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ABSTRACT: This study presents an emergency control method for sub-synchronous oscillations in wind power grid-
connected systems based on transfer learning, addressing the issue of insufficient generalization ability of traditional
methods in complex real-world scenarios. By combining deep reinforcement learning with a transfer learning frame-
work, cross-scenario knowledge transfer is achieved, significantly enhancing the adaptability of the control strategy.
First, a sub-synchronous oscillation emergency control model for the wind power grid integration system is constructed
under fixed scenarios based on deep reinforcement learning. A reward evaluation system based on the active power
oscillation pattern of the system is proposed, introducing penalty functions for the number of machine-shedding rounds
and the number of machines shed. This avoids the economic losses and grid security risks caused by the excessive
one-time shedding of wind turbines. Furthermore, transfer learning is introduced into model training to enhance the
model’s generalization capability in dealing with complex scenarios of actual wind power grid integration systems.
By introducing the Maximum Mean Discrepancy (MMD) algorithm to calculate the distribution differences between
source data and target data, the online decision-making reliability of the emergency control model is improved. Finally,
the effectiveness of the proposed emergency control method for multi-scenario sub-synchronous oscillation in wind
power grid integration systems based on transfer learning is analyzed using the New England 39-bus system.

KEYWORDS: Synchronous phasor data; sub-synchronous oscillation; emergency control; deep reinforcement learn-
ing; transfer learning

1 Introduction

With the rapid development of new energy technologies, the share of renewable energy in modern
power systems is continuously rising, and power electronic equipment is being more widely applied in power
grids [1-3]. Renewable energy sources, such as wind and solar power, are increasingly integrated into the grid
on a large scale through electronic devices, fundamentally altering the grid’s structure and dynamic charac-
teristics, and introducing new stability challenges, particularly sub-synchronous oscillations linked to wind
power integration [4,5]. Currently, wind power grid integration systems mainly suppress sub-synchronous
oscillations by optimizing turbine control strategies at the unit level and by incorporating devices like static
synchronous compensators [6,7]. However, due to the complex topology and coupling dynamics of wind
power integration systems, these suppression methods can sometimes fail, leading to difficulties in reliably
controlling sub-synchronous oscillations [8]. Therefore, proactive emergency controls and load-shedding
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measures are needed on the grid side to prevent the spread of sub-synchronous oscillations and to avoid
potential equipment damage or system failures.

Extensive research has been conducted domestically and internationally on emergency control for
sub-synchronous oscillation in wind power grid integration systems. Reference [9] proposed a generalized
harmonic compensation control strategy for an active power filter with a supercapacitor, which effectively
suppresses sub-synchronous oscillations by injecting generalized harmonic currents, including reactive and
oscillation currents. Reference [10] reframed the machine-shedding problem as finding the optimal shedding
rate by calculating the increment in the real part of the system’s aggregate impedance. Reference [11] addresses
the issue of sub-synchronous resonance in a series-compensated DFIG-based wind power plant and proposes
its mitigation through the use of a Battery Energy Storage-based Damping Controller. Reference [12]
introduces a novel approach to mitigating sub-synchronous oscillations in series-compensated transmission
lines by employing a resonant controller in combination with a control loop for the doubly fed induction
generator. Reference [13] aimed to enhance system damping by establishing shedding criteria based on
frequency-domain impedance criteria and measured complex impedance modulus and phase angle infor-
mation, recommending methods for offline screening of effective machine groups for emergency control
and determining the shedding sequence. However, these methods are based on ideal system conditions
and may not adequately address the variable operation modes and complex environments of real-world
systems. This paper innovatively integrates transfer learning (TL) with deep reinforcement learning (DRL)
to address two critical challenges in wind power grid emergency control: (1) the high dependency of
traditional DRL on massive target scenario data, and (2) the limited adaptability of fixed-scenario models to
dynamic real-world environments. The proposed framework leverages a pre-trained DRL model from source
scenarios (e.g., historical simulations with known wind speeds and grid topologies) and employs Maximum
Mean Discrepancy (MMD) to quantify distribution shifts between source and target domains. By aligning
feature representations via MMD, the proposed framework enables dynamic knowledge transfer across
diverse scenarios, thereby reducing data dependency, enhancing generalization capabilities, and improving
adaptability to real-world operational conditions.

In recent years, artificial intelligence technology has matured rapidly, with wide-spread applications in
areas such as robotics control, autonomous driving, and electronic sports games [14-17]. Transfer Learning
(TF), an emerging field in artificial intelligence, focuses on the core concept of transferring previously
acquired knowledge to similar or related domains. Traditional machine learning methods require building
separate models for different problems, which is both inefficient and leads to unnecessary computational
resource expenditure in practical engineering applications. Transfer learning, however, uses experience or
pre-trained models from prior tasks to accelerate convergence towards effective strategies, reducing the
need for relearning and enhancing adaptability to new tasks or environments. This approach minimizes
training time and computational demands, making the training process more efficient and stable, and has
demonstrated impressive performance in fields like text processing, image classification, and intelligent
planning. Transfer learning is currently applied in power system optimization control and stability analysis.
For example, Reference [18] presented a deep neural network architecture with shared hidden layers for
wind speed prediction, improving short-term prediction accuracy through transfer learning techniques.
Reference [19] proposed a graph convolutional network-based deep reinforcement learning framework
to address topology changes in power system voltage stability control design. These studies illustrate the
effectiveness of transfer learning in transferring knowledge from previous domains to new applications.

