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Online transient stability assessment (TSA) plays an important role in power system planning and operation.
The massive integration of renewable energy sources into the grids increases the risks of relay malfunction;
however, the existing TSA approaches only apply to scenarios where the fault could be successfully cleared,
and are not applicable under relay failure scenarios. Besides, the post-fault TSA methods normally rely on the
accurate fault clearance information, which would be affected by the clock synchronization errors in relays.
Thus, this paper proposes an online monitoring system that assesses transient stability based on the current
operating condition, which is independent of the accurate moments of fault occurrence and clearance provided
by fault indicators or relays signals; the transient stability prediction during the fault duration provides the
system operators with an early warning of system instability in the event of relay failures. Moreover, an
adaptively adjusted criterion for instability is proposed to balance the false alarm and misclassification rates.
Furthermore, novel Vision-Transformer-based models for both TSA and unstable generators identification are
built in this paper. Compared with other networks, the self-attention structure in the Transformer leads to
a global receptive field and higher resolution for capturing time-series information in each sample. Our
experiments on the IEEE-39 system show that the proposed method can assess transient stability at each
moment in different operation states. It outperforms existing machine learning-based models in terms of
accuracy and robustness in TSA and unstable generators identification tasks.

1. Introduction transient stability in [8-10] use steady-state characteristics to evaluate

the security status concerning potentially incoming contingencies, and

Real-time transient stability assessment (TSA) has been an im-
portant research area in power system planning and operation. In
recent years, the proliferation of renewables and electronic devices
in power systems has led to a dramatic increase in computational
complexity [1], which brings challenges to transient stability analysis.
Traditional transient assessment techniques based on time-domain sim-
ulations [2] demand accurate network configurations and suffer from
high computational burdens. Direct methods [3], such as the transient-
energy-function and equal-area criterion methods, provide approximate
results with limited modeling volumes.

The rapid development of artificial intelligence technology has
yielded novel solutions for real-time and accurate transient stability
monitoring [4,5]. The measurements collected from the Wide Area
Measurement System (WAMS) [6] via phasor measurement units
(PMUs) enable the use of data-driven methods for online transient
assessment.

The stability analysis of modern power systems could be adopted in
pre- or post-disturbance environments [7]. The approaches analyzing
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preventive actions should be taken to withstand the probable contin-
gencies. [8] proposed a gated recurrent unit (GRU)-based model that
predicted the transient stability of the system after faults lasting 0.25
s using the current operating point information. [9,10] realized pre-
fault dynamic security assessment by an ensemble learning method,
and [9] allowed assigning critical instances with larger weights. It is
noted that in such works, contingencies are assumed to be successfully
cleared after a fixed period; model performance would degrade with
longer fault duration (if faults are removed by backup protection)
or under relay failure scenarios. The support vector machine (SVM)
was extended to perform transient analysis for power systems and
analyze unstable generators in [11], and [12] determined unstable
attributes as security indicators. However, the accuracy and robustness
of TSA under shallow models have proven highly reliant on feature
selection [13], and the features extraction from raw data depends on
professional experience, which limits the practicality of TSA in actual
power systems. With the development of data-driven techniques, deep
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learning methods [14] that do not rely on feature extraction have been
adopted. In [15], data within 0-5 s after the fault clearing were utilized
to perform TSA, and generative adversarial networks were adopted
to solve the problem of training data imbalance. For fast TSA, [16]
proposed a deep belief network (DBN), whose structure can automat-
ically learn the data distribution by unsupervised feature extraction
process, giving rise to high robustness. [17] emphasized the aim of fast
TSA after fault clearance, and the convolutional neural network (CNN)
algorithm was trained to achieve early prediction w.r.t. the onset of
potential transient instability, with fault-on PMU measurements as well
as two adjacent sampling points in pre-/post-fault stages being utilized
as model samples. However, the approaches presented in [11-13,15—
21] were normally activated by the fault clearance signal collected
by relays [22,23], which would suffer from clock desynchronization
between electrical devices. The method in [24] is free from the in-
formation on the accurate fault clearance moment by using sliding
windows, however, it only applies to scenarios where the fault could be
successfully cleared, and cannot give instability prediction in the event
of relay failures. Since the risk of relay failures increases due to the
expansion of the capacity of renewable energy sources integrated into
the grids [25,26], the availability of this method is limited occasionally.

