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ABSTRACT. Traditional relay protection systems are often difficult to meet the require-
ments for fast and accurate diagnosis of anomalies when facing the complex and changing
modern power networks. With the expansion of power system scale and the development
of smart grid, the demand for efficient and reliable relay protection anomaly diagnosis
methods is becoming more and more urgent. To address these challenges, this study pro-
poses a Multi-Core Extreme Learning Machine (BO-MKELM) model based on Bayesian
optimisation. Firstly, through the multicore learning technique, the model is able to ef-
fectively process high-dimensional, nonlinear and time-varying operational data in power
systems and extract features that can accurately reflect the system state. Secondly, by
combining the fast learning characteristics of the extreme learning machine and the pa-
rameter tuning advantages of Bayesian optimisation, the BO-MKELM model is able to
meet the millisecond response requirements of the relay protection system while ensuring
high diagnostic accuracy. The experimental results show that on the complete dataset,
the BO-MKELM model achicves a diagnostic accuracy of 97.8%, which is 1.7% higher
than the best-performing comparison method, CNN. On the small-scale dataset, the BO-
MKELM model still maintains an accuracy of 94.9%, which is at least 3% higher than
other methods. Meanwhile, the average diagnosis time of the BO-MKELM model is only
4.5ms, which is much faster than other deep learning methods, and fully meets the real-
time requirements of relay protection systems.

Keywords: relay protection; anomaly diagnosis; multicore extreme learning machine;
Bayesian optimisation; real-time monitoring.

1. Introduction. The continuous expansion of the scale and complexity of the power
system makes the role of relay protection in ensuring the safe and stable operation of the
power grid more and more critical. As the guardian of the power system, relay protection

shoulders the important responsibility of quickly identifying and isolating fault areas [1],
27
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preventing the spread of faults, and safeguarding the safety of equipment and personnel.
However, the wide application of smart grids [2], renewable energy [3] and distributed
generation [4] has brought unprecedented challenges to the relay protection system, which
is required to maintain efficient and reliable operation in a more complex and changing
environment.

Rapid advances in artificial intelligence and big data technologies provide new ideas and
methods to address these challenges. Machine learning and deep learning algorithms show
great potential in fault detection [5], classification [6] and localisation [7]. Nevertheless,
these advanced methods still face many obstacles in practical applications. The high-
dimensional, non-linear and time-varying characteristics of power system operation data
make it difficult for traditional machine learning methods to handle them effectively.
Although deep learning models perform well in complex data processing, their demand for
large amounts of training data and computational resources is difficult to meet in certain
practical scenarios. In addition, how to meet the millisecond response requirement while
ensuring diagnostic accuracy is still a difficult problem to be solved.

The field of relay protection anomaly diagnosis faces multiple challenges and is in dire
need of innovative solutions. The first task is to efficiently process high-dimensional,
nonlinear and time-varying operational data in power systems and extract features that
accurately reflect the system state [8]. Secondly, it is crucial to design a diagnostic model
that can adapt to the complex and variable grid environment while maintaining a high
accuracy rate in the face of data scarcity. At the same time, the stringent real-time
requirements of relay protection systems mean that the diagnostic model must achieve
millisecond response speed while ensuring high accuracy. In addition, the model needs to
have the ability to adapt to the dynamic changes of the power system and maintain stable
performance under all types of abnormal conditions [9]. Improving the interpretability
of the diagnostic model is also an important issue, and a transparent decision-making
process can help enhance the trust of power system operation and maintenance personnel
in the model. Finally, achieving efficient training and deployment of models under limited
computational resources is the key to ensure the practicality of the scheme.

1.1. Related work. Traditional methods for relay protection anomaly diagnosis mainly
rely on techniques such as threshold judgement, signal processing and expert systems.
Guo et al. [10] proposed a mathematical model-based fault detection method to avoid
blind tripping by quantifying the boundaries of fault detection. It is shown that this
method improves the accuracy of fault detection, but the performance in complex grid
environments and measurement uncertainty conditions still needs to be further verified.
Rahmati and Adhami [11] developed a fault diagnosis technique using phase angle and
magnitude of positive and zero sequence voltages. Although this method shows good
potential in identifying different types of faults, the lack of adaptivity in the selection of
fault classification thresholds limits its application in dynamically changing grids. Dashti
and Sadeh [12] proposed a node impedance matrix based fault ranging algorithm for
distribution networks. This method demonstrated high accuracy in locating fault points,
however, its effectiveness and applicability are still challenged when dealing with modern
grids containing distributed energy sources and complex branch circuits.

