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ABSTRACT: Traditional transient stability preventive control calculation methods suffer from low computational
efficiency, struggling to meet the real-time decision demands of increasingly large-scale power systems. Meanwhile,
reinforcement learning-based preventive control approaches, which adopt an “offline training, online application”
framework, show greater promise in preventive control. However, they still face challenges such as low computational
efficiency in electromechanical transient simulation and insufficient decision robustness. Therefore, this paper proposes
a power system predictive control strategy based on Generative Adversarial Proximal Policy Optimization (GA-PPO).
Firstly, considering multiple constraints in transient stability operation, a power system preventive control model is
constructed with the objective of minimizing the total amount of adjustments, along with its Markov Decision Process
(MDP) formulation. Then, the discriminator of Generative Adversarial Network (GAN) measures the gap between the
expert demonstration distribution and the generated trajectory distribution, providing correction parameters for the
advantage function of the Proximal Policy Optimization (PPO) algorithm, enhancing the agent’s exploration efficiency.
Finally, the discriminator’s update mechanism is enhanced by Wasserstein distance, ensuring more stable training while
enabling continuous adversarial interaction between discriminator and generator to explore higher convergent rewards.
Case studies demonstrate that the proposed GA-PPO algorithm significantly reduces training time and achieves higher
convergent rewards compared to PPO and Soft Actor-Critic (SAC) algorithms.

KEYWORDS: Generative adversarial; proximal policy optimization; transient stability; preventive control

1 Introduction

Currently, the transformation pathways and development paradigms of power systems have become
a focal research area for scholars worldwide [1]. However, with the continuous expansion of power system
scale and the high penetration of power electronics-based energy sources, the safe and stable operation
of power systems faces unprecedented challenges [2]. In addressing voltage and frequency stability issues,
Mejia-Ruiz et al. [3] proposed a novel hierarchical optimal control framework integrated with battery energy
storage systems to support both frequency and voltage in multi-area transmission systems. Furthermore,
literature [4] introduced a real-time co-simulation framework to experimentally validate the dynamic
performance of network-level controllers in power systems. As one of the three core stability problems
in power systems, transient stability [5] has been analyzed by researchers solving optimal power flow
problems with transient stability constraints based on time-domain simulation methods or direct methods.
Nevertheless, the time-consuming and labor-intensive time-domain simulation method, coupled with the
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overly conservative direct method, struggles to meet the online decision-making requirements of today’s
large-scale power grids [6].

The rapid advancement of artificial intelligence in recent years and its applications in power system
forecasting [7] and economic dispatch [8] have introduced novel solution paradigms for transient stability
research, such as state identification [9] and early warning [10], transient stability assessment [11], preventive
control [12], and emergency control [13]. Addressing preventive control challenges in power systems, Liu
et al. [14] derived the Transient Stability Index (TSI) based on deep belief networks and integrated it with
steady-state dispatch. By linearizing transient stability constraints and employing an interior-point method,
they obtained an iterative control path for preventive control strategies. Ren et al. [15] combined model-
driven interpretability with data-driven fitting capabilities to rapidly generate dynamic safety domains
corresponding to system instability patterns, ensuring the solubility of TSC-OPE Meanwhile, in the ref-
erence [16], a XGBoost model has been trained for dispatch optimization using time-domain simulation
data and implemented transient stability preventive control via a differential evolution algorithm, offering
enhanced interpretability. In the literature [17], the CBAM and CNN are integrated to explore key response
characteristics related to voltage dynamic process, providing guidance and basis for the formulation of
preventive control strategy.

Unlike deep learning and gradient boosting tree algorithms based on static data, Deep Reinforcement
Learning (DRL) possesses unique advantages in dynamic decision-making, particularly suited for preventive
control problems based on TSC-OPE. Wang and Tang [18] developed a transient stability evaluator using con-
volutional neural networks and transferred it to a dual-delay deep deterministic gradient algorithm through
transfer learning, achieving transient stability preventive control. Furthermore, reference [19] embedded
physical knowledge into the policy network, enhancing the models interpretability. Jiang et al. [20]
extended monitoring information from single-time-slice to multi-time-slice, realizing a multi-period online
preventive control strategy for power grids.

