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ABSTRACT: Power system faults can trigger a massive influx of complex alarm signals to the operation and mainte-
nance center, posing significant challenges for dispatchers in accurately identifying the underlying faults. To address the
issues of sample imbalance and low accuracy in traditional power grid monitoring alarm event identification methods,
a power grid monitoring alarm event identification method based on BERT large language model is proposed. Firstly,
information entropy is employed to filter effective monitoring alarm signals, and the k-means clustering algorithm
is used to group all alarm signals into different event types, forming the initial power grid monitoring alarm event
samples. Then, to mitigate the issue of sample imbalance in power grid monitoring alarm events, a pre-trained SimBERT
model is proposed to augment minority class samples, thereby reducing the imbalance ratio. Finally, the augmented
samples of power grid monitoring alarm events are used to fine-tune the bidirectional encoder representation from
transformer (BERT) model. A mix-training optimization strategy is adopted during fine-tuning to ultimately obtain
the power grid monitoring alarm event identification model. Case study results demonstrate that the proposed model
in this paper achieves superior identification precision of power grid monitoring alarm events compared to traditional
deep learning methods.

KEYWORDS: Power grid monitoring alarm event; BERT; information entropy; SimBERT; mix-training

1 Introduction
When operational abnormalities or faults occur in a power grid, the operation and maintenance center

typically receives a large number of text-based monitoring alarm signals within a short period [1]. These
alarm signals provide critical evidence for operators to determine the nature of events. Upon receiving these
alarms, operators should respond promptly to assess the power grid monitoring alarm events (PGMAE) and
take appropriate action to restore normal grid operation. Traditional PGMAE assessment primarily relies
on operators manually applying alarm identification rules and personal expertise, an approach that is prone
to misjudgments and omissions [2]. Consequently, there is an urgent need to develop methods capable of
accurately analyzing and identifying of PGMAE.

Conventional methods for PGMAE identification include support vector machine (SVM) [3], random
forest (RF) [4] and so on. With the rapid development of artificial intelligence (AI), particularly break-
throughs in deep learning methods for natural language processing (NLP), accurate and rapid identification
of PGMAE has become feasible [5]. Refs. [6,7] utilize hierarchical attention networks (HAN) for document
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classification, demonstrating performance superior to traditional classification models. Ref. [8] integrates
convolutional neural networks (CNN) with long short-term memory (LSTM) networks to form a LSTM-
CNN alarm diagnosis model, thereby enhancing diagnostic accuracy. Ref. [9] combines grid knowledge
bases with deep learning methods to improve the robustness of alarm events identification. However, these
methods fail to effectively learn the extensive domain-specific terminology prevalent in the power industry,
resulting in relatively low identification precision.

Furthermore, sample imbalance also constrains the application of deep learning methods in power
grids [10]. Deep learning typically requires large sample sizes for training, which are often scarce in power
grid contexts, consequently reducing model generalization capability. Moreover, the occurrence probabilities
of different PGMAE in power grids vary, leading to significant disparities in sample quantities across
events [11]. Easy data augmentation (EDA) [12] offers a straightforward technique to mitigate the impact
of sample imbalance on deep learning algorithms. It constructs semantically similar samples by means of
random swapping, random deletion, random insertion, and random substitution. However, the high ran-
domness inherent in its construction process may introduce excessive noise, potentially affecting the training
outcomes [13]. Ref. [14] applies noise injection and GAN-based methods to address data scarcity challenges
in smart grid anomaly detection and load forecasting. Ref. [15] established a three-stage sparse data
augmentation framework using a sequence-to-sequence enhanced super-resolution generative adversarial
network to enhance system observability. Ref. [16] employed EDA method to augment malware detection
data, reaching better training results compared to data trained by a variational autoencoder. Ref. [17]
proposed an improved generative adversarial network integrated with transfer learning to improve data
generation performance even with limited data. However, the aforementioned methods might inadvertently
amplify noise existing in the samples, causing interference with the training results.

In recent years, advancements in large language model (LLM) have garnered increasing attention,
achieving higher accuracy than traditional AI algorithms across multiple NLP tasks [18,19]. The emergence
of the BERT model [20], which is based on the transformer [21] architecture, has significantly improved
identification accuracy on numerous datasets. Ref. [22] developed PowerBERT, a power domain-specific
model, by incorporating a large corpus of power industry texts during training. Ref. [23] enhanced the iden-
tification results of unstructured texts in centralized dispatching systems by integrating the RoBERTa model,
trained with global masking, with bidirectional long short-term memory (Bi-LSTM) and bidirectional gated
recurrent unit (Bi-GRU) networks. Ref. [24] achieved precise sentiment text classification using a BERT-
BiLSTM model. However, references mentioned primarily leverage LLMs to generate semantic text vectors,
which are then fed into neural networks for training, rather than directly fine-tuning the LLMs on given texts
to obtain models readily applicable to downstream tasks. Furthermore, research on applying LLM specifically
to the analysis and identification of PGMAE remains relatively limited.

