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Abstract: The identification of critical fault information plays a crucial role in ensuring
the reliability and stability of power systems. However, existing fault-identification tech-
nologies heavily rely on high-dimensional sensor data, which often contain redundant
and noisy information. Moreover, conventional data preprocessing approaches typically
employ fixed time windows, neglecting variations in fault characteristics under different
system states. This limitation may lead to incomplete feature selection and ineffective di-
mensionality reduction, ultimately affecting the accuracy of fault classification. To address
these challenges, this study proposes a method of critical fault information identification
that integrates a scalable time window with Principal Component Analysis (PCA). The
proposed method dynamically adjusts the time window size based on real-time system
conditions, ensuring more flexible data capture under diverse fault scenarios. Simulta-
neously, PCA is employed to reduce dimensionality, extract representative features, and
remove redundant noise, thereby enhancing the quality of the extracted fault information.
Furthermore, this approach lays a solid foundation for the subsequent application of deep
learning-based fault-diagnosis techniques. By improving feature extraction and reducing
computational complexity, the proposed method effectively alleviates the workload of
operation and maintenance personnel while enhancing fault classification accuracy. Our
experimental results demonstrate that the proposed method significantly improves the
precision and robustness of fault identification in power systems.

Keywords: critical fault information identification; principal component analysis; scalable
time window; feature extraction; transformer substation; power system reliability

1. Introduction

High-Voltage Direct Current (HVDC) technology has driven major advances in
long-distance, high-capacity power transmission in China, offering lower line and con-
verter station costs, higher throughput, reduced losses, asynchronous interconnection and
precise short-circuit current control compared with traditional High-Voltage Alternating
Current (HVAC) systems. HVDC substations therefore encompass extensive primary-
and secondary-side equipment, generating dense streams of time-series alarms and status
signals (currents, voltages, breaker trip indications, etc.) whose volume and complexity
present significant fault-diagnosis challenges.

These challenges motivate the development of diagnostic methods that operate solely
on such alarm and status data—without invoking any DC- or AC-specific power flow
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models—and which are, thus, equally applicable to HVAC substations. To assist operation
and maintenance personnel in accurately determining and locating faults, researchers have
proposed various methods for identifying key fault information in intelligent substations
by extracting representative features [1-4]. However, these existing approaches face notable
challenges. Ke et al. [1] developed a fault diagnosis model based on cooperative game
theory and cloud models, establishing an index system for key fault factors. However,
the entropy-weighting approach used in this method suffers from limitations in weight
assignment, reducing its accuracy. Ding et al. [2] introduced an expert system-based fault-
diagnosis approach that stores expert knowledge in a structured knowledge base. While
effective in small-scale applications, its efficiency diminishes when applied to large-scale
power systems. Zhan et al. [3] integrated Dempster—Shafer evidence theory with fuzzy
logic, utilizing historical fault data for decision making. However, the method encounters
difficulties in constructing fault data range tables, defining fuzzy membership functions,
and optimizing multi-source information fusion. Dai et al. [4] proposed a big data-driven
approach to identifying multi-source transmission line tripping faults. While promising,
this method requires extensive fault current data, which is often difficult to obtain in
real-world power systems.

Furthermore, existing fault-diagnosis methods often generate an overwhelming
amount of complex and redundant information, complicating the identification of critical
fault-related data. The inability to effectively filter and prioritize key information hinders
targeted fault resolution [5]. To address these challenges, this study proposes an enhanced
method of critical fault information identification for substations. The method incorporates
a scalable time window adjustment for dynamic data preprocessing, ensuring that fault
information is captured based on real-time system conditions. Additionally, PCA is utilized
to extract key features, reduce data dimensionality, and eliminate redundant information.
By integrating these approaches, the proposed method aims to enhance fault classification
accuracy and efficiency, thereby reducing the operational burden on maintenance personnel
and improving the overall reliability of power systems.

The main contributions are summarized as follows:

1. A hybrid method for identifying key fault information in substations is proposed,
combining a scalable time window adjustment mechanism with Principal Component
Analysis (PCA). The time window adapts to the alarm density observed in real time,
enabling data capture under varying fault conditions.

2. The method includes a structured alarm event grouping and timestamp alignment
process, which allows temporally overlapping events to be clustered and synchronized
based on correlation, improving the temporal consistency of the input data.

