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ABSTRACT: Reinforcement learning (RL) method has been
applied in some fields of power system. The applications in
power system optimization and control scenarios show
admirable results. However, there are still some critical
problems in the process of applying reinforcement learning
methods to real-world power system applications. This paper
first summarizes the basic theory and the state-of-art progress
of reinforcement learning. Then, some critical problems in
applications of reinforcement learning in various optimization
and control scenarios in power system are pointed out. Finally,
some future directions of reinforcement learning applied to
power system decision-making and control scenarios are

discussed.
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Fig. 1 Framework of reinforcement learning method
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Fig. 2 Illustration of a Markov decision process
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Table 1 Literature summary on Markov properties of power system optimization and control scenarios
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With the rapid development and increasing
penetration of renewables and power electronics in
power systems, the operating status and dynamic
characteristics of power systems are advancing toward
an unprecedented level of complexity, imposing new
challenges in optimization and control of new
generation power systems. Reinforcement learning (RL)
is a data-driven approach that has shown promising
performance in complex decision-making and control
scenarios of power systems. A typical framework of
reinforcement learning is shown in Fig. 1. However,
there are still critical problems in the application of
reinforcement learning to real power systems. This
paper provides a comprehensive review on such
problems. Specifically, Section 2 briefly introduces the
basic theory and current research of reinforcement
learning. Section 3 discusses several critical issues in
applications of reinforcement learning in power
systems, including the Markov property of application
scenarios, observability of application scenarios, and
of

methods. Some future directions are listed in Section 4.

theoretical ~guarantees reinforcement learning

Power system

States |t
| 3| Update evaluation function
[ Reward r | |
Statemeaure Reward v
units calculating Improve policy base on
: A o evaluation result
L < Choose and action based on
e ey B Action a improved policy
Fig. 1 Framework of reinforcement learning method

One of the prerequisites for the application of
most reinforcement learning methods is that the
environment's state transition should satisfy the Markov
property, meaning that the conditional distribution of
future states depends only upon the present state and
action. Section 3.1 discusses the Markov property of
different optimization and control scenarios of power
systems for which reinforcement learning methods have
with state

been proposed. Generally, scenarios

S1

differential
algebraic equations satisfy the Markov property, while

transition described by time-invariant

other scenarios that do not strictly satisfy the Markov
property need to be simplified or reformulated before
reinforcement learning methods can be applied.

Simultaneously, many scenarios in real-world
power systems cannot realize full observability, while
most existing reinforcement learning methods are
designed for fully observable systems. Therefore, it is
of great significance to determine the observability of
the application scenarios, and to study reinforcement
learning methods for partially observable systems.
Observability of different optimization and control
scenarios of power systems, as well as some
approaches for handling partial observability such as
adopting neural networks with memory, are
summarized in Section 3.2.

Besides, some reinforcement learning algorithms
for the optimization and control of power systems still
lack rigorous theoretical guarantees of optimality or
sub-optimality, which are critical for real-world
applications and need particular attention. Section 3.3
discusses optimality or sub-optimality guarantees for
different algorithms, and reviews several ways to
enhance performance guarantees like adding constraints
to the reinforcement learning framework. Some other
challenges in applying reinforcement learning to power
systems are summarized in Section 3.4.

Apart from the above critical problems, some
future directions of reinforcement learning and its
application in power systems are discussed in Section 4,
such as incorporating mechanism characteristics of
power systems in reinforcement learning algorithms,
reinforcement learning algorithms for partially
observable environment, etc.

In sum, this paper reviews several critical issues in
the application of reinforcement learning to power
systems. Addressing these issues is fundamental for
the of

reinforcement learning methods in power systems.

ensuring effectiveness and efficiency