Focusing on the aforementioned issues, a two-stage online monitor-
ing system is built in this paper. The first stage involves predicting the
transient stability, and the second stage identifies unstable generators
under unstable scenarios (as in [11,27,28]). This online monitoring
system is not only independent of the fault occurrence and clearance
instant knowledge but also provides transient stability prediction based
on the current operation point per cycle. Furthermore, as the trajecto-
ries for cases where the faults are not correctly cleared are added to the
dataset, the proposed system is also applicable to relay failure scenarios
so that operators can initiate subsequent emergency control strategies
to maintain synchronism.

In this paper, we propose a Transformer structure for TSA and un-
stable generators identification tasks. The motivation to utilize Trans-
former for TSA includes its global receptive field and high-resolution
maintaining [29] at every stage. These Transformer characteristics
make it excel at extracting high-resolution electrical trajectories col-
lected via PMUs, thus achieving better TSA and unstable generators
identification performance. In passing, it is noted that unlike CNNs that
capture global dependencies with downsampling operations [24,30—
33], Transformer draws global dependencies [34,35] and maintains
the representation with constant dimensionality throughout the pro-
cessing stages. Specifically, the Transformer model is a novel deep
architecture [29] that has been successfully applied to natural language
processing [29], speech recognition [36], and computer vision [37],
especially to the field of machine translation, and Transformer-based
models have achieved state-of-the-art results [38].

To the best of our knowledge, this is the first time an online
data-driven monitoring system, which predicts the transient stability
based on the current operating point, considers relay failure scenarios;
besides, its performance is independent of the accurate fault moment,
making the proposed method unaffected by the desynchronization
between electrical devices. This is also the first time a Transformer-
based network has been used in the TSA task. The main contributions
of this paper can be summarized as follows.

1. Vision-Transformer (ViT) models are built to perform transient
assessment and identify unstable generators. The attention com-
putation introduced by the proposed method improves the model
robustness against noise, in particular, an obvious model ad-
vance can be achieved in the multi-label unstable generators
identification task compared with the existing methods.

2. A generic continuous monitoring system for transient stability
prediction is proposed based on the current operating condi-
tion, which is independent of the accurate fault occurrence and
clearance moments, therefore it would not be influenced by the
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clock desynchronization from relay signals or fault indicators.
Moreover, it is applicable under relay failure scenarios, and
provides the system operators with an early warning of system
instability in the event of relay failures, making it practical in
modern power grids where the risk of relay failures rises due to
the massive renewable energy integration.

3. An adaptively adjusted instability criterion is proposed to make
a proper trade-off between misclassification and false alarm
samples.

The rest of this paper is organized as follows. Section 2 introduces
the Transformer architecture built in this paper. Section 3 describes the
details of the proposed online assessment method. A case is analyzed
in Section 4 to demonstrate the performance of the constructed model.
Conclusions are provided in Section 5.

2. Proposed ViT classifier for TSA and unstable generators identi-
fication

The ViT is a modified end-to-end architecture based on the standard
Transformer. Unlike the standard Transformer, which receives a 1D
sequence input, the ViT can reshape the spatial-temporal features into
a sequence of flattened 2D patches. The use of the spatial-temporal
matrix x € RF>XWXC in a power system, where H and W respectively
denote the numbers of generators and cycles at each sampling instant
and C is the number of electrical features, motivates us to utilize the
ViT, rather than the standard Transformer to perform transient stability
prediction.

Fig. 1 depicts the proposed ViT classification model structure, which
is composed of three main components: a linear embedding layer with
positional embedding, a Transformer encoder, and a classifier layer.

The time-series information in a power system is uniformly sub-
divided into non-overlapping patches, and the sequence length of the
patches is

n=HT/P? @

where P is the resolution of each patch; generally, a smaller patch size
leads to a longer sequence length, and vice versa.

Each patch is linearly projected into a token embedding layer; thus,
the Transformer has a constant latent vector dimension D when using a
learned embedding matrix E. The embedded patches are concatenated
together with an additional learnable classification token, CLS, which
is a unique design in Transformers that is considered a global feature
representation summarizing all the patch tokens. Moreover, since self-
attention in the Transformer encoder is permutation-invariant, an extra
position embedding is added to each token to maintain the spatial
arrangement in the original feature space.