With the development of artificial intelligence and big data technology, the mainstream
methods of relay protection anomaly diagnosis gradually shift to machine learning and
deep learning techniques. Panigrahi et al. [13] proposed a microgrid fault protection
system combining wavelet energy and neural networks. It was found that this method
significantly improves the accuracy and speed of fault identification, but there is still room
for improving its robustness and computational efficiency when dealing with complex and
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rapidly changing fault scenarios. Gashteroodkhani et al. [14] developed an intelligent
protection scheme based on Deep Belief Networks (DBN) and Time-Time Transform.
Although this approach shows advantages in dealing with large-scale data and complex
failure modes, the large amount of data and computational resources required for model
training may limit its generalisation in some practical application scenarios. Kim et al.
[15] proposed a Long Short-Term Memory (LSTM)-based fault diagnosis method for relay
protection testing. This method performs well in processing sequential data and capturing
long-term dependencies, but still has some limitations in real-time diagnosis and model in-
terpretability. Qu et al. [16] investigated an insulated overhead conductor fault detection
method based on wavelet transform and LSTM. This method achieved significant results
in extracting fault features and identifying complex fault patterns, but its generalisation
ability under different environmental conditions needs to be further verified. Rai et al.
[17] developed a convolutional neural network-based fault classification method for distri-
bution networks, especially for systems integrating distributed generation. Although this
method performs well in handling high-dimensional data and extracting spatial features,
there is still room for improvement in handling temporal information and adapting to
network topology changes.

1.2. Motivation and contribution. Existing methods for relay protection anomaly
diagnosis mainly have the following limitations: firstly, traditional methods usually rely on
fixed thresholds or preset rules, which are difficult to adapt to the complex and changing
grid environment, while machine learning-based methods often require a large amount
of labelled data for training, and may face the problem of difficult data acquisition in
practical applications. Secondly, many methods are still deficient in model parameter
optimisation and real-time performance, which makes it difficult to find the optimal model
configuration, and at the same time may limit their application in real power systems.
Finally, the lack of in-depth consideration of model robustness and interpretability affects
the reliability and credibility of the diagnostic results.

To solve the above problems, this paper proposes a Multi-Kernel Extreme Learning Ma-
chine (MKELM) model based on Bayesian optimisation, which improves the effectiveness
of relay protection anomaly diagnosis in intelligent substations. The main innovations
and contributions of this work include:

(1) Aiming at the challenges of the complex and variable grid environment and the
difficulty in acquiring training data, the proposed MKELM model improves the flexibil-
ity and generalisation ability of the model through the combination of multiple kernel
functions. The use of extreme learning machine as the base model has the advantages of
fast training speed and small required sample size. This approach can better adapt to
different types of faults and changing network conditions, while effectively alleviating the
problem of data scarcity and significantly improving the diagnostic performance of the
model in complex grid environments.

(2) In order to solve the problems of insufficient optimisation of model parameters and
real-time performance requirements, a Bayesian optimisation algorithm is introduced.
This method automatically tunes the key parameters of MKELM through an intelligent
search strategy, which not only improves the model performance, but also reduces manual
intervention. Combining the fast learning characteristics of the extreme learning machine
and the efficient search capability of Bayesian optimisation, the real-time response capa-
bility of the model is significantly improved while the diagnostic accuracy is guaranteed,
making it more suitable for application in real power systems.
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(3) In order to improve the robustness and interpretability of the model, the model’s
ability to handle noisy data and abnormal samples is enhanced by the multicore tech-
nique. At the same time, the credibility of the diagnostic results is enhanced by analysing
the multicore weights and the Bayesian optimisation process, which provides partial in-
terpretability of the model decisions. This approach not only improves the stability of
the model in complex environments, but also provides more explanatory basis for the
diagnostic results, which contributes to fault analysis and decision support in practical
applications.

2. Analysis of abnormal relay protection diagnostic problems.

2.1. Introduction to intelligent substation relay protection testing. Intelligent
substation relay protection devices play a crucial role in the stability and reliability of
power system operation. Testing and inspection of these devices is an important part of
ensuring their safe and reliable operation. In the field commissioning and factory inter-
commissioning stage of intelligent substation relay protection devices, the digital relay
protection test device is the most important debugging tool.

Current test devices can diagnose their own faults during use, but there is a significant
limitation: it is not possible to realise automatic diagnosis of anomalies or faults occurring
in the whole system, especially in the tested protection device, during the testing process.
This results in technicians needing to spend a lot of time on manual troubleshooting,
which significantly reduces test efficiency.

Relay protection testing in smart substations is more complex than traditional methods,
mainly in the following aspects:

(1) Data interaction: The widespread use of digitised information has made it necessary
for testing to take into account a wider range of data handling processes.

(2) Diversity of devices: The variety of smart devices increases the complexity of testing
and requires consideration of compatibility between devices of different manufacturers and
models.

(3) Flexible configuration: the characteristics of intelligent substations require test
programmes with strong adaptability and scalability.

(4) Communication protocols: The implementation of communication protocols such
as [EC 61850 needs to be verified.

(5) System co-ordination: It is necessary to check the co-ordination and cooperation
between the protection device and other equipment of the intelligent substation.

