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ABSTRACT: Emergency control is an important means of
maintaining power system transient security and stability
following serious faults. The current popular "human-in-
the-loop" offline emergency control decision-making method
has some drawbacks, including low efficiency and heavy
reliance on expert experience. Therefore, this paper proposes
an intelligent emergency generator rejection decision-making
method based on knowledge fusion and deep reinforcement
learning (DRL). First, a DRL-based emergency generator
rejection decision-making framework is built. Then, when the
agent deals with multi-generator decisions, the resulting
high-dimensional decision space makes the agent training
difficult. There are two solutions proposed: decision space
compression and the application of a branching dueling Q
(BDQ) network. Next, to further improve the exploration
efficiency and the decision-making quality of the agent, the
knowledge and experience related to emergency generator
rejection control are integrated to the agent training. Finally,
the simulation results in the 10-machine 39-bus system show
that the proposed method can quickly give effective emergency
generator rejection decisions in multi-generator decision-
making. Applying a BDQ network has better decision
performance than decision space compression. The knowledge

fusion strategy can guide the agents to reduce ineffective decision-
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making explorations and improve decision-making performance.

KEY WORDS: emergency generator rejection decision; deep
reinforcement learning; decision space; branching dueling Q

network; knowledge fusion
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emergency generator rejection decisions of power systems
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Fig. 2 Framework of intelligent emergency generators rejection decision for power system based on deep reinforcement

learning with knowledge fusion
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Fig. 8 Flow chart of intelligent agent training
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Table 1 Anticipated contingency settings for 10-machine

39-bus system
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Table 2 Evaluation index of agent decision performance
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Table 3 Performance statistics of different training

strategies under different training set divisions
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Emergency control is an important means of
maintaining power system transient security and stability
following serious faults. The current popular "human-in-
the-loop" offline emergency control decision-making
method has some drawbacks, including low efficiency
and heavy reliance on expert experience.

This paper proposes an intelligent emergency
generator rejection decision-making method based on
knowledge fusion and deep reinforcement learning
(DRL). Fig. 1 depicts the framework of it. Through
interactions with the power system environment, the agent
updates its parameters using generated samples to improve

its decision ability gradually.

When the typical DRL agent deals with multi-
generator decisions, the resulting high-dimensional
decision space makes the agent’s training difficult. There
are two solutions proposed: decision space compression
and the use of a branching dueling Q (BDQ) network.

To further improve the exploration efficiency and
decision quality of the agent, the knowledge and
experience related to emergency generator rejection
control are integrated to the agent training. Specifically,
two knowledge fusion strategies, knowledge guidance

and multi-source training, are adopted in this paper.
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Fig.1 Framework of intelligent emergency generators rejection decision for power system based on DRL with knowledge fusion

The simulation results of 10-machine 39-bus
system show that the fully trained agent can quickly
give effective emergency generator rejection decisions.

In dealing with the high dimensional decision
space problem, applying both a BDQ network and
decision space compression are effective. In addition,
the action-decision transformation of the agent includes
two types: overwritten type and incremental type. The
simulation results show that the incremental BDQ agent
has better performance than other agents.

Moreover, several tests have been conducted to
verify the effectiveness of the knowledge fusion
strategy. The results are shown in Table 1. Since the
knowledge guidance strategy reduces ineffective
explorations, the mean of total decision iterations is
reduced from about 73 to 53, which is close to the

S1

minimum of 40. The multi-source training strategy
helps the agent learn useful characteristics from
high-quality samples, and the mean of total return is
increased from about 354 to 373. Hence, the knowledge
fusion strategy does improve the exploration efficiency
and decision quality.

Table 1 Performance statistics of different training

strategies under different training set divisions

. . Total Total Total decision
Testing strategies . .
return  successes iterations
. 35412+ 38.63+
incremental BDQ 73.09+£11.93
6.50 0.43
incremental BDQ with knowledge ~ 350.63+ 39.52 %
. 53.96 +8.70
guidance 9.16 0.38
incremental BDQ with knowledge  373.04+ 39.83 +
. . . 51.01 +6.14
guidance and multi-source training 3.86 0.15