All the tokens, including the CLS, are fed into the Transformer
encoder, which is stacked with / identical Transformer blocks. Each
Transformer block consists of a multi-head self-attention (MSA) layer
and a feed-forward network (FFN) layer. The MSA and FFN layers
are applied with layer normalization (LN) and residual connections to
simplify the optimization process. The input of the ViT, z,, and the
processing step in the Transformer block can be expressed as:

20 = [xclass ;X})E;XIZJE; ;xll'vE] + Epos , E € R(PHC)xD

2, = MSA(LN (z2p,)) +2,_.6 =1...L @
z,=FFN (LN(z)))+z,.,¢=1...L

where z/, and z, denote the output features of the MSA module and

the FFN module, respectively, x; (i =1,...,N) denotes each patch, and

Epos is the positional embedding.
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Fig. 1. The vision transformer architecture. (a) Main structure of the model, (b) the Transformer encoder architecture, (3) the multi-head self-attention layer, and (d) self-attention

mechanism.
2.1. Multi-head self-attention mechanism

Scaled dot-product attention is the core component of the Trans-
former. The inputs of the MSA layer include a query (Q) and a key
(K)-value (V) pair, which are linearly transformed from the input
sequence X via three different learnable matrices as

0=wox
K=wkXx 3)
Vv=w"x
The scaled dot-product attention is calculated as
Attention(Q, K, V') = softmax( oK™ w 4)

k

where 0, K,V € RY, \/d_k is a scaling factor, and the softmax function
obtains the attention weight values. The attention distribution deter-
mines the relative importance of a single patch embedding in the whole
patching sequence. The dot-product attention block allows the features
at each pixel position in a feature map to interact with features at
all pixels rather than information in a local region [39], therefore the
ViT can flexibly adjust their receptive field to maintain high robustness
against noise [40].

Multi-head attention is utilized to extract diverse information from
different representation subspaces. The multi-head attention mecha-
nism contains A parallel ‘heads’, and each head corresponds to an
independent scaled dot-product attention processing operation. The
multi-head self-attention function is

head; = Attention(Q;,K;,V;)
MultiHead(Q,K,V) = (5)
Concat(head,, head,, ..., head,-)Wo
where WO is the matrix that aggregates the information derived from
different subspaces.

With reference to Fig. 1(b) and (c), the FFN layer takes the input
from the Multi-Head Self-Attention layer and further transforms it by

using two linear layers (Fully Connected Layers) with ReLU activation
and dropout in between, formulated as

FFN(x) = FC(Dropout(Re LU (FC(x)))) (6)

2.2. Classifier layer

The classifier layer utilizes the softmax function as
oTxX®
e’

k 9ij<1>
=1€

P(y?=jIX?) = @)

where y@ is the label of input X and 6; is the parameter vector
for class j, P (y = | X®) is the probability of an input X? being
identified as class j, and k is the number of classes. Thus, X is assigned
to the class with the highest probability.

3. Proposed online assessment method

The framework in this paper is composed of two processes: offline
training and online identification. As seen in Fig. 2, during the offline
training process, two tasks are separately trained for TSA and unstable
generators identification by using a massive electrical database with
relative labels. In the online identification stage, TSA and unstable
generators prediction are performed by the proposed approach.

3.1. Offline training process

3.1.1. Time-domain stage

The operation data and fault information of the power system
are obtained by simulation or historical measurements, and the time-
domain transient stability simulation is performed by considering dif-
ferent operation modes. The transient stability index (TSI) is used as
the stability criterion, yielding

360° — | A8y

TSI=— ""—ml
360° + |46 e |

(8
where |45,,,,| is the absolute value of the maximum separation angle
between any two generators without any control intervention. When
TSI > 0 the system is considered stable and vice versa.