To cope with these challenges, modern relay protection test systems usually adopt digi-
tal and intelligent test equipment that can simulate complex fault scenarios, automatically
generate test reports, and support remote operation and monitoring. However, despite the
continuous progress in testing technology, accurately identifying and diagnosing anomalies
in relay protection systems is still an urgent problem to be solved.

Improving the efficiency of intelligent substation relay protection testing and achieving
automatic diagnosis of faults occurring during the entire testing process has become one
of the key directions of current research. This can not only significantly reduce the
manual fault troubleshooting time, but also improve the accuracy and consistency of
fault diagnosis, thus further enhancing the overall reliability and security of the power
system.

2.2. Relay protection anomaly types and characteristics. Abnormalities in the
relay protection system of intelligent substations can be classified into various types, each
of which has its own unique characteristics. Understanding these types of anomalies and
their characteristics is essential for designing effective diagnostic methods.
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Firstly, hardware failures are a common type of anomaly. This includes, but is not
limited to, EEPROM errors, FLASH errors, RAM self-test errors, SRAM errors, and
CPU plug-in errors of the protection device. These faults are usually manifested in the
form of failure of the device to start up normally, abnormal data read/write, or reduced
processing capability. Let Hy denote the hardware fault characteristic vector, it can be
expressed as:

Hy = [hy,hg, ..., hy) (1)

where h; denotes the eigenvalue of the ¢th hardware fault and n is the total number of
hardware fault types.

Second, software anomalies are another important type of anomaly. This includes
problems such as self-test alarms, operational anomalies and software version mismatches
of the protection device. Software anomalies may result in protection failure, trip logic
errors, or communication interruptions. Define the software anomaly feature vector Sy
as:

Sf:[Sl,SQ,...,Sm] (2)
where s; denotes the eigenvalue of the jth software anomaly and m is the total number
of software anomaly types.

Communication failures are another key type of anomaly in smart substations. These
include SV (Sampled Value) bus anomalies, GOOSE (Object Oriented Substation Event)
communication anomalies, and clock synchronisation failures. Communication failures
may result in delayed data transmission, packet loss, or inconsistent information. Define
the communication fault feature vector Cy as:

Cr=lci,c,. .., ch) (3)

where ¢;, denotes the eigenvalue of the kth communication fault and & is the total number
of communication fault types.

In addition, protection action abnormality is also a type of abnormality that needs to
be focused on. This includes protection malfunction, refusal to act and abnormal action
time. These types of anomalies directly affect the safe and stable operation of the power
system. Define the protection action anomaly feature vector Py as:

Pf:[PhPQ,---,pl] (4>

where p; denotes the eigenvalue of the [th protective action exception and [ is the total
number of protective action exception types.

Considering the complexity and variability of the grid environment, these anomaly types
may occur simultaneously or interact with each other. Therefore, we propose a composite
anomaly feature vector F', which combines the features of all the above anomaly types:

F =[Hy, Sy, Cy, Pyl (5)

This integrated feature vector will be used as input to subsequent multicore extreme
learning machine models for accurate diagnosis of complex anomalies.

By introducing this comprehensive feature vector, our model is able to consider mul-
tiple anomaly types at the same time, which improves the flexibility and generalisation
ability of the model. This approach can not only adapt to different types of faults and
changing network conditions, but also effectively deal with data scarcity problems that
may occur in practical applications. By analysing the weight distribution of different
anomaly types in the comprehensive feature vector, we can provide the interpretability
of some model decisions, which is important for improving the credibility of diagnostic
results and supporting practical fault analysis.
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3. Theory of Multicore Extreme Learning Machines.

3.1. ELM. As an efficient single hidden layer feedforward neural network [18, 19], ELM
has attracted much attention for its fast-learning speed and excellent generalisation per-
formance. In this study, we choose ELM as the base model to cope with the complex and
variable environment and data scarcity problem in relay protection anomaly diagnosis.

The core idea of ELM is to randomly generate input weights and biases [20], and then
directly compute the output weights by parsing method, avoiding the time-consuming
iterative training over in traditional neural networks, as shown in Figure 1. For a given N
samples (x;,y;)|x; € R%,y; € R™ i =1,..., N, where x; is the input feature vector and
y; is the corresponding output label, the mathematical model of ELM can be expressed
as [21]:

L
Zﬁjg(W]XZ—i—b]):y“ ’l:l,,N (6)
j=1
where L is the number of hidden layer neurons; g(-) is the activation function; w; and
b; are the input weight and bias of the jth hidden layer neuron, respectively; [, is the
output weight.

input layer hidden layer output layer

Figure 1. Structure of the ELM

Reduce the above equation to matrix form:

Hf=Y (7)
where [ is the output weight matrix, Y is the target output matrix, and H is the hidden
layer output matrix.

g(wi-x1+b1) ... g(wp-x1+0bp)
H— : : (8)
g(wi-xXy+b1) ... gwp-xy+00)] .,

The training process of ELM can be reduced to solving the following least squares
problem:

min [HS - Y )
The analytical solution to the problem is:
3=H'Y (10)

where H' is the Moore-Penrose generalised inverse of H.
In the context of relay protection anomaly diagnosis, the input feature vector x; cor-
responds to the comprehensive anomaly feature vector F' defined in the previous section,
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and the output y; represents the anomaly diagnosis result. In this way, ELM is able to
quickly learn the mapping relationship between anomaly features and diagnosis results.

