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Abstract—Transient stability assessment (TSA) is critical for
ensuring the secure operation of power systems. To address
the limitations of traditional methods in feature extraction
and spatial correlation modeling, this paper proposes a TSA
model based on Transformer and Graph Attention Network
(GAT). The model takes pre-fault, during-fault, and post-fault
bus voltage magnitudes and phase angles as input. The
Transformer module is employed to adaptively extract
temporal features and capture long-range dependencies in
transient data. Then, the GAT module is used to model the
power grid topology, enabling adaptive aggregation of
electrical correlation strengths among nodes and fully
exploiting the spatial structure of the system. During training,
the hybrid loss function composed of Binary Cross-Entropy
Loss and Dice Loss is introduced to address class imbalance
and enhance the model’s ability to distinguish boundary
samples. Simulation results on the IEEE 39-bus and IEEE
145-bus systems demonstrate that the proposed method
achieves higher accuracy than existing mainstream models
and maintains robust performance under topological changes
and noise disturbances.

Index Terms--Transient stability assessment; transformer;
graph attention network; hybrid loss function.

L. INTRODUCTION

Ensuring secure and stable power system operation is a
core objective of grid dispatching. Transient stability, which
reflects the system’s ability to recover after major
disturbances, is crucial for grid security [1]. With rising
renewable integration and increasing system complexity,
traditional transient stability assessment (TSA) methods
face challenges in balancing accuracy and real-time
performance[2]. Thus, developing TSA models that are
both efficient and generalizable has become a key research
focus.

Traditional TSA methods largely rely on manual feature
extraction and shallow machine learning models, such as
decision trees [3], support vector machines (SVM) [4], and
random forests [5]. Although these methods offer relatively
fast computation and acceptable prediction accuracy in
specific scenarios, their limited model expressiveness
makes it difficult to capture the nonlinear dynamic features
of power system transients effectively. In recent years,
advances in deep learning have provided new approaches
for stability assessment. Reference [6] proposed an efficient
TSA method based on temporal convolutional networks
(TCN), where a grey wolf optimizer was used to enhance
model accuracy. Reference [7] developed a TSA model
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named long short-term memory with spatial attention
fusion, which incorporates a self-attention mechanism and
focal loss function to achieve fast and reliable TSA. These
data-driven methods learn temporal dependencies from
time-series data, enabling stability identification. However,
their neglect of grid topology and electrical coupling limits
performance under topology changes or operational
fluctuations, reducing generalization in complex systems.

To account for the spatial structural characteristics of
power systems, graph neural networks (GNNs) [8] have
been widely introduced into TSA research. These methods
treat the power grid as graph-structured data, with buses
represented as nodes and transmission lines as edges,
enabling direct modeling of electrical coupling between
nodes in the graph space. Studies such as [9], [10] apply
graph convolutional networks (GCN) to incorporate the
influence of neighboring nodes during feature aggregation,
thereby achieving joint modeling of spatial and temporal
characteristics of the system. This approach improves
generalization under varying topologies by enabling models
to adapt to dynamic responses. However, most GNN-based
methods use fixed adjacency matrices, limiting their ability
to capture nonlinear coupling and reducing assessment
accuracy.

Transient stability datasets in power systems typically
exhibit significant class imbalance [11], [12]. In large-scale
simulations or real-world operational data, stable samples
greatly outnumber unstable ones. This imbalance
introduces bias during model training, causing the model to
favor predictions of the stable class and reducing its
accuracy in identifying critical unstable samples. To
address this issue, previous studies have introduced
generative adversarial networks (GAN) [13], [14] to
generate minority class samples and balance the dataset.
Other researchers have employed loss functions such as
cross-entropy [15] or focal loss [16] by assigning higher
weights to unstable samples or applying stronger gradient
constraints to hard-to-classify instances, thereby enhancing
the model’s ability to learn from minority class samples.
However, these methods struggle with samples near the
stability boundary. Generated data may lack authenticity,
and single loss functions often fail to balance overall
accuracy with  boundary discrimination, limiting
performance under complex disturbances.

