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ABSTRACT Given the continuous development of society and the escalating demand for clean energy,
there is an imperative focus on wind farm control to overcome the primary obstacle hindering wind farm
development: high operation and maintenance costs. This paper presents innovative solutions for intelligent
fault-tolerant active power control design based on reinforcement learning, aiming to optimize the balance
between grid load and wind farm active power. The proposed solutions effectively handle a range of
fault scenarios, addressing both active power control and frequency regulation while safeguarding faulty
wind turbines against further deterioration. Through comprehensive simulations conducted on a wind farm
benchmark model, the efficacy of these solutions and strategies is demonstrated, showcasing their ability to
achieve both passive and active fault-tolerant control across diverse load and fault scenarios.

INDEX TERMS Wind farm, active power, reinforcement learning, fault-tolerant control.

I. INTRODUCTION

Offshore wind farms have emerged as a promising solution
for meeting the escalating demand for clean and renewable
energy. However, the offshore environment presents numer-
ous challenges, and the complex nature of wind turbine
systems adds to the operational and control difficulties.
Active power control (APC) plays a vital role in maximizing
power production and ensuring stable grid integration, par-
ticularly by supporting frequency regulation. Nevertheless,
traditional control strategies encounter difficulties in adapting
to dynamic operating conditions, managing sophisticated
structural loadings, and mitigating the impact of faults or
disturbances. Consequently, these limitations often result in
suboptimal performance and increased downtime, highlight-
ing the need for innovative approaches to enhance APC in
offshore wind farms.

The associate editor coordinating the review of this manuscript and

approving it for publication was F. R. Islam

In recent years, substantial research advancements have
been made in the field of APC for wind farms. The primary
objective of APC is to maximize energy output and improve
the economic impact of wind farms. In [1], a hierarchical
predictive control method with multiple temporal and spatial
scales is proposed to improve the efficiency of cooperative
active power generation. Papers such as [2] and [3] fur-
ther investigate APC problem considering factors such as
wind turbine lifetime and fatigue loads, respectively. Since
offshore wind farms are often located far from residential,
commercial, and industrial areas, electricity generated needs
to be transmitted to high-demand regions through the power
grid. Consequently, an increasing number of studies are
focusing on frequency regulation. For a comprehensive
overview of research progress in control strategies and wind
farm frequency regulation capability, refer to [4]. As an
example, the authors of [5] proposed an innovative wind farm
deloading power coordinated distribution method, accounting
for differences in wind speed. Having said that, the stability
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of control can be affected by various frequency events
that may occur under different conditions, such as sudden
variations in electrical loads, new generation allocation,
generator disconnection, and disturbances due to faults and
failures. Addressing this issue, [6] employs optimal control
and investigates frequency excursions caused by voltage dips,
which can be considered as frequency events. Another work
in [7], comprehensively investigates various active power
control schemes to support grid frequency regulation in wind
farms. This work presents two effective control schemes,
based on adaptive pole placement control and fuzzy gain-
scheduled proportional-integral control approaches, capable
of mitigating various frequency events. The cited contribu-
tions mentioned above make significant strides in advancing
the understanding and practical implementation of APC
strategies for offshore wind farms, thereby paving the way
for further advancements in the field.

In recent years, there has been a growing interest
in leveraging artificial intelligence techniques to enhance
the operation and control of wind farms. Among these
techniques, reinforcement learning (RL), a branch of
machine learning, has demonstrated remarkable capabilities
in autonomous decision-making and control tasks with
Markov property [8]. By learning from interactions with
the environment, RL agents can optimize their behavior
and adapt to changing conditions, making them a promising
solution for complex control problems. Research efforts
focusing on wind farm control problems have highlighted the
potential of RL-based methods in maximizing power gener-
ation and achieving power reference tracking objectives [9].
To enhance the power conversion efficiency, researchers have
designed RL algorithms to tackle various optimization and
control problems, such as layout optimization [10], [11],
yaw tracking [12], [13], and active power control [14].
However, when applying RL to wind farm control problem,
some studies have also considered additional factors. For
instance, in [15], authors proposed an ensemble-based deep
reinforcement learning (DRL) framework to minimize the
learning cost associated with wind farm control. The afore-
mentioned studies have a central focus on optimizing power
generation by leveraging RL-based techniques. Similarly,
in the context of wind farm APC, [14] introduced an RL-
based controller designed to balance power generation and
load while taking grid frequency stability into account. This
research outcome serves as a prime example of employing RL
to enhance APC strategies in wind farms, demonstrating its
efficacy in addressing the complexities of power generation
maximization, power reference tracking, and maintaining
grid frequency stability. However, further research is needed
to explore and enhance the performance of RL-based
approaches in real-world wind farm scenarios, considering
critical factors such as complex environmental conditions,
external disturbances, and fault tolerance requirements.
Conducting further research in these areas will unlock the full
potential of RL in enabling intelligent fault-tolerant control
(FTC) for active power regulation in offshore wind farms.
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Intelligent FTC strategies may encompass both passive
FTC (PFTC) and active FTC (AFTC) approaches, playing
a vital role in ensuring reliable and efficient operation
by mitigating the impact of faults and disturbances [16],
[171, [18], [19], [20], [21]. PFTC involves the design of
control strategies that passively maintain stable operation
in the presence of faults. However, it is worth noting that
the fault tolerance capabilities provided by PFTC are often
limited [22], [23]. In light of this limitation, researchers
are increasingly leaning towards AFTC approaches, which
rely on online fault diagnosis information and/or advanced
adaptive mechanisms to actively mitigate the impact of
faults and enhance overall system performance. Recent
advancements in AFTC have introduced the development
of robust adaptive event-triggered mechanisms for fault-
tolerant consensus control [24] and cooperative fault-tolerant
output regulation [25], demonstrating significant potential
in multiagent systems for a broad range of applications,
including those prone to actuator faults and other dis-
turbances [24], [25]. AFTC approaches used for wind
turbines can be categorized as model-based [26], model-
free [27], data-driven [28], or hybrid [29], depending on
the specific control objectives. These approaches consider
various fault scenarios, such as power generation reduction
caused by blade erosion/debris buildup [27], [29], [30],
actuator faults [30], and others.