3. Validation on an actual substation alarm dataset showed that retaining 10 principal
components can retain 90% of the total variance, which demonstrated its effective
dimensionality reduction and noise filtering in a data redundancy environment while
maintaining interpretability and computational efficiency.

The remainder of this paper is organized as follows: Section 2 provides a brief overview
of related research on fault-diagnosis methods. Section 3 outlines the proposed method
for key fault information identification. Section 4 presents experiments conducted on the
collected dataset to validate the effectiveness of the approach. Finally, Section 5 provides
the conclusion and suggestions for future work

2. Related Works

Technology for identification of key fault information plays a crucial role in predictive
maintenance and fault diagnosis by monitoring and analyzing system data, to detect and
isolate potential failures. The primary objective of this technology is to extract relevant
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features from fault phenomena, enabling both quantitative and qualitative analysis, to
establish a structured fault feature library. This interdisciplinary field integrates concepts
from electronic engineering, statistical mathematics, modern control theory, signal process-
ing, pattern recognition, computer science, and artificial intelligence, to develop efficient
fault identification methods.

Existing approaches to identification of key fault information can be broadly catego-
rized into three types: mathematical model-based methods, empirical knowledge-based
methods, and data-driven methods [6], as illustrated in Figure 1. Each of these methodolo-
gies has distinct advantages and limitations, in terms of accuracy, computational complexity,

and data dependency.
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Figure 1. Technology for identification of key fault information.

2.1. Mathematical Model-Based Methods

Mathematical model-based methods rely on precisely defined mathematical represen-
tations of power system components, enabling the characterization of parameter variations
and theoretical threshold ranges under different operating conditions. These models pro-
vide high recognition accuracy and strong real-time performance, as they establish explicit
relationships between system states and abnormal conditions. By leveraging these mod-
els, operation and maintenance personnel can diagnose real-time system conditions with
greater confidence. However, the major limitation of this approach is the substantial effort
required to construct accurate models, which demands extensive domain expertise, prior
knowledge, and computational resources. Additionally, real-world power systems are
highly dynamic and complex, making it difficult to maintain up-to-date models that reflect
evolving operational characteristics. Early studies primarily focused on this method due to
its interpretability and reliability [7].

Lietal. [8] proposed a fault-identification method based on a Multi-resolution Morpho-
logical Gradient (MMG) for distribution networks with Doubly Fed Induction Generators
(DFIGs). By constructing a discriminant criterion using gradient peak ratios, the method
achieves precise identification of fault types and phases. In scenarios with nonlinear cur-
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rent distortion caused by DFIGs, it demonstrates a 100% fault-detection rate and 99.75%
recognition accuracy.

Zhang et al. [9] developed an online diagnosis method for synchronous compensators,
using Variable Predictive Model-based Class Discrimination (VPMCD). This approach uses
the minimum sum of squared prediction errors to distinguish between fault currents and
inrush currents, addressing the limitations of traditional methods in handling small samples
and high-dimensional data. The overall recognition accuracy exceeds 82%, outperforming
Support Vector Machines (SVMs).

2.2. Empirical Knowledge-Based Methods

Empirical knowledge-based methods primarily rely on expert systems, where fault
diagnosis rules and decision making models are established, based on the experience,
knowledge, and heuristics of domain experts. These systems infer equipment operating
conditions by formalizing human expertise into structured rules, allowing for fault detec-
tion without requiring complex mathematical models or large-scale historical data. The key
advantages of this approach include ease of implementation and strong interpretability,
making it particularly suitable for environments where expert domain knowledge is readily
available. However, the method suffers from maintenance challenges, as updating and
refining rule-based systems is labor-intensive. Furthermore, its performance is heavily
dependent on the expertise and availability of domain specialists, limiting scalability, and
accuracy compared to automated methods. This approach has been widely used in early
fault diagnosis studies [10,11].

2.3. Data-Driven Methods

With advancements in big data analytics and machine learning, data-driven methods
have emerged as powerful alternatives for fault diagnosis. These approaches leverage
historical fault data to extract hidden failure patterns and relationships, enabling automated
fault monitoring and prediction. Unlike traditional model-based or expert-driven methods,
data-driven techniques do not require explicit knowledge of the physical system structure.
Instead, they rely on statistical analysis, signal processing, and artificial intelligence to
learn fault characteristics from available data. The primary advantages of this approach
include high adaptability, automation capability, and scalability, making it well-suited for
large-scale, complex power systems. However, the effectiveness of data-driven methods is
heavily dependent on the availability and quality of historical data. Inaccurate, incomplete,
or biased datasets can significantly impact model performance. Many recent studies
have explored machine learning and deep learning techniques for fault identification,
highlighting the growing importance of this approach in modern power systems [12-17].