To this end, this paper proposes a transient stability
assessment method for power systems based on the
Transformer and graph attention network (GAT). The



proposed approach introduces improvements in both
feature extraction and model optimization, aiming to
achieve high accuracy and robust assessment of transient
processes in power systems. The Transformer is employed
to capture long-range temporal dependencies in voltage and
phase angle sequences, while the GAT is used to adaptively
model the electrical coupling strength between nodes.
Together, they enable deep integration of spatiotemporal
features. In addition, a hybrid loss function combining
binary cross-entropy (BCE) loss and dice loss is introduced
to enhance the model’s performance under scenarios with
imbalanced samples and near-boundary instance
recognition. The main contributions of this paper are as
follows:

1)The Transformer-GAT based spatiotemporal TSA
framework is developed for power systems, where the
Transformer captures global temporal dependencies from
post-fault voltage and angle trajectories, and the GAT
adaptively models electrical couplings over the grid
topology, enabling joint learning of temporal dynamics and
spatial interactions rather than treating them independently.

2)The attention-driven topology-aware aggregation
mechanism is introduced, in which node influences are
learned through adaptive attention weights instead of fixed
adjacency or convolutional aggregation, allowing the
model to flexibly characterize varying electrical coupling
strengths and improving generalization under topology
changes.

3)The hybrid BCE-Dice loss is designed for imbalanced
TSA datasets, enhancing boundary-sample discrimination
and improving stability identification performance
compared with conventional single-loss training.

4)Comprehensive robustness and scalability validations
are conducted, including large-scale systems, topology
variations (N-1/N-2), and noisy measurements, together
with millisecond-level inference latency, demonstrating
practical applicability for online transient stability
assessment in control centers.

1L MODEL PRINCIPLE AND OVERALL FRAMEWORK

A.  Temporal Feature Extraction Based on Transformer

During a transient event, bus voltages and phase angles
show strong temporal dependencies and nonlinear
dynamics. The Transformer captures global temporal
correlations via self-attention. For an input feature
sequence:

X =[x),x3,....x7 € R €))

where, T denotes the number of time steps, and dx
represents the feature dimension at each time step.

The Transformer model first applies linear projections to
obtain the query matrix Q€ R | key matrix K€ R,
and value matrix VERT | g, denotes the feature
dimension of the key vectors in the attention mechanism.

0=XW,, K=XWg, V=XW, @)

where, W, Wk, Wyare trainable weight matrices.
The self-attention layer computes the attention weight
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matrix by evaluating the correlations between time steps:

T
Attention(Q, K, V') = softmax ( oK ]V 3)

N

where, the scaling factor V4 is introduced to prevent
gradient explosion. This mechanism enables the model to
capture dependencies across all time steps in a single
forward pass, achieving efficient global temporal modeling.

To further enhance the model’s ability to represent multi-
scale temporal features, the Transformer incorporates a
Multi-Head Attention mechanism, which performs self-
attention operations in parallel across 4 subspaces:

head, = Attention (QWiQ,KW,-K,VW,-V), =12,k (4)

where, w¢ , wX _w/ are the trainable weight matrices of
the i-th attention head.

The outputs of all heads are concatenated and then
passed through a linear transformation to obtain the final
feature representation:

MHA(Q,K,V) = Concat(headl,headz,. ..,head,, )WO %)

where, w9 e R"*4 is the output projection matrix used to
integrate the multi-head attention results into a unified
temporal feature representation, drepresents the feature
dimension of the value vectors.

To retain temporal order without recurrence, the
Transformer uses a positional encoding function PE(?)
based on sine and cosine mappings, allowing the model to
capture temporal indices and long-range dependencies.

Hr :J{l"rans(X) (6)

where, H; eR™ gserves as the input for subsequent spatial
feature modeling (GAT module), providing global temporal
dependency representations for learning the topological
characteristics of the power grid.