By harnessing the capabilities of RL, the proposed
PFTC and AFTC solutions in this paper aim to address
the aforementioned gaps and pave the way for more
intelligent and efficient control strategies in offshore wind
farm operations. More specifically, these control solutions
incorporate RL with data-driven modeling and identification
approaches to enable intelligent FTC for regulating active
power in offshore wind farms, even in the presence of various
frequency events, including wind farm faults. By leveraging
RL’s ability to learn from interactions with the environment,
adapt to dynamic operating conditions, and optimize control
decisions, the proposed solutions enhance the reliability,
resilience, and performance of offshore wind farm operations.
Moreover, by incorporating fault detection, diagnosis, and
mitigation mechanisms within the RL framework, these
solutions provide a comprehensive approach to address fault
tolerance requirements.

In comparison to existing studies, this paper makes
significant contributions in the following areas:

1. An intelligent RL-based solution is developed for
PFTC, ensuring reliable control of active power and fre-
quency regulation in the presence of various frequency
events and faults. By leveraging RL, the proposed
PFTC solution optimizes control decisions and adapts
to changing conditions, enhancing the stability and
performance of wind farm operations.

2. Building upon the PFTC solution, an intelligent RL-
based AFTC solution is introduced. This solution
goes beyond PFTC by incorporating an effective fault
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detection and diagnosis (FDD) system. The FDD
system allows for the detection and diagnosis of faults,
enabling resilient control of active power and frequency
regulation in offshore wind farms. Additionally, the pro-
posed AFTC solution safeguards faulty wind turbines
from further damage during fault periods, ensuring their
protection and longevity.

3. To fully showcase the effectiveness of the designed
control solutions, a comprehensive investigation is
conducted using a realistic offshore wind farm bench-
mark model. Various frequency events and wind farm
fault scenarios are carefully designed and analyzed.
The results validate the capability of the proposed
control solutions in improving the reliability, efficiency,
and resilience of wind farms in real-life operational
challenges.

The structure of the paper is organized as follows:
Section II introduces the benchmark model considered in
this paper and details the modifications made to facilitate the
conducted research. This section also describes the design
of realistic fault scenarios, including faults at both the wind
turbine and wind farm levels. In Section III, an RL-based
controller is proposed, and the concept of PFTC is introduced.
The section delves into the details of the proposed PFTC
solution while also discussing its limitations. Section IV
builds upon the PFTC concept and introduces the concept
of AFTC, highlighting its advantages over PFTC. The
proposed AFTC solution specifically designed for offshore
wind farms is presented. Moving to Section V, simulation
results are presented to evaluate the performance of the
proposed control solutions under various fault scenarios and
operating conditions. The results provide valuable insights
into the effectiveness and robustness of these solutions.
Lastly, in Section VI, the paper concludes by summarizing
the main findings, discussing the implications of the research,
and highlighting potential directions for future studies in the
field of intelligent FTC for offshore wind farms.

Il. WIND FARM BENCHMARK AND FAULTS DESCRIPTION
A. BENCHMARK DESCRIPTION
The simulation benchmark model utilized in this paper is
based on the “SimWindFarm” toolbox proposed in [31],
originally developed under the EU-FP7 project, Aeolus.
By employing this benchmark model, users can tailor the
grid load and monitor grid frequency, providing valuable
support for the APC and frequency regulation processes.
Additionally, this benchmark model operates within the
MATLAB/Simulink environment and incorporates key ele-
ments such as the wind field, wind turbine, and power
grid. This feature enables researchers to design and simulate
various fault scenarios, including actuator faults, power
generation reduction caused by blade erosion or debris
buildup, and frequency events.

The diagram in Fig. 1 illustrates the functional structure
of the wind farm benchmark. This benchmark comprises
a total of N wind turbines, with this paper specifically
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FIGURE 1. Overall structure of wind farm benchmark.

utilizing a design featuring ten 5-MW wind turbines within
the farm. As seen in the figure, the wind farm benchmark
model includes five major components: “wind field”,
“wind turbines”, “grid”, “network operator”’, and “wind
farm controller”. The “wind field” component incorporates
appropriate wake models to represent the aerodynamic
interactions between the wind turbines in the wind farm.
The “wind turbines” component replicates the behavior of
N wind turbines installed in the wind farm. It employs basic
models based on an offshore 5-MW turbine, which have been
previously suggested by the U.S. National Renewable Energy
Laboratory (NREL) [32]. The outputs of this component
include the total active power generated by the wind turbines
and a set of measurements that are utilized by the wind
farm controller. The “grid” component receives two key
inputs: the network load, which signifies the total power
required by consumers on the grid side, and information
regarding the total power generated by the wind farm.
By analyzing the disparity between the demanded and
generated powers, the grid component accurately calculates
the grid frequency. At the operational technology level,
algorithm 1 serves as the baseline (default) operational
procedure utilized in the “‘network operator” and “wind farm
controller”” components, respectively. Regarding the network
operator, distinct operating modes were introduced in the
benchmark model. However, in the context of this paper’s
emphasis on frequency regulation, the operating mode has
been configured specifically for frequency tracking mode.

In conclusion, the fundamental operational process of the
entire benchmark model can be outlined as follows: the wind
field component produces wind speed information, while
the two controllers, namely the network operator and the
wind farm controller, gather essential data to generate diverse
signals, including the power required from the wind farm and
relevant power references for wind turbines. Concurrently,
the grid component acquires both the total power generated
by the wind farm and the overall power demanded by the
network load, subsequently providing the grid frequency
information as output.