For example, Wang et al. [17] proposed a fault-diagnosis method based on an artificial
neural network, which was verified by a 110kv substation example with an accuracy of
97.68%, which is better than many traditional and intelligent methods.

In summary, the aforementioned methods still face challenges in practical substation
scenarios. Model-based approaches often require complex modeling and are difficult
to generalize to modern digital substations. Expert systems, while interpretable, lack
scalability and adaptability. Although data-driven methods have shown promise, they
typically rely on static data preprocessing steps such as fixed time windows, which may fail
to capture dynamic fault behaviors. Moreover, most existing methods overlook the need to
filter redundant alarm signals before applying dimensionality reduction. To address these
gaps, our method integrates a scalable time window adjustment mechanism with PCA-
based feature extraction, aiming to capture fault-specific data sequences dynamically and
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reduce dimensionality with interpretability. This hybrid approach enables more accurate
identification of key fault features in various fault scenarios in substations.

3. Scalable Time Window-PCA Key Fault Information Identification

This section presents the proposed method for identification of key fault information
about substations; it is designed to enhance the accuracy of fault identification by integrating
scalable time window correction and PCA-based feature extraction. This approach provides
a structured preprocessing framework that supports subsequent deep learning-based fault
discrimination analysis. The overall technical architecture is illustrated in Figure 2.

As shown in the figure, the proposed fault identification framework consists of two
primary components: data preprocessing and feature extraction. The data sources in-
clude switching states, protection actions, and time-sequenced information collected from
substations, as well as status data from primary and secondary equipment:
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Figure 2. Technical architecture diagram for the automatic identification of key fault information.

3.1. Data Preprocessing—Scalable Time Window Correction

In the context of substation key fault information identification, the collected fault data
primarily consist of one-dimensional time series signals. Consequently, effective feature
extraction and noise reduction are crucial for optimizing the accuracy and reliability of
fault identification. To achieve this, the proposed method adopts a scalable time window
correction approach. The data preprocessing phase consists of three major steps.

3.1.1. Scalable Time Window Adjustment

Many fault diagnosis studies adopt a fixed-length acquisition window, Ty, as pro-
posed in [14], which may introduce identification errors when the time window is too
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large or too small. To mitigate this issue, this study introduces a scalable time window, Tf,
dynamically adjusted based on the fault alarm density. The window size is defined as

Tr=Tw+ T (1)

where Ty represents the minimum fixed time window (default: 10 s [18]), and where T is
the floating acquisition time. The adjustment mechanism follows this principle:

If the rate of alarm occurrences Aalarm /At within a specific time interval At exceeds a
predefined threshold (¢) then the floating time window At expands dynamically until the
alarm rate falls below (¢). Specifically, Aalarm /At is calculated by counting the number of
distinct alarm events that occur within a sliding window of 1 s. If multiple alarms have
identical timestamps (i.e., overlap) then each is counted separately unless they are from the
same equipment and of the same type, in which case they are treated as a single logical
event, to prevent redundancy. This count is updated continuously as the time window
moves forward, providing a real-time estimate of the current alarm density.

Aalarm /At will not increase indefinitely. If it reaches Tnax, Which is preset by the
operator, it will stop expanding.

The scalable time window correction mechanism is illustrated in Figure 3:

Meets the fault activation threshold

Floating time of acquisition

>

Fixed time of collection

A\
4 A\

Delay time

——

tl 2 t>'

Figure 3. Scalable time window. Here t; represents the moment the fault-initiation threshold is met.
Ty is the fixed acquisition time between t1 and t,. Ty denotes the floating time extension beyond t,.

We performed a comprehensive sensitivity analysis by sweeping ¢ from 0.000 to 1.000 and
measuring (a) the number of STW windows, (b) event-grouping integrity, and (c) overall STW +
PCA feature fidelity. The key results are summarized in Figure 4 below:

For ¢ < 0.556, we retained 100% event integrity (all alarm clusters fell entirely within
single windows). Feature fidelity (total variance retained by PCA) peaked at 99.762%
when ¢ = 0.556 and declined only marginally beyond that; ¢ > 0.556 caused over-splitting
(integrity dropped to 80% or less).