Sliding observation windows covering T cycles are set as the model
samples, which are labeled y for the TSA task, yielding

Lif(tp <tp) or (tp <ty <tcand TSIz >0) or (15 >1c and TSI, >0) ©
y=
0if (1, <1 <tc and TSI, <0) or (15 > 1. and TSI, <0)
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Fig. 2. The offline training process.

where t; is the end moment of the observation window (i.e., the current
monitoring moment), 75 is the fault occurrence moment, and 7 is
the fault clearance moment. The label in (9) indicates the transient
stability prediction under the current condition without any control in-
tervention. TSI represents the transient stability prediction obtained
by assuming that the fault was not cleared, and TSI, represents the
transient stability prediction obtained after the fault was cleared.

Transient stability predictions were given in [21,24] after fault
clearance, in which period the data-driven methods assessed tran-
sient stability based on the value of transient instability probability
P,_r (y =0]|X) given in (7). The data-driven TSA method in [21] needs
to be activated when receiving the relay signal and is influenced
by the clock synchronization errors between electrical devices. The
approach in [24] is independent of the moments of fault occurrence and
clearance, while the transient stability assessment was only available
when the start moment of the observation window was after the
fault clearance moment. In addition, relay failure scenarios were not
considered in [21,24] and the samples obtained under relay failures
were not added to the databases in [21,24].

However, as seen in Fig. 3(c), the online monitoring system in this
paper is not only independent of the fault occurrence and clearance
instant knowledge but can also provide transient stability predictions
based on the current electrical measurements. In addition, this tech-
nique is applicable to relay failure scenarios as TSA is not limited
to failure clearance period but covers each cycle in power system
operation.

Moreover, a multi-class multi-label classifier is built to identify
unstable generators under different operating patterns. An unstable
generator is a generator whose rotor angle difference w.r.t. the slack
generator is greater than 360° [11]. The label of an unstable generator
that loses transient stability after a disturbance is set to 1, and the stable
generators are labeled as 0.

3.1.2. Database generation stage

In this paper, the fault durations are set to 0.10 s, 0.15 s, and 0.20
s. Besides, the electrical trajectories in relay failure scenarios are also
added to the database. Expanding the database to include relay failure
cases is an essential step to make the proposed method functional under
relay failure cases. This enables to construct a monitoring system appli-
cable to a more general situation than the existing works, where only
the fault clearance scenario is considered. Fig. 4 shows the comparison
between the database in this paper and those in [21,24]; the database
in [21] only covered post-fault data, so it can only assess transient
stability after the relay operation, and the database in [24] allowed
the proposed method to recognize the system operation state but is
not applicable to the relay failure scenario. However, the trajectories
for cases in which the faults are not correctly cleared are added to
the dataset in this paper, so the proposed model extracts information
covering pre- to post-disturbance period and relay failure samples. As
a result, the proposed system is applicable to relay failure scenarios
compared to existing methods.

The voltage phase angle and active and reactive power output in
each generator are collected as time-series features. Meanwhile, z-
score normalization is applied to eliminate the effect of feature scale
differences, yielding

I-L
oL

I'=

(10)

where / and /' are the original and normalized value, respectively; L
and ¢, are the mean value and standard deviation, respectively.

3.1.3. Model optimization stage

Cross-entropy loss is used as the loss function in TSA task with L2
regularization [41], and these operations can effectively prevent the
model from overfitting high-dimensional electrical data. In addition,
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the Adam optimizer is applied to speed up the model training process,
as this approach adaptively determines the step size during gradient
descent [42].

Two ViT classifiers are separately trained for TSA and unstable gen-
erators identification, where the ViT unstable generator identifier is a
multi-class classifier since more than one generator may be recognized
as unstable generators.

3.2. Online identification stage

In this paper, the TSA task is performed continuously with sliding
windows. The sliding observation window is composed of the current
and previous (7-1) measurements, and the real-time measurements are
collected via PMUs once per cycle.

The measurements from PMUs are stored as multi-dimensional ar-
rays in the proposed neural network. Fig. 5 visualizes a classic unstable
scenario by rearranging the multi-dimensional electrical features as R-
G-B channels. This visualization shows the unstable scenario covering
0.5 s from pre-fault to post-fault period, the instability moment when
the maximum separation angle in generators exceeds 360° is 3.96 s.
As can be seen in Fig. 5, obvious changes can be noticed at 75 and 7;
the unstable generator presents different characteristics from the other
generators, and its unstable characteristics become more noticeable
over time.