However, constrained by the computational efficiency of electromechanical transient simulation in
power systems, the DRL methods generally suffer from issues such as excessively long training times.
To address this, Zeng et al. [21] employed distributed deep deterministic policy gradient to enhance the
model’s learning efficiency. Reference [22] transformed the distributed resource control problem into a
multi-agent distributed cooperative optimization problem for solution, introducing the advantage function
decomposition theorem to accelerate agent convergence. However, both approaches impose additional
computational resource requirements and neglect the acceleration effect of expert data demonstration on
training [23-25]. Thus, this paper proposes a GA-PPO-based prevention control architecture to address the
above issues. The contribution of this manuscript is summarized as follows:

(1)  The discriminator network parameterizes the gap between expert demonstrations and generated
trajectories, combining the advantage function of the environment reward-modified PPO algorithm
to enhance the agent’s exploration efficiency.

(2) To alleviate GAN’s vanishing gradients and mode collapse issues, the objective function of the
discriminator is redefined using the Wasserstein distance. The discriminator’s network architecture
and update mechanism are also improved, ensuring more stable training.

(3)  In the context of adversarial training between the discriminator and the generator, the progressive
refinement of the advantage function facilitates increasingly accurate advantage estimations within
the value network. This, in turn, provides more directed guidance for the exploration process of the
generative policy, thereby mitigating the challenges associated with exploratory behavior.
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The organization of this manuscript is as follows. Section 2 shows a preventive control model for
power systems. Section 3 analyzes the preventive control architecture based on GA-PPO. In Section 4, the
performance of the proposed method is compared. Finally, the research conclusions and future research are
summarized in Section 5.

2 Preparations

Transient stability of power systems refers to the ability to maintain stability during the transition from a
static state to another static state following a disturbance. The TSC-OPF model used in this paper is presented
in Section 2.1, while Section 2.2 details the MDP modeling of the power system preventive control model.

2.1 TSC-OPF Dynamic Model

In practical engineering applications, power systems are typically described by a set of differential-
algebraic equations, and time-domain simulation methods are employed to analyze their transient stability,
as shown below:

dx
I =f(xy) W
0=g(x,)

where x is the state variable describing the system’s dynamic characteristics; y is the algebraic variable
describing the system’s operational state; ¢ is the time variable.

The objective of prevention and control in this paper is to minimize the total adjustment amount while
maintaining the transient stability of the system. Therefore, the comprehensive TSC-OPF model can be
represented as a set of complexes, high-dimensional nonlinear differential-algebraic equations. In practical
engineering applications, the active power adjustment range of a generator constitutes its thermal reserve
capacity. To achieve rapid active power adjustments with minimal total adjustment volume while involving as
many generators as possible, this paper sets the objective function to minimize the total change in generator
output, as shown below.

min |PG,,»—ngf

ieNg
st. h(x)=0 (2)
S(x)<0

where, PZ’! denotes the initial generator output, Pg,; denotes the adjusted generator output, and Ng
represents the generator node. h (x) denotes equality constraints, and S (x) denotes inequality constraints,
as detailed below.

Ng
PG,'—PL,' = VBiZVB]‘ (G,‘jCOSQ,’jﬁ'B,’jSiIlG,‘j) (3)
j=1
Np
Qi — Qui = Vi ». Vpj (Gijsin0;; — Bjcos 0;;) (4)
j=1

~

Egs. (3) and (4) represent power flow balance constraints, indicating that any node in the network
must satisfy power flow equilibrium. In these equations, Ny denotes the number of nodes in the system;
U; represent the voltage magnitudes at node i; Qg; denotes the reactive power output from the generator
at node i; P;; and Q;; denote the active and reactive power loads at node i, respectively; 8;; denotes the
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phase angle difference between nodes i and j; Gj; is the real part of the node admittance matrix; B;; is the
imaginary part of the node admittance matrix.

The inequality constraints are as follows:

PE™ < Pi < PO, QG < Qai < QG i € N ®)

V™ < Vg < Vg™, P < Py < PR™, i, j € Ng (6)

Eq. (5) represents the generator output constraints, where P2** and P2" denote the upper and lower
limits of the active power output allowed for the i-th generator, respectively; Q@* and Q2" denote the upper

and lower limits of the reactive power output allowed for the i-th generator, respectively. Eq. (6) represents
the node voltage and line power flow constraints, where Vi2** and V2™ denote the upper and lower limits
of the voltage magnitude allowed at node i, respectively; P;}*, P{}““ denote the upper and lower limits of the
power flow on line from node i to j.

2.2 MDP Modeling

MDP is a sequential decision-making mathematical model used to simulate the stochastic policies of
an agent’s actions. Transiently stable preventive control is a real-time feedback-based rescheduling decision
process, which MDP can describe in detail. Within MDP, state, action, and reward are the primary factors.
The corresponding elements for preventive control are described below.