Based on this analysis, we set ¢ = 0.556 alarms/s in all subsequent experiments, to
achieve the optimal balance between complete alarm coverage and maximal feature fidelity.

This dynamic adjustment ensures optimal window selection, enhancing the accuracy
of event grouping and fault sequence reconstruction.
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Figure 4. Determination of the ¢ value.

3.1.2. Event Grouping via Time Window Clustering

In complex substation environments, multiple faults can occur simultaneously or within
short intervals, making it challenging to differentiate between related and unrelated fault
events. To address this, a time window clustering strategy is introduced, to group correlated
alarm events systematically. The alarm event grouping process is based on the following:

(1) Alarm severity: Events with high severity levels are prioritized for grouping.

(2) Temporal proximity: Events occurring within the same time window are evaluated for
correlation.

(38) Fault type similarity: Similar fault types within a specific period are clustered.

The correlation coefficient and similarity index between alarm events are computed,
to determine whether they belong to the same fault cluster:

(1) If events are correlated, they are grouped together.

(2) If events are uncorrelated, they are assigned to separate groups.

(3) If multiple alarm events originate from the same root cause, they are combined into a
single fault group.

(4) If multiple alarm events stem from different sources, they are processed separately for
independent fault analysis.

This structured clustering process ensures that alarm event groups are well defined,
facilitating accurate fault classification and diagnosis.

3.1.3. Unified Time Correction for Fault Groups

Substations often encounter multiple fault events within short timeframes, making it
challenging to establish a consistent time reference across all events. To overcome this, a
unified time correction process is developed, to synchronize event timestamps effectively.

The flowchart in Figure 5 illustrates the correction mechanism.

From the process in the diagram, it can be seen that if the start-up criterion is satisfied
then the data of the current period will be collected, and then the collected data will be
divided into clusters and groups. The combination will be named from 1, and then the
correction value of the time of group i will be obtained iteratively. The main and auxiliary
protection devices of the group i also perform time correction, and then i points to the
group number of the next group, repeating the above steps until the correction of all the
groups ends.
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Figure 5. Flow chart of obtaining calibration reference values for each group.

The time-correction process considers three primary timestamps for comparison and
adjustment: the SOE (Sequence of Events) timestamp of the group’s start-up event; the
first-action event timestamp for each protection device; and the event reception timestamp
recorded by the master station.

3.2. Feature Extraction—Principal Component Analysis (PCA)

In this study, PCA is employed as an unsupervised dimensionality-reduction method
to extract key fault features from high-dimensional substation data. PCA aims to sim-
plify datasets, reduce feature redundancy, and enhance computational efficiency while
preserving essential information for fault diagnosis. By retaining the principal components
that maximize data variance, PCA effectively identifies critical fault parameters while
minimizing irrelevant noise.

There are also some nonlinear dimensionality-reduction methods. Unlike nonlinear
methods such as t-SNE or UMAP, PCA offers deterministic and interpretable transformation
of high-dimensional fault features into a compact set of principal components. In substation
fault diagnosis, sensor data like current, voltage, and gas pressure are structured and
physically meaningful—and PCA allows us to trace each component back to interpretable
engineering variables. This transparency is critical for maintenance engineers. In addition,
PCA is computationally inexpensive and produces stable results, making it ideal for
integration into real-time monitoring systems. In contrast, methods such as t-SNE and
UMAP are stochastic and primarily used for visualization, while autoencoders require
extensive training and hyperparameter tuning. Given that our goal is to extract the most
representative fault indicators for scalable online applications, PCA is the most practical
and technically appropriate choice.
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Substation fault analysis involves multiple interrelated fault parameters, leading to
correlations and overlaps among features. Extracting key fault information from these com-
plex datasets is crucial for accurate fault identification and classification. To integrate PCA
into substation fault diagnosis, the feature-extraction process follows these structured steps.

3.2.1. Data Standardization

Before performing PCA, it is essential to standardize the data, to ensure consistency
across different feature scales. In this study, Z-score normalization is applied, which centers
the mean at zero while preserving the original scale of data without altering variance. This
allows the relative proportion and unit of each fault feature to remain unchanged.

Given a fault dataset containing m instances and n fault features, the fault matrix is
denoted as

X111 " Xin

The mean fault matrix is computed as

_ 1 m

Xmn = m l; Xin 3)
Finally, data standardization is performed by subtracting the mean:

X = Xmn — Ymn (4)

This step ensures that all fault parameters are centered at zero, allowing PCA to
identify the most influential fault features effectively.