However, directly applying off-the-shelf LLMs to PGMAE identification faces several domain-specific
hurdles: (1) Information Redundancy and Noise: Raw alarm streams contain massive redundant and
auxiliary signals that can obscure the core fault pattern. (2) Severe Class Imbalance: The natural occurrence
frequency of different fault types leads to extreme sample size disparities. (3) Semantic Sensitivity: Minor
perturbations in alarm wording should not alter the event type, requiring robust semantic understanding
beyond lexical matching. Existing studies often address these challenges in isolation. To bridge this gap,
this paper proposes a novel, integrated framework that systematically tackles these challenges. Our main
contributions are threefold:

We introduce a task-specific data preprocessing pipeline that combines information entropy (IE) and
k-means++ clustering algorithm [25]. This pipeline is specifically designed to distill critical fault information
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from the noisy, high-volume alarm text streams characteristic of power system, a challenge not adequately
addressed by generic text preprocessing methods.

We present a holistic strategy to combat sample imbalance, integrating SimBERT-based semantic
augmentation with a novel mix-training protocol. This strategy is crucial for the power grid domain where
minority fault types are critical yet underrepresented, going beyond simple oversampling or cost-sensitive
learning. Then the samples are standardized according to LLM input requirements and fed into the pre-
trained BERT model for training. During the training process, multiple rounds of mix-training are conducted
using randomly split training sets to improve the model’s effectiveness.

We demonstrate through extensive experiments that our end-to-end framework significantly outper-
forms not only general-purpose machine learning and deep learning models but also existing state-of-the-art
methods specifically designed for power systems, achieving superior identification accuracy for both
majority and minority classes.

2 PGMAE Samples Augmentation

2.1 Formation of PGMAE Samples
Power grid alarm information is typically trigger-based, issued when an abnormality is detected. To

rapidly identify fault information from numerous signals, we collect monitoring information based on a time
scale to form initial PGMAE samples and apply IE combined with k-means++ clustering to derive the final
PGMAE samples.

When an alarm event occurs in the power system, all relevant alarm signals will be sent to monitoring
center within 10 s. To ensure comprehensive signal capture, we collected all alarm signals from 15 s before to
15 s after the event occurrence. All alarm signals within this 30-s window are then divided into 10 triplets at
3-s intervals, as denoted by Eq. (1), forming a corresponding alarm signal document S. The IE of document
S according is then calculated according to Eq. (2).

S = [(t1 , m1 , c1) , (t2, m2, c2) , ⋅ ⋅ ⋅ , (t10 , m10 , c10)] (1)

H (S) = −
mmax

∑
r=1

P (r) ln P (r) (2)

where S is the monitoring information document; t is a 3-s time period; ci contains all alarm signals within
time period ti; m is the number of alarm signals within time period ti; H(S) is the IE of document S; mmax is
the maximum number of divided states, equal to the maximum value of mi; r is the number of alarm signal
counts across10 triplets; P(r) is the probability of r occurring in S.

Triplet sets in document S are deleted sequentially, and the IE is recalculated after each deletion. The
triplet set whose removal causes the largest change in IE is identified as the centroid. Subsequently, triplet
sets are iteratively removed from the periphery until the IE of the remaining document, denoted as H′(S),
falls below the original IE H(S). The resultant document S′ is considered to contain the condensed, effective
monitoring alarm information. Given that alarm signals consist of standardized information with relatively
fixed description for the same event, a statistical segmentation method is adopted for text segmentation and
analysis. The co-occurrence information coefficient M(δi, δj) for two adjacent Chinese characters δi and δj
is defined as their pointwise mutual information (PMI), calculated in Eq. (3).

M (δi , δ j) = log
P (δi , δ j)

P (δi)P (δ j)
(3)
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where P(δi, δj) is the probability of δi and δj appearing adjacent to each other in the text; P(δi) and P(δj)
represent the individual probabilities of Chinese characters δi and δj appearing in the text, respectively. We
include character pairs with M(δi, δj) > 0 into the feature set, indicating that the two characters co-occur
more frequently than by chance. This threshold was empirically validated on a held-out validation set of 1000
alarm messages, where it achieved the highest F1-score for event type clustering compared to thresholds of
0.1 and 0.2.

Given the structured and domain-specific nature of Chinese alarm texts, we adopt character-level
tokenization to capture fine-grained semantic units without relying on external dictionaries. Each alarm
message is treated as a sequence of Chinese characters.

We employ a modified TF-IDF [26] scheme that incorporates smoothing to avoid zero IDF values for
characters appearing in all documents. The weight for a character δi in document S′ is computed as Eq. (4).

Wi =
f (δi , S′) × log( Nd

ni+1)�
		


n f

∑
j=1

f (δ j , S′) × log( Nd
n j+1)

(4)

where f (δi, S′) is the frequency of character δi in document S′; Nd is the total number of documents; ni is
the number of documents containing character δi; nf is the total number of characters in document S. The
weights are L2-normalized to form the document vectors.

Once documents are converted into vectors, we apply the k-means++ clustering method to group all
documents. All documents within a single cluster constitute one PGMAE type. By manually analyzing the
documents in different clusters, the practical meaning of monitoring events in each cluster is determined,
thereby defining the names for the different PGMAE type.

