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Abstract

Transient stability assessment (TSA) is pivotal to power system security and stability, with
online TSA providing core support for operators to make emergency control decisions.
While deep learning has driven significant advancements in TSA, most existing determin-
istic models fail to quantify output uncertainty —a critical factor for evaluating prediction
confidence and enabling operators to make informed decisions. This paper proposes a
Bayesian Convolutional Neural Network (BCNN)-based TSA method that enables uncer-
tainty estimation. By modeling the weights of network parameters as Gaussian distribu-
tions and adopting the Bayesian backpropagation algorithm for weight updates, the ap-
proach enhances TSA’s robustness against PMU noise and missing data. A case study on
the New England 39-bus system demonstrates the model’s superior adaptability to small
sample sizes and effective uncertainty estimation. Furthermore, the confidence intervals
of evaluation results serve as valuable support for operators’ decision-making.

Keywords: transient stability assessment; Bayesian convolutional neural network; uncer-
tainty estimation; uncertainty threshold

1. Introduction

The transient stability of a power system refers to the ability of each synchronous
generator to maintain synchronous operation and either transition to a new state or return
to its original steady-state mode after a significant disturbance [1]. As modern power sys-
tems expand and the interconnections among various regional grids become more com-
plex, these systems exhibit high-dimensional nonlinear characteristics. Consequently, an
effective, accurate, and rapid TSA is essential, as it provides dispatchers with crucial sta-
bility analysis for various incidents within power systems.

Conventional methods for transient stability assessment primarily include time-do-
main simulation (TDS) [2], which is widely regarded as the most accurate and reliable
approach. TDS solves the system’s differential-algebraic equations using numerical inte-
gration techniques and assesses stability based on the disturbed trajectory of the system.
However, TDS is computationally intensive and inefficient, making online implementa-
tion challenging. Alternatively, the direct method [3] employs an energy function derived
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from Lyapunov theory to analyze the system’s transient stability, providing rapid conclu-
sions regarding stability levels. However, its application is limited by the difficulty of con-
structing accurate energy functions for complex power systems. Moreover, this method
demands significant computational effort for various load levels and fault clearing times.
Consequently, conventional methods struggle to meet the online application require-
ments for transient stability assessment.

The widespread adoption of phasor measurement units (PMUs) [4] in power systems
has resulted in the accumulation of vast amounts of power data, facilitating the develop-
ment of data-driven methods. Data-driven methods for transient stability assessment
mainly include traditional machine learning and deep learning. Traditional machine
learning techniques can effectively map input features to transient stability states, with
various methods, such as support vector machines (SVM) [5], decision trees (DT) [6], and
extreme learning machines (ELM) [7] —successfully applied to transient stability assess-
ment. However, due to the limitations of traditional machine learning’s shallow network
structure, its feature extraction ability is insufficient, often requiring expert experience for
assistance, which introduces subjectivity into the model and weakens the generalizability
of the evaluation results.

Deep learning methods automatically learn hierarchical representations from raw
data rather than relying on expert-designed handcrafted features. In recent years, these
methods have been extensively applied to transient stability assessment. Ref. [8] utilized
Convolutional Neural Networks (CNNs) to predict transient stability and instability
modes, aiding operators in devising emergency control measures. Ref. [9] introduced a
cascaded CNN model based on an information entropy strategy, which allows for early
termination of time-domain simulations, thereby conserving computational resources.
Ref. [10] proposed a prediction framework using long short-term memory networks
(LSTMs), enabling rapid identification of power system stability. Additionally, other in-
novative deep learning models, such as deep belief networks (DBNs) [11], gated recurrent
units (GRUs) [12], and graph-based deep learning techniques [13], have also been applied
to transient stability assessment. The above studies design corresponding neural network
structures based on the temporal features of transient data or the spatial structural fea-
tures of the power grid to explore the mapping relationship between data and transient
stability states, achieving good assessment results. However, these models do not analyze
the reliability of the assessment results, which limits their practical application.

Power system operators are increasingly focused on the trustworthiness of neural
network output results. In Ref. [14], stability thresholds were introduced to classifier out-
puts to balance the trade-off between accuracy and assessment time. Similarly, Ref. [15]
applied probabilistic neural networks (PNNs) to transient stability assessment and estab-
lished probability distributions for insecure domains. However, both studies failed to ad-
dress the uncertainty generated by the models themselves, leaving a critical gap in ensur-
ing the reliability of the predictions.

To address uncertainty, Bayesian deep learning (BDL) can be employed, which inte-
grates Bayesian theory with deep learning by assuming that model parameters follow
specific probability distributions. BDL models provide outputs with distributional char-
acteristics, enabling uncertainty estimation. Research has demonstrated that uncertainty
estimation in BDL outputs is crucial for the model’s acceptance, particularly in safety-
critical domains such as medical diagnosis [16,17], natural disaster warnings [18], traffic
accident detection [19], and fault risk prediction [20] in distribution systems. In the context
of power system stability, Bayesian neural networks (BNNs) have been applied to stability
prediction and dynamic security assessment [21,22]. However, the BNN model used in
Ref. [21] consists solely of fully connected layers, limiting its ability to effectively handle
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multi-input time series data. As input data scales up, the model faces the issue of param-
eter growth, making it challenging for BNNs to extract features from such data. Ref. [22]
establishes a transient stability assessment model by combining Bayesian networks and
an active learning mechanism, while also utilizing posterior probabilities to adaptively
assess prediction confidence, but this model only considers model uncertainty and does
not account for data uncertainty.

