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Abstract—Generator tripping scheme (GTS) is the most com-
monly used scheme to prevent power systems from losing safety
and stability. Usually, GTS is composed of offline predetermi-
nation and real-time scenario match. However, it is extremely
time-consuming and labor-intensive for manual predetermination
for a large-scale modern power system. To improve efficiency of
predetermination, this paper proposes a framework of knowl-
edge fusion-based deep reinforcement learning (KF-DRL) for
intelligent predetermination of GTS. First, the Markov Decision
Process (MDP) for GTS problem is formulated based on transient
instability events. Then, linear action space is developed to
reduce dimensionality of action space for multiple controllable
generators. Especially, KF-DRL leverages domain knowledge
about GTS to mask invalid actions during the decision-making
process. This can enhance the efficiency and learning process.
Moreover, the graph convolutional network (GCN) is introduced
to the policy network for enhanced learning ability. Numerical
simulation results obtained on New England power system
demonstrate superiority of the proposed KF-DRL framework
for GTS over the purely data-driven DRL method.

Index Terms—Deep reinforcement learning, generator tripping
scheme, graph convolutional network, invalid action masking,
knowledge fusion.

I. INTRODUCTION

TRANSIENT stability emergency control (TSEC), or sys-
tem integrity protection schemes (SIPS) are the essential

measures to prevent safety and stability loss from contingen-
cies and faults [1], [2]. So far, there have been three main
strategies of TSEC: (i) offline predetermination and real-time
scenario match [3], [4]; (ii) online predetermination and real-
time scenario match [5], [6] and (iii) real-time control [7],
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[8]. Due to high requirements for the regularly super-real-
time parallel simulation [9], strategy (ii) and (iii) have not
been widely adopted in practical grids yet. On the contrary,
offline predetermination does not take up online response time
and has been commonly used all over the world [10].

Figure 1 shows the framework of the strategy (i). Offline
predetermination is designed to formulate effective TSEC in
advance for those contingencies that would result in transient
instability under the planned operating conditions [11]. The
effectiveness of the formulated TSEC needs to be verified
through transient simulation [12]. Then, all these predeter-
mined TSEC together with corresponding instability scenarios
are saved in the Look-up Table. During online operation, once
a severe disturbance occurs, real-time scenario match will
be conducted immediately to find the appropriate TSEC in
the Look-up Table [13]. The real-time match is finished so
quickly the TSEC can be implemented as soon as possible to
prevent transient instability. Here, this paper only focuses on
offline predetermination of TSEC, hereinafter referred to as
predetermination.

Among the various SIPS summarized from global indus-
try experiences and academic research [14], [15], genera-
tor tripping scheme (GTS) is the most effective and com-
monly used scheme against transient rotor angle instability
(TRAI) [13], [16]. Currently, predetermination of GTS is
mainly accomplished manually by experts in practice [11],
[17], [18]. Obviously, manually offline predetermination will
be extremely time-consuming and labor-intensive in large-
scale modern power systems, where there exist lots of typical
operating conditions and conceivable contingencies. In recent
years, some optimal methods are proposed to auto-search
for effective and economical control measures [19], [20].
However, search space will be very large when there are lots
of controllable generators.

Fortunately, application of deep reinforcement learning
(DRL) techniques in power system have attracted more and
more attention in recent years [21]–[25]. It provides a new
feasible way for power system stability control, for example,
autonomous voltage control [26], [27], automatic generation
control [28], preventive control [29], and load frequency
control [30]. When it comes to predetermination of GTS,
the core and essential requirement is that a well-trained DRL
agent can formulate effective GTS for the transient instability
scenario through as few attempts as possible. However, direct
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Fig. 1. The commonly used TSEC strategy: offline predetermination and real-time scenario match.

application of the aforementioned DRL methods for GTS faces
the following problems.