This property of ELM makes it particularly suitable for dealing with the challenges we
face. Firstly, its fast learning capability helps to improve the real-time performance of
the model, which meets the requirement of real-time diagnosis in power systems. Second,
ELM also has good learning ability for small sample datasets, which helps to alleviate the
data scarcity problem that may be faced in practical applications.

However, despite the above advantages of ELM, a single ELM model may still have
limitations when dealing with highly nonlinear and complex relay protection anomaly
diagnosis problems. Therefore, we will introduce the multi-core technique in the next
section to construct a multi-core Extreme Learning Machine model to better adapt to the
complex and changing grid environment.

3.2. MKELM model. In order to further enhance the flexibility and generalisation
of the model, we introduce the multi-core technique to construct the MKELM model.
MKELM is able to better capture the complex non-linear relationships of relay protection
anomaly features by combining multiple core functions [22].

In MKELM, the hidden layer output matrix H is replaced by the kernel matrix (2
whose elements are defined by the kernel function K(x;,x;). The multikernel function
K(x;,%;) is a linear combination of several elementary kernel functions:

K (xi,%;) Zﬂp (xi, %) (11)

where P is the number of elementary kernel functions and g, > 0 is the weight of the pth

kernel function and satisfies 2521 Hy = 1.
The output of MKELM can be expressed as:

= Z o K (x,%;) (12)

where «; is the output weight, which can be obtained by solving the following optimisation
problem:
min [|Qa — Y||> + Ao’ Qa (13)

Here, A > 0 is the regularisation parameter, which is used to control the model com-
plexity and generalisation ability. The solution of this optimisation problem is:

a=(Q+ )Y (14)
where I is the unit matrix.

3.3. Selection and combination of multiple kernel functions. In MKELM, the se-
lection and combination of kernel functions are crucial to the model performance. Consid-
ering the complexity of relay protection anomaly features, we choose to combine Gaussian
Radial Basis Function (RBF) kernel and polynomial kernel to take into account both local
and global features.

The RBF kernel function is defined as:

KRBF(Xiyxj) = exp(—7||x; — Xsz) (15)

where v > 0 is the kernel width parameter.
The polynomial kernel function is defined as:

Kpory (x4, %;) = (x] x; + ¢)? (16)
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where d is the order of the polynomial and ¢ > 0 is a constant term.
Our multicore function is denoted as:

K(x4,%;) = p1 Krpr (X, X;5) + pi2 Kpoly (X3, X;) (17)

where 1 and uo are the weights of the kernel function satisfying p; + po = 1.

Through the combination of MKELM and multicore functions, we construct a flexible
and efficient relay protection anomaly diagnosis model with good generalisation capability.
This approach not only adapts to the complex and changing grid environment, but also
effectively handles the data scarcity problem in practical applications, while providing a
certain degree of model interpretability.

This multi-core combination strategy has the following advantages:

(1) Improve model flexibility: the RBF kernel can effectively capture local features,
while the polynomial kernel is good at extracting global features. By combining these
two kernel functions, the model can better adapt to different types of relay protection
anomalies.

(2) Enhanced generalisation: the combination of multiple cores can extract features
at different scales, which helps to improve the generalisation ability of the model when
dealing with unseen anomaly types.

(3) Provide interpretability: by analysing the weights of different kernel functions, we
can understand the relative importance of local and global features in anomaly diagnosis,
and enhance the interpretability of the model.

(4) Coping with data scarcity: multi-core combination can extract richer feature infor-
mation on limited training data, which helps to alleviate the data scarcity problem.

However, the introduction of multiple kernel functions also brings new challenges in
determining the optimal kernel function parameters (e.g. =, d, ¢) and kernel function
weights (p1, p2). To address this problem, we will introduce a Bayesian optimisation
algorithm in the next chapter to automatically tune the key parameters of MKELM to
further improve the model performance and reduce manual intervention.

4. Bayesian optimisation based model for multi-core extreme learning ma-
chines.

4.1. Model structure design. Based on the MKELM theory introduced in the previous
section, we designed a Bayesian optimisation-based multicore extreme learning machine
(BO-MKELM) model for relay protection anomaly diagnosis. The model structure in-
cludes three main parts: input layer, multicore mapping layer and output layer.