3.2.2. Covariance Matrix Computation

The covariance matrix captures the correlation structure between fault features, which
is fundamental for identifying principal components. The covariance matrix C is com-

puted as
1

n—1

C= xxT (5)

where X is the standardized fault matrix. The covariance matrix provides a quantitative
measure of how different fault parameters co-vary, ensuring that redundant and highly
correlated features can be effectively reduced.

3.2.3. Eigenvalue and Eigenvector Computation

To identify principal components, eigenvalue decomposition is performed on the
covariance matrix C:
C=VAV' 6)

where V is the eigenvector matrix, representing the principal component directions; VT
is the transpose of the eigenvector matrix; and A is a diagonal matrix containing the
eigenvalues, which indicate the variance explained by each principal component.
Solving the equation
(C=AI)V=0 (7)

yields eigenvalues A; and their corresponding eigenvectors wj. The eigenvalues are sorted
in descending order, where
M>A>...>An >0 8)
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This ranking ensures that the first principal components capture the most significant
fault variations.

3.2.4. Principal Component Selection

The top k eigenvectors corresponding to the largest k eigenvalues are selected to form
the transformation matrix
VT
1
Win = | ... )
T
Vk
where Wy, organizes the principal components row by row based on their contribution.
The selection criterion follows:
k s
Zi:l 1 >

>t (10)
i1 A

where ¢t is a preset threshold (typically 90%) that determines the number of retained
components. A higher threshold retains more features but may introduce redundant
information, while a lower threshold reduces dimensionality but may lose critical fault
information. The threshold is set based on the complexity of the substation fault data.

3.2.5. Data Transformation and Dimensionality Reduction

To achieve dimensionality reduction, the original fault data matrix Xmy is projected
onto the selected principal components:

Yim = WinXmn (11)

where Yy, is the low-dimensional representation of the original fault data, and where Wy,
ensures that only the most informative features are retained.

This transformation reduces computational complexity while preserving the most
critical fault information.

3.2.6. Selection of Key Fault Features

The contribution rate of each principal component vector is calculated sequentially, to
determine its relative importance in fault identification. The contribution rate y; of the gt
principal component is given by

/\q
Yi= ¢
Zl‘:1 /\i

The principal components are ranked in descending order, and only those reaching a

(12)

cumulative contribution rate of 90% are retained as key fault features (the reason is given
in the parameter discussion of part (3) in Section 4.2 below). This ensures that the most
significant fault indicators are preserved while eliminating redundant information.

The feature extraction process is summarized in Figure 6, which visually represents
the PCA-based fault feature selection mechanism.
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Figure 6. PCA feature extraction steps diagram.

4. Case Analysis and Experiments
4.1. Case Analysis

To demonstrate the effectiveness of the proposed method of key fault information
identification method, we conducted a case analysis using sample data collected from
third-generation intelligent substation equipment. The case study focused on a 500 kV
substation, where we analyzed alarm events triggered during a fault occurrence.

The dataset was generated through simulation, based on the operational logic and
failure characteristics of a typical 500 kV third-generation intelligent substation. The
simulation framework incorporated the behavior of protection relays, SCADA systems,
and sensor monitoring units, and it was designed to mimic real-world fault and alarm
patterns under diverse conditions. The fault categories (D1 to D8) were defined by domain
experts, referencing actual substation event types and failure modes. All data were labeled,
anonymized, and processed following general standards for data security and privacy.

The dataset included alarm records from line protection devices, circuit breaker protec-
tion devices, and other related equipment, such as switch signals, WAMS waveform data,
and recorded data. These alarm events were collected within a time window T following
the initial fault detection threshold t;. Table 1 presents a sample of the recorded alarm
events within this timeframe.

To efficiently process the collected alarm data, we utilized the time window grouping
technique, which organizes alarm events into clusters based on temporal and topological
correlations. The event grouping followed three key steps:
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Table 1. Part of 500 kV substation alarm dataset.