First, the MDP of response based TSEC are formulated
along a time series within a single simulation [31], [32].
Whereas, as a kind of event-triggered one-shot control, GTS
needs to be adjusted and predetermined through multiple
repetitive transient simulations. Simulations are repeatedly
conducted for the same scenario in Fig. 1 with different GTSs
until an effective GTS is obtained. Thus MDP for the prede-
termination of GTS should be reformulated. Second, action
space increases exponentially with increase of controllable
generators. To this end, a multi-agent DRL (MA-DRL) is
proposed to reduce action space of each agent [30], [32] and
improve scalability [33]. The attention mechanism is further
introduced into MA-DRL to reduce agent training time [34].
Whereas, application and development of MA-DRL still has
many limitations, such as difficulty of model training increases
sharply due to centralized learning of multi-agents [21]. Third,
exploitation of domain knowledge and special properties are
supposed to improve training efficiency and guarantee perfor-
mance [35]. The knowledge-assist learning proposed in [36]
introduced another predictor network, which increases training
difficulty. GTS related knowledge fusion in [37] provides the
agent with a guide to make decisions. Nevertheless, constraints
for useless or bad actions are ignored there, which have
significant impact on training efficiency. Overall, there has
been rare direct knowledge exploitation in decision-making
yet among existing DRL based TSEC research.

Considering the above application challenges, this paper
proposes a knowledge fusion-based deep reinforcement learn-
ing (KF-DRL) framework for intelligent predetermination of
GTS. The proposed KF-DRL can directly exploit domain
knowledge during decision-making and adjust GTS during the
MDP based on transient simulation. Numerous simulations
are conducted on the New England power system under
different scenarios. Results verify the well-trained KF-DRL
can efficiently predetermine GTS for never seen scenarios. The
main contributions of this work are summarized here:
• A framework of KF-DRL is proposed for offline pre-

determination of GTS. It enables transformation of pre-
determination of GTS from manual style to intelligent
style through the combination of domain knowledge and

DRL algorithm.
• A novel MDP formulation method for GTS is devel-

oped based on transient instability events, which enables
adjustment of GTS according to simulation verification
results. In addition, high dimensionality is avoided by
the linear action space design.

• To directly leverage domain knowledge during the
decision-making process, a novel knowledge fusion style
is proposed in the manner of invalid action masking. It
significantly improves performance of making effective
GTS for never seen scenarios.

• To enhance learning ability and speed up convergence
rate, the proposed KF-DRL adopts a graph convolutional
network (GCN) embedding to additionally extract topo-
logical features of power systems.

The rest of this paper is organized as follows. Section II
introduces MDP for the predetermination of GTS and linear
action space design. Section III presents the framework of KF-
DRL and implementation manner of knowledge fusion. Nu-
merous simulation and result analysis are given in Section IV.
Section V concludes this paper.

II. GENERATOR TRIPPING SCHEME PREDETERMINATION

A. GTS Predetermination as a Markov Decision Process
Figure 2 presents the framework of GTS predetermination

based on double deep-Q-network (DDQN) [38]. At the begin-
ning of a MDP, transient simulation results of the instability
scenario without GTS are observed as the initial state s1.
Then, DDQN based agent outputs action a1 according to the
policy network and formulates the corresponding measures.
Transient simulation is conducted again to verify effectiveness
of the latest measures and the observed state will be updated.
States observed by the agent vary from action to action. In this
way, the agent can adjust actions according to updated states.
Transient simulations and action adjustment will be conducted
in turns until the effective GTS is obtained or the number of
adjustments reaches the upper limit.

Concretely, MDP consists of state sk, action ak, reward rk,
terminal T done

k and state transition function as follows:
1) State: The state sk refers to observed transient simulation

results at decision step k. The heterogeneous state can be
described as:
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Fig. 2. The framework of the DDQN based GTS predetermination.

sk = [Vk, Gk, δk, ak−1] (1)

where Vk represents observed voltage magnitudes of buses at
decision step k. Gk refers to topology of the power system
after tripping out the fault line, which is represented as a
graph. δk represents rotor angles of generators relative to the
reference generator. ak−1 represents the GTS taken in the
verification simulation at decision step k − 1.