2.2 SimBERT
The SimBERT model is an optimized variant of the BERT large language model. To address BERT’s lim-

itation in text generation, SimBERT incorporates strengths from the unified language model (UniLM) [27]
in natural language generation (NLG). Specifically, it replaces the bidirectional masking mechanism used in
BERT pre-training with a unidirectional masking mechanism for the input and target texts. This enhances
the model’s focus on the target text, strengthening its ability to generate semantically similar texts.

During pre-training, the SimBERT model treats the input text and target text as a pair of similar texts.
In the same batch, it simultaneously trains the sequences [CLS]<input text>[SEP]<target text>[SEP] and
[CLS]<target text>[SEP]<input text>[SEP]. The vectors of all [CLS] tokens across batches are assembled into
a matrix. Each row of this matrix undergoes L2 normalization, resulting in a normalized matrix V. The text
similarity matrix S is then computed using Eq. (5). After masking the diagonal elements of matrix S, the
softmax probability for each row of S is calculated according to Eq. (6). This enabled model to accurately
identify the similar texts corresponding to an input text from a set of candidates.

S = aVVT (5)

ŷ jk =
e y jk

b
∑

l=1, l≠ j
e y jl

(6)
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where a is a proportionality constant(set to 30); b is the batch size; yjk is the element in the j-th row and
k-th column of matrix S; ŷ jk is the element in the j-th row and k-th column of the matrix after softmax
normalization; j, k = 1, 2, . . ., b, and j ≠ k; e is the base of the natural logarithm.

This formulation effectively converts the learning task for similar texts into a classification task.
Non-similar samples within each batch serve as negative samples, which enhances the similarity between
genuinely similar samples and improves the model’s capability to generate high-quality similar samples.

2.3 PGMAE Samples Augmentation Based on SimBERT
This section details the sample augmentation process based on the SimBERT model, following a strict

protocol to prevent data leakage and overfitting.
First, the entire dataset of original PGMAE samples is randomly split into a temporary training set

(80%), a validation set (10%), and a test set (10%). The SimBERT augmentation process is applied exclusively
to the temporary training set. The validation and test sets remain completely untouched, containing only
original, human-annotated samples. This ensures that the model evaluation is performed on genuine data,
providing a reliable measure of its generalization capability.

For each minority event type in the temporary training set, we determine the number of samples to be
generated per original sample na, based on a preset target sample size. The SimBERT model then generates
a pool of no less than (2na + 1) similar samples per original sample to allow for selective filtering.

To mitigate the risk of including near-duplicates that could lead to overfitting, we first remove any
generated sample that is string-identical to any sample in the entire original dataset (including training,
validation, and test sets). We then calculate the cosine similarity between the vector representation of each
generated sample and the vector of its original source sample, according to Eq. (7). The generated samples are
sorted in descending order of similarity. Instead of selecting the top na samples indiscriminately, we chose
the top na samples that exhibit a cosine similarity below a carefully chosen threshold of 0.95. This ensures
semantic fidelity while explicitly avoiding the inclusion of near-duplicates. The final augmented training set
is formed by combining these carefully selected generated samples with the original temporary training set.

C = A ⋅ B
∥A∥ × ∥B∥ (7)

where A and B are the vector representations of the original sample and the generated sample vector; C is
the cosine similarity between A and B.

The generated power grid monitoring alarm event samples are then mixed with the original monitoring
alarm event samples to form the complete set of power grid monitoring alarm event samples for large
language model training.

3 Identification of PGMAE Based on Large Language Models
This section describes the fine-tuning of the pre-trained BERT model for PGMAE identification. By

constructing PGMAE samples and using different event types, “sample-label” pairs are formed. The PGMAE
labels served as the target for model identification. By training the model on these “sample-label” pairs, a fine-
tuned PGMAE identification model is developed. To ensure the model fully learns the information within
the PGMAE samples, a mix-training optimization method is employed. Based on the obtained PGMAE
identification model, calculate the probability for each event label corresponding to the input sample, so as
to take the event type with the highest predicted probability is taken as the predicted event type.
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3.1 Identification of PGMAE Based on BERT
The BERT model, released by Google, has achieved breakthroughs in multiple NLP fields. This paper

employs the BERT large language model to identify PGMAE, and optimizes the model training process
through mix-training to improve analytical accuracy.

During pre-training process, BERT model is primarily trained on two tasks: Masked Language Model
(MLM) and Next Sentence Prediction (NSP). MLM enables BERT to better learn vocabulary and gram-
matical structures, while NSP helps it learn inter-sentence relationships and language coherence [28]. Upon
receiving input text, BERT performs three layers of embedding: token embedding, segment embedding, and
position embedding. Token embedding mainly encodes each word in the input text and converts it into a
multidimensional vector. Segment embedding, primarily used in NSP tasks, distinguishes different sentences
in the input text. For the PGMAE identification task, all segment embeddings are set to 0. Position embedding
encodes the position of each word within the input text.

The core architecture of the BERT model is a multi-layer transformer, as shown in Fig. 1. Each layer
contains two core sub layers: a multi-head attention mechanism and a feed-forward network (FFN). The
multi-head attention mechanism, composed of multiple layers of single attention layers, captures contextual
relationships within the input text, allowing the model to excel without strict reliance on word order [29].
The input to the self-attention layer consists of the Q and K matrices with dimension dk, and the V
matrix with dimension dv. The output attention weights are calculated based on Eq. (8). The multi-head
mechanism executes the above process in parallel h times, with each head using different weight matrices
to capture contextual information from different representation subspaces. The FFN is a simple two-layer
fully-connected network that independently transforms each token’s representation, as shown in Eq. (9).