The input layer receives the comprehensive anomaly feature vector F' defined in the pre-
vious section. The multicore mapping layer maps the input features to a high-dimensional
feature space using a multicore function. The output layer then gives the final anomaly
diagnosis results. To improve the adaptability and generalisation of the model, we in-
troduce a dynamic weight adjustment mechanism. Instead of fixed values, the kernel
function weights p; and po are dynamically adjusted according to the input features:

pu(x) = o(wix +bi) (18)

(%) = 1— () (19)
where o(-) is the sigmoid function, w; and b; are the parameters to be optimised. This
dynamic weight adjustment mechanism enables the model to adaptively adjust the im-
portance of the kernel function according to different types of anomalous features, further
improving the flexibility of the model.
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The modified model output expression is:
N
y(x) = Z o (1 Krpr (X, X;) + paKpoly (X, X;)) (20)
i=1
where x is the input feature vector, y(x) is the model output, and N is the number of
training samples.

4.2. Bayesian optimisation of multi-kernel parameters. To automatically tune the
key parameters of the BO-MKELM model, we introduce the Bayesian optimisation algo-
rithm [23, 24]. In our model, the parameters to be optimised include the width parameter
~ of the RBF kernel, the order d and constant term ¢ of the polynomial kernel, the regu-
larisation parameter A\, and the parameters w; and b; in the dynamic weight adjustment
mechanism.

Define the parameter vector 6 = [y, d, ¢, A, w1, b1] and the goal of Bayesian optimisation
is to find the optimal #* that makes the model perform best on the validation set:

0" = arg max f(0) (21)

where f(6) is the model’s performance metric function (e.g., accuracy or F1 score) on the
validation set.

The core idea of Bayesian optimisation is to construct a probabilistic model of the
objective function f(6), usually using a Gaussian Process (GP). In each iteration, the
algorithm performs the following steps:

Step 1: Update the GP model based on the observed data points {(6;, f(6;))}._;.

Step 2: Select the next evaluation point ;1 using the capture function (Expected
Improvement):

0111 = arg max EI1(0) (22)

where E1(0) is the expected improvement function.

Step 3: Evaluate the new point f(6;+1) and add it to the observation dataset.

Step 4: Repeat steps 1-3 until the predefined number of iterations is reached or the
stop condition is met.

The introduction of Bayesian optimisation algorithms brings the advantages of auto-
mated parameter tuning, global optimisation, high sample efficiency and adaptability.
This approach not only improves the adaptability and generalisation ability of the model,
but also reduces manual intervention, making the model easier to apply in real engineer-
ing.

Through Bayesian optimisation, our BO-MKELM model is able to find the optimal
parameter configurations automatically, thus maintaining high performance in different
types of relay protection anomaly diagnosis tasks.

4.3. Model training and optimisation process. The pseudo-code for the training
and optimisation process of the BO-MKELM model is shown in Algorithm 1.

This training and optimisation process fully reflects the innovative points of this paper.
Firstly, through the introduction of Bayesian optimisation, we achieve automatic tuning
of the key parameters of the model, which reduces manual intervention and improves
the adaptability of the model in the complex and changing grid environment. Secondly,
the introduction of the dynamic weight adjustment mechanism enables the model to
adaptively adjust the importance of the kernel function according to different types of
anomaly features, which further improves the flexibility and generalisation ability of the
model.
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Algorithm 1 Pseudo-code for BO-MKELM training and optimisation procedure

Input: training set Dy, ain, validation set Dy,, maximum number of iterations 7)., performance thre
Output: optimised BO-MKELM model
1: begin
2: Initialise parameter search range and Gaussian process model GP
3: Dy =0,t =0, frest = —00
4: while t < T and fress < 1 do
5: if t =0 then
0; = random sampling from search range
else
0, = argmaxy FI1(6) //Use Desired Improvement to select the next evaluation point
end if
10:  Calculate the kernel matrix €2 using 6;.
11:  Solving a = (Q + AXI)7'Y
12:  f(0;) = F1(Dya1, 6;) // Evaluate performance on validation set
13: Dy, =D, 1 U{(0:, f(6:))}
14:  Updating the gaussian process model GP using D,
15 if f(6;) > frest then
16: fbest = f(et)
17: Opest = 04
18:  end if
19: t=t+1
20: end while
21: Retraining the MKELM model on Dy, in U Dyar using Oy et
22: return Optimised BO-MKELM model
23: end

In addition, this method can effectively deal with the problem of data scarcity. Bayesian
optimisation is sample efficient and can find better parameter configurations on limited
training data. The use of multicore techniques then allows the model to extract features
at different scales and get more information from limited data.

Finally, by analysing the importance of different parameters in the optimisation process
and the final kernel function weights, we can obtain a certain degree of model interpretabil-
ity. This not only helps to understand the decision-making process of the model, but also
provides insights for further improvement of the anomaly diagnosis method.