Alarm Time

Event Type

Related Equipment

Alarm Description

Data Source

500 kV Line A
Station 1 Switch B
Station 2 Switch C

500 kV Line A

500 kV Line A

Station 1 Transformer

500 kV Line A

Station 2 Switch C

Station 1 Switch B
500 kV Line A
500 kV Line A

Line protection device tripped

Station 1 switch protection device tripped
Station 2 switch protection device tripped
The line current is abnormal and exceeds
the rated value

The voltage drops rapidly and is
momentarily lost

Transformer vibration abnormal, possible
mechanical failure

Recorded waveform has abnormal
frequency

Switch signal abnormal, possible
malfunction

Switch signal returns to normal

Line current returns to normal

Line protection device
Switch protection device
Switch protection device

WAMS system

Wave recording device
Monitoring Sensors
Wave recording device

Switch signal system

Switch signal system
WAMS system
Wave recording device

t1 Line protection action

t2 Switch protection action

t3 Switch protection action

t4 Abnormal current

t5 Voltage sag

t6 Abnormal vibration
signal

t7 Abnormal waveform

t8 Abnormal switch signal

t9 Switch signal recovery

t10 Current recovery

t11 Voltage recovery

Voltage returns to normal level

(1) Alarm Event Filtering:

Filter out irrelevant alarms and retain only those directly related to the 500 kV line
fault. Discard events associated with unrelated lines or equipment.

(2) Formation of Event Clusters and Groups:

Construct event clusters by utilizing all relevant alarms within the designated time
window. Organize events into groups based on equipment relevance and network topology:

Group G1: Line protection events (e.g., main protection action signal A6, circuit
breaker position signal Al).

Group G2: Circuit breaker operation abnormalities (e.g., zero circuit breaker current
A2, zero circuit breaker voltage A3).

Group G3: Pressure-related alarms (e.g., low 0il/gas pressure A10, pressure lockout
signal A12).

Group G4: SF6 gas anomalies (e.g., SF6 gas pressure alarm A14, SF6 density relay
abnormality A15).

(8) Correlation Analysis:

Intra-group correlation: Identify multiple alarms occurring in the same equipment.

Inter-equipment correlation: Establish relationships between circuit breaker actions
and line protection responses.

Topological correlation: Analyze connectivity between switch protection devices and
line protection systems.

The identified event groups served as the foundation for feature extraction and fault
classification in the subsequent experimental phase.

To ensure the reliability of the proposed method, we selected 500 sets of representative
fault data, including 350 real training samples and 150 test samples, as summarized in
Table 2. Since real substation fault data are relatively scarce, we generated 60 synthetic sam-
ples from the original 150 test samples based on real datasets, using the make_classification
function in the Scikit-learn library to enhance the diversity and coverage of the test set. All
these samples could fully characterize different fault scenarios and help to more robustly
verify the proposed method.

Following the event-grouping process, we conducted preliminary feature selection
to extract the most relevant indicators contributing to fault diagnosis. Table 3 presents
a comprehensive summary of the general fault information features identified across all
the data samples. Additionally, it highlights the key features specifically related to the D6
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fault, ensuring that the redundant and less relevant features were filtered out to improve
diagnostic accuracy.

Table 2. Fault data sample.

Fault Number Substation Status Training Set  Test Set
D1 Normal 55 25

D2 Circuit breaker tripping 48 22

D3 Control circuit disconnection fault 34 15

D4 Low oil (gas) pressure — lockout and closing fault 45 15

D5 Hydraulic mechanism oil pump pressure timeout 42 22

D6 Circuit breaker arc chamber explosion 70 30

D7 Protection action — circuit breaker refuses to open 32 12

D8 SF6 gas low pressure fault 24 9

Table 3. General fault information features and D6 fault selection.

Feature Number Fault Characteristics D6 Relevance
Al Circuit breaker position YES
A2 Circuit breaker current is zero YES
A3 Circuit breaker voltage is zero YES
A4 Circuit breaker position closed —
A5 Fault interval protection action signal —
A6 Main protection action YES
A7 Control circuit disconnection —
A8 Monitoring circuit breaker control circuit signal light is off —
A9 No protection action signal received —
A10 Low oil (gas) pressure alarm of operating mechanism YES
All Locking reclosing —
Al12 Low pressure lockout signal YES
Al13 Oil pump pressure timeout alarm —
Al4 SFg gas low pressure alarm signal YES
Al5 SFg density relay indicates abnormality YES
Ale6 Partial discharge level exceeds threshold YES

Specifically, we now explain that the features marked “YES” were selected based on
their high relevance to the D6 fault, as determined by the following:

(@ Their contribution rates in PCA analysis (e.g., A3 and A2 having high eigenvalue
loadings).