B.  Spatial Feature Extraction Based on GAT

The topology of a power system consists of buses and
the transmission lines between them, which can essentially
be represented as a weighted undirected graph G=(V, E),
where V' denotes the set of nodes with |V|=N being the
number of nodes, and E represents the set of edges (i.e.,
transmission lines). The electrical coupling relationship
between any two nodes i and j in the system can be
described by the adjacency matrix 4 € R¥xN, where a;=1 if
a direct connection exists between nodes i and j, and a;=0
otherwise. GAT [8] overcomes this limitation by
introducing an attention mechanism that enables adaptive
feature aggregation between nodes. For the input node
feature matrix:

H=[h,hy,....hy]" e RV (7)

where, # <R% denotes the feature vector of node i, and d is
the feature dimension, d, denotes the overall feature



dimension of the hidden layer, and / represents the number
of attention heads in the multi-head attention mechanism.

Linear transformation is applied to obtain the node's
feature representation.

z; =Wh (®)

where, e R%*% is a trainable weight matrix.

Single-layer feedforward network is used to compute the
attention coefficient between node i and its neighboring
nodes j € N;:

¢; = LeakyReLU (aT [zi Iz, J) )

where, a is learnable parameter vector, ¢ e R?% denotes the

vector concatenation operation, and LeakyReLU(+) is the
leaky rectified linear unit with a negative slope coefficient.

The attention coefficients of all neighboring nodes of
node i are then normalized as follows:

1 ¢ | Provides edge
T == m-
Gt, Gt Gt
Spatiotemporal graph construction
Provides node features

Temporal feature extraction based on  Target Sequence
Transformer
Model Input: Bus
. voltage magnitude/phase
angle over T time steps

exp(eij)

a”:i
TS exp(e (10)
Wt xp(ey )

where o(-) is a mnonlinear activation function. This
mechanism enables the model to adaptively weight
neighboring nodes based on both topology and feature
correlations, allowing differentiated modeling of electrical
coupling strength.

To enhance feature expressiveness, GAT typically adopts
a Multi-Head Attention mechanism, where K independent
attention heads are computed in parallel and their outputs
are fused as:

h :||kK_10'( > af/k)W(")hjj (11)

jeN;

C. Spatiotemporal Feature Fusion Framework Based on
Transformer-GAT

The overall structure of the model is illustrated in Fig. 1.

Model Output:

l—!

Features

Spatial Feature Extraction Based on GAT °

Feature

Extraction

Gty

7%
cﬁi:/.‘;o
ey

—— 0: Unstable
ReLU -
S Sopmax 1: Stable
.~ Fully Connected
- aver

Flatten Layer

Fig. 1 Overall Structure of the Proposed Model

The input layer receives bus voltage magnitude and
phase angle sequence data after normalization. Let N be the
number of system nodes and 7 the sampling window length,
then the input tensor can be represented as:

Xe RN xTxd (12)

The Transformer module performs feature extraction
along the temporal dimension. By leveraging the multi-
head self-attention mechanism, it captures global
dependencies across pre-fault, fault, and post-fault stages,
generating a comprehensive temporal representation

Hy e R¥% for each node.

The GAT module takes Hr as the input node features and
aggregates spatial features based on the system’s
topological adjacency. Through the adaptive learning of
attention coefficients a;, the model distinguishes the
electrical coupling strength between different nodes and
generates spatial feature representations. In the feature
fusion stage, residual connections and layer normalization
are employed to concatenate temporal and spatial features,
followed by a nonlinear transformation:

Hp = LayerNorm(Hp + Hg)

(13)
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where, Hr is the fused spatiotemporal feature representation
used for subsequent stability classification. The residual
structure helps alleviate the vanishing gradient problem and
preserves feature continuity, while layer normalization
stabilizes model training and improves convergence speed.

In the classification stage, the fused feature Hr is passed
through a fully connected layer and mapped to a binary
classification space via the Softmax function to determine
the system’s post-disturbance stability state. The output
vector is given by:

v = Sofimax(W,Hp +b,) (14)

where W, and b, are the weight and bias parameters of the
output layer, and y»=[1, 0] represents the predicted
probabilities of the system being stable or unstable.

D. Hybrid Loss Function Design

To address both class imbalance and the challenge of
boundary sample recognition, this paper designs a hybrid
loss function composed of BCE loss and dice loss, aiming
to balance global classification performance and local
boundary discrimination ability.