In this paper, we integrate Convolutional Neural Networks with Bayesian theory to
develop a Bayesian Convolutional Neural Network (BCNN) for transient stability assess-
ment. The proposed method utilizes a one-dimensional convolutional neural network
(1D-CNN) to automatically extract temporal features of transient processes while model-
ing the uncertainty arising from PMU measurement data [P, Q, V, 0] and the model itself.
Test results on the New England 39-bus system demonstrate that the BCNN model can
effectively quantify uncertainty while maintaining high prediction accuracy. Moreover,
the output exhibits robustness and adaptability to small datasets. The key contributions
of this paper are as follows:

(1) This paper proposes a transient stability assessment framework that integrates a one-
dimensional Convolutional Neural Network and Bayesian theory. The proposed
method uses a Convolutional Neural Network for feature extraction while employ-
ing Bayesian theory to quantify data and model uncertainty. This incorporation of
uncertainty enhances the reliability of the neural network’s prediction results.

(2) This paper compares the robustness and adaptability to small datasets of Bayesian
models against non-Bayesian models. Simulation results demonstrate that integrat-
ing Bayesian theory significantly enhances the robustness and adaptability of the
Bayesian model when faced with small datasets.

(3) This paper analyzes the sources and influencing factors of uncertainty and employs
an uncertainty threshold derived from the results of uncertainty quantification to fil-
ter out samples with high uncertainty. Operators can adjust the uncertainty threshold
according to specific requirements, thereby improving prediction accuracy and mak-
ing the results more instructive.

The rest of this paper is organized as follows: Section 2 describes the proposed meth-
odology. Section 3 introduces the prediction framework design. Section 4 provides results
and discussions. Section 5 summarizes the conclusions.

2. Bayesian Convolutional Neural Network
2.1. Bayesian Convolutional Neural Network Description

1D-CNN extracts features from the input data across different time windows by slid-
ing the convolution kernel in a single direction, making it suitable for processing time-
series data. In 1D-CNN, model parameters are usually set as unknown values. In contrast,
Bayesian neural networks treat these model parameters as probability distributions (i.e.,
unknown variables) rather than fixed values [23]. This probabilistic approach captures the
uncertainty in weight parameters and enables the estimation of predictive uncertainty.
Figure 1 illustrates the structural differences between CNN and BCNN.
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Figure 1. The comparison of the structures of CNN and BCNN: (a) frequentist CNN: Each filter
weight has a fixed value; (b) Bayesian CNN: Each filter weight has a distribution.

For a given transient stability assessment dataset D , the input data is
X ={x,,...x,} and the corresponding outputis Y ={y,,...,y,} . To estimate the parame-

ters that generate the given D, we can use Bayesian reasoning by assigning a prior dis-
tribution over the parameter space p(w). Typically, the prior distribution is modeled as

a Gaussian distribution. In this case, the likelihood function is defined as p (Y |a), X ) , rep-

resenting the probability model of the output given the parameters o . For classification
problems, the likelihood function is

exp(fd“’ (x))
7 exp( o (x))

where d denotes the category of the classifier output.

p(y=dlx0)= 5 (1)

For the probability model of the given dataset D, we can apply Bayes’ theorem to
obtain the posterior distribution under the parameter space p(w):

p(Y|X.0)p(w)

= )

@)

The posterior distribution describes the most probable model parameters given the
dataset, a process referred to as inference.
The denominator p(Y |X ) of Equation (2) represents the distribution of the true

data, expressed as Equation (3).
p(Y| X) = [ p(Y | X,0) p(@)do 3)

The difficulty in obtaining the posterior distribution of the parameter space lies in
calculating Equation (3), which requires us to traverse all @ . In the case of finite param-
eters w, p(Y|X) may be calculated, but in BCNN there are thousands of parameters
o, and it is impossible to obtain the posterior distribution by direct calculation. As a re-
sult, approximate methods for posterior inference are typically employed.

2.2. Variational Inference

Two common methods for approximating the posterior distribution are Markov
Chain Monte Carlo (MCMC) [24] and Variational Inference (VI) [15]. MCMC generates
samples from the posterior distribution and computes statistics such as mean and variance
from these samples. While MCMC provides high accuracy, it is not well-suited for large-
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scale models. Therefore, we use VI, which is more suitable for BCNNSs, to perform approx-
imate computation.

VI approximates the posterior distribution by introducing a variational distribution
q,(w) over @, parameterized by &, to approximate the true posterior distribution

p(a)|X Y ) . The parameters ¢ are optimized to make g¢,(w) as close as possible to
p(a)|X Y ) . This is typically achieved by minimizing the Kullback-Leibler (KL) diver-
gence, a measure of the similarity between the two distributions.

4y (@)
KL(g,(® w|X,Y))= o)log————dw
(q,(@) || p(@] X, 1) = g, () B oI X.T) @)
The goal of variational inference is to solve the following optimization problem:
q,() = argminKL(g, (o) || p(@| X,Y)) (5)

Equation (5) represents the objective function for minimizing the KL divergence. Ac-
cording to Bayesian inference, the predictive distribution can be approximated as follows:

PO XX V)~ [ (" |5 wigy (@)Mdo = g, (v | x) ©)

By further deriving Equation (5), minimizing the KL divergence can be reformulated
as maximizing the Evidence Lower Bound (ELBO), expressed as follows:

KL(g,(0) || p(@ ] X,Y))

_ q,(®)
= {4, @l

=B, ., [10gq9 (w)—logp(w)
—10gp(Y|X, a)) + 10gp(Y|X)}

@)

Since logp(Y |X ) is independent of @, we can further simplify it as follows:

KL(¢,(@) || p(@] X,Y)) = ~ELBO(w)+logp (Y | X) (8)

Since logp(Y|X) is a constant that depends only on the data set D, minimizing

the KL divergence between the variational distribution ¢, (w) and the true posterior dis-
tribution p(a)|X Y ) can be minimized by maximizing Evidence Lower Bound (ELBO),

which transforms the task of finding the posterior distribution into an optimization prob-
lem that can be efficiently solved using stochastic gradient descent using neural networks.