B. FAULTS DESCRIPTION
To facilitate the conducted research in this paper, essential
modifications have been made to the benchmark model,
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Algorithm 1 Baseline Operational Procedure in the
Network Operator and Wind Farm Controller

Inputs: {{ V,-(k)|ie N,i < NLf.)
N : The set of natural numbers; N:The number of
wind turbines in a wind farm; k: The time-step;
V; (k) : The ith wind turbine’s measured
nacelle wind speed; f,, : The measured frequency.
Outputs: {P,; (k) |ieN,i < N}
P, ; (k) : The power reference directed towards the
ith wind turbine in the wind farm.
Constants and Variables:
{/0, R,Cp,max’fe’pmin’pmax, c,d,Pq k),
Pqi (k) |ieN,i < N}
p: The air density; R: The turbine’s rotor radius;
Cp,max : The turbine’s maximum power coefficient;
[, : The reference frequency; f ,: The frequency error;
PminsPmax - The minimum and maximum allowable
active power values for wind farm; ¢, d: The control
and dead band values; P4 (k) : The total demanded
power; P, ; (k) : The ith turbine’s available power.
Network Operator (Operating Mode:
Frequency Tracking)
1 P1 = Pmax + Pmins P2 = Pmax — Pmin
2 fe me _fr
3 if —d < f, < d then
4 P (k) = 0.5p;
else if f, > c then
Pgy(k) = 0.5 (p1 — p2)
else if f, < —c then
Py(k) = 0.5 (p1 + p2)
else if d < f, < c then

10 Py(k) =0.5p1 — 0.5p> (fe:g

N2 - B N ]

c
11 else if —c < f, < —d then

2| Patk)=0.5p - 0.5p (£2)
13 end if
14 return P, (k)

Wind Farm Controller
for {ie N,i <N} do

2| Pyi(k) =% x px R x Vi (k) x Cp.max

3| Pri (k) = Patl) 5405

-

4 | end for
sreturn P, ; (k)

effectively incorporating a range of fault and emergency event
scenarios at both individual wind turbine and wind farm
levels:

1) FAULT SCENARIO A (WIND TURBINE LEVEL)

This fault scenario replicates a reduction in power generation
of the wind turbine, a situation that can arise from system
faults or the accumulation of blade erosion and debris.
Moreover, given its typical performance characteristics,
it serves as a valuable simulation tool for various abnormal
operating conditions, including equipment operating in its
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later stages of life or prolonged periods of overload operation.
The specific fault model is outlined as follows:

Po=AxP, Ael0,1), teTy 1

where Ty represents the time period when a fault occurs
and k is the fault gain, wherein A = 1 indicates a fully
operational wind turbine, while A = 0 indicates a failed
one. It is important to observe that the fault gain can
progressively decrease from one to eventually reach zero,
signifying the diminishing generated power in a faulty wind
turbine.

2) FAULT SCENARIO B (WIND TURBINE LEVEL)

Torque control stands as a pivotal method in wind turbine
operations, profoundly influencing the optimal performance
of wind turbines across varying wind speeds. In this specific
fault scenario, a torque actuator malfunction is replicated,
which leads to a considerable decrease in power generation.

3) FREQUENCY EVENT A (WIND FARM LEVEL)

Similar to wind turbines, the grid side can also encounter
various abnormal situations that consequently impact the
operation of the wind farm. One such event, referred to as
Frequency Event A, involves a sudden surge in the grid load.
To be more specific, there is an abrupt 2-MW increase in the
load profile.

4) FREQUENCY EVENT B (WIND FARM LEVEL)

As previously mentioned, the integration of a wind farm
into the power grid holds great significance. However, this
process is delicate and susceptible to malfunctions. The
current scenario involves simulating power loss during this
integration, resulting in a 2-MW decrease in the wind farm’s
total generated power.

Ill. PFTC SCHEME DESIGN

This section presents an intelligent RL-based PFTC scheme
whose structure is illustrated in Fig. 2. Unlike the original
benchmark model depicted in Fig. 1, the network operator
and wind farm controller are now substituted by an RL
agent. Through training that involves suitable observa-
tion and reward data, the RL agent becomes capable of
making informed decisions across diverse environmental
conditions. The following subsections elaborate on the RL
agent’s characteristics, its training process, and how it
operates.

A. RL ENVIRONMENT

The depicted RL environment, as illustrated in Fig. 2, requires
the RL agent to gather essential information regarding the
operational status of wind farm system through a combination
of observations and feedback in the form of rewards from the
environment. Subsequently, a proficiently trained agent will
execute appropriate actions aimed at achieving the desired
control outcomes.
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FIGURE 2. PFTC scheme.

Referring to Fig. 2 and as indicated by (2) and (3), the
observation vector O consists of the measured frequency
fm at the point of common coupling (PCC) to the grid, the
measured total generated power P,, by the wind farm, along
with their associated error signals: f, and P,. These error
signals reflect disparities between the measured values and
their corresponding reference values. Specifically, the fre-
quency reference is predetermined at 50 Hz, while the power
reference aligns with the grid load. Furthermore, the action
vector A incorporates power reference signals directed to
each individual wind turbine.

O = [fn(k), fe(k), Pp(k), Pe(k)] )
A=[A®]=[PiR)], i=12,....N ()

Given the turbines’ rated power of 5 MW, the action
space is confined to a range of 0 to 5 MW. The employed
RL algorithm, detailed in Section II.B, incorporates an
actor-critic architecture. The actor network is structured
as a three-layer fully connected network with 64 neurons
in the first two layers and 10 neurons in the third layer,
utilizing the hyperbolic tangent (tanh) as the activation
function. Conversely, the critic network comprises three fully
connected layers, each with 64 neurons, and employs the
Rectified Linear Unit (ReLU) as its activation function. The
dimensionality of the input layer is dictated by the number
of input variables present in the dataset, whereas the output
layer’s size is determined by the number of distinct outputs
associated with each input variable.