Addressing the aforementioned issues, this study constructs a sub-synchronous oscillation emergency
control model for wind power grid integration systems under fixed scenarios, using deep reinforcement
learning. A reward evaluation system is developed based on the system’s active power oscillation pattern,
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incorporating penalty functions for the number of machine-shedding rounds and the number of machines
shed to mitigate economic losses and grid security risks associated with excessive one-time turbine shedding.
Additionally, transfer learning is integrated into the model training to enhance its generalization capability
for managing the complex scenarios typical of real-world wind power grid integration systems. By employing
the Maximum Mean Discrepancy (MMD) algorithm to calculate the distribution differences between source
and target data, the model’s online decision-making reliability is further improved. Finally, the effectiveness
of the proposed transfer-learning-based emergency control method for multi-scenario sub-synchronous
oscillations in wind power grid integration systems is analyzed using the New England 39-bus system.

2 Deep Reinforcement Learning Model
2.1 The DRL Decision Model for Sub-Synchronous Oscillation

The initial definitions of the agent’s state, action, and reward function are crucial in modeling the
emergency control problem of sub-synchronous oscillation in wind power grid integration systems as a deep
reinforcement learning (DRL) problem, as they significantly impact the performance and effectiveness of the
DRL model. Therefore, the state space, action space, and reward function are designed as follows:

2.1.1 State Space

In deep reinforcement learning, the agent perceives the system’s current operating conditions through
the input state space data. This study defines the state space by selecting the voltage magnitude and phase
at the system’s network nodes, as well as the current magnitude and phase at the network branches. For a
system with N nodes and L branches, the agent’s state space can be expressed as:

S = [Vwj» Onjo I1i» 01i] @

In the above equation, Vy; represents the voltage magnitude of the j-th node, I;; represents the current
magnitude of the i-th branch, Oy; represents the voltage phase of the j-th node, 0;; represents the current
phase of the i-th branch.

2.1.2 Action Space

The action space of the agent includes all possible machine-shedding actions for the system. Therefore,
the action space A is defined as follows:

A=laaz...,a,] (2)

In the equation, a4y, . .. a,, represents the machine-shedding control actions.

To enhance the agent’s training effectiveness, the machine-shedding control action space is uniformly
discretized. For the wind power system, the discretized action indices are denoted as follows:

0, ¢c=0
AC:{ a*, 1<c<bh (3)

e

where b denotes the wind farm index, u represents the proportion of wind farm shedding, u =1,2,...h,
c is the action number represented as a natural number, and a denotes the discretized machine-shedding
control actions (e = 1,2, ... b). There are bh groups of actions in total.
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2.1.3 Reward Function

This study proposes dividing the reward function into two main categories: short-term rewards and
long-term rewards. Short-term rewards evaluate whether the current system state satisfies specific constraint
conditions, while long-term rewards assess the system’s stability following the implementation of the control
strategy. The specific design principles for the reward function include:

Re, st € Sgtable
Rp; St € Sstable
0> St € Sconstrain

Rf: St ¢ Sconstrain

Rt = (4)

where s, represents the state obtained by the agent, including synchronous phasor voltage and current
data; Sgiable denotes the set of states where sub-synchronous oscillations have been mitigated after the
implementation of machine-shedding actions; Sconstrain T€presents system constraints; R, is the long-term
reward value for mitigating sub-synchronous oscillations after implementing the machine-shedding control
strategy; Ry denotes the short-term reward function after each round of machine-shedding control actions;
and R, represents the penalty value for system instability due to oscillations after implementing the
machine-shedding control strategy.

(1) Long-Term Stability Criterion

The long-term stability criterion guides the agent’s decision-making by assessing the system’s overall
stability, enabling the agent to learn and optimize control strategies for sustained stable operation. When
sub-synchronous oscillations occur in a wind power grid integration system, oscillations in the active power
on the tieline can be consistently observed. By monitoring variations in the tie line’s active power, the stability
level of the system after applying control actions can be assessed. First, record the adjacent maximum (Py,y &)
and minimum (Pp;, ) values of the active power on the tie line (k € 1,2, 3, - - - ). Then, calculate the oscillation
amplitude (Aj) at different times as shown in Eq. (5).

Ak:Pmaxk_Pmink (5)
This set of discrete points is denoted as Ag. Fit A using an exponential function, as shown in Eq. (6).