The ELBO function is defined as follows:

ELBO(0)=E,,, [logp(Y | X.0)]
)
~KL(g,(a) || p(o))

Since the loss function is usually in a minimization form, Equation (9) can be ex-
pressed as minimizing a cost function:

F(D.6)=KL(g,(@) || p())~E, ,, [log(D]o)] (10)
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2.3. Bayesian Backpropagation Algorithm

The Bayesian backpropagation algorithm, introduced by Blundell, aims to learn the
posterior distribution of neural network weights, allowing for sampling during the back-
propagation process [25]. Accordingly, Equation (10) can be rearranged based on the def-
inition of KL divergence, as follows:

F(D.0)=E,, logq(o|0)-B,,, log p(o)

(11)
_Eqw\e) 10gp(D|w)

Similar to traditional neural networks, which update parameters through backprop-
agation, Bayesian neural networks utilize a backpropagation equation 6 =6-aV,F .In

this context, the three terms in Equation (11) represent expectations of the variational dis-
tribution g, (). Therefore, Monte Carlo methods can be employed to sample @ from

4, (@) - The result of the Monte Carlo approximation is as follows:

n

F(D.6)~ %Z[logq(w(i) 16)
= (12)

—logp (a)(i) ) —logp (D | " )J

where n is the number of samples, o represents the ith Monte Carlo sample obtained
from the variational posterior distribution g(@" | 0) . To make Equation (12) backpropa-

gable, we use the reparameterization trick [26].
The steps of the Bayesian backpropagation algorithm are as follows:

(1) Assume that q(w(i) | @) follows a Gaussian distribution, and randomly sample a vec-
tor e~MO0,I) from the Gaussian function.

wo=u+ol e
(2) Let =pu+log(l+exp(p))l €.
= u+softplus(p)U €

Where © denotes pointwise multiplication, this equation means that the weight @

can be obtained by scaling according to the standard deviation ¢ and shifting by a
mean g after sampling from the Gaussian distribution. Using softmax to describe

the standard deviation O can ensure that the standard deviation is always positive.
The variational parameters are ¢ =(u, p) -
(3) Let f(,0)=logq(al 6)-logP(o)P(Dl o).
(4) Calculate the gradientsof ¢ and p:
_9 (0,0 N of (w,0)
“ ow ou

LG N (X))
? 0w 1+exp(—p) op

A

(13)

(5) Update parameters x# and p.

2.4. Uncertainty Estimation

In Bayesian deep learning, two types of predictive uncertainty —aleatoric uncertainty
and epistemic uncertainty —can be modeled in neural networks. Aleatoric uncertainty re-
fers to the inherent noise in the observed data, which is independent of model errors and
remains even as more data becomes available. In contrast, epistemic uncertainty arises
from model inaccuracies and can be reduced with additional training data. Together,
these uncertainties are referred to as predictive uncertainty (PU), which reflects the
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model’s confidence in its predictions. Aleatoric uncertainty is typically captured by mod-
eling the outputs of the neural network as probability distributions. Epistemic uncer-
tainty, on the other hand, is modeled by treating the network’s parameters as random
variables drawn from a prior distribution (often Gaussian) and learning their variation
based on the data.

In Section 2.3, we assumed that g(w[6) ~ N (@ | i, p)- In classification problems, the

predictive distribution is usually assumed to be a categorical distribution, so Equation (6)
can be rewritten as follows:

Po (v 1) = [Cat(y" | £, (x DN (@ | . p )l (14)

Since there is no correlation between the categorical and Gaussian distributions, the
expected value of this distribution cannot be directly computed. However, an unbiased
estimate of this expected value can be obtained through Monte Carlo sampling from the
variational distribution ¢(w|#) .

_ 1< _
Balpo (v 1301~ 2, (v71X) (15)

where T represents the number of the sample. References [27,28] define uncertainty as
the variance of the predictive distribution and propose an efficient method for calculating
this uncertainty.

Var, (p(y"|x)
I A .
=72dlag(Pt)—PtPf +;Z(p,—p)(p,—p) (16)
t=1 t=1

Aleatoric Uncertainty  Epistemic Uncertainty

%Z;ﬁt and p, = softmax(fw, (x*)).

By separating predictive uncertainty into aleatoric and epistemic uncertainty, more

where p =

insight can be gained into the stability of transient prediction results. This allows for the
identification of whether samples with high uncertainty are due to low data quality (high
aleatoric uncertainty) or poor model performance (high epistemic uncertainty).

3. Transient Stability Assessment Scheme
3.1. Model Description
3.1.1. Model Input

The deep learning model autonomously extracts and learns features from measure-
ment data, eliminating the need for manual selection of secondary features and enabling
an end-to-end approach for transient stability online assessment. This automated feature
extraction ensures the completeness of the input information and removes the influence
of subjective factors that may arise from manually selected features, thus enhancing the
model’s performance.

The main criteria for selecting features in this paper are: 1. The input data must be
electrical quantities directly measured by PMUs; 2. The selected electrical quantities must
effectively capture the system’s dynamic behavior following a disturbance. The available
features include generator angle, speed, generator terminal voltage, bus voltage phasor,
transmission line active/reactive power on transmission lines. As noted in Ref. [29], the
bus voltage phasor typically responds more quickly to faults than variables such as gen-
erator angle and speed.

https://doi.org/10.3390/app162211348
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Consequently, this paper selects bus voltage magnitude, angle, and transmission line
active/reactive power flow as the input features, represented as follows:

X = [V“...’Vm’()l,...7()”1,1)1,...’})” =Q1="”Qn] (17)

where (Vv,.0,.P,,Q,)eR", m is the bus line number, 7 is the transmission line num-

ber,and T isthe number of sampling points. Therefore, the corresponding input feature

P2(mn) To better reflect the transient pro-

X is a two-dimensional matrix of the form R
cess after a fault, the sampling period should include three stages as much as possible:
steady state before the fault, fault, and fault clearance. The maximum fault duration set in
this simulation is 0.42 s. Therefore, we set the sampling interval of each sample to [tf -5T,
tf+45T]and T =20 ms. The test system used in this paper is the New England 10-machine
39 bus system, consisting of 39 bus lines and 34 transmission lines. From Equation (17), it

follows that the input feature X is a 50 x 146 dimensional matrix.