@ And expert knowledge from substation engineers confirming their diagnostic signifi-
cance.

Conversely, features marked with “-” were excluded due to low variance, weak
correlation with D6, or redundancy with other features.

To verify the efficiency of the feature-extraction process, we applied the complete
method to all the training set samples.

4.2. Experiment

The D6 circuit breaker arc chamber explosion fault is used as an example to illustrate
the experimental steps.

(1) PCA-Based Feature Extraction and Analysis

After event grouping, we applied PCA to extract the key fault features. The following
steps were performed:

(@» Data standardization: The selected fault feature dataset was normalized to ensure
consistency.
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Mean calculation: The dataset was averaged.

Covariance matrix computation: The covariance matrix was derived from the stan-
dardized dataset, as described by the formula C = ﬁXXT.

Eigenvalue and eigenvector calculation: The eigenvalues A; and eigenvectors w; of he
covariance matrix were computed.

Dimensionality reduction: The original data matrix Xmn was projected onto a lower-
dimensional space, using the transformation Yiq, = Wi, X 1.

®@ ® ® O

Principal component contribution analysis: The contribution rates of all the principal
components were calculated and arranged in descending order. The PCA outcomes
are illustrated in Figure 7.

(2) Principal Component Contribution Analysis

Figure 7 presents a bar chart alongside a cumulative contribution curve. The blue bars
indicate the contribution rate of each individual principal component, while the red line
illustrates the cumulative contribution rate.

As shown in the figure, the cumulative contribution rate of the top 10 principal com-
ponents reached approximately 93%. Specifically, PC1 contributed about 28%, with its top
two loading features being A2 and A3; PC2 contributed about 14%, with A12 and A6 as the
dominant load features; PC3-PC5 each contributed 7-8%; and the remaining components
contributed approximately 5% or less. This analysis demonstrates that selecting the top
10 principal components allowed us to retain more than 90% of the information while
significantly reducing computational complexity (see Section 4.2, part 2, paragraph 2).

This experiment verified that the proposed PCA-based feature-extraction method
successfully identifies the key indicators of the D6 fault, reducing dimensionality while
preserving critical information.

PCA principal component contribution rate and cumulative contribution rate

100 4 —8— Cumulative contribution rate
mmm Contribution rate of a single principal component

80 4

60

Contribution rate (%)

40 -

20 4

PC1 PC2 PC3 PC4 PC5 PC6 PC7 PC8 PC9 PC10
AZ,A3 Al2,A6 A4 A13 Al6,A8 A5,A11 A9,A13 A4, A8 AB AT AT, ALL Al13,A9

Principal component number
Figure 7. Results of Principal Component Analysis.

(3) Parameter Discussion
To explore how to choose the threshold ¢, we conducted an experimental study; the
results are summarized in Table 4.

From these results, we observe the following: When t = 85, only 9 principal components
were retained, and the fidelity was only 87.09%, which had lost some fault information; if
it was increased to 90%, 10 principal components were needed to recover 92.37% of the
variance, and the compression rate was still 62.50%; but if it was increased to 95, 11 principal
components were needed, and the fidelity was increased to 96.39%, and the compression rate
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would rise to 68.75%. After exceeding 90%, although Fidelity and MSE were still improved,
the gain was relatively marginal (=4% vs. ~5% in the previous section), but more storage
and processing overhead was required. Therefore, we chose t = 90% as the practical optimum:
it captured more than 92% of the variance with 10 principal components (achieving a 62.5%
compression ratio), while having less storage and processing overhead than 95%.

Table 4. Comparison table with existing methods.

Threshold (%) PCs Fidelity (%) MSE Global Compression (%) Time (ms)

80 8 81.38 0.1862 50.00 1.40
80 9 87.09 0.1291 56.25 0.96
80 10 92.37 0.0763 62.50 0.85
80 11 96.39 0.0361 68.75 0.86

(4) Comparative Study

We conducted comparative experiments on the method proposed in this paper and
some other methods. The results of the comparison with the existing Fixed TW + PCA and
Raw Features methods are shown in Table 5:

Table 5. Comparison table with existing methods.