A(t) = q1-exp(qat) + g3 (6)

where qi, g2, and g3 are the parameters of the exponential function obtained from fitting Ag. Differentiat-
ing Eq. (6) yields Eq. (7):

A’ (t) = 192 - exp (921) )

Analyzing the above equation, we can see that: When the coefficients satisfy condition g4, < 0, the
oscillation slope is negative, the amplitude gradually converges, and the system exhibits long-term stability.
The larger the value of |g;q2/|, the stronger the system damping, and the higher the system stability. When
the coefficients satisfy condition q;4, > 0, the oscillation slope is positive, the amplitude gradually diverges,
and the system becomes unstable. When the coeflicients satisfy condition g;4q, = 0, the oscillation slope is
approximately zero, resulting in constant amplitude oscillations.

When the coefficients satisfy the condition ;4 < 0, the oscillation slope is negative, leading to a gradual
convergence in amplitude, which indicates long-term stability in the system. A larger absolute value of
|q192| corresponds to stronger system damping and greater stability. Conversely, when the coefficients satisfy
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0192 > 0, the oscillation slope is positive, causing the amplitude to gradually diverge, resulting in system
instability. If the coefficients satisfy q;g, = 0, the oscillation slope is approximately zero, leading to constant
amplitude oscillations.

(2) Short-Term Reward Function

The short-term reward function in this study consists of two components: a reward for limiting the
number of machines shed and a reward for constraining the number of machine-shedding rounds. The
expressions are as follows:

Rf = Tcost T Tstep (8)

The reward function for constraining the number of machines shed involves a weighted summation
of the amount shed, representing the cost associated with the machine-shedding action. This constraint
function guides the agent in developing more effective machine-shedding strategies, achieving an optimal
balance between system stability and economic efficiency. The specific expression is as follows:

b
re = Z Cody (9)
k=1

where aj represents the amount of shedding on the grid side, and c, represents the penalty coefficient for
machine shedding.

The reward for constraining the number of machine-shedding rounds is designed to encourage the agent
to minimize the total number of control rounds. This constraint function aids in achieving faster mitigation
of system oscillations and prevents larger-scale losses. The specific expression is as follows:

Tstep = CnNstep> Nstep =12,... Nmax (10)

where N, is the preset maximum number of control rounds, ¢, is the penalty coeflicient for the number
of machine-shedding rounds, and Ny, is the actual number of machine-shedding control rounds.

2.2 DRL Agent Neural Network

As shown in Fig. 1, the estimated neural network uses operational observation data from the power
system as inputs, with the outputs representing the values of various actions. To accelerate the model’s
convergence and improve training stability, data of different magnitudes are normalized to the same range.
This study employs the Deep Q-Network (DQN) algorithm to construct the deep reinforcement learning
network. The DQN algorithm selects the optimal action by estimating the value of each action generated
by the network. For the DQN algorithm, this paper constructs a five-layer fully connected neural network
as the estimation network. The estimation network consists of three hidden layers to adequately capture the
complex dynamics between the power system’s state and action values. The number of neurons in the input
layer corresponds to the dimensionality of the state space, while the number of neurons in the output layer
corresponds to the dimensionality of the action space. The number of neurons in the hidden layers is set
to 256. The structure of the deep Q target network is the same as the estimation network, with the target
network’s weight parameters inherited from the estimation network’s weight parameters at regular intervals.
The discount factor for the DQN algorithm is set to 0.90, the learning rate for the neural network is set
to 0.0005, and the e-greedy policy increases with the number of training steps, reaching a maximum value
of 0.99.

a; = argmaxq. (s, a; 0) (11)
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where q. (s,a) represents the optimal action value function, a, denotes the control action considered
optimal by the agent, and 6 refers to the parameters of the estimated network.

Input Layer Hidden Layer Output Layer
[V Oy 11 Oili —> ReLU L > g
[Vny Onj L1i, Oril, —> ReLU —> a;
[V O I Orile —> ReLU —> a;
[V O 11 Orile —> ReLU —> q,

Figure 1: Estimating the network structure

The loss function of the estimated network in the DQN algorithm is defined as:

Ly (0:) = Es amp() [()’t -Q(s,a Qt))z] (12)

where s, a ~ P (.) represents the probability distribution over state and action y, denotes the label function,
which is the target function for the i-th iteration; Q (s, a; 6;) represents the output of the estimated network
at the i-th iteration.

The target function y, represents the training objective of the estimated network, which changes with
the network weights, and is defined as follows:

ye=E[r;+ymax, Q(s',a’50,.1)]s, a] 13)

where r, represents the reward obtained in the ¢-th iteration; max,s Q (s’,a’; 0;_;) denotes the maximum
estimated network output corresponding to the action sequence a’.

By differentiating the loss function L, (6;) with respect to the estimated network parameters 6, the
gradient of the loss function concerning the parameters of the estimated neural network in the ¢-th iteration
can be obtained, as shown in the following equation:

VoL (80) = Evanpy | (14 ymax Q(510's011) - Q (5,300) ) 70,Q (5,561)| (1)

where Vy,Q (s,a;6,) represents the gradient of the estimated neural network output with respect to the
neural network parameters during the ¢-th iteration.

By using the gradient descent method to minimize the loss function L, (6;), the internal parameters
0; of the estimated neural network are updated, thus completing the iterative update of the estimated
neural network.