2) Action: The action ak refers to the tripping amount of
generators at decision step k, which can be described as:

ak = [a1
k, · · · , aik, · · · , amk ] (2)

where m is the number of the controllable generators. aik
represents the tripping amount of generator i at decision step
k. Here, assume each controllable generator refers to a power
plant which includes of ten identical small-capacity generators.
The value of aik can be from 0 to 1.0 with interval of 0.1.

In order to balance exploitation and exploration of experi-
ence during the training process, ε-greedy strategy is utilized
for action selection. It is formulated as:

a∗k = arg max
ak

Q(sk, ak) (3)

P (ak = a∗k) = 1− εk (4)
εk = min{ε0 − ns∆ε, εf} (5)

where a∗k is action with the biggest Q value evaluated by
policy network. P (ak = a∗k) is probability of selecting a∗k at
decision step k, while the greedy coefficient εk represents the
probability of selecting action randomly. ε0 and εf represent
initial and final value of greedy coefficient, respectively. ns is
number of training steps and ∆ε is attenuation of the ε.

3) State transition function: The state transition of the
MDP is realized by transient simulation. As shown in Fig. 2,
simulation begins at t0 = 0 s and ends at tf . During the
simulation, the contingency or severe fault occurs at t1, which
is followed by tripping off fault line at t2. Then, GTS are taken
to controlled generators at t3. The state observation window is

set as [t0, ts], where t3 ≤ ts ≤ tf . It is transient data between
[t3, ts] that varies from action to action, which makes the agent
adjust actions according to different states.

4) Terminal: T done
k is a variable in bool type, which

represents whether MDP terminates. Concretely, T done
k is

True when determined GTS can maintain transient stability,
otherwise False. It can be formulated as:

T done
k =

{
0, ∃δijk,tf ≥ 360◦ ∪ k > NL

1, ∀δijk,tf < 360◦ ∩ k ≤ NL

(6)

where δijk,tf represents relative power angle between generator
i and j at simulation time tf . NL is limit of iteration number
for predetermination of one GTS.

5) Reward: The reward rk(sk, ak), referred to rk, depends
on state transition after verification of action ak by transient
simulation. rk is formulated as:{

rk = −rs∆A
s
k + rdT

done
k

∆As
k =

∑m
i=1 a

i
k −

∑m
i=1 a

i
k−1

(7)

where rs is the penal coefficient for power loss resulting from
generator tripping. ∆As

k is increment of tripping amount. rd

is reward for GTS that can maintain transient stability against
contingencies. The reward is designed to decrease tripping
amount as much as possible in the promise of maintaining
transient stability.

The elements of MDP are obtained during interaction be-
tween the agent and transient simulation, and will be saved
as a memory into the replay buffer. The memories in the
buffer will be sampled regularly by experience replay to update
weights of the policy network. As shown in Fig. 2, memory
is formulated as:

M = [sk, ak, sk+1, rk, T
done
k ] (8)

B. Linear Action Space for Multi-generator Power Systems

Generally, all possible actions should be included in the
action space of the DRL based agent. Each action will be
represented by an individual neuron, which is the well-known
one-hot coding. However, assuming there are m controllable
generators in the power system, exponential action space
design is presented in Fig. 3. There are h tripping choices
for each generator. Then, number of actions in the exponential
action space is hm. It is obvious the difficulty of model training
and consumption of computation resource will increase rapidly
with increase of controllable generators m.

To overcome this problem, linear action space is introduced
into the DDQN based agent for GTS [39]. As shown in Fig. 3,
the number of the neurons for linear action space is h · m.
Action selection in the linear action space will be as:

ax∗k = arg max
axk

Q(sk, a
x
k) (9)

P (axk = ax∗k ) = 1− εk (10){
x = h(i− 1) + z, x ∈ {1, 2, · · · , h ·m}
i ∈ {1, 2, · · · ,m}, z ∈ {1, 2, · · · , h}

(11)

where ax∗k is action with the biggest Q value among the h ·m
actions. x represents z-th tripping choice of generator i. Hence,
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axk can be also regarded as tripping action of generator i at
decision step k, which is aik. All the left elements except for
aik−1 in the last GTS ak−1 will keep unchanged after decision
step k. In this situation, each element of ak in (2), referred to
ajk, is obtained as:

ajk =

{
axk, j = i

ajk−1, j 6= i
(12)