1.  State Space

The current state should accurately reflect the operational status of the power system. When the power
system operates normally, its topology and line parameters remain constant. Consequently, the magnitude
and phase angle of node voltages contain extensive operational information about the system. For instance,
the magnitude and phase angle of voltages at both ends of a line can be used to calculate line power flow.
Conversely, during short-circuit faults, changes in the power angle between generators and the terminal
voltages of generators partially indicate the system’s stability state. For instance, excessive power angle
differences signify generator desynchronization, leading to system disconnection. Therefore, this paper
defines observed variables including node voltage magnitudes and phases, along with generator speed and
power angle reflecting generator operational status. The state space is expressed as follows:

S = {Us:, 85i»wGj» 86} »i € Np, j € Ng (7)

where, §p; denotes the phase angle of node i, while wg; and §¢; represent the rotational speed and power
angle of generator j, respectively.

2. Action Space

The action space defines all possible control measures an agent can employ. In transient preventive
control of power systems, adjusting generator output is one of the most effective control methods. Therefore,
to enhance the generality of the results, this paper selects generator output adjustment as the control method.
Consequently, the control target for the agent is the active power of generators within its assigned region,
continuously adjusted within a specified range (70% to 130%). The maximum active power value for a
single adjustment is set to 2% of the difference between the upper and lower limits. The action space is
expressed as:

AG :{PGj},jENG (8)
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where Pg; is adjusted active power output for the generator j.
3. Reward

Transient stability prevention and control must ensure predefined fault sets achieve transient power
angle stability. Therefore, after the agent executes, the strategy is input into the transient stability simulator.
It sequentially traverses all fault conditions within the fault set. Whenever transient power angle stability is
satisfied, no penalty is incurred; otherwise, a penalty of —1 is applied. The power angle stability criterion is
defined by the following equation.

max |8, —d;, <m Vi, je Ng 9)
te[ To, T¢ ]

Additionally, the objective function for active power flow adjustment in transient stability prevention
and control is given by Eq. (2), and the reward function is expressed as follows:

-K, if power flow diverged
R=1S 1+ 0-0 % |Ps;—PYi|, if power flow feasible (10)
seF teF i€Sg '

in the above equation, K represents the penalty for system power flow non-convergence after operation;
F denotes the fault set, where s and ¢ represent fault samples in the set that lead to transient stability and
transient instability, respectively, after system operation; ¢ is the weighting factor for active power change,
selected as 0.02 in this study.

3 Proposed Framework Based on GA-PPO

DRL is the process by which an agent learns strategies through interaction with its environment to
maximize rewards or achieve specific objectives. Through engagement with the environment, the agent
continuously explores its surroundings and refines its strategies 7 (a; | s;). During training, the agent seeks
optimal policies 7* to maximize cumulative rewards r, as illustrated below (Fig. 1).

Figure 1: MDP model

To alleviate challenges such as agent exploration difficulties during the initial training phase, this paper
improves the PPO algorithm by drawing inspiration from imitation learning. It proposes a preventive control
architecture based on adversarial training for PPO. Section 3.1 details the Wasserstein-distance-enhanced
GAIL algorithm. Section 3.2 primarily introduces the specific architecture and training framework of the
adversarial training-based PPO algorithm.
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3.1 Improved Discriminator Based on Wasserstein Distance

GAIL learns how to interact with the environment based on expert demonstration data, ultimately
enabling the discriminator to fail to distinguish between the trajectory distributions generated by the agent
and those generated by the expert. Its objective function is defined as follows.

min E,..., D’ (g (|s;) , g (“|s¢)) (11)

where 7 is the policy parameter, 77y denotes the policy network, and 7 represents the expert policy. D’ (+)
indicates the distance between the generated policy distribution and the expert policy distribution, typically
measured by the Jones-Sutton divergence. The objective of imitation learning is to minimize the difference
function D’ (-).

Therefore, the optimization objectives for the discriminator and generator are as follows:

mgx{E,,s [logD(s,a)] + E,, [log(1-D(s,a))]} (12)
mén {-Ez, [logD (s,a)]} (13)

in the above equations, D (-) denotes the discriminator, and G denotes the generator. E,,, E,, denotes the
expected value of the discriminator’s judgment results for the agent policy and expert policy, respectively,
while log () denotes the logarithm operation. Eq. (12) represents the discriminator’s objective function,
aiming to maximize the expert policy’s judgment proximity to 1 while minimizing the generated pol-
icy’s proximity to 0. Eq. (13) defines the generator’s objective function, which seeks to maximize the
discriminator’s misclassification rate, thereby approximating the expert’s optimal policy.