The update process of the DQN algorithm neural network is illustrated in Fig. 2. The specific steps are
as follows:

Step 1: The agent executes actions in the environment based on a greedy policy, collecting experience
tuples < s, Ay, 74, Sp41 >
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Step 2: The collected experiences are stored in an experience replay buffer. A batch of experiences is
randomly sampled from the buffer for learning.

Step 3: For each sampled experience, the target network is used to calculate the maximum Q-value for
the next state. The target Q-value is then calculated based on the reward and discount factor y.

Step 4: The estimated network calculates the Q-values for each action in the current state. The loss
function L, (0;) is then computed, and the gradient descent method is used to minimize the loss function,
updating the weights of the estimated network.

Step 5: Every few episodes, the weights of the estimated network are copied to the target network.

The DQN algorithm has commendable online decision-making capabilities but also exhibits certain
limitations. Consequently, various improved algorithms have been proposed, such as the Rainbow algorithm,
which combines the Double DQN method, Dueling DQN method, and Dropout mechanism. This combi-
nation has demonstrated superior convergence performance. Therefore, this study aims to enhance existing
algorithms to achieve an overall improvement in model training performance.

O Fumction O Fomotio
Q-Function Q-Function
target estimate
O(s,.1,a) O(s,»a,)
O(s,,1»a,) > 0(sy,a,)
Q(Srﬂ > al ) Q(Sl B al )
Q(SHI’aT—l) Q(ST 1:aT 1)

. y/—Q(s/,a,) TD
(" Experience ) v

Replay Buffer Gradient
S, a4 Sy Descent

Sy a, Ty S
s,oa noS, \ 4
ST Estimated
\ST—I ar, Ty S‘T/ Network
+ Delayed Update

[ Target Network ]

Figure 2: DQN algorithm neural network update method

2.2.1 State Space

In the traditional DQN algorithm, the action-value function (Q-value) is updated by maximizing the
Q-value from the evaluation network. However, this approach can lead to overestimation, potentially
resulting in inflated values for certain actions, which adversely affects the selection of optimal actions.
The Double DQN method addresses this by separating action selection from value estimation, effectively
reducing the impact of overestimation. In the Double DQN algorithm, the calculation of the training target
value is performed using both the estimation network and the target network. Specifically, rather than using
the target network to select the action with the maximum Q-value, the estimation network is used to identify
the action that maximizes the Q-value for the next state. The Q-value of this action is then calculated with
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the target network and used to update the estimation network. Consequently, the Q-value update during
training is modified as follows:

QPP = [r11 + pQ (sps1,argmax Q (spsp, asw);w™) — Q (s apw)] (15)

2.2.2 Dueling DQN Algorithm

Dueling DQN represents an enhancement to the DQN neural network. In some states, an action
may have minimal influence on state transitions, while in others, certain actions can significantly impact
the state itself. Therefore, it is important to consider the intrinsic value of the state. The Dueling DQN
method addresses this by modifying the output layer of the estimation network into two branches—one
representing the state value and the other representing the action advantage. This adjustment aims to improve
the algorithm’s convergence performance. The modified neural network architecture of the Dueling DQN
algorithm is shown in Fig. 3.

Input Layer Hidden Layer Dueling Layer Output Layer

Vap Onp 11y Ol —> ReLU Value > @
function

[Vap Oy 11iy O] —> ReLU > a

[Ny Onj I1i Ol —> ReLU > a;
Advantage
function

[VNj, HN,; 11, gLi]t —> ReLU )

Figure 3: Dueling network architecture

The optimal action-value function and the optimal state-value function are defined, along with the
advantage function as follows:

A" (s,a)=Q" (s,a) - V* (s) (16)

In the DQN algorithm, the optimal state-value function is approximated using a neural network, while
the advantage function is also approximated using a neural network. Consequently, the Q-value is calculated
as follows:

Q(s,a;w)=V (s;wV) +A (s, a; wA) —max A (s, a; WA) 17)
a

Due to fluctuations in the state value function and the advantage function, the Q-value may remain
unchanged even if these two functions vary, leading to ambiguity in uniquely determining the state value and
advantage functions through training the Q-network. This could result in multiple combinations without
achieving improved convergence. To address this, the maximum value of the advantage function is subtracted
to obtain better results. In practice, using the mean value has been shown to yield superior outcomes, and
the Q-value calculation is modified as follows:

1

QPueling (s, a) = v (s;) + | A(sr, ar) - A

ZA(St’at):I (18)

at
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2.2.3 Dropout Mechanism

In machine learning models, an excessive number of parameters combined with limited training
samples can lead to overfitting. This issue is particularly prevalent during the training of emergency control
strategies in a single scenario, where excessive training iterations often cause the agent to almost exclusively
select actions with the highest reward value, reducing the exploration of alternative strategies. As a result,
the agent learns a fixed strategy, converging to a local optimum, which hinders adaptation to complex
multi-scenario problems. To mitigate overfitting during neural network training, the Dropout mechanism
is commonly employed. In the Dropout mechanism, certain neurons are deactivated with a specified
probability during forward propagation, meaning they do not participate in parameter calculations. This
approach prevents specific features from being effective only under certain conditions, reducing the joint
effect of correlated hidden nodes and thereby enhancing the model’s generalization capability.