Positional
Embedding

Multi-Head 
Attention

Add & Norm

Feed 
Forward

Add & Norm

N×

Output 
Embedding

outputs

Masked 
Multi-Head 
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Add & Norm
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Figure 1: The transformer architecture
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Att (Q, K, V) = softmax(QKT
√

dk
)V (8)

FFN (E) = ReLU (EW1 + b1)W2 + b2 (9)

where E is a token vector; W1 and W2 are weight matrices; b1 and b2 are bias.
This paper fine tunes the pre-trained BERT model using the augmented PGMAE samples to train a

PGMAE identification model. The structure of BERT-based PGMAE identification model is shown in Fig. 2.
When a PGMAE sample is input, BERT first tokenizes the sample and prepends the [CLS] token. All tokens
are then embedded into multidimensional vectors for subsequent processing. After passing through the
multi-head attention and FFN layers, the embeddings are transformed into vectors whose dimension equals
to the number of fault types. The vector corresponding to the initial [CLS] token is passed through a softmax
function, converting its values into a probability distribution over the possible fault types. Each value in this
output vector represents the probability of the input sample belonging to the corresponding fault type. The
fault type with the highest probability is selected as the model’s identification result. The specific version
of BERT in this paper is BERT_base_chinese, which has 110M parameters. Based on the obtained PGMAE
identification model, input monitoring alarm events are identified, and their corresponding event types
are determined.

substation

[CLS] tok 1 tok 2 tok n�

E[CLS] E1 E2 En�

wi1 wi2 wi3 win

wj1 wj2 wj3 wjn

C T1 T2 Tn�

Label

10kV � returnsPGMAE sample:

Figure 2: Structure of PGMAE identification based on BERT

3.2 Mix-Training Optimization Strategy
This section describes mix-training strategy used to optimize the BERT model training process. The

mix-training strategy is designed to prevent overfitting and enhance model generalization by exposing the
model to multiple, stochastically partitioned versions of the training data, acting as a form of data-level
ensemble during fine-tuning. The specific mix-training process is illustrated in Fig. 3.

First, the obtained PGMAE samples are randomly divided into training, validation, and test sets in
an 8:1:1 ratio, denoted as sample set R1. This random partitioning is repeated multiple times to obtain
sample sets R2, R3, . . ., Rn. Sample set R1 is then used to fine-tune the pre-trained BERT model for multiple
iterative epochs, resulting in the fine-tuned model 1. Subsequently, sample set R2 is used to further fine-
tune model 1 for the same number of epochs, yielding fine-tuned model 2. This process continues iteratively.
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After n − 1 rounds, fine-tuned model n − 1 is obtained. Finally, sample set Rn is used to fine-tune model
n − 1, producing the final PGMAE identification model. This sequential fine-tuning on different data subsets
encourages the model to learn robust features that are invariant to specific data partitions, addressing the
variance inherent in single data splits and reducing the risk of overfitting to peculiarities of any particular
training set composition. Based on the final PGMAE identification model, when an alarm event occurs in
the power grid, the model can effectively identify the event type, improving the work efficiency of operation
and maintenance personnel and ensuring the safe and stable operation of the power grid.

Figure 3: Process of mix-training of model

4 Results

4.1 Platform Configuration
We constructed the experimental setup using a Python-based model training environment. The hard-

ware configuration included an Intel Xeon Silver 4310 CPU (2.10 GHz), and two NVIDIA GeForce RTX
A6000 with 48 GB memory. The software environment was built on Baidu’s paddlepaddle framework, using
python 3.11.11, paddlehub 2.4.0 and paddlepaddle-gpu 3.0.0b1. To ensure reproducibility, the random seed
was fixed to 42 for all experiments, including data splitting and model initialization. The training parameters
are shown in Table 1.

Table 1: Training parameters

Training parameters Value
Batch size 32

Maximum sequence length 512
Learning rate 5e−5
Total epochs 9
Optimizer Adam

Loss function Cross-entropy
Random seed 42

Learning rate scheduler Linear with warmup (10% of
steps)

We used the cross-entropy loss function for this multi-class identification task. The Adam optimizer
was employed with its default parameters (beta1 = 0.9, beta2 = 0.999, epsilon = 1e−8). A linear learning rate
scheduler with warmup was applied for the first 10% of the training steps to stabilize training. Early stopping
was not used, as we trained for a fixed number of epochs based on validation performance. The model was
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fine-tuned for 9 epochs, with each epoch involving a full pass over the training data. The validation set was
used to monitor the training process and help prevent overfitting.