As shown in Fig. 3, for the exponential action space, it
theoretically only takes one decision step, at least, to obtain
the effective GTS. For the linear action space, it would be
K∗ decision steps, at least, where 1 ≤ K∗ ≤ m. Specifically,
theoretical minimum K∗ depends on how many generators are
needed to be involved in the GTS. Essentially, linear action
space sacrifices the quite limited decision steps in exchange
for lower difficulty of agent training, which is absolutely
cost-effective and necessary for power systems with multiple
controllable generators.

III. KNOWLEDGE FUSION BASED DRL FOR GTS
A. Framework and Implementation of KF-DRL

Waste of domain knowledge about GTS would result in the
unnecessary explorations and slow convergency of the training
process. In order to obtain better performance, framework of
the knowledge fusion is proposed in Fig. 4 for the DDQN
based agent, which can exploit domain knowledge during
action selection.

As shown in Fig. 4, knowledge fusion is a kind of constrain
for action selection, which is updated after formulation of ak
and plays a role at the next decision step for ak+1. Specifically,
knowledge fusion is implemented in the manner of invalid
action masking [40]. Among the complete action space, the
invalid actions are identified by analysis of transient simulation
results using related domain knowledge. Then, invalid action
list will be updated and actions on this list will be masked and
definitely not selected for the next action ak+1.

In this paper, two knowledge rules are applied to the DDQN
based agent for predetermination of GTS. They are repeated
action masking and bad action masking. In the actual power
grid, decision space of the agent would be pruned through
knowledge, and then the agent independently would explore
in the remaining space. A balance between knowledge fusion
and autonomous exploration could be realized

1) Repeated action masking: It is found DDQN based agents
tend to give the same action decisions for different state inputs
during training. A number of action adjustments will be wasted
for repeated invalid decisions. As a result, the likelihood
of successfully formulating an effective GTS within limited
adjustment number will be reduced.

To overcome this problem, repeated action masking is
introduced to the DDQN based agent. As shown in Fig. 4,
there is a list Lk to save historical actions formulated by agent
before MDP ends.

Lk = {a1, · · · , aτ , · · · , ak}, 1 ≤ τ ≤ k (13)

Fig. 3. The action space design of the DDQN based agent for GTS predetermination.

Fig. 4. The framework of knowledge fusion based DDQN agent for GTS predetermination.
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Every time action ak is formulated, collection of repeated
actions Crep

k+1 will be updated as:

Crep
k+1 = {axk+1|ak+1 = aτ} (14)

where aτ represents every action in historical actions list Lk.
That means Crep

k+1 is the collection of actions axk+1 that make
ak+1 be the same as any one action in Lk. It is obvious
Crep
k+1 contains different action choices for each controllable

generator.
2) Bad action masking: The performance of transient stabil-

ity will get worse, if improper control measures are taken. For
example, tripping of non-critical generators or over-tripping of
critical generators could result in worse transient performance.
Motivated by this, the second knowledge fusion is formulated
according to result analysis of verification simulation for ak.

For transient performance assessment, critical instability
time (CIT) of verification simulations for ak−1 and ak will
be compared. The comparison result determines whether bad
action masking will be applied to action selection for ak+1.
CIT for ak is defined as:

CIT (ak) = min{t|max ∆δk,t ≥ 360◦} (15)

where t represents sampling time when maximum relative
power angle is over 360◦ during verification simulation for
ak. CIT (ak) is minimum of t in the collection. Before the
MDP ends, if CIT (ak) ≤ CIT (ak−1), bad action masking
will be applied to the action selection for ak+1. Otherwise,
the axk decided at step k is beneficial to transient stability and
the bad action masking will not be formulated for ak+1.

For state backtrack, since axk decided at step k resulted in
worse transient performance, state obtained after verification
of ak should be erased in MDP. In this way, bad action axk
will not influence follow-up decisions of MDP. Specifically,
state and action should backtrack one step.