In addition, the reward, denoted as r, is determined
according to the mechanism formulated in (4)-(8), relying on
both the observations and actions. This reward is composed
of four distinct contributing elements, designated as ry, 12, 13
and r4. Among these elements, 71 and r are instrumental in
evaluating the effectiveness of actions in fulfilling the power
and frequency tracking objectives, which represent the dual
control objectives. Importantly, K; and K>, integrated into
the expressions for r; and r, respectively, serve as carefully
tailored weights aimed at striking a harmonious balance
between these dual control objectives. Concurrently, the
expressions assigned to r3 and r4 act as specialized protective
mechanisms designed to safeguard the wind farm’s operation.
Furthermore, these mechanisms contribute to expediting
the training process. A more detailed elaboration of these
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Algorithm 2 Reinforcement Learning Based on TD3
Policy Gradient

1 Initialize actor networks j1g, and critic network
0Oy, » Oy, With random parameters 6, ¢1, and ¢

2 Initialize target networks ¢} < @1, ¢} < ¢2,6" <6
3 Initialize replay buffer £
4 Fort=1toT do
5 Select action with exploration noise
a~ g (s) +e€,e ~NQO,o0)
6 observe reward 7; and new state s;4|
7 Store transition tuple (s, ¢, ry, S;4+1) in £

8 Sample mini-batch of N transitions

(S¢, 04, 1ty Sp41) from L

a < pg (se41) + 1,1 ~ cliptN (0,6) , —c, ¢)
y < r4ymini=1 20, (s+1, @)

9 Update critics
@i <~ czrgminwiN*1 >y — Q1 (s, a))?
10 If t mod d then
11 Update 6 by the deterministic policy
gradient:
VoJ (6)
=N"" X VaQy, (5. @), () Vorto(s)
12 Update target networks:
¢ < T + (1 = 1)
0 <10+ —1)0

13 end if
14 end for

protective strategies is provided in the subsequent section.
r1 (k) = Ky X |fm (k) — fr (k)| “)
ry (k) = K x |Py, (k) — Py (k)| &)
r3(k):Z—‘—Ai2(k)+K3, ieN,i<N (6)
) = > — [ -2 () +24; () + Kal,
ieN,i<N )
r (k) =ry (k) 4 r2 (k) +r3 (k) 4 r4 (k) (®)

B. AGENT AND TRAINING

The quality and efficacy of the final agent are influenced not
only by the construction of the RL environment but also by
the choice of the RL algorithm. In this paper, the selected
RL algorithm is based on “twin-delayed deep deterministic”
(TD3) policy gradient algorithm [33]. The detailed design
information can be found in the Algorithm 2.

In contrast to the original “deep deterministic policy
gradient” (DDPG) algorithm [34], which is known to suffer
from the issue of overestimation bias in Q-values (short
for “quality values”), TD3 addresses this limitation. TD3
employs twin Q-networks to estimate the Q-value and
mitigates the overestimation bias by selecting the minimum
Q-value from the twin networks as the estimated value.
Furthermore, TD3 introduces a delayed update mechanism
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where the critic is updated at a slightly higher frequency
than the actor. Additionally, TD3 incorporates target policy
smoothing regularization, enhancing the stability of esti-
mated values by introducing controlled noise. In this paper,
various strategies have been also implemented to expedite the
training process and safeguard wind turbines from potential
damage. Notably, numerical values are standardized for
effective normalization. As previously mentioned, specific
adjustments have been made to the reward mechanism,
particularly r3 and r4, to safeguard the wind farm’s operation.
To further explain, one common challenge observed during
training is the inability to achieve convergence. In such
cases, the agent struggles to learn effective strategies,
often resulting in its actions remaining stuck at boundary
values. This not only hampers the agent’s training but also
has adverse effects on wind turbines. Operating at these
boundary values typically implies that certain wind turbines
within the farm are either running at maximum load or are
completely shut down. From a control strategy perspective,
this approach is neither cost-effective nor sustainable for wind
turbines, as operating at full load can potentially shorten their
equipment’s lifespan. To address this challenge, innovative
reinforcement mechanisms, denoted as r3 and r4, are properly
designed using quadratic functions in equations (6) and (7).
These functions are tailored in such a way that both upper
and lower boundary values result in a negative output—
a punitive signal for the intelligent agent. This approach
is applied cumulatively across all wind turbines in the
wind farm (see D signs used in (6) and (7)), ensuring
that they adhere to this rule. Consequently, the explained
reinforcement mechanisms notably simplify the complexity
associated with boundary value problems. In addition, when
combined with thoughtfully selected weight values, they
substantially expedite the training convergence.

The training process of the RL model involves the use
of previously introduced observation values, the generation
of reward values, and the operational procedures of the
model, all of which generate a substantial amount of data.
This data is thus sourced from the previously developed
wind farm operation model. Parameter tuning throughout
the design process is categorized mainly into two types:
automatic adjustment, which sets parameter values based on
predefined code, and performance-based adjustment, which
involves data fitting to enhance control performance. For
instance, in the reward function design, each parameter is
adjustable, and fine-tuning is dependent on the performance
of the intelligent agent. If the agent performs suboptimally
towards a specific control objective, adjustments are made
accordingly. It is crucial that all parameters are harmonized
to prevent overlapping and interference, thereby enabling
the intelligent agent to effectively meet the expected control
objectives.

C. IMPLEMENTATION FOR PASSIVE FAULT TOLERANCE
After training, the proficient agent is deployed within the
PFTC scheme as illustrated in Fig. 2. The agent operates
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in real-time, using observed data (O) and received reward
(r), to make informed decisions and generate appropriate
actions (A), specifically the power reference signals for
individual wind turbines in the farm. Importantly, the
agent’s role extends beyond normal wind farm operations.
It also passively accommodates potential faults, whose effects
manifest as abnormal changes in observations, allowing it
to adapt to these changes once they occur in the wind farm
environment. As demonstrated in Section V, the effectiveness
of the proposed PFTC scheme becomes evident when dealing
with certain fault events from those described in Section II.