3.1.2. Model Output

The output of the transient stability assessment model is a sample label, as the tran-
sient stability assessment is formulated as a binary classification problem. The transient
stability index (TSI) [30] is commonly used to evaluate the angle stability of the system
following a fault. TSI is expressed as follows:

- 360°—|AS,,,
©360°+|Ad,,,

TSI (18)

where As,, represents the maximum relative angle between two generators during the

max

simulation time. If TSI > 0, the sample is considered stable and the label is set to 1. If TSI <
0, the sample is deemed unstable and the label is set to 0.

3.1.3. Data Preprocessing

Since the input features include bus voltage amplitude, voltage phase angle, active
power and reactive power of the transmission line, all of which have different dimensions,
data normalization is necessary. This paper employs Min-Max normalization, which per-
forms a linear transformation on the original data, mapping the normalized values to the
range [0, 1]. For a sequence X to be normalized, we have
z;— min {z,}

1<j<n

=

max {z;}— 121}271 {z,} (19)

1sj<n

3.2. The Flow Chart of TSA

The proposed scheme comprises three stages: data generation, offline training, and
online TSA. The transient stability assessment process based on the Bayesian Convolu-
tional Neural Network is shown in Figure 2.
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Figure 2. Transient stability assessment flow chart based on BCNN.

3.2.1. Data Generation

Considering various fault types, locations, and durations, time-domain simulations
are performed under different load levels to capture the time-series data of transient pro-
cesses. The TSI is used as the criterion to determine whether the system is stable or unsta-
ble, and each dataset is labeled accordingly. Then, the selected features are normalized to
remove the influence of dimensions and form the dataset required for training the model.

3.2.2. Offline Training

During the offline training phase, BCNN is used to build a transient stability assess-
ment model. This model learns the nonlinear mapping between input features and tran-
sient stability states based on training set samples, enabling feature extraction, classifica-
tion prediction, and uncertainty estimation. Unlike traditional neural networks, BCNN
employs a Bayesian backpropagation algorithm to update model parameters with the ob-
jective of minimizing the cost function through learning from the training data. After
training, the model’s generalization ability is evaluated using a test set to determine if its
prediction accuracy meets the required standards. If the accuracy is insufficient, the
model’s hyperparameters and network structure are adjusted, and the training process is
repeated until the desired performance is achieved. Once the model meets the set criteria,
it is saved for deployment in the online application phase.

3.2.3. Online TSA

The PMU measurement data is normalized and input into the trained BCNN model.
The model provides predictions on whether the system is stable or unstable and calculates
the predictive uncertainty using Equation (16). If the predictive uncertainty exceeds a pre-
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defined threshold, the evaluation result is deemed unreliable, and human experts are re-
quired to assess the transient stability state manually. If the predictive uncertainty falls
below the threshold, the judgment is considered reliable. In such cases, the operator can
implement appropriate control measures based on the model’s prediction to minimize
potential losses caused by faults.

3.3. Performance Metrics

In binary classification problems, the performance of the transient stability evalua-
tion model can be assessed using metrics derived from the confusion matrix (as shown in
Table 1). The key metrics include accuracy, precision, recall, and F1-score, which provide
a comprehensive evaluation of the model’s classification capabilities:

Table 1. Confusion matrix of the transient stability assessment.

Prediction Stable Unstable
Predicted as stable T F
Predicted as unstable F, T,

Where F,  refers to a false alarm, meaning that a stable sample is judged as an unstable sample.

F, refers to a false dismissal, which means that an unstable sample is judged as a stable sample.

Since transient stability evaluation problems prioritize a minority of samples—spe-
cifically, unstable samples—the precision and recall have been modified.

1. Accuracy: refers to the proportion of correct results among the total number of sam-
ples in a classification result. It is a statistical quantity for all samples, but its evalua-
tion result for imbalanced samples is affected by the high proportion of samples.

T +T
Accuracy = ——* % 100%
TR T, F @)

us

2. Precision: the evaluation accuracy metric for predicting unstable samples. The higher
its value, the fewer cases where stable samples are judged as unstable samples.

.. T,
Precision = —*—x100% (21)
+

us us

3. Recall: the evaluation accuracy metric for actual unstable samples. The higher its
value, the fewer cases where unstable samples are judged as stable samples.

T
Recall = ﬁx 100% (22)

us K

4. Fl-score: harmonic mean of precision and recall rate and is used to evaluate the com-
prehensive performance of a model.

_ 2xPrecision x Recall

g (23)

Precision + Recall

4. Results of the New England 39 Bus Case Study
4.1. Test System

The New England 39 bus system [31] is widely used in the field of transient stability
analysis. It represents a 345 kV power system in the state of New England, USA. This
system comprises 10 generators, 39 nodes, 12 transformers, and 34 transmission lines. The
base power for the system is set at 100 MV A, with a base voltage of 345 kV.

https://doi.org/10.3390/app162211348
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The transient stability assessment dataset was generated using the PSD-BPA [32]
batch simulation tool. The fault settings for the simulation are as follows: changes in op-
erating modes are reflected by load levels of 80%, 100%, and 120%. Since three-phase
faults are the most severe type of fault, they are typically selected for time-domain simu-
lations. Permanent three-phase faults are simulated on each of the 34 transmission lines
(excluding transformers) at positions of 10%, 30%, 50%, 70%, and 90% along the lines. The
fault clearing time varies from 0.1 s to 0.42 s in increments of 0.02 s, resulting in a total of
17 different fault clearing times. The simulation duration is set to 10 s, with a sampling
frequency of 50 Hz. In total, 8670 time-domain simulation samples were generated, con-
sisting of 7159 stable samples and 1511 unstable samples. The samples were divided into
training and test sets at a ratio of 4:1. The same data partition was maintained throughout
all experiments for model training and evaluation.