For masking formulation, collection of bad actions Cbad
k+1

will be formulated according to (10) as:

Cbad
k+1 = {ayk+1|x ≤ y ≤ h ∗ i} (16)

where x comes from bad action axk . The collection Cbad
k+1 in-

cludes not only axk+1, but also actions whose tripping amounts
are larger than axk+1 for generator i.

With the effect of the invalid action masking, action selec-
tion (10) can be modified as:

P (axk = ax∗k ) = 1− εk, axk /∈ (Crep
k ∪ Cbad

k ) (17)

Whether during training or evaluation, each decision updates
the set of action masking to guide the next decision. The
difference is that, during the training process, as performance
of the agent increases, repeated and bad actions will gradually
decrease, and probability of triggering action masking will
decrease. During the evaluation process, the agent has been
trained well, repeated and bad actions will basically not appear,
and probability of triggering action blocking is very low.

B. Policy Network Design and Input Pre-processing

Figure 4 shows architecture of the designed policy network.

It contains three different networks to extract features from the
heterogeneous state formulated in (1). The graph convolutional
network (GCN) is adopted for feature extraction of bus volt-
ages Vk and topology Gk of power systems. The convolutional
neural network (CNN) is used for feature extraction of rotor
angles δk of generators. The feature of the action verified at
last decision step ak−1 is extracted by the fully connected
network (FCN). Then, the features extracted by different
networks will be spliced and fed to the output layer.

Pre-processing for Vk, Gk and δk is as:
1) Voltages: The voltage magnitude of buses, Vk, can be

represented as:

Vk =

V
1,1
k · · · V 1,Ω

k
...

. . .
...

V N,1k · · · V N,Ωk

 (18)

where V N,Ωk represents voltage magnitude of bus N at sam-
pling point Ω during verification simulation. N is total number
of the buses. Ω is last sampling point of the observation
window shown in Fig. 2, where Ω = fs(t3 − t0). fs is the
sampling frequency.

2) Topology: The structure of power system is a typical
graph, where buses and transmission lines are vertices and
edges of the graph, respectively. Graph Gk at decision step k
can be represent as:

Gk = (Bk,Tk) (19)

where Bk = {B1
k, B

2
k, · · · , BNk } and Tk = {T 1

k , T
2
k , · · · ,

TMk } represent buses and transmission lines, respectively. M
refers to number of lines of the power system. If there is a
transmission line connecting bus Bik and Bjk, there is T pk =
(Bik, B

j
k) in Tk. Then the adjacency matrix of the power

system is defined as Gk ∈ RN×N , which is also a part of
the input state in (1). Element gijk can be represented as:

gijk =

{
1, (Bik, B

j
k) ∈ Tk

0, (Bik, B
j
k) /∈ Tk

(20)

3) Rotor angle: The rotor angles of generators, δk, can be
obtained as follow:

δk =

 δ
1,0
k · · · δ1,Ω

k
...

. . .
...

δm,1k · · · δm,Ωk

 (21)

where δm,Ωk represents rotor angle of generator m relative to
reference generator at sampling point Ω. δk needs to be pre-
processed.

δi,jk ← tanh
(
δi,jk /2π

)
(22)

C. Training Process of the Proposed KF-DRL Algorithm

The training objective of the KF-DRL based agent is to
minimize temporal difference (TD) error by updating weights
of the policy network, which is formulated as:

e(θj) =

Φ∑
i=1

γQ′(sk+1, arg max
a

Q(sk+1, a|θj)|θ′j)
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+ rk(1− T done
k )−Q(sk, ak|θj) (23)

where Q and Q′ represent the policy network and target
network, respectively. θj and θ′j represent weight parameter of
Q and Q′ at j-th weights update. Φ represents batch size of
experience replay. γ is discount factor. e(θj) represents batch
TD errors between Q values evaluated by policy network and
target Q values at the j-th weight update. Accordingly, weight
update is conducted as:

θj+1 = θj − α∇θe(θj) (24)

where α is learning rate.
The pseudo-code of the proposed KF-DRL algorithm is

presented in Algorithm 1.