5. Implementation of relay protection anomaly diagnosis methods.

5.1. Anomaly diagnosis index selection. In order to comprehensively assess the op-
eration status of the relay protection system, we selected a series of key indicators as the
basis of abnormality diagnosis. These indicators cover hardware status, software opera-
tion, communication quality and protection action. Specifically, we define the anomaly
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diagnosis indicator vector I as follows:
I= [[H7157107[P] (23)

The subvectors Iy, Ig, 1o, and Ip represent hardware status indicators, software op-
eration indicators, communication quality indicators, and protection action indicators,
respectively. Each sub-vector contains several specific indicators, e.g., Iy: CPU utilisa-
tion, memory usage, storage space usage, etc.; Ig: software version number, running time,
self-test result, etc.; Io: Communication delay, packet loss, clock synchronisation error,
etc.; Ip: Action time, return value, number of actions, etc.

This multi-dimensional index selection method can comprehensively reflect the opera-
tional status of the relay protection system and help improve the accuracy and reliability
of abnormality diagnosis.

5.2. Data preprocessing. Raw data often have problems such as noise, missing values
and different magnitudes, in order to improve the performance of the BO-MKELM model,
we use the following data preprocessing steps:

(1) Missing value treatment: For a small amount of missing data, we use k-nearest
neighbour interpolation to fill in. Define the filled indicator vector as I'.

(2) Outlier detection and processing: the quartile-based method is used to detect out-
liers and replace them with boundary values in the upper and lower quartiles.

(3) Normalisation: In order to eliminate the differences in the scales of the different
indicators, we use the Min-Max normalisation method to map all indicators to the interval
0, 1]:

I} — min([})

max(I}) — min(I})

" o__
;=

(24)

where I7 is the jth indicator value after normalisation.

(4) Feature engineering: based on the domain knowledge, we constructed some com-
posite features, such as the deviation rate of the protection action time from the set value,
to enhance the expressive ability of the model.

The preprocessed feature vector is denoted as X, which will be used as input to the

BO-MKELM model.

5.3. Abnormality diagnosis algorithm flow. Based on the BO-MKELM model pro-
posed in the previous section, we design a complete relay protection anomaly diagnosis
algorithm flow. The flow includes two phases: offline training and online diagnosis:

Offline training phase:

Step 1: Collect historical data and preprocess it to get the training dataset D =
{(Xs,y:)}Y |, where X; is the preprocessed feature vector, and y; is the corresponding
anomaly type label.

Step 2: Optimise the parameters of the MKELM model using the Bayesian optimisation
algorithm to obtain the optimal parameter configuration 6*.

Step 3: Train the MKELM model on the whole training set using the optimal parameter
0* to get the final anomaly diagnosis model.

Online diagnostic phase:

Step 1: Collect the operation data of relay protection system in real time, and preprocess
it to get the feature vector X cy-

Step 2: Input X,y into the trained BO-MKELM model to get the anomaly diagnosis
result Ypred-

Step 3: Based on the diagnostic result ypeq, the system gives the corresponding warning
or processing suggestion.
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Step 4: Regularly update the model with newly collected data to accommodate dynamic
changes in the system.

The algorithmic process fully embodies the innovative points of this paper. Firstly,
the model is provided with high-quality input data through multi-dimensional indicator
selection and fine data pre-processing. Secondly, the introduction of Bayesian optimisation
achieves the automatic tuning of model parameters and improves the adaptability of the
model in the complex grid environment. Further, the use of MKELM model not only
improves the accuracy of anomaly diagnosis, but also effectively handles the problem
of data scarcity. Finally, the regular update mechanism ensures that the model can
continuously adapt to the dynamic changes of the system.

6. Simulation experiments and analysis of results.

6.1. Experimental platform and data set. The experimental platform of this study
is constructed based on the RTDS (Real Time Digital Simulator) [25] and the IEC 61850
standard intelligent substation relay protection test system [26]. The RTDS system is
used to simulate the operation status of the power system, including normal operation
and various fault conditions. The intelligent substation relay protection test system is
used to collect and process the operation data of relay protection devices. The hardware
configuration of the experimental platform is as follows.

Processor: Intel(R) Xeon(R) CPU E5-2680 v4 @ 2.40GHz

Memory: 128GB DDR4

Graphics: NVIDIA Tesla V100 16GB

Operating system: CentOS 7.6

The software environment mainly includes Python 3.8, TensorFlow 2.4, Scikit-learn
0.24 and GPy 1.9.9. The experimental dataset is derived from the actual operation data
of a 500kV intelligent substation and the data generated by RTDS simulation system. The
dataset consists of normal operation data and 14 typical protection abnormalities, such
as hardware faults, software abnormalities, communication faults and protection action
abnormalities. The detailed composition of the dataset is shown in Table 1.

In order to simulate the data scarcity problem that may be encountered in real engi-
neering, we also constructed a small-scale dataset containing only 2,000 samples, with the
proportions of each type of data remaining consistent with the full dataset.