In GAIL, the reward function for the agent policy network originates from the discriminator’s evaluation
of the current state-action pair. The reward function for the state-action pair at time step ¢ is defined as
follows:

rgair (se>ar) =logD (s4, ay) (14)

Although imitation learning lacks an explicit reward function, it still possesses all four elements of a
MDP model. Consequently, agent policy updates can be performed by referencing various DRL algorithms.
However, traditional GAIL algorithms exhibit poor training stability due to issues such as gradient vanishing
and pattern collapse.

Therefore, this paper proposes an improved GAIL training framework based on Wasserstein distance,
with the following specific enhancements:

Unlike GAIL, which uses KL divergence to distinguish between two distributions, Wasserstein GAN
employs Earth-Mover distance to measure the difference between two distributions, which addresses issues
such as gradient vanishing during GAIL training. The specific objective function is defined as follows:

max {Ey, [D (5,a)] - Ex, [D(5,a)]} (15)

mGin {-E., [D(s,a)]} (16)

Furthermore, the discriminator must remove the activation function Sigmoid (-) from the final layer,
resulting in the following changes to its loss function:

Jp == (Ex; (D(s,a)) = Exy (D (s,a))) + 4" gp (17)
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in the above equation, y denotes the gradient penalty system, and gp represents the gradient penalty, with
the specific expression given by:

gp=Ep [” v(s,a)D (S’ a) ”2 _1] (18)

where || - || denotes the L, norm of the discriminator gradient; V represents the gradient calculation.

Furthermore, since the discriminator’s output is not a probability of being classified as the expert policy
but rather a score—where higher scores indicate greater similarity to the expert policy—the reward function
in Eq. (14) is corrected as follows:

rgair (Se>ar) = D (s, ay) (19)

The specific structure is shown in Fig. 2.
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Figure 2: The improved discriminator

3.2 The Proposed GA-PPO Algorithm

The generator in this paper is the PPO-Clip algorithm. All subsequent references to PPO in this paper
refer to the PPO-Clip algorithm. Its objective function is defined as follows:

JEHP (1) = E [min (r (7) A, clip (r (1) ,1- €, 1+ €) A)] (20)

in the above equation, r (7r) denotes the probability ratio between the new and old policies, ¢ is the pruning
hyperparameter, A is the advantage function, and represents the difference between the reward and the
state value.

With GAIL significantly enhances the learning efficiency of intelligent agents through expert demon-
stration, in the preventive control algorithm proposed in this paper, the objective function is as follows:

J(m) = (1-a)E[min (r(n) A,clip(r(n),1- €1+ €) A)] + amin E,.,, Dx1. (79 (:|s¢) » 75 (*|s¢)) (21)
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where « is the parameter for balancing strategy improvement and cloning. During the early training
phase, the agent aims to enhance learning efficiency through expert demonstration, gradually increasing its
exploration capability thereafter. Consequently, the parameter « is gradually decayed as training progresses,
with the specific expression given by:

1.0, R>R
re :{ / mear (22)

ar, otherwise
among these, R denotes the reward for the current round, while R,,.,, represents the average reward over

the preceding 10 rounds.

The PPO algorithm evaluates the quality of action distributions using an advantage function, defined
as follows:

At = Qryy (s-ar) - \Z% (s¢) (23)

where V. () is the state value function, representing the average value of state s;; Q,, () is the action
value function, indicating the value of taking action a; in state s;, defined as follows:

Qg (St:00) =10+ YV, (S041) (24)

Unlike the traditional PPO algorithm, in the GA-PPO algorithm proposed in this paper, the action value
function of the PPO algorithm serving as the generator network not only incorporates the manually defined
reward function but also includes the simulated state reward generated by the discriminator network, as
expressed in Eq. (19), specifically as follows:

Qn,, (srar) = -a)ri+argar +yVa,, (Si1) (25)

where r, represents the immediate reward, and y is the discount factor. In summary, the improved generalized
advantage estimate is given by:

T-t
A=Y (M) (A=) 1o+ argam +yV (sem) = V (s1)] (26)
1=0

in the equation above, A is a parameter in the advantage calculation. Therefore, the loss function of the
improved PPO algorithm is as follows:

LCYMP (n) = E [min (r () ;\, cip (r(m),1- €1+ €) ;{)] (27)
The specific model architecture is shown in the Fig. 3 below.