Algorithm 1: Training process of the KF-DRL for
offline predetermination of GTS

1 Set total training episodes NT, memory capacity D,
minibatch Φ, synchronization frequency fs, discount
factor γ, learning rate α, greedy coefficient ε,
iteration limit NL.

2 Initialize the networks θ, θ′, training step ns = 0.
3 while ns ≤ NT do
4 Select an operating condition and a contingency
5 Observe s1 . (1), (18)–(21)
6 Update greedy coefficient ε . (5)
7 while T done

k = False or k ≤ NL do
8 Select an action axk . (17)
9 Formulate control measure ak . (11)–(12)

10 Verify ak through transient simulation
11 Observe sk+1, rk, T done

k , CIT (ak)
. (1), (6)–(7), (15)

12 if CIT (ak) ≤ CIT (ak−1) then
13 State backtrack and formulate Cbad

k+1 . (16)
14 end
15 Formulate Crep

k+1 . (13)–(14)
16 Save memory into the replay buffer . (8)
17 end
18 Sample minibatch of memories Φ ∼ D
19 Update policy network θ . (23)–(24)
20 if ns ≡ 0 mod fs then
21 Update target network θ′ ← θ
22 end
23 ns ← ns + 1
24 end
25 Return the well-trained policy network

IV. CASE STUDY

A. Test System and Parameters Design

Numerous verification simulations are carried out on the
IEEE New England power system shown in Fig. 5. During
simulation, time parameters are set as: t1 = 1 s, t3 = 1.3 s,
ts = 6 s, tf = 10 s. The sampling frequency is fs = 20 Hz.
Note G10 is selected as reference generator in this paper and
will not be considered for GTS. The fault duration is set to 0.2–
0.25 s to generate transient power angle instability samples to

Fig. 5. IEEE New England power system.

verify effectiveness of the proposed strategy. A total of 595
TRAI scenarios are obtained in simulation conditions shown in
Table I. Then, 100 scenarios are randomly selected as testing
scenarios.

TABLE I
SETTINGS OF THE SIMULATION SCENARIOS

Conditions Settings Number
Power and load levels [1.0, 1.05], [1.1, 1.15], [1.2, 1.25] 3
Fault lines 34 lines except for 22© 33
Fault location 10%, 20%, · · · , 90% 9
Fault duration (t2 − t1) 0.2, 0.25 2

The policy network of the KF-DRL based agent is designed
as follows: two convolution layers and one pooling layer are
designed for both GCN and CNN network. The number of
output neurons of all three channels is set as 100. The choice
of tripping ratio for each generator is set as [0, 0.1, · · · , 1.0],
which is 11 in total. Therefore, dimensionality of linear action
space is set as 99. Hyper-parameters are set as follows: NT =
30000, D = 10000, Φ = 128, fs = 20, γ = 0.1, α = 0.0001,
ε0 = 0.9, ∆ε = 0.0001, εf = 0.05, NL = 50, rs = 1, and
rd = 10.

Table II shows the different methods for comparison. M5 is
the KF-DRL based method proposed in this paper. Note M3
adopts CNN to extract features of the bus voltage. M1 is a
commonly used pure data-driven agent. M4 is a commonly
used CNN-based agent. All transient simulation and network
training are conducted on a computer with Intel Core (TM)

TABLE II
METHODS FOR COMPARISON

Method Details
Masking Crep

k Masking Cbad
k Voltages Topology

M1 × ×
√ √

M2
√

×
√ √

M3
√ √

× ×
M4

√ √ √
×

M5
√ √ √ √
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i9-10900K @ 3.70 GHz CPU, 64 GB RAM. The simulation
model is built in the Power System Analysis Software Package.
The training code is written in Python with PyTorch.

B. Effectiveness Verification of the Proposed KF-DRL

The proposed KF-DRL based agent for offline predetermi-
nation of GTS is trained on training scenarios. During the
whole training process, performance of the policy network
is evaluated on testing scenarios every 2000 episodes. The
performance comparison of the 15 evaluations are given in
Fig. 6.
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Fig. 6. The performance evaluated on the testing scenarios during the training
of the proposed KF-DRL based agent.