Building upon the proficient agent’s operations detailed
in the preceding context, it is yet essential to distinguish
between PFTC and AFTC strategies. AFTC involves fault
detection and diagnosis, enabling control system restruc-
turing in response to detected faults. On the other hand,
PFTC maintains the same system structure regardless of
normal or fault conditions. While the proposed PFTC
scheme offers advantages such as faster response times
and reduced structural complexity, it heavily relies on
designed robustness against specified fault classes. As further
detailed in Section V, the experimental analysis reveals a
limitation in PFTC’s fault-tolerance capabilities; specifically,
it primarily addresses faults at the wind farm level and lacks
comprehensive awareness of the interplay between individual
wind turbines and the entire wind farm as a holistic system.
When multiple faults occur concurrently, the PFTC scheme,
lacking real-time information about the faults (given the
absence of fault detection and diagnosis), resorts to uniformly
raising the power reference of all wind turbines regardless of
their individual health conditions. While simulations indicate
improvements in system performance, particularly in terms
of frequency response, real-world scenarios require faulty
turbines to reduce their load and undergo maintenance before
resuming normal operation. Forcing a faulty turbine into
operation under these conditions could lead to catastrophic
consequences and significant economic losses. To address
this challenge, AFTC emerges as a suitable choice due to
its inclusion of fault detection and diagnosis, facilitating
control system restructuring in response to demanding fault
scenarios.

IV. AFTC SCHEME DESIGN

Expanding upon the PFTC design scheme outlined in
Section III, this paper also proposes an AFTC design scheme
tailored to handle more intricate fault scenarios. As shown
in Fig. 3, this extended approach involves the development
of algorithms for detecting and estimating faults, as well as
isolating faulty wind turbines.

These algorithms are designed to provide timely and
accurate information about occurring faults. Subsequently,
by utilizing input actions derived from the pre-established
RL agent design, a suitable automatic signal correction and
control reallocation algorithm is employed to generate power
reference signals directed to each individual wind turbine
within the wind farm.
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FIGURE 3. AFTC scheme.

A. FAULT DETECTION AND ESTIMATION

The ““Fault Detection and Estimation” algorithm is designed
to fulfill two key objectives: firstly, to detect the presence
of faults occurring across the entirety of the wind farm,
and secondly, to provide a collective estimate for the
magnitude of these faults. The algorithm is composed of three
fundamental elements: residual generation, residual analysis,
and the decision-making process for detection and estimation.
Through its functioning, the algorithm generates two types
of output information: the fault detection indicator signal
(binary in nature) and the fault estimation signal, denoted as
F; and F,, respectively. This information about the detection
time and the estimated fault magnitude is subsequently fed
into the automatic signal correction and control reallocation
algorithm (Algorithm 5).

Algorithm 3 employs a Takagi-Sugeno (TS) dynamic fuzzy
model [35] to estimate the ‘“‘total power generated by the wind
farm,” denoted as f’G (k). This model is built using a data-
driven fuzzy modeling and identification method, primarily
utilizing normal (fault-free) operational data. Notably, certain
design parameters have been adjusted and refined to enhance
estimation performance beyond the scope of the original
model in [35]. As shown in Fig. 4, the chosen inputs for the
model include the total power reference Pg(k) for wind farm
and the estimated total power generated by the wind farm
13(; (k) at one- and two-step-ahead time instances. Notably,
it is assumed that these values are set to zero at the initial
time.

Takagi-Sugeno (TS) Po (k)
»

Dynamic Fuzzy Model

FIGURE 4. The fuzzy model used to estimate nominal generated power
from wind farm.

Furthermore, Fig. 5 provides detailed information regard-
ing the membership functions for the inputs. Each input
is associated with three membership functions, and wu

83788

Algorithm 3 Fault Detection and Estimation

Inputs:

{Pg (k) = 3_Pr; (k) ,PG (k) = 3_Pg i (k) |ieN,i < N}
N : The set of natural numbers; N: The number of
wind turbines in a wind farm; k: The time-step;

Pr (k) is the total power reference (power demand)
for wind farm and P, ; (k) is the power reference
signal directed towards the ith wind turbine in the
wind farm; Pg (k) is the total power generated by the
wind farm and Py ;(k) is the power generated by the
ith wind turbine in the wind farm.

Outputs: {F4 (k) ,F.(k)}

F4(k): Fault detection indicator signal (binary
signal), F, (k): Fault estimation signal.

Constants and Variables :

{PG (,’f) ’ r(k)ayl (k),h (k),J’3(k), Tyrmsrstdynu}

Pg (k): The estimated total power generated by
the wind farm, which is computed via a fuzzy logic
model; r: The residual; y1 (k),yo (k),y3(k): The
counters initialized with a value of 0, used for
residual analysis; T': The user-defined constant for
detection decision making(i.e., the number of
consecutive samples for which a threshold is
violated); ry;,: The mean value of the fault-free
residual; rgg: The standard deviation value; n,: The
tuned value of correction factor.
Residual Generation
1 r(k) = Pg (k) — Pg (k)
Residual Analysis
2 ifr(k) > (rm +ny X rgq) or
rk) < (rm — ny X rgq) then
3 y1 (k) =1and
Y2 (k) =yz(k —1)+1and
y3(k) =ya(k) +y1(k)
else
y1 (k) =0andy, (k) =0 and
y3(k) =ya(k) +y1(k)
end if
return yg (k)
Detection/Estimation Decision Making
1|ifyg(k) > T then
“Fault is detected”” and

2| Fq (k) =1and F.(k) =r(k)

N

3| else

“No fault is detected” and
4|Fg(k)=0and F,(k) =0
end if

¢ return F; (k) and F, (k)

W

represents the degree of membership. In the context of a
TS dynamic fuzzy model, the defuzzification process utilizes
a weighted average method. Initially, the calculations for
IA’GJ (k) and p; are performed according to the rules outlined
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FIGURE 5. Membership functions for the inputs: Pg (k-1), Pg (k-2),
Pg (k= 1), Pg (k - 2).

in (9). Subsequently, using the results from (9), the process
described in (10) generates the aggregated output, that is
Pg (k).