3.3 Algorithm Training Process

In the application of existing DRL algorithms to preventive control problems, computational efficiency
is low due to the extensive interaction required between the training process and the power system
electromechanical transient simulator. The GA-PPO algorithm proposed in this paper enables the agent
to interact with the environment under expert data guidance, sampling to obtain authentic state-action
trajectories. Its specific training process is illustrated in the Algorithm 1 below.

1. The agent outputs actions a,; through the action network based on the input state s; at the current
time step. It then interacts with the power system transient simulator to obtain the reward r; for the
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current time step and the state s, for the next time step. This process repeats cyclically until the cycle
termination flag done is set to true.

2. During the update phase, the discriminator is first updated using the loss between expert experience
and actual action trajectories. Subsequently, the corresponding simulated state reward rg 4y, derived
from the discriminator is embedded into the action value function. Then the modified advantage

function A, is computed to update the generator, thereby updating the PPO agent.

3. Finally, the agent interacts with the environment, generating new real-world action trajectories to
complete a new round of updates. This iterative process continues until both the generator network and
discriminator network converge to an equilibrium state.

Generator(PPO)

Environment

®

2 3
18 24 () S,ar,aSH]

® ® O ® e e e e e =
policy - [ |
trajectory G—l Dlscrlmlnator I
— (s-a,) g
|
(SE’aE)’_________________v_ """"""" 5 pdate |

o =—(E,, (D(s,a)) - E, (D(s,a))) + p* gpn—h

_______________________________

_—
expert data

Algorithm 1: GA-PPO
Input: Expert trajectories 7, states
Output: Learned policy 7y
Initialize policy my (PPO parameters)
Initialize discriminator D,
for iterationk =1, 2, .., Kdo

Figure 3: The GA-PPO architecture

1

2

3

4 Initialize policy buffer B+ @

5 //1. Sample trajectories

6 while not terminal state do

7 Sample trajectory 7~7mp and store in buffer B
8

9

end
/12. Update discriminator
10 Sample policy batch  {(s;, a;)}~B
11 Sample expert batch  {(s}, a})}~mz
12 Update D,, to minimize discriminator loss:
Lp (@) =Er, [Dy (s,a)] = Eny [Do (s,a) ] + - GP
13 /13. Update PPO policy

(Continued)
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Algorithm 1 (continued)

14 r(s,a)=Dy,(s,a) -a+r-(1-a)

15 Compute advantages A, using GAE

16 forepoch = 1, 2, .., 10 do

17 Update 7y by Lppo (7) =

18 E; [min(r[(H)At,clip(rt(6),1— 6 1+ e)At)]
19 end

20 buffer B« &

21 end

22 Return policy g

4 Case Analysis

This paper employs an IEEE 39-node system [26] and an improved IEEE 68-node system to validate the
effectiveness of the proposed GA-PPO algorithm. The simulation platform consists of a personal computer
configured with a 2nd Gen Intel” Core (TM) i7-12700 CPU operating at 2.10 GHz and 32 GB of memory.
The primary code is written in Python, with machine learning algorithms implemented using the PyTorch
framework. Steady-state and transient simulations are performed using the PSAT toolbox in MATLAB. The
power flow and time-domain simulations were solved using a fixed integration step size by default, and the
numerical convergence tolerance was set to 1 x 107°.

4.1 Result in IEEE 39-Node System and Improved IEEE 68-Node System

The IEEE 39-node system comprises 39 nodes, 21 loads, 10 generators, 11 transformer branches, and 35
transmission lines.

During training, the load is set to vary between 90% and 110%. The agent outputs the active power of
controllable generators based on input states. Power flow calculations and time-domain simulations traverse
predefined faults in the fault set, capturing the power system’s state after each predefined fault occurs. Eq. (9)
is then used to determine whether the system is transiently stable. The update process employs stochastic
gradient descent. The entire training cycle consists of 1000 iterations, with each iteration grouped into sets of
50 steps to monitor reward fluctuations. Training terminates if the reward change remains below 1 x 10~ for
50 consecutive iterations. This study examines the transient stability of the system when three-phase short-
circuit faults occur at Bus 8, Bus 28, and Bus 29 and persist for 0.1 s, with a simulation time set to 6 s. And
the expert demonstrations utilized in this work were generated by the PPO agent that had been trained to
convergence. The reward trajectory of the PPO agent stabilized after approximately 400 episodes, indicating
it had reached a mature performance plateau (its learning curve is shown in Section 4.2). Data collected from
a subsequent 800 episodes were used to form the expert dataset, ensuring the policy’s behavior was stable
and representative of a proficient, near-optimal control strategy. It is noteworthy that the expert policy is not
required to be perfectly optimal. The core objective of leveraging this expert data is to provide a high-quality
initialization for the GA-PPO agent, thereby guiding its initial exploration and significantly accelerating the
training process. The subsequent adversarial training phase enables the agent to refine and potentially surpass
the expert’s performance. The hyperparameter settings for the GA-PPO algorithm are shown in Table 1.