2.2.4 Emergency Control Strategy Algorithm Based on Rainbow

After pre-training, the pre-trained estimation network model, target network model, and experience
buffer are stored. In the full training phase, the model parameters are transferred to a new model, and after
fine-tuning the output layer parameters, the model is used for comprehensive training. The workflow of the
Rainbow algorithm for multi-scenario emergency control is outlined in Algorithm 1.

Algorithm 1: Emergency control algorithm based on transfer learning with Rainbow

Input: Voltage amplitude, voltage phase, current amplitude, current phase
Output: Generator tripping control action sequence
Randomly select a training scenario
. Transfer pre-trained neural network weight parameters
. For episode =1, Agent do
. Initialize system environment and state, load pre-trained model memory bufter
. For step =1, Agent do
. Obtain system state variables s;
Select action based on policy and Dueling network
. Compute reward function value 7,
. Obtain the new state variables of the environment s;;

© 0 N O\ U R W N~

—_
(=]

. Store the tuple <s;, at, 1, 541> in the experience replay bufter D

—_
—

. Randomly sample batch-size samples from the experience replay buffer D for training
. Update the target Q-value using Q°ub'e
. Hide certain neurons in the neural network using Dropout mechanism

— = =
W N

. Update network weights using gradient descent based on the loss function

Ju—
w

. Update target network weights at regular intervals
. End for
End for

— =
N

3 Transfer Learning Model

The goal of transfer learning is to improve or accelerate the learning and performance of a deep
reinforcement learning model in the target task and domain by leveraging knowledge and experience from
the source task and domain. A basic example is illustrated in Fig. 4.
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©
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Figure 4: Example of transfer learning model

In this approach, the target domain model corresponds to the multi-scenario emergency control model
to be developed, while the source domain model consists of historical data or a simulation model of a single
operating condition.

MMD is a statistical method used to measure the difference between two data distributions. The core
principle is that if two distributions are identical, their means in a high-dimensional feature space should
align perfectly. MMD quantifies the similarity between distributions by computing the norm of the mean
difference. In wind power grid integration systems, the distributions of source scenario training data and
target scenario operational data may differ due to factors such as wind speed and grid topology. Directly
applying the model trained on the source scenario may lead to decision failures. By utilizing MMD filtering,
the model is permitted to make decisions only within a reliable distribution range, preventing control failures
caused by discrepancies between scenarios.

3.1 Maximum Mean Discrepancy Algorithm

Suppose F is a set of continuous functions on the sample space, and p and g are two independent
probability distributions. Then MMD can be expressed as:

MMD [F. p.q] = sup (B, [f ()] - Eg [f (1)) (19)
The empirical estimate of MMD is given by:

MMD[F,X,Y]zsup(% mlf(xi)—%if()’i)) (20)

feF i=

where X and Y are two datasets sampled from distributions p and g, respectively; m and » are the sizes of
the datasets.



Energy Eng. 2025;122(8) 3143

Analyzing the above equation shows that if the function set F can be arbitrarily defined, two identical
distributions might yield a large MMD value under a specific function set. Therefore, certain constraints
must be applied.

Define the function set F as any vector within the unit ball in the Reproducing Kernel Hilbert Space
(RKHS) [20]. As a complete inner product space, f (x) can be represented as the inner product of vector f
in the RKHS with vector ¢ (x) in the same space, specifically expressed as:

fx)={f,0())n (21)

Based on the above definition and utilizing the properties of the Reproducing Kernel Hilbert Space
(RKHS), u, can be used to replace E, [¢ (x)] as follows:

MMD [F, p,q] = Hﬁrgl (Ep [f ()] -Eq[f (N])

= sup (EP [(¢(x) ,f)H] -k, [<¢ (y) ’f>H])
I £1 <1 22

= sup (p—tg:f)y
I1<1

= [lup - ug| H
Squaring the MMD gives:

MMD? [F, p,q] = {up t1p) ,, + (> )y = 2t tha)
=Ep (¢ (x),¢(x"))y+Eq(d ()0 (Y))y (23)
—2E; 4 (¢ (x), ¢ (¥))y

Expressing the inner product using the kernel function k (x, x"):
P
k(x,x)y=e 20° (24)

Thus, the solving formula for MMD can be obtained as shown in Eq. (25).

1
2
m

2k (xi7)) (25)

N
i%j i,j=1

MMD [F, X, Y] = ﬁik (xix;) + ﬁ Zn:k(yi’yj) -2
1#]

From the above derivation, it can be seen that MMD obtains the distance between the points
corresponding to the two distributions in the RKHS.

3.2 Transfer Learning Model for Multi-Scenario Oscillation Emergency Control in Wind Power Grid
Integration Systems

3.2.1 Pre-Training in Fixed Scenarios

Pre-training in fixed scenarios aims to train the model on a fixed oscillation scenario so that it can
understand the basic operations and control strategies of the power grid. The specific steps are as follows:

Step 1: Initialize the agent’s policy network parameters.