If Pg(k — 1) is mf;, and Pg(k — 2) is

The i th mf; 2> and Pr(k — 1) is mf; 3and
Rule: Pg(k — 2) is mf; then Pg ;(k)
i=1,2,and a;Pgk — 1)+ biPc(k — 2) + c;Pr(k
3 —1) + d;iPg(k — 2) + e
9
- 3 5
. 3 PG ik

Defu.221f1 Pok) = Z, Mz3 G,i(k) (10)

cation Zi i

B. FAULTY TURBINE ISOLATION

The main objective of “faulty turbine isolation™ algorithm
is to effectively separate malfunctioning wind turbines from
those that are operating normally within the wind farm.
Algorithm 4 outlines the essential inputs and procedural
steps required to generate the indicator signal(s) for the
identified faulty turbine(s). The resulting output information
is then combined with data from Algorithm 3 and supplied
to the automatic signal correction and control reallocation
algorithm (Algorithm 5), which effectively handles the
impacts of faults within the wind farm.

It is important to note that, in contrast to Algorithm 3,
Algorithm 4 operates without relying on estimated values
derived from the model. This distinction is crucial because
estimating the power loss resulting from faults constitutes a
critical step in fault detection and estimation, with these esti-
mates being instrumental in the subsequent automatic signal
correction and control reallocation handled by Algorithm 5.
For Algorithm 4, its primary task is indeed to isolate
faulty turbines by monitoring the continuity between the
power reference signals and the actual generated values.
This design choice offers several advantages, particularly
in reducing computational complexity and enhancing the
overall response time of the AFTC scheme in responding to
faults. However, it is essential to recognize that Algorithm 4 is
tailored exclusively for the purpose of faulty turbine isolation.
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Algorithm 4 Faulty Turbine Isolation
Inputs: { P, ; (k) ,Pg; (k) |ie N,i < N}
Outputs: {FT;}
FT; : The indicator signal for faulty turbine isolation
Constants and Variables: {P, (k) ,r;}
1 for{ ieN,i < N }do
ri(k) = Pg,i (k — 1) — Py (k)
r(k) =ri(k)
call “Residual Analysis” and
“Detection/Estimation Decision Making™
in Algorithm 3

return Fyq (k)
if F4(k) = 1 then
“Faulty turbine is detected” and FT; =1
else
“No faulty turbine is detected” and FT; = 0
end if

o e N e

10 end for

1 return FT;{ ie N,i < N}

If employed for in-depth fault estimation, it could potentially
lead to issues, as discussed in [29].

C. AUTOMATIC SIGNAL CORRECTION AND CONTROL
REALLOCATION
The automatic signal correction and control reallocation
algorithm receives diverse input information, encompassing
the outcomes derived from Algorithms 3 and 4. Its purpose is
to systematically rectify and reallocate the control commands
directed to each wind turbine based on its current health
status in real time. This entails that any power losses
incurred due to faults will be offset by adjusting the power
reference values of wind turbines within a feasible range.
To elaborate further, the algorithm’s initial step involves
computing the surplus available power for each wind turbine,
considering their individual health conditions. According to
Algorithms 3 and 4, the faulty wind turbine(s) has been
detected and isolated, and the power lost due to the fault has
also been estimated, then the lost power will be reasonably
allocated based on the remaining potential of each healthy
wind turbine to achieve the goal of compensating for losses.
In summary, the complete operational process of the
AFTC scheme can be outlined as follows: Operating in
real time, Algorithm 3 (Fault Detection and Estimation)
continually monitors for faults. When a fault is detected,
the fault indicator signal Fy (k) switches to 1, triggering
an estimation of the power loss due to the fault denoted by
F, (k). Subsequently, Algorithm 4 (Faulty Turbine Isolation)
identifies the faulty turbine(s), and all the gathered fault-
related information is relayed to Algorithm 5 (Automatic
Signal Correction and Control Relocation). This allows for
a reasoned allocation of the power lost due to faults among
the wind turbines in the farm based on their individual health
conditions.
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Algorithm 5 Automatic Signal Correction and Control
Reallocation
Inputs: {Fq (k),FT;, Fe (k) ,A; (k) an,i k),Vi (k)|
ieN,i <N}
A; (k) : The action directed by the RL agent towards
the ith individual wind turbine; V; (k) : The nacelle
wind speed of the ith wind turbine.
Outputs: {P,; (k)}
Constants and Variables:
{0, R’Pratedacp,max’Pa,i (k) P ayair }
p: The air density; R: The turbine rotor radius;
Pratea : The turbine rated power; Cp max :
The maximum power coefficient of turbine; Py, ; (k) :
The ith turbine’s available power; Pgyqi : The total
unused available power without the faulty turbines’
unused available power.
1 if Fg (k) =1do
Unused Available Power Calculation
1 for{icN,i <N}do
2 if FT; = 0 then
3 P, ; (k) = max(0, min
(Prated9% X p X R?

xVi ()} x Cpmax — Pg,i (K)))
4 else
s Pi(k)=0
6 end if
7 end for
8 Pavailzzpa,i(k){ieN,ifN}
Power Reallocation
1|for{ie N,i <N }do
2 if FT; = 0 and P, ; (k) # O then
P, ik
3| Pril) = Ai () + Fe (k) X i
4 elseif FT; = 0and P, ; (k) = O then
5| |Prit)=0
6 else
7| | Pri) = A ()
8 end if
9 | end for
10 | else

u | Py (k) =A; (k)

12 | end if
13 return P, ; (k)

As illustrated in the forthcoming section, AFTC scheme,
when contrasted with PFTC scheme, exhibits enhanced
capabilities in addressing intricate faults. This indicates the
system’s ability to differentiate between operational and
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malfunctioning turbines, thereby optimizing the utilization
of operational turbines to fulfill power demands. Moreover,
the proposed algorithm ensures the safeguarding of faulty
turbines, mitigating the risk of additional losses.