4.2 Establishment of Experimental Evaluation Indicators
The model’s identification performance is evaluated by constructing a confusion matrix to calculate

various assessment indicators, including accuracy, precision, recall and F1-score. The confusion matrix is a
square matrix of order m, which equals the number of PGMAE types. The non-diagonal elements cij represent
the number of PGMAE samples whose true type is i but are identified as type j, that is, the number of
misidentified events. The diagonal elements cii represent the number of PGMAE whose true type is i and
are correctly identified as type i, that is, the number of correctly identified events. Given that this case study
involves 9 PGMAE types, a multi-class identification problem, and significant sample size disparities exist
between types, precision (Pp), recall (Rp), and F1-score are adopted as evaluation indicators for each PGMAE
type to provide a clearer view of model performance under class imbalance [30]. For the overall evaluation
of the model’s predictions, accuracy (A), macro-precision (P), macro-recall (R), and macro F1-score (F1) are
employed. Macro-averaging gives equal weight to each class regardless of its sample size, making it suitable
for imbalanced datasets. The relevant calculation formulas are provided in Eqs. (10)–(13).

A =

ma

∑
p=1

cpp

N
(10)

⎧⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎩

P = 1
ma

ma

∑
p=1

Pp

Pp = c pp
ma
∑
q=1

cq p

(11)

⎧⎪⎪⎪⎪⎪⎨⎪⎪⎪⎪⎪⎩

R = 1
ma

ma

∑
p=1

Rp

Rp = c pp
ma
∑
q=1

c pq

(12)

F1 = 1
ma

ma

∑
p=1

2 ×
Pp × Rp

Pp + Rp
(13)

where N is the total number of samples; ma is the number of alarm event types.

4.3 Experimental Results and Analysis
This case study utilizes two years of PGMAE data from regional power grid in Eastern China, collected

between January 2022 and December 2023, comprising approximately 50,000 raw alarm messages. The data
included timestamps, device IDs and alarm text descriptions. The samples first underwent preprocessing,
including operations such as stop words removal. We applied text cleaning to remove special characters,
numbers, and uniformize casing. Chinese text segmentation was performed using character-level tokeniza-
tion, as described in Section 2.1. Cluster analysis was then performed on the samples. Based on the clustered
results and actual PGMAE signal specifications, the sample event types were labeled. Finally, the samples were
standardized and stored in form of <type label>/t<event text>. After applying IE and k-means++ clustering,
9 PGMAE types were identified. The resulting sample event types and their corresponding sample sizes are
shown in Table 2. As evident from Table 2, significant class imbalance exists. Majority-class samples (e.g.,
single-phase faults and phase-to-phase faults) can exceed ten times the quantity of minority-class samples
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(e.g., transformer body faults). Therefore, augmentation of the minority class samples was performed. After
augmentation, the quantity of each minority-class samples exceeded 1000 entries, aiming to reduce the
imbalance and improve the identification accuracy.

Table 2: Event types and corresponding sample sizes

Event number Event types Sample size
1 Bus fault 435

2 Single-phase fault (successful
reclosure) 3658

3 Single-phase fault (unsuccessful
reclosure) 5896

4 Phase-to-phase fault 2436
5 Transformer electrical fault 621
6 Transformer body fault 457

7 Transformer on-load voltage
regulation fault 237

8 Capacitor/reactor fault 1395
9 Grounding transformer fault 468

To validate the effectiveness of the proposed model, its performance was compared with that of
traditional artificial intelligence algorithms, as shown in Table 3. Among machine learning methods, the
SVM model and RF were selected for comparison. For deep learning methods, the CNN model and Bi-LSTM
were chosen as baseline models. The proposed model employs a mix-training approach to optimize the BERT
fine-tuning process, consisting of 3 rounds with 3 iterations per round, where each iteration builds upon the
previous model state. In contrast, standard BERT fine-tuning involves only 9 consecutive iterations starting
directly from the base pre-trained model.

Table 3: Comparison of identification results between different models

Model Accuracy/% Precision/% Recall/% F1-Score/%
SVM 88.20 88.17 88.20 88.15

RF 91.18 91.52 91.08 91.18
CNN 92.69 92.74 92.63 92.66

Bi-LSTM 96.75 96.79 96.76 96.75
BERT 98.30 98.51 98.76 98.63

Model of
this paper 99.75 99.82 99.83 99.83

As shown in Table 3, the RF model performs best among machine learning models, with accuracy and
F1-score both at 91.18%. The Bi-LSTM model performs best among the traditional deep learning models,
with accuracy and F1-score both at 96.75%. The BERT model, even without the mix-training optimization,
outperforms all other machine learning and deep learning baselines across all four evaluation indicators.
Compared to the best machine learning method (RF), the BERT-based approach improves accuracy and
F1-score by over 7%. Compared to traditional deep learning methods, BERT shows varying degrees of
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improvement in all indicators. For example, the accuracy of BERT model achieves 98.30%, which is 5.6%
higher than the CNN model and 1.55% higher than the Bi-LSTM. After implementing the mix-training
strategy, all 4 evaluation indicators show further improvement compared to standard BERT fine-tuning, with
each indicator exceeding 99%. For the proposed model, the accuracy, precision, recall and F1-score are 1.45%,
1.31%, 1.07% and 1.2% higher than the standard BERT model, respectively. Compared to the Bi-LSTM model,
the proposed model shows improvements of 2%, 3.03%, 3.07% and 3.08% in accuracy, precision, recall and
F1-score, respectively. This indicates that the proposed model possesses excellent analytical performance.
The mix-training method exposes the model to different data subsets during successive training phases,
enabling it to adequately learn variations between samples and internal relationships within the data, thereby
enhancing its analytical capability.