Step 2: Train the agent using an offline interactive training platform with Python and Simulink.
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Step 3: Save the experience replay buffer, estimated network, target network models, and parameters of
the pre-trained model.

3.2.2 Transfer Learning Training for Multi-Scenario

In implementing multi-scenario emergency control strategies for wind power grid integration systems,
the transfer learning training phase for multi-scenario plays a crucial role. The core purpose of this phase is to
adapt the fixed-scenario pre-trained model to different operating modes and conditions, thus improving the
system’s adaptability to new scenarios and the accuracy of control strategies. Compared to fixed-scenario pre-
training, this phase focuses more on the model’s generalization ability to scenario changes. The emergency

—

control framework based on transfer learning is illustrated in Fig. 5, and the specific steps are as follows:

Step 1: During the full training phase, transfer the neural network model and parameters from the pre-
training phase to a new agent. To enhance the model’s generalization ability, transfer the fully connected
layer parameters of the pre-trained model to the new model and use the Dropout mechanism to disable some
connections between neurons, reducing the risk of overfitting.

Step 2: When initializing the training scenario, select a scenario with the risk of sub-synchronous oscil-
lation as the target scenario for transfer learning training until the model’s reward function value converges.

Simulation
Data
A

I

|

> i I

Layer Layer Layer Action |
|

|

|

]
|
|
|
: Sample Library| Fixed Scenario Pre-trained Model:
| |

A

Fixed. _ Transferred Experience
Scenario Replay Buffer and Agent

Hyperparameters

Pre-training in
Fixed Scenarios

Multi-
Scenario

Data
A

Multi-Scenario Transfer
Learning Training Model

Deploy System
Substation

Multi-
Scenario

Multi-Scenario Transfer
Learning Training

Emergency
» Control [
Model

Measured MMD

Machine
Data Threshold

Shedding

Online
Application

Figure 5: Transfer learning framework for emergency control of sub-synchronous oscillations in wind power grid
integration systems

3.2.3 Online Emergency Control Based on MMD

If the system experiences sub-synchronous oscillation, use the system node voltage magnitudes, phases,
and branch current magnitudes, phases datasets as target domain data. Calculate the MMD value between
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the target domain data and the source domain data used for transfer learning training. If the MMD value is
less than the threshold a, invoke the agent model, and the agent will provide the optimal machine-shedding
strategy based on the policy network.

4 Case Study

In this study, the wind power grid integration system is modeled using Simulink simulation software,
while the deep reinforcement learning model is built with TensorFlow 2.9, Google’s deep learning framework.
The DQN algorithm is implemented in Python, taking advantage of Python’s ability to interface with
Simulink, allowing the DRL agent to learn through interaction with the environment. The experiments
in this study were conducted on a system running Windows 10 22H2 64-bit. It features an Intel Core i5-
13600K processor with 12 cores at 5.1 GHz, 16 GB of RAM, and an NVIDIA GeForce RTX 4060 Ti GPU with
16 GB of VRAM for accelerated computations. Data storage was provided by a 1 TB solid-state drive (SSD),
supporting efficient model training and simulations.

4.1 Pre-Training in Fixed Scenarios

In this case study, the New England 39-bus system was modified to include wind farms WF1 to WF9
connected at nodes 4, 5, 7, 8, 16, 17, 18, 26, and 27. Additionally, series compensation capacitors were added
to lines L4-5 and L17-27. The improved system retains the original 39 nodes and 46 branches but exhibits
significant changes in network topology due to the integration of wind farms and series compensation
capacitors. The network topology is shown in Fig. 6.
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Figure 6: Modified New England 39-bus system
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In the modified New England 39-bus system, 99 scenarios with sub-synchronous oscillations were
generated. Based on these scenarios, adjustments were made to wind speed conditions, resulting in a total
of 20,000 sub-synchronous oscillation scenarios. The wind speed conditions, series compensation capacity,
and wind turbine output are detailed in Tables 1-3, respectively.

Table 1: Wind speed conditions

Scenario I (m/s) Scenario II (m/s) Scenario III (m/s)
7 8 9

Table 2: Series compensation capacity settings

Scenario I/% Scenario II/% Scenario II1/%

@ 15 20 25
C2 20 30 35

Table 3: Wind turbine output

Wind farm Scenario I/Units Scenario II/Units Scenario III/Units

WF1 205 310 260
WE2 185 290 240
WE3 210 310 260
WF4 175 280 230
WE5 190 295 245
WF6 170 275 225
WE7 180 285 235
WES8 200 305 255
WEF9 195 300 260

The scenarios with oscillations are shown in Table 4.