As shown in Fig. 6, the online identification stage continuously
assesses transient stability with real-time electrical measurements. And
an additional criterion should be satisfied before the system is formally
recognized as unstable. The moment when the model first formally rec-
ognizes transient instability is set as 7,,,,; the measurements observed
at ,),.m, are sent to the second classifier to identify unstable generators.

The proposed criterion for instability recognition is

P_r(y=0lX)>17 a1

Clearly, the prediction probability of each classifier in (7) shows
how confident the classifier is in supporting the prediction [43]. The
prediction is more convincing if the output for one class is much
higher than those of the other classes; for instance, P_r (y = 1|X) =
0.99 and P,_; (y = 0|X) = 0.01 in the binary classifier represent a high
probability for label 1.

Two factors need to be considered when designing the threshold =
in (11). The first concerns the overall performance of the classifier for
imbalanced data. As a matter of fact, as the number of stable samples is
prevailing over that of unstable samples, the threshold of classification
can be changed to bias the predictive behavior of a classification
model. Second, the false positive (FP) samples (i.e., unstable samples
predicted as stable) normally lead to more severe detrimental effects
than the false negative (FN) samples (i.e., stable samples predicted
as unstable); however, it is not economical to only concentrate on
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reducing the number of FP samples. Therefore, we built a threshold
algorithm to determine the best value of r considering the trade-off
between precision and recall.

Specifically, precision evaluates the ratio of correctly predicted sta-
ble (TP) samples to the total predicted stable samples, conversely recall
evaluates the ratio of TP samples to actual stable samples, yielding

Precision (t) = __TP® 12)
TP(r)+ FP(r)
Recall (t) = __TP® (13)
TP(r)+ FN (7)

In order to optimize the economical effect considering FP and FN
samples, we built an algorithm to determine the proper threshold 7 in
(11) by pursuing the highest weighted sum of precision and recall. To
this end, the objective of the algorithm writes

max score (t) = a X Precision(t) + Recall (1) 14)
T

where a(> 0) is a weight set by power system operators considering
security and economical effects. The threshold based on this approach
can be adaptively adjusted with different databases of power systems.
An illustrative example of practical design will be provided in the
following.

4. Case studies

4.1. Database generation

The case study is based on the 50 Hz IEEE-39 power system. Massive
databases are generated by considering different operation conditions
and contingencies. The generations and loads are randomly changed
around 80%-120% of the basic operating level, and the bus voltage is
maintained within 0.95-1.05 p.u. Three phase-to-ground short-circuit
faults are applied to three locations (25%, 50%, and 70% of the
length) [44] on the transmission line. The fault durations are set to 0.10
s, 0.15 s, and 0.20 s, and simulations of scenarios in which the faults
are not successfully cleared are also conducted. The database covers the
simulation of 10 s. Transient stability simulations are conducted with
Power System Toolbox 3.0 [45]. PMUs are employed to measure the
electrical information of generators once per cycle covering pre-fault,
fault duration, and fault clearance periods. A total of 9200 scenarios
are utilized in the TSA task, and the databases for the unstable gener-
ators identification task are generated in 3892 unstable scenarios. The
training, validation, and testing sets are randomly divided at an 8:1:1
ratio. PyTorch, which is a Python-based scientific computing package,
is used as the machine learning framework.
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Table 1
Performance comparison.
Model Acc. of TSA (%) Acc. of unstable generators (%)
MLP [20] 94.29 83.13
SVM [11] 95.51 84.50
DBN [16] 97.23 89.21
GRU [8] 97.12 91.29
CNN [24] 98.63 91.01
Transformer 98.92 94.21

4.2. Performance of classifier

Two separate classifiers are trained in different structures. The first
classifier is built for the TSA task, and the second classifier is built for
unstable generators identification. The classifiers are trained for up to
300 epochs. The observation length T is set to 5 [24]. The ViT classifier
for TSA has 2 Transformer blocks stacked with 3 attention heads, and
the VIiT classifier for unstable generators has 4 Transformer blocks with
3 attention heads. Different comparison models, including the deep
structure models (CNN, GRU, and DBN) and shallow models (SVM and
MLP) are trained separately for the two tasks. Specifically, two CNN
classifiers are built based on [24], with kernel size being set to 10 x 3
to capture global features. Four layers MLPs are built based on [20],
with the kernel sizes being set to 100, 50, 30, and 5 for TSA model,
and 100, 50, 30, and 10 for generators identification. Note the transient
information is reshaped as 1-D vectors in SVM and MLP, and principal
component analysis (PCA) is utilized to enhance the performance. The
hyper-parameters of models utilized in this paper are tuned using the
grid-search process [46] in order to achieve the best performance.