4.2. Experiment Specifications

The BCNN model training utilizes the TensorFlow Probability library (v0.13.0),
which is based on the TensorFlow framework for probabilistic programming. The library
offers functions that integrate probability methods with deep networks and also provides
variational inference modules that are suitable for building and solving BCNN.

The proposed BCNN model comprises three 1D convolutional layers with the fol-
lowing configurations: the first layer features 16 filters with a kernel size of 11, the second
layer has 32 filters with a kernel size of 7, and the third layer includes 64 filters with a
kernel size of 1. To reduce the number of network parameters, the first two convolutional
layers are followed by max pooling layers. At the bottom of the architecture, there is a
fully connected layer containing 64 neurons, leading to an output layer that produces a
two-dimensional vector. The initial prior distribution of the network parameters in the
BCNN is modeled as a normal distribution AN (0,1). Preliminary experiments were con-
ducted to compare different hyperparameter settings, and the final settings were deter-
mined based on the resulting model performance. Additional hyperparameter settings are
detailed in Table 2.

The network architecture and hyperparameter settings of the CNN model align with
those of the BCNN. The number of neurons in the hidden layers of the MLP and
BayesMLP models is set to [128, 64, 2], respectively. Both the optimizer and activation
function are consistent with those of the BCNN model.

Table 2. Hyperparameters of the BCNN model.

Variable Value
Batch size 128
Learning rate 0.01
Epochs 100
Optimizer Adamax
Activation function Softplus

4.3. BCNN Results and Comparison with Other Models
4.3.1. Performance Comparison of Models

To assess the effectiveness of the proposed BCNN model, the MLP, CNN, and
BayesMLP models—incorporating Bayesian principles—were selected as comparison
benchmarks. Since the parameters of the Bayesian neural network model follow a poste-
rior distribution rather than taking on specific values, the model’s output becomes a ran-
dom variable for the same input data. Consequently, to evaluate the predictive perfor-
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mance of the Bayesian neural networks, this study employs the Monte Carlo method, gen-
erating 100 independent predictions for each input data point. The mean of these pre-
dicted results is then compared to those of the non-Bayesian models. The performance
metrics for this evaluation are summarized in Table 3.

Table 3. Performance comparison of non-Bayesian model and Bayesian model.

Model Precision Recall F1-Score Accuracy Training Time/s  Prediction Time/s
MLP 96.07% 94.52% 0.953 98.33% 37.553 0.248
CNN 96.40% 97.36% 0.969 98.90% 82.1643 0.279
BayesMLP 91.96% 91.21% 0.916 97.09% 89.666 0.421
BCNN 92.00% 94.02% 0.93 97.52% 131.95 0.768

The performance evaluation metrics of the Bayesian model after the Monte Carlo
sampling are shown in Figure 3.

The evaluation results presented in Table 3 indicate a decline in the accuracy, preci-
sion, recall and F1 score metrics for the neural network models. Specifically, the BCNN
model exhibits reductions of 1.37%, 4.40%, 3.34%, and 0.039 in accuracy, precision, recall,
and F1 score, respectively, when compared to the CNN model. Additionally, both training
and prediction times have increased. Several factors may contribute to the observed de-
crease in model prediction accuracy and the increase in computational time:

(1) The BCNN model not only outputs predicted results but also estimates the uncer-
tainty associated with these outputs. This necessitates using the same number of
weight parameters to achieve two distinct targets, potentially leading to a reduction
in overall model accuracy;

(2) The BCNN model requires estimating the distribution of weight parameters, whereas
non-Bayesian neural networks focus solely on point estimations. This distinction re-
sults in higher computational complexity and increased memory consumption for
the BCNN, thereby extending both training and prediction times.

(3) The use of approximate inference methods to solve for the posterior distribution in
the BCNN model may introduce substantial bias, affecting prediction accuracy.

(4) The selection of prior distribution has a certain impact on the performance of the
model.
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Figure 3. Predictive performance evaluation metrics of Bayesian models. The bar chart represents the
average value of each prediction metric, and the error bar represents =+ 1 standard deviation o .

The bar chart in Figure 3 illustrates the predicted results and standard deviations for
both the BCNN and BayesMLP models. The accuracy metric exhibits a small standard de-
viation, indicating that the predicted results are more tightly clustered around the mean. In
contrast, the standard deviations for the other metrics are notably larger, reflecting signifi-
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cant fluctuations in the model’s predictions for imbalanced samples. This variability sug-
gests that while the accuracy remains relatively stable, the model’s performance on other
metrics may be more susceptible to the inherent challenges posed by imbalanced data.

4.3.2. Robustness Analysis

To verify the robustness of the Bayesian model, this paper conducts robustness anal-
yses using noise simulation and PMU missing data simulation, both of which are per-
formed on the same training set to maintain a consistent experimental benchmark.

1. Noise simulation

The PMU signal collected in the actual power system operation process must have
noise. To be close to the real situation when online applications are tested, a certain
amount of Gaussian white noise is superimposed as the measurement value of PMU in
the test set, and the signal-to-noise ratio (SNR) is used to measure the intensity of adding
noise:

P,
SNR (dB)=101g [L’j (24)

noise

where P.

i 1S Signal power and P, is noise power. A higher SNR indicates a lower
proportion of noise relative to the original signal. In this paper, noise with SNRs of 10 dB,
20 dB, 30 dB, 40 dB, and 50 dB is added to the test set to simulate varying noise levels. The
performance of different models, including MLP, CNN, BayesMLP, and BCNN, under

these noise conditions is evaluated and presented in Figure 4.
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Figure 4. Comparison of performance metrics of Bayesian and non-Bayesian models with different

noise levels. (a) Accuracy; (b) Precision; (c) Recall; (d) Fi-score.