Table 4: The scenarios with oscillations

Scenario  Series compensation/wind  Scenario  Series compensation/wind  Scenario  Series compensation/wind

number turbine output/line number turbine output/line number turbine output/line
disconnection number disconnection number disconnection number

1 I/11/5 34 TI/111/18 67 11/1/40

2 I/111/5 35 II/111/19 68 11/11/40

3 1/11/5 36 1I1/111/20 69 11/111/40

4 II/111/5 37 III/111/21 70 111/1/40

5 111/1/5 38 II/111/22 71 111/11/40

6 I11/11/5 39 II1/111/23 72 II1/111/40

7 II1/111/5 40 II1/111/24 73 II/111/41

8 1I/111/6 41 1/11/25 74 II1/11/41

9 11/11/6 42 I/111/25 75 II/111/41
10 III/111/6 43 11/11/25 76 1I/111/42

1 1/111/7 44 1I/111/25 77 111/11/42

(Continued)
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Table 4 (continued)

Scenario  Series compensation/wind  Scenario  Series compensation/wind  Scenario  Series compensation/wind
number turbine output/line number turbine output/line number turbine output/line
disconnection number disconnection number disconnection number

12 1/11/7 45 111/1/25 78 III/111/42

13 /11/7 46 1I1/11/25 79 1/1/43

14 /117 47 [I1/111/25 80 1/11/43

15 /1117 48 11/111/26 81 I/111/43

16 I1/111/8 49 1I1/11/26 82 11/1/43

17 II1/11/8 50 III/111/26 83 11/11/43

18 1I/111/8 51 /111/27 84 11/111/43

19 /19 52 I11/111/28 85 I11/1/43

20 III/111/10 53 [11/11/29 86 111/11/43

21 /171 54 1I1/111/29 87 II1/111/43

22 II/111/11 55 III/111/31 88 11/111/44

23 I/1/1 56 II1/111/32 89 II1/11/44

24 III/111/11 57 III/111/33 90 I11/111/44

25 [I/111/12 58 I11/111/34 91 1/11/45

26 III/111/13 59 I1I/111/35 92 1/111/45

27 II/111/14 60 1II/111/36 93 11/1/45

28 1/111/15 61 1I1/111/37 94 11/11/45

29 III/111/16 62 III/111/38 95 I1/111/45

30 II/111/17 63 I11/111/39 96 111/1/45

31 11/1/40 64 1/1/40 97 1I1/11/45

32 11/11/40 65 1/11/40 98 [I1/111/45

33 11/111/40 66 1/111/40 99 [11/111/46

The fixed scenario pre-training uses condition 64. The changes in the reward function during the agent’s
training process are shown in Fig. 7.

As shown in the Fig. 7, after 3000 episodes, the agent’s exploration rate decreases, and it increasingly
relies on decisions from the policy network. The reward function begins to converge and fully stabilizes
after 4000 episodes, at which point the agent learns a stable control strategy. The emergency control strategy
developed by the agent in response to sub-synchronous oscillations caused by the disconnection of line 40
in this case study is presented in Table 5.

Figure 7: Changes in reward function during agent training
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Table 5: Emergency control strategy

Control step Control action Amount shed Stability criterion Reward value

Step 1 Shed WF1 185 Convergent -5.7
Control result / / Stable 114.3

At 6 s, wind farm WFI sheds 185 turbines, restoring system stability. The voltage at node 16 and the
current in branch L16-17, before and after the implementation of emergency control measures, are shown
in Fig. 8. It can be observed that after applying the emergency control strategy provided by the DRL model,
sub-synchronous oscillations are quickly and reliably eliminated.
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Figure 8: Voltage and current curves of the system

4.2 Transfer Learning Training Phase

The target network policy structure, estimated network policy structure, experience replay bufter, and
neural network hyperparameters from the pre-trained fixed scenario model are transferred. A total 0f 15,000
oscillation scenarios are randomly selected as the training environment for transfer learning. Fig. 9 displays
the reward value curve during the initial training session of the transfer learning model.
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Figure 9: Reward function curve in the early stage of transfer learning

As shown in the Fig. 9, during the initial stage of transfer learning, the agent cannot immediately
learn the optimal control strategy due to changes in the training scenarios. By adjusting the exploration
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coefficient, the agent’s exploration rate is increased, enabling it to better learn optimal strategies across
different scenarios. After 3500 episodes, the agent’s exploration rate decreases, and it increasingly relies on
decisions from the policy network, with the reward function beginning to converge.

As the training progresses, the agent’s exploration coeflicient is gradually reduced, decreasing the
necessary exploration process required in the initial stages. Fig. 10 shows the reward value curve of the fully
trained transfer learning model. It can be seen that the agent is able to provide actions with high reward
values based on its own strategy from the early stages. At this point, the model has formed a relatively stable
neural network structure and parameters. When applied online, setting the exploration coefficient of the
model to zero will enable the emergency control model to output the correct machine-shedding decisions.
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Figure 10: Reward function curve of the fully trained transfer learning model

To more intuitively demonstrate the advantages of transfer learning, an emergency control model
without transfer learning is used as a control group, with the results shown in Fig. 11. In the early training
stages, the control group’s average reward function value is significantly lower than that of the model with
transfer learning. After the exploration rate decreases, the control group without transfer learning is unable
to develop a stable neural network structure and parameters, resulting in large fluctuations in the reward
function and an inability to accomplish the task of online emergency control for sub-synchronous oscillations
in the wind power grid integration system.
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Figure 11: Comparison of reward function curves between transfer learning model and control group
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Applying the sub-synchronous oscillation emergency control model, trained with complete transfer
learning, to an actual wind power grid integration system may encounter issues if there are significant
differences between the current system’s topology or operating mode and the training scenarios, which can
prevent the model from providing accurate decisions. Therefore, after detecting oscillations, it is essential to
calculate the Maximum Mean Discrepancy (MMD) value between the current system state variables and the
transfer learning data. Based on the MMD value, it can be determined whether to use the decisions provided
by the emergency control model. This study compares the decision reward values of the transfer learning
model across oscillation scenarios with varying MMD values, as shown in Table 6.