The loss curve and reward function curve during training of the proposed GA-PPO algorithm are shown
in Fig. 4.

The agent’s reward function gradually increases during the first 50+ exploration rounds, indicating that
the network is learning to avoid actions that cause the power angle to become unstable. Around 100 rounds,



Energy Eng. 2026;123(7):13

1

the reward function gradually approaches —20, while the loss also converges toward 0. Subsequently, the
agent continues to explore more optimal strategies based on this foundation.

Table 1: Model parameters

Parameter Value
Policy network learning rate 5%107°
Value network learning rate 5x107°
Discriminator learning rate 2x107*
y 0.98
A 0.95
Hidden layer [256, 256, 256]
Batch sizes 50
1.4 30
12 25
s P 20 /
& N\ ~ /
< 08 j =15
S 0.6 | = 10
2 |~ & Z
'§ 0.4 i \\ 5 )_‘// ;’
0.2 \\ 0 /
00 |1 2 3 4 5 6 ) 3

t(s)

t(s)

10

w N ~
Node ID

IS

Figure 4: The simulated fault on Bus 8 during system operation without preventive control measures

Based on the training results of the GA-PPO algorithm, the agent’s preventive control strategy for the
predefined fault set is shown in Table 2, with adjustments made for each controllable generator node. Nodes
38 and 39 exhibit poor transient stability and are prone to triggering transient instability during faults,

resulting in the largest power output adjustments. Conversely, Node 32 demonstrates better stability, leading

to the smallest power output adjustment.

Table 2: Prevention and control strategy based on GA-PPO

Generator node ID Output before adjustment Adjusted output Adjustment amount

30 (p.u.) 2.5 2.4435 0.0565

32 (p.u.) 6.5 6.4954 0.0046
33 (p.u.) 6.32 6.2655 0.0545
34 (p.u.) 5.08 5.2293 —-0.1493
35 (p.u.) 6.5 6.5329 -0.0329
36 (p.u.) 5.6 5.6459 -0.0459
37 (p.u.) 5.4 5.4137 -0.0137
38 (p.uw.) 8.8 8.1405 0.6595
39 (p.u.) 10 9.686 0.314
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Further observation of the power angle and voltage curves in the preventive control scenario following
a three-phase short circuit on bus 8 is shown in Figs. 5 and 6.

209 iy ,
Q ~
E 08 %1) / 6.e
= 54 Z —“.;
§0.7 F § 57
% &
506 H 2 4
5

05 —_ 3

O;
0.4 5

S
w
o
S}
8}

3 4 5 6 1 2 3 4 5 6
£(s) £(s)

Figure 5: The simulated fault on Bus 8 during system operation with GA-PPO output strategy

Raw reward
Smoothing reward

Cumulated reward

0 200 400 600 800 1000
Training steps

Figure 6: The reward curve for the improved IEEE 68-node system

Fig. 5 demonstrates that without preventive control measures, the simulated fault on Bus 8 during
system operation would cause the generator’s power angle to lose synchronization. This results in severe
node voltage oscillations, with excessively high peak voltages at the instant of fault clearance, rendering the
system inoperable. However, after implementing output adjustments using the GA-PPO output strategy, the
generator phase angle deviation curve and node voltage curve during a severe fault are shown in Fig. 6. It is
evident that the generator phase angle deviation does not exhibit a continuously widening trend. Although
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voltage oscillations occur to some extent after the fault, they gradually stabilize as the system operates. No
generator desynchronization or sustained severe node voltage oscillations occur, and the peak node voltage
at the instant of fault clearance remains below Vj}**.

This paper further verifies the effectiveness of the proposed method on the modified IEEE 68-node
system, which comprises 68 buses, 16 generators, and 33 loads. A wind farm consisting of 114 doubly fed
induction generators (DFIGs) with 570 mw is integrated at Bus 5. The wind speed model for the wind
farm is simulated using a Weibull distribution. All synchronous generators in the system are represented by
sixth-order models, while the DFIGs are modeled using third-order representations. To simulate transient
instability, a typical fault scenario is implemented as follows: a three-phase short-circuit fault is applied at
Bus 15, Bus 29, and Bus 47 at ¢ =15, with a fault duration of 0.1 s. Load levels are randomly selected between
90% and 110% to enhance sample diversity. The agent is trained based on the GA-PPO algorithm, and the
resulting reward curve is shown in the figure below.