To illustrate the advantages of the proposed model, consider a sample event of the “Single-phase fault
(unsuccessful reclosure)”. This event sample includes multiple monitoring alarm signals related to protection
activation, circuit breaker operations, recloser actions, and auxiliary signals such as “spring does not store
energy”. BERT’s multi-head attention mechanism allows it to weigh the importance of each token within the
full sequence context, irrespective of position. For example, in this sample, signals like “protection action”,
“reclosing action”, “switch trip/close”, and “spring does not store energy” appear repeatedly and interact
in non-adjacent positions. BERT can effectively associate the initial “switch trip” with the later “reclosing
action failure” and “protection reactivation”, even when they are separated by other signals. This capability
is critical for distinguishing permanent faults (where reclosing fails and the fault recurs) from temporary
faults (where reclosing succeeds). Furthermore, BERT’s ability to understand the semantic roles of alarm
signals, such as distinguishing between “action” and “return” signals, enables it to filter out interference
signals, “spring does not store energy” for example, and focus more effectively on the core identification
logic. Unlike Bi-LSTM and CNN models, which often require manual design of sliding windows or time-
step processing, BERT inherently models the entire sequence in parallel, leading to more efficient and
accurate fault identification. In this case, BERT leverages its multi-head attention mechanism to capture
global contextual relationships across the entire sequence simultaneously, whereas traditional deep learning
methods such as Bi-LSTM and CNN may struggle with long-range dependencies due to window size
limitations or sequential processing constraints.

To verify the impact of sample imbalance on model performance, we calculated precision, recall, and F1-
score for each PGMAE type using the proposed model, the standard BERT model and the Bi-LSTM model,
as shown in Tables 4–6. The corresponding confusion matrices are visualized in Fig. 4.

Table 4: Identification results of each event type on proposed model

Event number Precision/% Recall/% F1-Score/%
1 97.27 97.95 97.61
2 99.54 98.69 99.12
3 100.00 99.75 99.88
4 99.41 99.68 99.55
5 98.33 97.86 98.10
6 99.06 99.66 99.36
7 99.07 100.00 99.53
8 99.84 98.10 98.86
9 99.10 97.18 98.13
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Table 5: Identification results of each event type on BERT model

Event number Precision/% Recall/% F1-Score/%
1 96.98 96.94 96.96
2 99.12 99.43 99.27
3 99.72 99.92 99.82
4 98.89 99.07 98.98
5 98.03 98.47 98.25
6 98.97 99.11 99.04
7 97.66 97.72 97.69
8 98.79 98.83 98.81
9 98.43 99.35 98.89

Table 6: Identification results of each event type on Bi-LSTM model

Event number Precision/% Recall/% F1-Score/%
1 96.43 96.37 96.40
2 97.14 97.06 97.10
3 97.05 97.19 97.12
4 96.97 96.78 96.87
5 96.52 96.37 96.44
6 96.14 96.57 96.35
7 96.81 96.57 96.69
8 97.69 97.63 97.66
9 96.36 96.10 96.23

From Tables 4–6, the BERT model achieves higher precision, recall and F1-score across all event types
compared to the Bi-LSTM model, but its performance is still lower than that of the proposed model for
every event type. Although the proposed model achieves strong overall results, its identification performance
varies across specific PGMAE types. Certain PGMAE types, such as bus fault (event 1) and transformer
electrical fault (event 5), exhibit slightly poorer prediction outcomes, likely due to their smaller original
sample sizes. For instance, the precision for bus fault identification is only 97.27%, slightly lower than for other
types. The recall rate and F1-score for this event type are also relatively lower. For minority class types (event
number 1, 5, 6, 7, 9), the average precision, recall and F1-score are 98.57%, 98.53%, and 98.03%, respectively.
In comparison, for majority class types (event number 2, 3, 4, 8), the corresponding averages are 99.70%,
99.06%, and 99.35%, respectively. Consequently, when processing alarm samples of specific minority event
types, the model remains more susceptible to misjudgments and missed detections, which could potentially
impact grid operation stability.
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Figure 4: Normalized confusion matrix: (a) BERT; (b) Proposed model

To further evaluate the model’s performance across different decision thresholds and under class
imbalance, we present the precision-recall curves for all 9 event types in Fig. 5.
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Figure 5: Precision-Recall Curves for each class

As observed, the PR curves for majority classes such as event 3 (single-phase fault, unsuccessful
reclosure) and event 2 (single-phase fault, successful reclosure) maintain high precision across all recall
levels, with their average precision close to 1.0, indicating near-perfect performance. In contrast, the curves
for some minority classes reveal the model’s remaining challenges. Specifically, Event 1 (bus fault) and
event 7 (transformer on-load voltage regulation fault) show more pronounced curvature. While they can
achieve high precision at lower recall levels, their precision drops more significantly as the model attempts
to capture more positive samples (higher recall). This trade-off is characteristic of classes where the model’s
discriminatory power is less certain.