Fig. 7 shows the architectures of different deep neural networks.
The CNN extracts local features through the convolutional kernel to
ultimately obtain global information, while the local features in the
Transformer directly interact with each other to draw global depen-
dencies. The maximum path length between any two input patches is
1 in the Transformer and logk(n) in the CNN, where » is the sequence
length and k is the convolution kernel size [29].

As seen in Table 1, the Transformer and CNN methods achieve high
accuracy (Acc) in the TSA task, which suggests that both the CNN and
Transformer have superior performance in extracting the features that
indicate the transient stability. However, the ViT structure achieves
significant improvements in the unstable generators task over the other
methods. In addition, the performances of the SVM and MLP degrade
significantly in multi-label unstable generators identification task rela-
tive to the TSA task, indicating the limited ability of shallow models to
realize complicated multi-label unstable generators identification tasks.
It should be noted that these performance results indicate the accuracy
rates obtained with different samples but not in different scenarios,
with 490 samples generated in each scenario as sliding observation
windows.

Unlike the object detection task, which involves a sparse input
feature map, each pixel in the TSA feature map indicates the actual
temporal electrical measurements. As an example, Fig. 5 visualizes the
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Table 2
Computational efficiency of different methods.

Model Offline processing time/s Online test time per sample/s
TSA Generators ~ TSA Generators
MLP [20] 62.930 133.094 0.012 0.030
SVM [11] 42.069 101.039 0.012 0.032
DBN [16] 564.102 2600.425 0.129 0.172
GRU [8] 583.294 2784.065 0.137 0.167
CNN [24] 491.996 2419.827 0.101 0.124
Transformer  610.183 3091.249 0.121 0.142

feature maps constructed with different electrical features. Besides, the
unstable generators are varied under different fault scenarios, as shown
in Fig. 8, where rotor angle instability occurs in single or multiple
generators. The unstable characteristics can also be observed in Fig. 5.
This motivates the use of the algorithm with a higher resolution (1) and
direct interaction (4) when extracting the feature map in the unstable
generators identification task, as the unstable trajectories are easier to
be distinguished from those of stable generators when using a higher
resolution. The previous work that solved the TSA task with CNN back-
bone captures global information [24] using a larger kernel size, which
led to an efficiency reduction due to the significantly larger number of
parameters and computations [30]. Conversely, the Transformer con-
stantly retains the feature dimension with high resolution throughout
all processing stages, foregoing the explicit downsampling operation in
CNN. Moreover, the attention mechanism in the Transformer allows the
measurements at each generator and each time position in a feature
map to refer to global information rather than local information [29].
Since the higher resolution and the direct interactions among global
features in ViT structure naturally lead to fine-grained predictions [47],
the proposed model achieves better performance in TSA and unstable
generators identification tasks, as has been proven by the results.

The offline training and online testing times of different methods
are summarized in Table 2. All computations were executed on a server
with a CPU 6240R 2.4G, 24C/48T. In general, the SVM and MLP models
consume less time with their shallow structures, at the expense of their
achieved accuracy (as discussed above). In contrast to the progressive
behavior of recurrent and convolutional operations, (4) indicates that
the attention computation captures long-range dependencies directly by
computing interactions between any two position regardless of their
positional distance [39], leading to an increased time consumption
during the training process compared with CNN. The training time of
the proposed model is highly influenced by the pixel size as shown in
(1), so the pixel size is set to 2 to achieve a compromise between the
information precision in feature maps and computational efficiency.

4.3. Performance of classifiers under noise pollution

The model performance in noise free environment is shown in
Table 1. As the electrical data collected from PMUs suffer from wide-
area noise, it is of great significance to ensure that the proposed method
can withstand noise. According to [48], the total PMU vector error
should be less than 1%, which corresponds to the signal-to-noise ratio
(SNR) of 40 dB; besides that case, the SNR values of 10, 20 are also
tested as in [49]. The model is trained by the original simulation data,
while different levels of Gaussian noise are added to the test set to
evaluate the model’s robustness.