Each reward here represents accumulated rewards of all
actions determined for one scenario. The negative value of
reward means failure the agent cannot give effective GTS
within limited iterations. The number of iterations refers to
the length of MDP for one scenario. As shown in Fig. 6,
overall distribution of rewards continues to increase with
the training process. The number of scenarios with negative
rewards decreases. Especially, it becomes 0 at final evaluation,
which means the effective GTSs are obtained for all testing
scenarios. This result verified effectiveness of the proposed
KF-DRL method for GTS predetermination.

Figure 7 shows the decision process for a testing scenario at
final evaluation. Three actions determined by the proposed KF-
DRL are a90

1 , a79
2 and a46

3 , which mean tripping 10% power
of G9, tripping 10% power of G8 and tripping 10% power of
G5, respectively. Finally, effective actions can be represented
as a3 = [0, 0, 0, 0, 0.1, 0, 0, 0.1, 0.1].

C. Domain Knowledge Fusion for GTS

In order to demonstrate effects of knowledge fusion, perfor-
mance of M1, M2 and M5 (the proposed KF-DRL method)
are evaluated on testing scenarios every 200 training episodes.
The training processes of all the three methods are repeated
5 times, and results comparison is shown in Fig. 8. Concretely,
total rewards, number of iterations, and number of successfully
formulating GTS have been counted and compared. Note
higher rewards means less amount of generator tripping.
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Fig. 7. The transient simulation verification of the control measures
formulated by the proposed method. (a) Rotor angles of generators without
any control. (b) Rotor angles of generators with the third control.

The fewer number of iterations means higher efficiency of
predetermination.

For M1 and M2, repeated action masking saves number of
iterations for exploration of other potentially effective actions.
As a result, the number of testing scenarios where the agent
successfully formulates effective GTS increased significantly.
For M2 and M5, bad action masking further improved quality
of memories at the beginning of the training process. Hence,
convergence rate of the proposed KF-DRL method is faster
than M2.

D. Feature Extraction Using GCN

To demonstrate benefits of using GCN for topological
feature extraction, performance of M3, M4, and M5 are
evaluated during the training process. Comparison results are
presented in Fig. 9. Thanks to GCN, the feature of bus voltage
can be extracted together with topological information. That
means the policy network of the proposed method has stronger
representation learning ability than M4 using CNN. Therefore,
convergence rate of the proposed KF-DRL method is faster
than M4, and predetermination performance is slightly better.

V. CONCLUSION

This paper has proposed a framework of knowledge fusion-
based deep reinforcement learning for offline intelligent prede-
termination of power system GTS. The MDP was first formu-
lated based on transient simulation. In addition, a linear action
space was designed to reduce dimensionality. Then, knowledge
fusion was developed for decision-making in the manner of
invalid action masking. Besides, GCN was adopted to extract
topological features for the sake of enhanced learning ability.

Simulation results in the New England power system ver-
ified effectiveness and efficiency of the proposed KF-DRL
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Fig. 8. The evaluated performance of different agents with/without KF (M1: without any knowledge fusion. M2: with the only repeated action masking. M5:
the proposed KF-DRL method with the repeated and bad action masking. All the three methods adopt the GCN to extract the topological feature.) (a) Total
episode rewards. (b) Total times of iteration. (c) Number of cases with effective measures.
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Fig. 9. The evaluated performance of different agents with/without GCN (M3: without extracting the bus voltage and topological features. M4: without
topological feature. M5: the proposed KF-DRL method.) (a) Total episode rewards. (b) Total times of iteration. (c) Number of cases with effective measures.

framework. Specifically, knowledge fusion of repeated action
masking significantly improved success rate of formulating
effective GTS. Furthermore, knowledge fusion of bad action
masking can accelerate the convergency rate of the training
process. In addition, the usage of GCN for topological feature
extraction can bring not only faster convergency rate, but also
a slight improvement of performance on predetermination of
GTS. The proposed framework can be applied to other control
domains. Future work will focus on application in large-scale
power grids.
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