The area under the precision-recall curve, or average precision, for these minority classes, though still
high (e.g., >0.98), is marginally lower than that of the majority classes. This quantifies the slight performance
gap that persists even after our data augmentation efforts.

This PR analysis corroborates the findings from the confusion matrix shown in Fig. 4, confirming that
while the model is highly effective overall, its performance on rare but critical fault types like bus and
specific transformer faults is relatively more sensitive to the identification threshold. This insight is crucial
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for operational settings where high recall for certain minority faults might be prioritized, potentially at the
cost of a slight decrease in precision.

To evaluate the reliability of the model’s predicted probabilities, we plotted calibration curves for all
categories, as shown in Fig. 6. The dashed line represents perfect calibration. At the same time, we calculated
the expected calibration error (ECE), which is defined in Eq. (14).

ECE =
B
∑
b=1

nb

N
∣acc (b) − con f (b)∣ (14)

where B is the number of intervals; nb is the number of samples in the b-th interval, N is the total number of
samples; acc(b) and conf (b) are the accuracy and average confidence within the b-th interval, respectively.
Lower ECE values indicate better calibration.
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Figure 6: Calibration plots for the proposed model and the baseline BERT model

As shown in Fig. 6, the proposed model’s calibration curve lies very close to the ideal diagonal, with
an ECE of 0.008, demonstrating excellent calibration characteristics. In contrast, the standard BERT model
without mix-training optimization shows slight overconfidence, especially in the high-confidence range
(>0.9), where its predicted probabilities exceed the actual accuracy, with an ECE of 0.015. We further
analyzed the calibration of minority classes. Taking “bus fault (event 1)” as an example, after introducing
SimBERT data augmentation, the model’s discrimination for this class improved, and its calibration curve
was slightly exceeded the diagonal, indicating that the model’s actual performance was even better than
its predicted confidence level (see Table 7, with precision reaches 100%). This suggests that our data
augmentation and mix-training strategies not only improved the model’s identification performance but
also significantly enhanced the reliability of its probability outputs, which is crucial for confidence-based
automated decision-making in power monitoring systems.

To determine the impact of different target sample sizes on model performance, we tested target sample
sizes ranging from 1000 to 3000 in increments of 500. For any minority class with fewer samples than
the target size, we used SimBERT for augmentation until its count reached the target. After five rounds of
SimBERT augmentation with different targets, we evaluated the performance of the BERT model, trained
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with our optimized approach, on the same test set. Accuracy and F1-score were selected as evaluation
indicators. The trends of these two indicators are shown in Fig. 7.

Table 7: Identification results of each event type of proposed model augmented by SimBERT

Event number Precision/% Recall/% F1-Score/%
1 100.00 99.74 99.87
2 99.88 99.86 99.87
3 99.92 99.95 99.93
4 99.95 99.83 99.89
5 99.75 99.80 99.77
6 99.62 99.75 99.68
7 99.46 99.65 99.55
8 100.00 99.92 99.96
9 99.78 100.00 99.89
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Figure 7: Impact of different sample augmentation targets on model identification results

Fig. 7 illustrates that the sample augmentation target size influences model performance. When the
target number of generated target samples reaches 1500, the proposed model achieves its optimal perfor-
mance, with the highest accuracy and F1-score among the five augmentation scenarios tested. When the
target size is excessively high (e.g., 2000 or 3000), the SimBERT model may introduce substantial noise in the
generated samples, thereby interfering with the model training process and leading to a performance decline.
Consequently, with the sample augmentation target set at 1500, the accuracy and F1-score for minority class
samples based on proposed model and the standard BERT model are compared in Fig. 8, and the proposed
model’s detailed prediction results for each PGMAE type are shown in Table 7.

From Fig. 8, after augmentation, the precision and F1-score of all minority classes show varying degrees
of improvement. The bus fault event (event 1) shows the largest improvement, with precision and F1-score
increasing by 2.73% and 2.26%, respectively. As shown in Table 7, after SimBERT sample augmentation, all
event types exhibit improvements in precision and recall, leading to corresponding increases in F1-score
compared to the non-augmented baseline (Table 4). Notably, for the bus fault event (event 1), precision
increases from 97.27% (without augmentation) to 100% (with augmentation), while the recall rate rises from
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97.95% (without augmentation) to 99.74% (with augmentation). This augmentation effectively alleviates the
model’s previously low identification rate for minority class samples and reduces the misjudgment probability
for these event types within the proposed identification model.

Figure 8: Identification results comparison on minority class samples: (a) Precision; (b) F1-score

To address concerns regarding data leakage and overfitting, we conducted a quantitative analysis of
the similarity between original and SimBERT-generated samples and verified the model’s performance
on the untouched test set. We evaluated the diversity of the augmented dataset using two metrics: (1)
The Jaccard similarity coefficient at the character level between each generated sample and its source
original sample, which measures the proportion of shared characters. (2) The cosine similarity between the
embedding vectors of original and generated samples, computed using the pre-trained SimBERT model
itself as per Eq. (7). The distribution of these similarity scores across all generated samples is summarized
in Table 8. The results indicate that while the generated samples are semantically relevant (high cosine
similarity), they exhibit significant lexical variation (low Jaccard similarity), confirming that SimBERT
produces paraphrases rather than mere replicas.