By comparing the changes in evaluation metrics between Bayesian and non-Bayesian
models under different noise levels, it is evident that the performance of non-Bayesian
models significantly degrades as the noise level increases. In contrast, the Bayesian models
demonstrate relatively small fluctuations in their evaluation metrics across varying noise
levels. For example, when comparing the scenarios of no noise and SNR = 10 dB, the CNN
model’s accuracy, precision, recall, and F1 score decreased by 0.6%, 0.12%, 3.34%, and
0.02, respectively. Meanwhile, the BCNN model’s respective metrics changed by -0.02%,
—0.55%, 0.55%, and 0, showing minimal impact. Similarly, the BayesMLP model exhibited
the same trend, indicating that Bayesian deep learning (BDL) models have strong robust-
ness to noisy data.

2. Data missing simulation

In real power system operations, measurement data may become abnormal or be lost
due to equipment faults and external interference. To simulate such scenarios, a certain
proportion of feature values in each time interval of the test set is randomly selected and
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set to zero to simulate missing measurements. Specifically, the missing data ratios are set
to 5%, 10%, and 15%, respectively. The evaluation results of different models, including
MLP, CNN, BayesMLP, and BCNN, under these varying data missing ratios are displayed
in Figure 5.
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Figure 5. Comparison of performance metrics between Bayesian and non-Bayesian models with

different proportions of missing data. (a) Accuracy; (b) Precision; (c) Recall; (d) Fi-score.

By comparing the metrics in Figure 5, we observe that as the data missing ratio in-
creases, the evaluation metrics of non-Bayesian models significantly deteriorate, while the
Bayesian models exhibit much smaller changes in their metrics. For instance, when com-
paring the performance of models with no data loss to those with 15% data loss, the CNN
model’s accuracy, precision, recall, and F1 score decreased by 1.14%, 3.11%, 1.80%, and
0.025, respectively. In contrast, the BCNN model’s corresponding metrics only decreased
by 0.40%, 0.62%, 1.73%, and 0.012, respectively. The BayesMLP model followed a similar
trend, further demonstrating that Bayesian neural network models have strong robust-
ness in the presence of missing data.

The robust performance of the BCNN models under varying conditions illustrates
their strong resistance to uncertainty factors, such as data noise and random data loss.
This resilience can be attributed to the inherent nature of Bayesian models, which charac-
terize network parameters as random variables following a specific distribution. By incor-
porating this uncertainty into the modeling process, Bayesian approaches enhance the
model’s robustness against noisy and abnormal data, allowing it to maintain performance
even in challenging scenarios.

4.3.3. Small Sample Analysis

To evaluate the ability of Bayesian neural network models to maintain good perfor-
mance with limited data, the original dataset was retrained using 90%, 70%, and 50% of
the available samples. The performance of the MLP, CNN, BayesMLP, and BCNN models
under these varying sample sizes is illustrated in Figure 6.

As shown in Figure 6, the performance of non-Bayesian models significantly deterio-
rates as the number of training samples decreases. For instance, the CNN model’s accu-
racy, precision, recall, and F1 score decreased by 2.90%, 13.75%, 4.54%, and 0.095, respec-
tively. In contrast, the BCNN model exhibited much smaller declines in its metrics, with
decreases of only 0.55%, 1.97%, 0.85%, and 0.015, respectively. These results indicate that
Bayesian neural network models can effectively fit the training data and maintain high
prediction accuracy even when trained with fewer samples.
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Figure 6. Comparison of performance metrics of Bayesian and non-Bayesian models with different
sample sizes. (a) Accuracy; (b) Precision; (c) Recall; (d) Fi-score.

4.4. Uncertainty Estimation Discussion

The BCNN model is capable of providing uncertainty estimates for its prediction re-
sults by employing Monte Carlo sampling on the probability distribution of network
weights. To quantify the uncertainties associated with the test set samples, both aleatoric
and epistemic uncertainties are calculated according to Equation (16). The predictive un-
certainty is then obtained by summing these two types of uncertainty, as follows:

Predictive Uncertainty =

Aleatoric Uncertainty+ Epistemic Uncertainty (25)
To investigate the correlation between uncertainty prediction results, sample features,

and prediction outcomes, this paper conducts a comparative analysis of the uncertainty per-

formance across different sample types and prediction results. This analysis aims to verify

the effectiveness of uncertainty estimates in guiding decision-making processes.

4.4.1. The Distribution of Uncertainty Estimation

This paper conducted a statistical analysis of the three types of classification results
(false alarm, false dismissal, and correct) and their uncertainty in the test set. The analysis
results are shown in Table 4 and Figure 7. The uncertainty score in the table is calculated
based on the average uncertainty of each type of sample.

Table 4. The uncertainty comparison of different classification results.

Classification Results Aleatoric Uncertainty Epistemic Uncertainty Predictive Uncertainty
False alarm 0.1626 0.0194 0.1820
False dismissal 0.1682 0.0276 0.1958
Correct 0.0123 0.0012 0.0134

Table 4 and Figure 7 provide a comparison of uncertainty among false alarm samples,
false dismissal samples, and correct judgment samples. Figure 7 employs kernel smooth-
ing to illustrate the distribution of uncertainty associated with different classification out-
comes. Observing the data in the chart, several conclusions can be drawn: the aleatoric
uncertainty, epistemic uncertainty, and predictive uncertainty for correct samples are sig-
nificantly lower than those of false alarm samples. This finding suggests that uncertainty
metrics can effectively reflect the confidence level of predictions, indicating that BCNN
models perform better on samples with higher confidence levels.
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Figure 7. The uncertainty distribution of different classification results.

4.4.2. Exploring the Influence of Uncertainty Estimation
1.  The impact of sample imbalance on uncertainty

The dataset used for transient stability assessment exhibits the characteristic of sam-
ple imbalance, with the number of unstable samples being significantly lower than that of
stable samples. This paper analyzes the uncertainty prediction results for both unstable
and stable samples, which are presented in Table 5 and illustrated in Figure 8.

Table 5. Comparison of uncertainty for different types of samples.

