last time :
19 O < O (5.0)
20 Choose a,,, from s' using &-greedy policy derived from Q.
21 Take action aq,, , judge_action(s'.a,,), observe rl,s" At
22 O(s", )  O(s'ay,,)) + alrf, + 7" max .. O(s",a") = O, ay,,)]
23 s" is terminal
24 return O(s',a,,,)

25 break
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Tab. 2 Interval running times At /freight revenue r,, /discounted freight revenue r;,

%R N fa & R F 5 R i 3k b =M
NETE 0/0/0 1/10/10 2/20/19 4/40/34.39 3/30/27.1 1/10/10
& 1/10/10 0/0/0 1/10/10 3/30/27.1 2/20/19 2/20/19
H 4K 2/20/19 1/10/10 0/0/0 2/20/19 1/10/10 2/20/19
AEX 3/30/27.1 3/30/27.1 2/20/19 0/0/0 1/10/10 2/20/19
il 3k Ak 2/20/19 2/20/19 1/10/10 1/10/10 0/0/0 1/10/10
= M 1/10/10 2/20/19 2/20/19 3/30/27.1 1/10/10 0/0/0

F 3 BRI b s R R BN A R AL
Tab. 3 Remaining and requisite empty wagons of stations at each slot
t=0 t=1 t=2 t=3 t=4
nOA 2 2 BE 2 BE 2 2 BE 2

T
I

e FhkH HMeH FRHI 4B FhkE HMeH FThkE MeEH FRH
N 8 20 30 80 1 25 80 24 14 30
A& 31 14 85 20 51 57 40 30 20 9
4K 11 9 76 55 37 26 65 85 47 55
KR 0 33 80 60 78 53 77 100 31 46
il 3k Ak 14 8 80 100 85 75 14 9 59 8
E M 45 25 36 72 51 67 50 78 22 45
& it 109 109 387 387 303 303 326 326 193 193
2.2 JE 3l N S AR LS B Bl R 64/281/257/255/131

K A3 25 S 51 8 e B8 i X AL U SR A, 5 0, 1) R O A% 28 4 VB 45/106/48/71/62
Ak 200 () 25 ZE R T L JRIEC ) 4 SR gk DL 4. W, HISTE 2 RN SRS E RS, 25 455 SR 1
SR i 48 58K FIE A IR 20 (4 0l A 28 SR 24 0T i R
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Tab.4 Excerpts from the results of empty wagons and distribution when ¢t=0/¢=1/¢t=2

L NET mo & ¥ FRA il 3k A ' ONM
N 8/30/1 0/0/0 0/0/0 0/0/0 0/0/0 0/0/0
& 2/29/0 14/20/51 0/0/0 15/0/0 0/0/0 0/36/0
H*4K 2/21/5 0/0/6 9/55/26 0/0/0 0/0/0 0/0/0
AEXR 0/0/19 0/0/0 0/0/0 0/60/53 0/20/0 0/0/6
kb 6/0/0 0/0/0 0/0/0 0/0/0 8/80/75 0/0/10

=M 2/0/0 0/0/0 0/0/0 18/0/0 0/0/0 25/36/49
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Tab. 5 Results comparison

B t=0 t=1 t=2 t=3 t=4
F8 AR At
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