V. SIMULATIONS AND DISCUSSIONS

Simulations have been conducted within the MAT-
LAB/Simulink environment to thoroughly assess the
effectiveness of the proposed control schemes. The following
sections present the results of the control strategies imple-
mented in both PFTC and AFTC schemes when subjected
to the realistic fault scenarios detailed in Section II.B.
To be more specific, the PFTC scheme’s fault-tolerance
capabilities are showcased by adopting wind farm-level
fault scenarios. However, for the AFTC scheme, we go a
step further to demonstrate its superiority in terms of fault
tolerance. To achieve this, more challenging fault scenarios
are considered that encompass various types of wind turbine-
level faults occurring simultaneously on different wind
turbines within the wind farm. It is worth noting that Fig. 6
displays two types of power grid load profiles used in these
simulations: the “periodic load” and the ‘“‘typical load”.
Moreover, Table 1 presents the numerical parameter values
used in the simulation.

3510 [Typical Load — Periodic Load)|

©

L A /1 4

\—r _

24

Power [W]
o N o
T
1

-
1

0.

o
L

. ) L ) ) | | ) |
100 200 300 400 500 600 700 800 900 1000
Time [s]

o

FIGURE 6. Periodic load and typical load.

A=600m B=500m

A A

FIGURE 7. Wind farm layout.

Note that the considered wind farm includes ten 5-MW
wind turbines, arranged as depicted in Fig. 7. The layout
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TABLE 1. Parameters used in simulation.

Equations Parameters Values
K, -5
®-(7) Ky -15
(Rewards) Ky 0.25
K, -0.75
a; 1.772, —0.046, 0.044
9 b; —0.364, —0.091, —0.018
©) C; 0.267, 0.163, —0.009
(Fuzzy
d; 0.045, 0.719, 0.987
Rules) L
o —3.665 x 10°, 1.784 X
i

10%, 8.709 x 10°

specifies a horizontal spacing of 600 meters and a vertical
spacing of 500 meters between the turbines.

A. PFTC RESULTS

The simulation results of the PFTC scheme are compared
against the baseline control applied in the wind farm
benchmark. Figs. 8 and 9 exhibit the performance metrics for
power tracking and frequency regulation, respectively. These
simulations incorporate fault scenarios related to wind farm-
level frequency events, as detailed in Section II. Notably,
two specific events occur at distinct time points: the first
event (Frequency Event A) at 350 seconds, characterized by
a sudden surge in the grid load, followed by the second event
(Frequency Event B) at 650 seconds, involving a sudden
power loss in the wind farm’s total generated power. Each
event persists for 100 seconds.

5E %107 I—Grid Load —Baseline Control —PFTC |
E T T T T T T T

25 s’ / /
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P
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=
N ¢
b
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&80
L

28

27

350 400 450 650 700 750
0.5[— T

0 . . L L . 1 . L L
0 100 200 300 400 500 600 700 800 900 1000
Time [s]

FIGURE 8. Power tracking (Typical load).

As observed in Figs. 8 and 9, the PFTC scheme outper-
forms the baseline control, notably excelling in achieving the
desired control objectives under both fault-free and faulty
conditions. This superiority is particularly noticeable during
periods of faults, where the PFTC scheme exhibits rapid
responsiveness to faults, precise tracking of the load, and
effective stabilization of the frequency close to the reference
value of 50 Hz.
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FIGURE 9. Frequency regulation (Typical load).

However, as the fault scenarios become more intricate
(severe), involving a wider range of fault types and multiple
wind turbines experiencing simultaneous faults, the limita-
tions and deficiencies of the PFTC scheme become apparent.
Specifically, the PFTC scheme exhibits restricted robustness
against severe faults, primarily due to its operation under
a passive control strategy that does not leverage real-time
fault information (i.e., it does not employ fault detection and
diagnosis information). Consequently, it cannot differentiate
between faulty turbines and healthy ones when power losses
occur due to faults. As a result, it collectively increases the
power references for all turbines to meet the total power
demand. In certain cases, this approach may not only fail to
effectively track the load and maintain the frequency but also
potentially cause damage to the faulty turbines.

B. AFTC RESULTS
In this section, to evaluate the effectiveness and superiority
of the AFTC scheme, more challenging fault scenarios
are taken into account. These scenarios involve various
types of wind turbine-level faults occurring concurrently
on different wind turbines within the wind farm. More
specifically, wind turbines 5 and 6 experience Fault Scenario
A, while wind turbine 7 encounters Fault Scenario B. These
faults emerge concurrently at 350 seconds and persist for
300 seconds. Figs. 10-13 show the power tracking and
frequency regulation performance under both periodic and
typical loads. These figures illustrate that both the PFTC
and AFTC schemes exhibit superior control performance
compared to the baseline control, particularly during the fault
period. This enhanced performance is notably evident in the
frequency regulation, as shown in Figs. 11 and 13.
Furthermore, referring to Fig. 14 provides valuable insights
through a comparative illustration of power references
generated by the PFTC and AFTC schemes specifically
directed towards the faulty wind turbines within the farm.
Notably, during the fault period, the power references
assigned to the faulty wind turbines under the AFTC scheme
exhibit a considerable reduction compared to those allocated
under the PFTC scheme. An illustrative example, as shown
in Fig. 14, is the deactivation of wind turbine 5 by setting its
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FIGURE 12. Power tracking (Typical load).

power reference signal to 0 under the AFTC scheme. This
strategic action aligns with the detected and identified fault
in this turbine, signifying a serious impairment. The AFTC
scheme not only successfully accomplishes the predefined
control objectives (as demonstrated in Figs. 10-13) compared
to both the PFTC scheme and the baseline controller but
also strategically mitigates the risk of exacerbating damage to
the faulty wind turbine. Consequently, this proactive measure
significantly minimizes the potential for further harm.