This dataset design takes into account the various anomalies that may be encountered
in the relay protection system, which helps to comprehensively evaluate the performance
of our proposed BO-MKELM model in dealing with the complex and changing grid en-
vironment. The setting of the anomaly types allows us to evaluate the model’s ability
to identify different types of anomalies in a more detailed manner, which is in line with
the innovations of the model’s flexibility and generalisation capability emphasised in this
paper.

Meanwhile, the introduction of a small-scale dataset allows us to validate the model’s
performance under data scarcity, which further demonstrates the advantages of the BO-
MKELM model in dealing with the problem of insufficient data in real engineering.

6.2. Model performance assessment metrics. In order to comprehensively assess the
performance of the BO-MKELM model in relay protection anomaly diagnosis, we choose
four common assessment indicators, including Accuracy, Precision, Recall and F1 score.
In addition to the above common indicators, considering the specificity of relay protection
anomaly diagnosis, we also introduced two specialised assessment indicators:
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Table 1. Composition of the experimental data set

No. | Data type Subtype Sample size | Percentage
1 Normal operation - 5000 50%
2 CPU failure 250 2.5%
3 . Memory failure 250 2.5%
Hardware failure
4 Storage device failure 250 2.5%
5 Power module failure 250 2.5%
6 Programme crash 250 2.5%
7 Version mismatch 250 2.5%
Software anomaly
8 Misconfiguration 250 2.5%
9 Algorithmic exception 250 2.5%
10 Network outage 500 5%
11 Communications failure Protocol error 500 5%
12 Clock synchronisation failure | 500 5%
13 Malfunction 500 5%
14 Abnormal protective action | Prevent from moving 500 5%
15 Motion delay 500 5%
Total | - - 10000 100%
Average Diagnosis Time (ADT):
LN
ADT = — Zl t; (25)

where NN is the number of test samples and t; is the diagnosis time of the model for the
ith sample.
Reliability Index (RI):

N
1

where w; is the weight of the ith category of anomalies (based on its severity) and ¢; is
the correct diagnosis rate for that category.

These evaluation indexes not only reflect the classification performance of the model
comprehensively, but also take into account the special requirements of relay protection
system on real-time and reliability. By evaluating the performance from multiple per-
spectives, we can more objectively analyse the performance of the BO-MKELM model in
relay protection anomaly diagnosis.

In the following experiments, based on these evaluation metrics, we will compare and
analyse the performance of the BO-MKELM model with that of other typical methods
on both complete and small-scale datasets to validate the effectiveness and superiority of
this method proposed in this paper. In particular, we will focus on the performance of the
model in dealing with complex and changing grid environments, coping with data scarcity
problems, and maintaining real-time diagnosis to fully reflect the innovative points of this

paper.
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6.3. Experimental results and analysis. In order to comprehensively evaluate the
performance of the Bayesian optimisation-based multi-core extreme learning machine
(BO-MKELM) model in relay protection anomaly diagnosis, a series of experiments have
been conducted and compared with a number of comparative methods including the most
recent ones.

First, we trained and tested the BO-MKELM model and other methods on the full
dataset, using a 5-fold cross-validation method to ensure the reliability of the results.
Table 2 shows the average performance of the BO-MKELM model and other methods on
each assessment metric.

Table 2. Performance Comparison of Different Methods on the Complete

Dataset

Method Accuracy | Precision | Recall | F1 ADT(ms) | RI

SVM 0.923 0.918 0.923 10.92 |85 0.915
RF 0.941 0.939 0.941 1094 |6.2 0.933
FNN 0.945 0.943 0.945 |0.944 | 10.7 0.938
DBN 0.958 0.956 0.958 |0.957 | 13.5 0.951
LSTM 0.956 0.954 0.956 |0.955|12.3 0.948
CNN 0.961 0.959 0.961 |0.96 |11.8 0.955
ELM 0.932 0.929 0.932 10.93 |3.8 0.925
MKELM 0.962 0.960 0.962 |0.961 | 4.2 0.957
BO-MKELM | 0.978 0.977 0.978 | 0.977 | 4.5 0.973

As can be seen from Table 2, the BO-MKELM model outperforms other methods in all
evaluation metrics, including the deep learning methods such as DBN, LSTM and CNN
analysed in Section 2.1. In particular, BO-MKELM achieves 0.978 and 0.977 on Accuracy
and F1, respectively, which is about 1.7 % higher than the best-performing comparison
method, CNN. This indicates that the BO-MKELM model can identify various relay
protection anomalies more accurately.

In terms of ADT, the BO-MKELM model is slightly slower than ELM, but still remains
within 5ms, much faster than deep learning methods such as DBN, LSTM and CNN, which
fully meets the real-time requirements of the relay protection system and ensures high
diagnostic accuracy. In terms of RI, the BO-MKELM model reaches 0.973, which is higher
than all the compared methods, indicating that the model performs particularly well in
dealing with important and critical anomalies.