Table 6: Decision reward values of the transfer learning model under different MMD values

Scenario MMD value Decision reward value

1 0.0420 112.4
2 0.1065 109

3 0.1617 91.6

4 0.2297 -32.6
5 0.2507 -24.8
6 0.3016 -37.2
7 0.3518 -29.2
8 0.3967 -29.8
9 0.4512 -33.6

The reward values here are the actual rewards for single actions, not the moving average values.

As shown in Table 6, in entirely new scenarios, the model can provide correct machine-shedding
decisions if the threshold a is relatively small. However, when the threshold a is large, the input data from
the new scenario deviates significantly from the data distribution used during transfer learning training,
preventing the model from reliably making correct machine-shedding decisions. Consequently, this study
selects a threshold a of 0.15.

To validate the effectiveness of the proposed method, a new oscillation condition 96, which was not
used in training, is set. The wind speed conditions are shown in Table 7.

Table 7: Wind speed conditions for oscillation condition 96

Wind farm Wind speed (m/s) Wind farm Wind speed (m/s)

WF1 7 WE6 8
WE2 9 WE7 7
WE3 7 WES8 8
WF4 9 WEF9 8
WE5 8 / /

The MMD value for this scenario is calculated to be 0.054, which is less than 0.15. Thus, the emergency
control model is activated to mitigate the oscillation. After inputting the synchronous phasor data of node
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voltage and current into the emergency control model, the decisions provided by the model are shown
in Table 8.

Table 8: Emergency control strategy

Control step Control action Amount shed Stability criterion Reward value

Step 1 Shed WE2 150 Convergent -5
Control result / / Stable 115

At 11 s, wind farm WEF2 sheds 150 turbines, restoring system stability. The voltage at nodes, branch
currents, and system power variation curves before and after implementing emergency control measures
are shown in Figs. 12 and 13. These figures demonstrate that the multi-scenario sub-synchronous oscillation
emergency control model for wind power grid integration systems, based on transfer learning, can promptly
provide machine-shedding strategies and effectively eliminate system oscillations in new scenarios.
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Figure 12: Voltage and current curves of the system before and after emergency control
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Figure 13: System power variation curves before and after emergency control

Table 9 presents the results of the current mainstream methods for sub-synchronous oscillation-
based emergency generator shedding in wind power grid integration systems. It can be observed that the
impedance-based identification method successfully suppressed the oscillations after one round of generator
shedding. However, this method resulted in the shedding of 205 turbines from WFI and 85 turbines
from WE2. The dynamic generator shedding method based on wide-area measurements suppressed the
oscillations after two rounds of generator shedding, involving the shedding of 185 turbines from WF2 and
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205 turbines from WF], totaling 390 turbines. In summary, it is evident that the proposed method in this
paper achieves rapid suppression of oscillations while maximizing the retention of turbine numbers.

Table 9: Generator shedding results of mainstream methods

Method Control step Control action Amount shed
. . . Shed WF1 205
Impedance-based identification Step 1 Shed WE2 85
Step 1 Shed WF2 185

Wide-area measurements suppressed the oscillations Step 2 Shed WEL 205

5 Conclusions

This study presents an emergency control method for sub-synchronous oscillations in wind power
grid integration systems, based on transfer learning. First, a fixed-scenario emergency control model for
sub-synchronous oscillations is constructed using deep reinforcement learning. A reward evaluation system
is developed based on the oscillation pattern of the system’s active power, with penalty functions for the
number of machine-shedding rounds and the number of machines shed, aiming to minimize economic
losses and grid security risks associated with excessive one-time turbine shedding. Additionally, transfer
learning is integrated into the model training to improve its generalization capability for handling the
complex scenarios typical of actual wind power grid integration systems. The Maximum Mean Discrepancy
(MMD) algorithm is introduced to calculate distribution differences between the source and target data,
enhancing the model’s reliability in online decision-making. Finally, the proposed method is validated using
the New England 39-bus system simulation. Results demonstrate that this method can provide fast and
effective machine-shedding commands in scenarios that meet the threshold.

The sub-synchronous emergency control method proposed in this paper may encounter extreme
situations in practical applications where the system state does not meet the MMD threshold requirements.
Currently, this can only be addressed through manual determination for emergency generator shedding
control under such conditions. Future research could combine data-driven and physics-based models to
investigate emergency control strategies for sub-synchronous oscillations in the full scenario of wind power
grid integration.
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