As observed, the training curve of the GA-PPO algorithm exhibits a highly stable convergence trend.
The reward rises to around —1 after approximately 200 episodes and eventually converges near —0.05 after
about 900 episodes.

Upon completion of training, a fault scenario is selected from the training set to validate the effectiveness
of the control strategy learned by the agent: a three-phase short-circuit fault occurs at Bus 47 with a duration
of 0.1 s and a load level of 99%. Without control intervention, the system voltage response in this scenario
is shown in Fig. 7a. The system fails to maintain transient stability after being subjected to this significant
disturbance. When the trained agent is applied to implement preventive control in the same scenario, the
resulting system dynamic response is shown in Fig. 7b.
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Figure 7: The system voltage response curve. (a) Without preventive control. (b) With GA-PPO output strategy

The corresponding control strategy of the agent is presented in Table Al in the Appendix A. The results
demonstrate that after the agent implements preventive control actions, the system voltage can be promptly
restored to within the permissible range and remain stable, indicating that both rotor angle stability and
voltage stability of the system are maintained.
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4.2 Comparison of Different Methods

To further validate the effectiveness of the proposed method, we selected two commonly used continu-
ous action space DRL methods from existing studies [22] —PPO and SAC—as comparison algorithms. The
final results are shown in Fig. 8.
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Figure 8: The result of different algorithms

The first 50 training rounds of the SAC algorithm constitute the experience accumulation phase. After
50 rounds, the reward curve first declines and then rapidly rises, indicating that the agent learns effective
information from exploration. It eventually converges around —20, exhibiting overfitting. In contrast, the
reward curve of the PPO algorithm continues to rise throughout the entire training process. As shown
in Fig. 8, during the early training phase, our method learns from expert demonstrations to explore higher-
reward regions more rapidly. The enlarged region further demonstrates that GA-PPO achieves superior
reward convergence compared to both SAC and PPO algorithms.

The convergence performance of different algorithms is presented in Table 3. It can be observed that
GA-PPO requires the shortest computational time during the training phase, amounting to only 19.62 h.
This represents a 16.79% improvement over the PPO algorithm and a 30.96% improvement over SAC.
Furthermore, in terms of the convergent reward, GA-PPO achieves a value of —18.3, which is notably higher
than those of PPO (-19.1) and SAC (-22.7), representing an improvement of approximately 4.19% over
PPO and 19.38% over SAC. Ignoring the electromechanical transient simulation time, all three agents take
only about 0.002 s from receiving the state to providing preventive control decisions, with negligible time
differences. However, there are slight differences in the objective function, as shown in Eq. (2). The GA-PPO
has the lowest total adjustment (1.3619 p.u.).
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Table 3: Comparison of convergence performance

. Training Convergent Reward Total
Method Training time ) . .
improvement reward improvement adjustment
SAC 28.42h (baseline) -22.7 (baseline) 2.0521 (p.u.)
PPO 23.58 h 20.53% -19.5 16.41% 1.5489 (p.u.)
GA-
PPO 19.62 h 30.96% -18.3 19.38% 1.3619 (p.u.)

4.3 Sensitivity Analysis of Parameter «

To further investigate the effectiveness of the proposed method, an analysis is conducted on the
parameter « in Eq. (22). Training is performed with « set to 0.3, 0.6, and 0.9, respectively. The performance
of the GA-PPO reward curves for each parameter setting is as follows (Fig. 9):
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Figure 9: The performance of GA-PPO reward curves for each parameter

It can be observed that the configuration with « = 0.9 demonstrates the best performance, requiring
only 12.3 h to converge and achieving the highest final reward (-0.05). While the configuration with
a = 0.6 eventually attains the reward (-1.06), it necessitates a longer training duration of 13.5 h. In contrast,
the « = 0.3 configuration requires 14.8 h of training and only achieves a same reward of —1.06, failing to reach
the optimal performance level. This comparative analysis confirms the superior performance of the a = 0.9
parameter setting.