To further analyse the performance of the BO-MKELM model, we plotted the confusion
matrix as shown in Figure 2.

From the confusion matrix, it can be seen that the BO-MKELM model has a high
recognition accuracy for most types of anomalies. Especially for some serious anomalies,
such as CPU faults, program crashes and protection malfunctions, the model’s recogni-
tion accuracy is close to 100%. This proves that the BO-MKELM model has excellent
performance in dealing with the complex and changing grid environment.

To verify the performance of the BO-MKELM model in the presence of data scarcity,
we also conducted experiments on small-scale datasets. Table 3 demonstrates the perfor-
mance comparison of different methods on small-scale datasets.
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Figure 2. Confusion matrix for the BO-MKELM model on the full dataset

Table 3. Performance Comparison of Different Methods on Small Datasets

Method Accuracy | Precision | Recall | F1 ADT(ms) | RI

SVM 0.862 0.858 0.862 | 0.860 | 7.8 0.855
RF 0.885 0.882 0.885 | 0.883 5.9 0.878
FNN 0.893 0.890 0.893 |0.891 | 10.1 0.886
DBN 0.907 0.904 0.907 [0.905 | 12.8 0.900
LSTM 0.903 0.900 0.903 | 0901 | 11.5 0.896
CNN 0.912 0.909 0.912 |1 0910 | 11.2 0.906
ELM 0.891 0.888 0.891 |0.889 | 3.6 0.884
MKELM 0.928 0.925 0.928 [0.926 | 4.0 0.922
BO-MKELM | 0.949 0.947 0.949 0948 | 4.3 0.944

On the small dataset, the performance of all methods decreased, but the BO-MKELM
model showed the least decrease. Especially on Accuracy and F1, BO-MKELM still
maintains a high level of 0.949 and 0.948, which is at least 3% higher than the other
methods. This proves the superiority of the BO-MKELM model in dealing with the data
scarcity problem.

It is worth noting that deep learning methods such as DBN, LSTM and CNN show
a more pronounced performance degradation on small-scale datasets, while the BO-
MKELM model maintains a better stability. This highlights the advantage of the BO-
MKELM model in coping with the data scarcity problem, which echoes the innovation
proposed in this paper.

In summary, the experimental results fully validate the superiority of the BO-MKELM
model in the relay protection anomaly diagnosis task. The model not only performs
well on the complete dataset, outperforming all methods including those analysed in
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Section 1.1, but also maintains a high diagnostic accuracy despite data scarcity. These
results demonstrate the advantages of the BO-MKELM model in dealing with complex and
changing grid environments, coping with the problem of data scarcity, and maintaining
real-time diagnosis, which fully reflects the innovative points of this paper.

In particular, the BO-MKELM model significantly reduces the diagnosis time while
maintaining high accuracy compared to deep learning methods such as DBN, LSTM, and
CNN, which is crucial for the real-time response of relay protection systems. Meanwhile,
the excellent performance of the BO-MKELM model on small-scale datasets solves the
problem of high data demand in existing research, and provides an effective solution to
the situation of data scarcity in practical applications.

7. Conclusions. In this study, a multicore limit learning machine (BO-MKELM) model
based on Bayesian optimisation is proposed for solving the key problems in anomaly
diagnosis of relay protection systems. By integrating multicore learning, limit learning
machine and Bayesian optimisation techniques, the model effectively overcomes the lim-
itations of traditional methods in processing complex power system data and meeting
real-time diagnosis requirements. The experiments based on the actual operation data of
a 500kV intelligent substation and the data generated by the RTDS simulation system
lead to the following conclusions:

(1) The BO-MKELM model excels in handling high-dimensional, nonlinear and time-
varying power system operational data, and is able to effectively extract key features
reflecting the system state.

(2) Compared with existing deep learning methods, the BO-MKELM model signifi-
cantly reduces the computation time while maintaining a high diagnostic accuracy, which
better meets the real-time requirements of relay protection systems.

(3) In the case of data scarcity, the BO-MKELM model shows excellent generalisation
ability and stability, providing an effective solution to the problem of insufficient data in
practical engineering.

(4) The application of Bayesian optimisation in parameter tuning of multi-core extreme
learning machines effectively improves the overall performance of the model and achieves
a good balance between accuracy and computational efficiency.

(5) Compared with the single kernel function approach, the multiple kernel learning
strategy significantly improves the model’s ability to recognise different types of anomalies
and enhances the model’s adaptability and robustness.

The experimental data in this study are mainly from a single substation and simulation
system, which may limit the generalisation capability of the model. Future work should
consider introducing more power system data from different voltage levels, geographic lo-
cations and operating environments to verify the effectiveness of the BO-MKELM model
in a wider range of application scenarios. In addition, further improving the interpretabil-
ity of the model as well as exploring the extension of this method to other power system
intelligence application areas are also interesting research directions.
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