Sample Types Aleatoric Uncertainty Epistemic Uncertainty Predictive Uncertainty
Actual label Stable 0.0087 0.0008 0.0095
label Unstable 0.0496 0.0055 0.0551
Predicted label Stable 0.0081 0.0009 0.0089
label Unstable 0.0515 0.0054 0.0568
Total Sample 0.0158 0.0017 0.0175
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Figure 8. The uncertainty distribution of different types of samples. (a) Actual label; (b) Predicted
label; (c) Total sample.

Table 5 presents the uncertainty scores for three different types of uncertainty across
various sample categories. Analysis of the data in the table reveals a significant difference
in uncertainty between unstable and stable samples. Specifically, the aleatoric uncertainty,
epistemic uncertainty, and predictive uncertainty for unstable samples in the training set
are substantially higher than those for stable samples. Notably, the uncertainty associated
with unstable samples is approximately five times greater than that of stable samples.

Figure 8 illustrates the distribution characteristics of different sample types based on
actual and predicted labels. The figure reveals clear differences in the uncertainty distri-
bution between stable and unstable samples. In contrast, unstable samples show higher
uncertainty, with a larger proportion of samples exhibiting high uncertainty and a ten-
dency toward a multi-peak distribution. Notably, two smaller peaks emerge on the high-
uncertainty side in both the (a) and (b) graphs of Figure 8, highlighting this trend. The
overall distribution of uncertainty in the sample is similar to that of stable categories (i.e.,
most sample categories in the training set).

These phenomena illustrate that sample imbalance has a significant impact on the
prediction results of uncertainty. When the Bayesian neural network model encounters a
small number of samples, it tends to exhibit lower confidence levels.

2. The impact of different data noise intensities on uncertainty.

To investigate the impact of data noise on uncertainty, noise levels ranging from 50
dB to 10 dB were incrementally added to the test set with a step size of 10 dB. The uncer-
tainty for each noise intensity was calculated using the Monte Carlo method, as shown in
Table 6.

Table 6 reveals that as the noise intensity increases, uncertainties also increase. This
indicates that the noise in the test set creates a divergence between the test set data and
the training set data, affecting the generalization and prediction ability of the model for
test set data.

Table 6. Comparison of uncertainty for different data noise.

Noise Intensity Aleatoric Uncertainty Epistemic Uncertainty Predictive Uncertainty
No noise 0.0158 0.0017 0.0175
50 dB 0.0167 0.0020 0.0186
40 dB 0.0171 0.0022 0.0193
30dB 0.0168 0.0020 0.0188
20dB 0.0170 0.0022 0.0192
10 dB 0.0171 0.0022 0.0193
3. The impact of different data missing ratios on uncertainty.
To explore the impact of data missing ratios on uncertainty, 5%, 10%, and 15% of data
were randomly set to zero in each time section of the test sample. The uncertainties under
different data missing ratios were then compared, as shown in Table 7.
Table 7. Comparison of uncertainty for different data missing ratios.
Data Missing Ratios Aleatoric Uncertainty Epistemic Uncertainty Predictive Uncertainty
0% 0.0158 0.0017 0.0175
5% 0.0181 0.0024 0.0204
10% 0.0201 0.0024 0.0225
15% 0.0205 0.0027 0.0232
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The results show that as the data missing ratio increases, aleatoric uncertainty, epis-
temic uncertainty, and predictive uncertainty also rise. This suggests that missing data
disrupts the consistency between the test set and the training set data distributions, re-
sulting in higher uncertainty in the test set predictions.

4.  The impact of sample size on uncertainty.

To examine the effect of sample size on uncertainty, the training set sample sizes were
reduced to 90%, 70%, and 50% of the original dataset. The resulting changes in aleatoric
uncertainty, epistemic uncertainty, and predictive uncertainty were observed, with the
results summarized in Table 8.

Table 8. Comparison of uncertainty for different sample sizes.

Sample Size Aleatoric Uncertainty Epistemic Uncertainty Predictive Uncertainty
100% 0.0158 0.0017 0.0175
90% 0.0173 0.0018 0.0191
70% 0.0176 0.0020 0.0196
50% 0.0221 0.0021 0.0242

The data in Table 8 illustrates that the number of training samples significantly affects
the prediction results in terms of uncertainty, revealing a negative correlation between
sample size and uncertainty. This finding aligns with Gal’s research conclusion, which
suggests that increasing the number of samples helps the dataset better approximate the
true data distribution, thereby reducing uncertainty [33].

4.4.3. Using Uncertainty Estimation to Improve Prediction Results

Sections 4.4.1 and 4.4.2 establish the correlation between uncertainty and model pre-
diction performance. This section focuses on leveraging uncertainty to enhance model per-
formance. In transient stability evaluation, high uncertainty in the Bayesian neural network
model’s predictions signals low confidence, increasing the likelihood of false alarms or false
dismissals. Given the critical nature of application scenarios, and to prevent severe conse-
quences from these errors, this paper proposes using an uncertainty threshold as a decision-
making criterion. When the uncertainty of a predicted result exceeds the predefined thresh-
old, the result is deemed unreliable and requires further assessment by human experts.

To investigate the effects of different uncertainty thresholds, this paper employs
Min-Max normalization to standardize the predictive uncertainty of all samples in the
test set. Figure 9 illustrates the distribution of uncertainty for both correctly predicted and
incorrectly predicted samples.
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Figure 9. Distribution of uncertainty after Min-Max normalization for correctly predicted samples

and incorrectly predicted samples.
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After normalization, it can be seen that the uncertainty of correctly predicted samples
is mainly distributed in the interval (0, 0.2), while the uncertainty of incorrectly predicted
samples is mainly between 0.4 and 1. To improve the accuracy and practicality of transient
stability evaluation, it is crucial to select a suitable uncertainty threshold to screen out
most of the false alarm samples and improve prediction accuracy. Figure 10 describes the
variations in various indicators when different uncertainty thresholds are applied.