As shown in Tables 3 and 4, the accuracy of each method degrades
to a certain degree. Larger accuracy decreases are observed in the
unstable generators identification task than in the TSA task, since
the multi-label prediction of dynamic responses in generators is more
complicated. While the models with deep layers are quite robust against
noise compared with shallow models, the proposed model has the
best performance in both tasks, especially in the unstable generator
identification task, which can be ascribed to the introduction of the
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Fig. 8. Phase angle curves showing the generator stability in scenarios with (a) one unstable generator, and (b) two unstable generators. Both scenarios are effectively addressed

by the proposed method.
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Fig. 9. Recall-precision curve and threshold-precision curve yielding maximum score in (14) with different weights.

Table 3

Accuracy (in %) of different models under various SNR levels for TSA.
Model SNR (dB)

40 20 10

MLP [20] 93.01 92.21 88.21
SVM [11] 94.19 93.08 90.69
DBN [16] 96.18 95.58 93.33
GRU [8] 95.62 94.44 92.98
CNN [24] 97.43 97.19 95.47
Transformer 97.89 97.42 96.78

Table 4

Accuracy (in %) of different models under various SNR levels for unstable generators
identification.

Model SNR (dB)
40 20 10

MLP [20] 81.21 80.51 79.33
SVM [11] 82.19 81.30 80.99
DBN [16] 87.80 86.80 85.03
GRU [8] 90.24 88.74 85.63
CNN [24] 89.92 88.81 87.25
Transformer 93.12 92.49 90.88

attention mechanism. Indeed, the Gaussian noise in the power system
is similar to the texture noise in image classification tasks, and the
self-attention structure is proven more robust against such noise than
the Convs in CNN as discussed in [40], the ViT can maintain the
representation of dynamic responses in power system with long-range

interaction modeling capabilities owing to the attention computation
using (4), whereas convolutions are content-independent as the same
filter weights are applied to all inputs [40]. Besides, the attention
operations can be addressed as trainable spatial smoothing of feature
maps [50], leading to high robustness of the proposed model against
Gaussian noise.

4.4. Design of optimal threshold

This paper proposes a method [see (14)] to adaptively optimize
the threshold value. Such a process is demonstrated in this section,
by utilizing data from 10 different line faults. During this process, the
model requires no additional retraining or modification.

The recall-precision curve is illustrated in Fig. 9, showing the
classifier’s performance across different thresholds and thus determin-
ing the best threshold for a specific task. The threshold value that
optimizes (14) changes by varying the weight a, and the pertinent
recall and precision values change according to (12) and (13). Specif-
ically, two weights, i.e., 5 and 30, are highlighted in Fig. 9, and their
corresponding thresholds are 0.186 and 0.024, respectively.

Two different scenarios are considered in the following. When the
power system operator adopts a more conservative control strategy
to limit FP samples, the weighted ratio in (14) is set to 30 with the
corresponding threshold adjusted to 0.024, therefore the misclassified
unstable samples are extremely rare in this case with precision reaching
0.987. This allows the stable probability P,_; (y = 1|X) in samples to
reach an incredibly high value when they are determined as stable,
presenting a very high confidence level of the stable prediction that
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minimizes the FP samples. Conversely, as long as reducing economic
losses due to false alarms is considered, a certain level of FP samples
can be tolerated with the threshold being set to a higher value. In the
latter scenario, the weight « is set to 5, recall increases accordingly with
the reduction of FN samples, and the proposed method foresees power
system instability when P_; (y = 0|X) is higher than 0.186.

5. Conclusion

This paper presents a two-stage online monitoring system for tran-
sient stability assessment and unstable generators identification based
on the ViT network. The proposed TSA scheme provides the transient
status based on the current operation point without the knowledge of
fault occurrence or clearance signals, and is applicable to relay failure
scenarios. Moreover, the proposed method outperforms the existing
approaches in terms of accuracy and robustness, and the improvement
of model performance is particularly noticeable for the unstable gen-
erators identification task owing to the introduction of the attention
mechanism. Finally, an adaptively adjusted criterion for instability
assessment is proposed considering the imbalance of database and
economical effects.
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