Table 8: Similarity statistics between original and augmented samples

Similarity metric Mean Standard deviation Maximum
Jaccard Similarity 0.32 0.11 0.78
Cosine Similarity 0.89 0.05 0.94

The ultimate proof against overfitting and data leakage is the model’s performance on the untouched
test set, which contains only original, non-augmented samples. The high accuracy (99.75%) and F1-score
(99.83%) reported in Table 3 for the proposed model were achieved on this original test set. This performance,
significantly better than the standard BERT model, demonstrates that the gains originate from learning
robust, generalized features from the augmented training set, rather than from memorizing leaked or
near-duplicate data.

To evaluate the robustness of our feature extraction method, we conducted sensitivity tests on two key
parameters: the co-occurrence coefficient threshold and the tokenization strategy. We tested three thresholds
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for M(δi, δj): 0, 0.1, and 0.2. The results are shown in Table 9. Table 9 shows that a threshold of 0 yields the
best performance in terms of F1-score, confirming our initial empirical choice.

Table 9: Sensitivity of co-occurrence threshold on model performance

Threshold Precision (%) Recall (%) F1-Score (%)
0 99.82 99.83 99.83

0.1 99.75 99.76 99.75
0.2 99.68 99.70 99.69

We compared character-level tokenization with word-level tokenization using the Jieba toolkit with
a custom power grid dictionary, shown in Table 10. As shown in Table 10, character-level tokenization
outperforms word-level tokenization in this domain, likely due to its ability to handle out-of-vocabulary
terms and the compositional nature of Chinese alarm messages effectively.

Table 10: Performance comparison of tokenization strategies

Tokenization method Precision (%) Recall (%) F1-Score (%)
Character-level 99.82 99.83 99.83

Word-level (Jieba) 98.45 98.50 98.47

4.4 Ablation Study and Component Analysis
To quantitatively evaluate the contribution of each key component in our proposed framework, we

conducted a comprehensive ablation study. The results are summarized in Table 11.

Table 11: Results of the ablation study on the test set

Model variant Accuracy/% F1-Score/% Δ F1-Score
Proposed full model 99.75 99.83 –

- w/o SimBERT
Augmentation 97.51 97.60 −2.23

- w/o Mix-Training 98.30 98.63 −1.20
- w/o IE-Based Filtering 98.92 98.95 −0.88

- Replace BERT with
Bi-LSTM 96.75 96.75 −3.08

- Replace BERT with
RoBERTa 99.40 99.45 −0.38

From Table 11, removing the SimBERT-based augmentation leads to the most significant performance
drop (F1-score decreases by 2.23%). This underscores the critical role of addressing class imbalance for
robust identification. The impact is particularly pronounced for minority classes like “transformer on-
load voltage regulation fault” (F1-score drops from 99.53% to 94.8% without augmentation). Removing
mix-training results in a noticeable performance decrease (F1-score drops by 1.20%). This validates that
our proposed optimization strategy effectively enhances model generalization by reducing overfitting to a
single data split. The IE-based signal filtering contributes 0.88% to the overall F1-score, demonstrating its
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importance in removing noisy, redundant alarm signals that could confuse the model. Replacing BERT
with Bi-LSTM causes the largest performance degradation, highlighting the superior semantic encoding
capability of the transformer-based architecture. The RoBERTa variant performs competitively but still
falls short of our BERT_base_chinese implementation, possibly due to better domain alignment of BERT’s
pre-training corpus.

We also evaluated the training and inference efficiency of our approach. On our experimental setup,
a single fine-tuning epoch for the BERT model takes approximately 9.75 min. The complete mix-training
process (3 rounds × 3 epochs) requires about 29.25 min. For inference, the model processes approximately
120 samples per second on the NVIDIA RTX A6000 GPU, meeting real-time operational requirements for
power grid monitoring centers.

5 Conclusion
This paper proposes a PGMAE identification method based on the BERT large language model to

address the problem of high sample imbalance and low prediction accuracy in traditional methods.

(1) Based on IE and k-means++ clustering, all alarm signals are separated into distinct event types to form
labeled PGMAE samples.

(2) The SimBERT model is used to generate augmented samples for minority classes. Generated samples
with high semantic similarity to the originals are selected and added to the original training set.

(3) The augmented PGMAE samples are used to fine-tune the BERT model. The training process is
optimized using a mix-training strategy to improve the model’s identification accuracy.

This paper constructs an identification framework based on LLMs to achieve accurate PGMAE identi-
fication, which is beneficial for timely identifying faults in power systems and ensuring stable grid operation.
Future research direction will focus on two core tasks. First, we plan to integrate this identification model
with existing large-scale power grid disposal systems to construct an end-to-end automated platform for
event identification and intelligent disposal. Second, and equally important, is the development of a robust
operational framework to address real-world challenges. This framework will include: a streaming inference
mechanism to handle alarm bursts within defined time windows; an out-of-distribution detection module,
based on predictive confidence thresholds, to flag unseen event types for human review; and a continuous
monitoring plan coupled with a periodic retuning strategy to mitigate concept drift, thereby ensuring the
model’s long-term reliability and adaptability in a dynamic grid environment.
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