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Recently, utilization of regenerated power from the brake operation has drawn attention to help for energy
conservation of railway systems. In this paper, we introduce reinforcement learning with actor-critic to acquire the
appropriate rules that decide the amount of charge/discharge so that the fluctuation of the SOC (State of Charge)
can be suppressed. In the previous researches, the control rules are hand-crafted based on human empirical
heuristics that has limitations on suppressing electricity supply-demand dynamics in the railway system.

We show some empirical results of both previous research and our proposed one, and find that the generated
rules via reinforcement learning show the better performance than the ones by the previous researches.
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Algorithm 1 Actor-Critic

s N (μs σs)

t = 0

while t ≤ tterminal do

st
Actor (μs σs) π

at

st+1

rt+1

// N (μs σs)

V (st) ← V (st) + α
(
rt+1 + γV (st+1)− V (st)

)
(4)

δt = rt+1+γVst+1−Vst

(5)

if δt ≥ 0 then

μs ← μ+βμδt(at−μ)
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Algorithm 2
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