4.4 Generalization Performance Analysis

To analyze the generalization capability of the trained agent, a testing scenario involving a new fault not
encountered during training is conducted: a three-phase short-circuit fault occurs at Bus 28 with a duration
of 0.1 s and a load level of 99%. Fig. 10 presents the system voltage response curves without control and
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with control actions applied by the agent in this scenario. The corresponding control strategy of the agent
is provided in Table A2 in the Appendix A. The results indicate that the agent can still produce effective
control decisions when confronted with unseen testing scenarios, thereby demonstrating its satisfactory
generalization performance.
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Figure 10: The system voltage response curve. (a) Without preventive control. (b) With GA-PPO output strategy

5 Conclusion

The computational complexity of transient stability preventive control methods for conventional
power systems increases exponentially with grid scale expansion. Meanwhile, the DRL algorithm imposes
significant training burdens due to extensive interactions with transient simulators during training. Recent
approaches such as distributed architectures and multi-agent systems have partially improved learning
efficiency but introduce new demands on experimental equipment. Therefore, this paper proposes a
GA-PPO-based preventive control architecture with the following advantages:

1. The discriminator network parameterizes the gap between expert demonstrations and generated
trajectories, integrating environmental rewards to refine the advantage function of the PPO algorithm,
thereby enhancing the agent’s exploration efficiency.

2. To address GAN’s vanishing gradients and mode collapse issues, the objective function is restructured
using Wasserstein distance. Improvements to the discriminator’s network architecture and update
mechanism ensure more stable training.

3. During adversarial training between discriminator and generator, continuous refinement of the advan-
tage function enables the value network to obtain more precise advantage estimates. This further guides
the exploration direction of the generative policy, reducing exploration difficulty.

Further research will be conducted on the impact of different hyperparameters on the convergence
speed and effectiveness of reinforcement learning for intelligent agents; future investigations will also include
a systematic analysis of the reward function’s structure and its hyperparameters, so as to further enhance the
performance and interpretability of the proposed control framework.
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Abbreviations

GA-PPO Generative adversarial proximal policy optimization

MDP Markov decision process

PPO Proximal policy optimization

GAN Generative adversarial network

SAC Soft actor-critic

TSC-OPF Transient stability constrained-optimal power flow

TSI Transient stability index

DRL Deep reinforcement learning

P, Pgi The initial and adjusted generator output

h(x), S (x) The equality constraints and inequality constraints

pax, pmin The upper and lower limits of the active power output

Qpax, Qin The upper and lower limits of the reactive power output

Vmax |y min The upper and lower limits of the voltage magnitude

P, Pi‘;‘i“ The upper and lower limits of the power flow on line from node i to j
OBi The phase angle of node i

K The penalty for system power flow non-convergence after operation
Tg>TE The agent policy and expert policy

o The parameter for balancing strategy improvement and cloning
Appendix A

Table Al: Prevention and control strategy for IEEE 68-node system based on GA-PPO

Generator node ID Output before adjustment Adjusted output Adjustment amount
1(p.u.) 2.5 2.55 —-0.05
2 (p.u.) 5.45 5.341 0.109
3 (p.u.) 6.5 6.3733 0.1267
4 (p.u.) 6.32 6.2257 0.0943
5 (p.u.) 5.052 4.9567 0.0953
6 (pu.) 7 6.86 0.14

(Continued)
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Table Al (continued)

Generator node ID Output before adjustment Adjusted output Adjustment amount
7 (p-u.) 5.6 5.6028 -0.0028
8 (p.u.) 5.4 5.2936 0.1064
9 (p.u.) 8 7.8449 0.1551
10 (p.u.) 5 5.0125 -0.0125
11 (p.u.) 10 10.1997 -0.1997
12 (p.u.) 135 13.77 -0.27
13 (p.u.) 35.91 36.628 -0.718
14 (p.u.) 17.85 17.8583 -0.0083
15 (p.u.) 10 10.1989 —-0.1989
16 (p.u.) 25 2.55 ~0.05

Table A2: Generalization performance analysis for IEEE 68-node system

Generator node ID Output before adjustment Adjusted output Adjustment amount
1(p.u) 2.5 2.6236 -0.1236
2 (p.uw.) 5.45 5.3403 0.1097
3 (p.u.) 6.5 6.11 0.39
4 (p.u.) 6.32 5.9408 0.3792
5 (p.u.) 5.052 4.9742 0.0778
6 (pu.) 7 6.58 0.42
7 (pu.) 5.6 5.4928 0.1072
8 (p.u.) 5.4 5.0763 0.3237
9 (p.u.) 8 8.1031 —-0.1031
10 (p.u.) 5 5.1616 -0.1616
11 (p.u.) 10 10.6 -0.6
12 (p.u.) 13.5 13.2313 0.2687
13 (p.u.) 35.91 38.0646 -2.1546
14 (p.u.) 17.85 18.47 -0.62
15 (p.u.) 10 10.1719 -0.1719
16 (p.u.) 2.5 2.6236 —-0.1236
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