Method Event Integrity (%) Feature Fidelity (%) Avg. Window Compression (%)
Raw Features 100.0 100.0 100.0
Fixed TW + PCA 40.0 99.6 35.2
STW + PCA 100.0 99.6 344

Raw Features trivially captured all the alarm clusters (100% integrity) but offered no
compression. Fixed TW + PCA covered only 40% of the clusters entirely within single
windows, though it retained 99.6% of the variance at 35.2% compression. STW + PCA achieved
both 100% event integrity and the same 99.6% fidelity at 34.4% compression—demonstrating
that aligning windows to alarm groups preserves complete events while discarding slightly
more redundancy.

In addition to comparing the same type of linear dimensionality reduction methods,
we also compared the nonlinear dimensionality reduction methods. Five data-processing
processes are included in Figure 8 below, and we report two key metrics:

Feature Fidelity—the percentage of total variance (or trustworthiness) retained.

Compression Ratio—the dimensionality after embedding divided by the original
16 features.

The original data retained all the variance, but no compression was achieved. Both
PCA variants achieved 99.6% fidelity, but STW + PCA offered a slight improvement in
compression (34.4% vs. 35.2%) and, as shown in our event completeness analysis, guar-
anteed 100% coverage of alarm clusters, unlike fixed time windows. Uniform Manifold
Approximation and Projection (UMAP) and t-Distributed Stochastic Neighbor Embedding
(t-SNE) achieved very high compression (12.5% from 16 to 2 dimensions), but their mea-
sured “fidelity” of 92.0% and 96.4%, respectively, already included a quadratic inversion
based on K-Nearest Neighbors (KNNs), so the variance actually preserved by the embed-
dings alone was even lower. Furthermore, their stochastic nature and lack of analytical
inversion or characteristic loadings make them difficult to interpret or reproduce in real-
world substation processes. In contrast, Principal Component Analysis (PCA) provided a
single, deterministic transformation with an exact inverse operation and a clear variance
preservation measure (99.6%), ensuring high fidelity and full reconstructability.
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Feature Fidelity (%) 120 Compression Ratio (%)
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Figure 8. Comparison chart of five methods.

These results demonstrate that STW+PCA strikes the best balance among interpretabil-
ity, fidelity, compression, and alarm-event integrity, thus validating our choice of combining
a scalable time window with PCA for substation fault feature extraction.

(5) Limitation

The effectiveness of the scalable time window relies on the presence of meaningful
variations in alarm event density. Sparse or uniformly distributed data may reduce its
effectiveness. Threshold sensitivity: Although we conducted sensitivity analysis for the
PCA threshold (e.g., 90%), different substations or fault types may still require re-calibration
for optimal performance. PCA may not fully capture nonlinear correlations among features,
which could affect feature compression in some cases, and there may be situations where
the interference of certain noise characteristics cannot be completely removed. The method
was evaluated on real-world data from a single substation. Further work is needed, to
validate its robustness across different substations and operational contexts.

5. Conclusions

In this paper, we proposed a scalable time window-based method of identifying
key fault information, which we combined with Principal Component Analysis (PCA)
to address the challenges of excessive redundant information in existing fault-diagnosis
techniques. The proposed approach enables more effective extraction of critical fault-
related features, reducing the interference of irrelevant data while preserving essential fault
indicators. By introducing a dynamically adjustable time window, our method optimally
segments alarm events according to real-time system conditions, ensuring that critical
fault information is accurately captured. The integration of PCA further enhances feature
selection by reducing data dimensionality, removing redundancy, and retaining the most
representative fault indicators. The effectiveness and applicability of the proposed method
were validated using real-world datasets from third-generation intelligent substations,
demonstrating its ability to improve fault identification accuracy. The experimental results
indicate that combining adaptive time window adjustment with PCA can enhance the
quality of fault feature representation in alarm event datasets. This demonstrates the
potential of integrating dynamic preprocessing strategies with classical feature-extraction
techniques, especially in systems with heterogeneous and asynchronous alarms. The
proposed method is particularly suited to substation environments where interpretability,
stability, and computational efficiency are critical. The results also show that PCA effectively
reduces the feature space while preserving over 90% of fault-related information, thereby
minimizing computational complexity and improving diagnostic efficiency.
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This study provides a practical and scalable solution for intelligent substation fault
diagnosis, offering valuable insights into improving the efficiency of Operation and Main-
tenance (O&M) systems in modern power grids. Future research will focus on extending
this methodology by incorporating deep learning-based fault diagnosis models to further
improve automation and adaptability. Additionally, exploring multi-source data fusion
techniques could enhance the robustness of the proposed method in complex substation
environments.
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