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ABSTRACT: As a new form of energy management,
microgrid has developed rapidly in recent years. In order to
ensure the safe, stable and economical operation of microgrid
system, it is important to provide reasonable energy scheduling
strategy for it. According to different operating modes,
micro-grids can be divided into two categories: grid-connected
microgrids and island microgrids. This paper took the
grid-connected microgrid as the object, applied Simulink
simulation technology to build a microgrid system including
external power supply, photovoltaic power generation, energy
storage, and load according to the principle of constant power
control (PQ control). Then based on this simulation system,
combined with the double deep Q network algorithm, trained
an optimization strategy of energy storage control problem,
which goal was to minimize the 24-hour electricity cost while
meet the voltage stability of the microgrid, power balance and
the constraint of state of charge of the energy storage. Through
experimental verification, the rationality of the energy storage
strategy was analyzed from a qualitative perspective, and the
effectiveness of the method proposed in this paper was
demonstrated from a quantitative perspective.

KEY WORDS: microgrid; deep reinforcement learning;
Simulink; PQ control; energy storage control; optimization
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Fig. 2 Microgrid simulation structure diagram
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Tab.2 Parameter setting of simulation model

T S Bt
SHRZCTAM A AR A (Vims) 1.38e4
PR A THYIAES (degrees) 0.071
g (Hz) 60
JERBR =M HIURA DT Po(W) -2.5e4
A WITRTE ) B2 Qo(var) -3.39e-13
YILH IE 5 B IR [0.999 -0.0039]
AR =) 04 DI TIEE Po(W) -1e5
BRE VI T T2 Qo(var) -3.39%-13
HIU6 1F 7 LU [0.999 -0.0039]
PR =B WA % Po(W) 2e5
A WITRTC ) B2 Qo(var) 4594
[ 5 471 YILH IE 5 B IR [0.999 -0.0039]

HIHhE P(W) 3.50e5