1
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Figure 10. Performance metrics under different uncertainty thresholds.

As illustrated in Figure 10, a lower uncertainty threshold correlates with improved
prediction performance of the model. When the threshold is set to 0.2, all samples are
predicted correctly, and all evaluation metrics achieve a perfect score of 100%. However,
selecting an excessively low uncertainty threshold may also exclude a significant number
of correct samples, thereby increasing the burden on human experts. Figure 11 presents
the number and proportion of samples filtered out at varying uncertainty thresholds.
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Figure 11. (a) The number of samples filtered out by different uncertainty thresholds; (b) The pro-
portion of samples filtered out by different uncertainty thresholds.

Figure 11 reveals a slight distinction in the lowest uncertainty levels between false
dismissal samples and false alarm samples, with false dismissal samples exhibiting mar-
ginally higher uncertainty. When the uncertainty threshold is set to 0.4, false dismissal
samples are eliminated, leaving only 5 false alarm samples. Under these conditions, all
unstable samples are accurately predicted, achieving a recall rate of 100%. The accuracy,
precision, and F1-score at this threshold stand at 99.69%, 98.05%, and 0.991, respectively.
While the indicators have improved, 7.61% of the total samples and 5.61% of the correct
samples were filtered out. In contrast, setting the uncertainty threshold to 0.2 results in
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perfect scores (100%) across all evaluation metrics; however, this choice leads to the ex-
clusion of 10.32% of the total samples and 8.10% of the correct samples. The 10.32% of
filtered samples necessitate further stability evaluation through time-domain simulations,
thereby increasing computational costs. Therefore, the selection of an appropriate uncer-
tainty threshold should consider the trade-off between prediction accuracy, automatic as-
sessment coverage, and the workload and computational costs associated with further
evaluation. The threshold of 0.2 is thus regarded as a representative choice based on the
current test-set analysis rather than a universally optimal threshold.

To establish a reasonable uncertainty threshold, Monte Carlo sampling was con-
ducted on the BCNN model to assess the variability in uncertainty outputs for the same
input data. This analysis focused on the minimum uncertainty levels associated with false
alarm samples and false dismissal samples. The results of this investigation are illustrated
in Figure 12 and detailed in Table 9.

The data presented in Figure 12 and Table 9 show that the uncertainty of false alarm
samples is generally slightly lower than that of false dismissal samples. The actual choice
of threshold depends on the needs of the operator. If the primary goal is to ensure the
accuracy of the model outputs, a suitable threshold could be established at the lower
bound of the 95% confidence interval of the mean for false alarm samples, which is 0.10.
Setting the threshold at this level would necessitate further simulation and expert evalu-
ation for approximately 15% of the samples. Conversely, if the focus is on minimizing the
number of samples requiring re-evaluation by experts while still ensuring the accuracy of
unstable sample predictions, the threshold could be set at the lower bound of the 95%
confidence interval for false dismissal samples, which is 0.48. In this scenario, around 8%
of the samples would still require expert judgment for stability. Operators can therefore
adjust the thresholds flexibly according to their operational requirements.
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Figure 12. The minimum uncertainty distribution of false alarm samples and false dismissal samples.

Table 9. The minimum uncertainty of false alarm samples and false dismissal samples.

The Lower Bound of the 95% The Upper Bound of the 95%

Sample Type  Mean Standard Deviation Confidence Interval Confidence Interval
false alarm 0.12 0.06 0.10 0.15
false dismissal  0.57 0.22 0.48 0.65

5. Conclusions

This paper proposed a BCNN-based method for transient stability assessment of
power systems, effectively addressing uncertainty in prediction results by applying
Bayesian principles to CNN parameters. Results from the New England 39 bus case study
demonstrated improved robustness of the proposed model when faced with noisy data,
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missing data, and small sample datasets. Furthermore, the model’s ability to estimate pre-
dictive uncertainty allowed for a statistical analysis that revealed significantly higher un-
certainty in false alarm and false dismissal samples compared to correctly predicted sam-
ples. This validates the utility of an uncertainty threshold in effectively filtering out unre-
liable predictions. The research also identified various factors influencing uncertainty pre-
diction results. It was found that unstable samples exhibit higher uncertainty than stable
ones. Predictive uncertainty increases with noise intensity and missing data rate, whereas
larger training datasets lead to lower predictive uncertainty. The analysis of uncertainty
thresholds showed a clear trade-off: while lower thresholds enhance model performance,
they also increase the number of samples requiring additional verification. Operators are
therefore advised to adjust uncertainty thresholds based on specific operational needs.
Future developments of the proposed method could focus on several key areas: (1)
Although the BCNN model quantifies uncertainty effectively, there is still potential for
improving prediction accuracy. Future research could involve optimizing the Bayesian
neural network’s structure to enhance its expressiveness and generalization capabilities.
Additionally, exploring the integration of other deep learning models with Bayesian the-
ory might further enhance prediction performance. (2) In this study, the standard Gauss-
ian distribution was exclusively used as the prior distribution for Bayesian modeling of
network parameters, which may constrain the model’s expressiveness and generalization
ability. Future work could investigate the use of alternative prior distributions, such as
the Laplace distribution, to assess their impact on model accuracy and prediction speed.
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Abbreviations

The following abbreviations are used in this manuscript:

TSA Transient stability assessment
BCNN Bayesian Convolutional Neural Network
TDS Time-domain simulation
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PMUs Phasor measurement units
SVM Support vector machines

DT Decision trees

ELM Extreme learning machines
CNN Convolutional Neural Network
LSTM Long short-term memory networks
DBN Deep belief networks

GRU Gated recurrent units

PNN Probabilistic neural networks
BDL Bayesian deep learning

BNN Bayesian neural networks
MCMC Markov Chain Monte Carlo

VI Variational Inference

KL Kullback-Leibler

ELBO Evidence Lower Bound

PU Predictive uncertainty

TSI Transient stability index
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