Fig. 15 illustrates a comparative performance analysis of
three controllers (Baseline control, PFTC, AFTC) operating
under the considered faults and load conditions. This evalu-
ation considers three key indices: “‘mean value”, *“standard

83792

o
=

[—Baseline Control —PFTC —AFTC]
T T 7 T T

o a o
s © 9o
> »

Frequency [Hz]
- 3
o N

IS
©
)
T
A

49.6 i

L L | | L L L
100 200 300 400 500 600 700 800 900 1000
Time [s]

49.4

FIGURE 13. Frequency regulation (Typical load).

6
4 T T T T T T

Turbine 5 (PFTC)|
Turbine 6 (PFTC)
Turbine 7 (PFTC)
Turbine 5 (AFTC)
Turbine 6 (AFTC)
Turbine 7 (AFTC)

Power [W]
o
o N

-

0.5

1 L L 1 | ' 1 L 1
1] 100 200 300 400 500 600 700 800 900 1000
Time [s]
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FIGURE 15. Radar chart of controllers under fault and different load
conditions (P: Periodic load, and T: Typical load).

deviation” and “vaf (variance accounted for)”, assessing
the controllers’ efficacy in achieving two primary control
objectives—frequency regulation and active power control,
respectively. Specifically, the mean value and standard
deviation primarily indicate the controllers’ performance
in frequency regulation, while vaf measures the alignment
of output power with load requirements. To facilitate a
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fault tolerance comparison between controllers, the analysis
focuses on data collected during the fault occurrence. All
data have been normalized within a range of 0 to 10 for
radar mapping purposes, with higher values indicating
better performance. The comparison reveals that both PFTC
and AFTC consistently outperform the baseline control,
exhibiting enhanced and more reliable performance in active
power control and frequency regulation.

It is notable that, under typical load conditions, the
vaf of AFTC tends to be lower than that of PFTC. This
disparity arises because vaf solely assesses the control
objective of actively tracking the load for active power.
However, it overlooks the influence of frequency regulation,
which is interrelated with active power control. Indeed,
the synchronization of frequency regulation and active
power tracking can occasionally lead to conflicts, primarily
influenced by fault scenarios and the prevailing load curve.
This conflict emerges due to the intricate interplay between
maintaining frequency stability and the real-time adjustment
of active power following faults or load fluctuations.
Consequently, the performance of AFTC in terms of vaf is not
consistently superior to PFTC, especially when considering
varying load curves. The unpredictability of load behavior in
distinct scenarios contributes to these variations in AFTC’s
performance compared to the more static nature of PFTC’s
control mechanism.

In summary, both PFTC and AFTC schemes successfully
met the desired control objectives, notably enhancing the
wind farm’s performance when faced with faults. While
the PFTC scheme achieved this goal effectively, the AFTC
scheme takes it a step further by efficiently handling fault
scenarios involving a broader range of complexities and
diverse fault types. Additionally, leveraging the algorithms
presented in Section IV, the AFTC scheme can accurately
assess power losses resulting from faults and allocate
them appropriately to healthy wind turbines. This strategic
allocation minimizes the risk of exacerbating damage to
faulty wind turbines.
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VI. CONCLUSION AND FUTURE WORK

This paper addresses the critical need for effective active
power control and frequency regulation in wind farm
operations by proposing a Fault Tolerant Control (FTC)
scheme based on Reinforcement Learning (RL). The RL-
based agent determines power reference signals for individual
wind turbines in the farm, optimizing performance by
considering a range of complex scenarios during the training
process. The reward system is designed to encourage a
balance between the demands of active power control and
frequency regulation.

In response to the imperative for fault-tolerant systems in
wind power operations, we designed and evaluated fault sce-
narios at both wind farm and wind turbine levels. Simulation
results validate the efficacy of the RL-based passive fault-
tolerant control (PFTC), showcasing its resilience against
various fault scenarios. Furthermore, recognizing the evolv-
ing challenges in wind farm fault scenarios, we introduced an
active fault-tolerant control (AFTC) scheme. AFTC incorpo-
rates fault detection and estimation, faulty turbine isolation,
and automatic signal correction for power reallocation.
Simulation results underscore the exceptional performance of
the AFTC scheme across diverse load conditions, reinforcing
its reliability and adaptability.

In our future work, emphasis will be placed on the
continued enhancement of AFTC. Specific areas of focus
include refining the accuracy of fault detection and diagnosis.
Building on this, we plan to expand the scope of system
considerations to encompass factors such as fatigue load.
Additionally, our research will focus on the design and
evaluation of more accurate and diverse fault scenarios.
Innovative methods will be employed to assess benchmarks,
with a primary goal of improving the speed and precision
of fault detection. These advancements aim to further
elevate the fault tolerance and overall performance of the
proposed AFTC scheme, ensuring its robustness in the
face of complex and evolving challenges in wind power
systems.

83793



IEEE Access

X. Zhang et al.: Intelligent Fault-Tolerant Active Power Control Using RL

APPENDIX

A single-line diagram of the considered wind farm bench-
mark is shown in Fig. 16, and its operation process
can be summarized as follows: Under normal conditions,
the benchmark functions according to a designed control
algorithm, which may be a proportional allocation-based
active power control or a reinforcement learning agent-
based control. When the wind farm encounters faults,

the

“fault detection and estimation” and “faulty turbine

isolation™ algorithms detect, identify, and isolate the faulty
wind turbine(s). Accordingly, the ‘“‘automatic signal cor-
rection and control reallocation” algorithm adjusts and
redistributes the reference values for active power among
the remaining healthy wind turbines based on their available
power, compensating for the loss of active power due to
the faults.
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