1) Binary Cross-Entropy Loss

The BCE loss measures the difference between the
predicted probability distribution and the true labels. It is



defined as:

N
Lycg :—%El[yi log(j’i)"'(l_yi)log(l_j’i)] (15)

where N is the total number of samples, y;E {0,1} is the
true label of the i-th sample, and J; €[0,1] is the predicted

probability of being in the stable state. BCE loss effectively
constrains overall classification accuracy.

2) Dice Loss

To improve the model’s discriminative capability in
boundary and minority class regions, Dice loss is
introduced as it directly optimizes the overlap between
predictions and true labels. By focusing on the matching
area, it enhances sensitivity to misclassifications in unstable
regions and mitigates the limitations of conventional loss
functions under class imbalance.

N
22 yiyi+e
Lpjee =1- = (16)
Zl(yi +3;)+e
i
where ¢ is a small constant to prevent division by zero.
3) Hybrid Loss Construction
Ly = Alpcg + (1= A)Lpjce (17)

where 1€10,1] is a weighting coefficient used to balance
global classification accuracy and boundary recognition.

E.  Performance Evaluation Metrics

The transient stability assessment is formulated as a
binary classification task, with accuracy (ACC) used as the
evaluation metric. Let 7s and 7, represent the number of
correctly predicted stable and unstable samples,
respectively, and Fy and F, represent the number of
misclassified stable and unstable samples. The evaluation
metric is defined as follows:

T, +T,

P (18)
T+ T, + Fy + Fy

Accuracy =

111. SIMULATION AND RESULT ANALYSIS

A.  Simulation System and Dataset Construction

The IEEE 39-bus system and the IEEE 145-bus system
are selected as case studies. Time-domain simulations are
conducted on the PSD-BPA platform. The systems operate
under rated conditions, and multiple disturbance scenarios
are introduced, including varying load levels (75%-120%
of the base load), fault locations (10%-90% along the
transmission line), and fault durations (0.10s, 0.14 s, 0.18 s,
and 0.22 s). Power flow convergence is ensured by
adjusting generator outputs, resulting in a diverse set of
transient operation samples. A total of 15,000 samples are
generated for each system, with a stable-to-unstable sample
ratio of approximately 3:1.

B.  Model Training Configuration
The model is implemented using Python 3.8 and the
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PyTorch framework, and all experiments are conducted on
an NVIDIA RTX 4060Ti GPU. The Transformer module
adopts a 3-layer encoder structure, with each layer
containing 4 attention heads and a hidden dimension of
d;=128. The dropout rate is set to 0.3. The GAT module
consists of 3 layers, each using 8-head attention with
average aggregation. The weighting coefficient for the
hybrid loss function is set to A = 0.6. The training batch size
is 128, the initial learning rate is 0.001, and the Adam
optimizer is used. The model is trained for 120 epochs. The
input of the proposed model consists of 60 ms of post-fault
voltage and phase angle time-series data. The model’s
scalability is validated on the IEEE 145-bus system. It
adopts an offline training and online inference framework,
achieving inference times of approximately 30 ms (IEEE
39-bus) and 38 ms (IEEE 145-bus), making it suitable for
real-time online assessment and early warning in control
centers, while also supporting offline event screening and
simulation-based analysis.

D.  Analysis of Different Loss Functions

To validate the effectiveness of the hybrid loss design,
comparative experiments are conducted between the
proposed hybrid loss and focal loss. The test results under
each loss function are presented in Table II.

TABLE II TEST RESULTS OF DIFFERENT LOSS FUNCTIONS

Model Focal Loss Hybrid Loss (Proposed)

ACC/% 98.63 99.62

The proposed hybrid loss achieves a higher ACC
compared to focal loss, confirming its ability to improve
overall model performance under class imbalance
conditions. Furthermore, to further validate the
effectiveness of the proposed loss function, Fig. 2 presents
the accuracy convergence curves of three different loss
functions, recorded every 10 training epochs. The results
clearly demonstrate the superiority of the Hybrid loss.
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Fig. 2 Convergence comparison of different loss functions

E.  Robustness Analysis Under Noise Disturbance and
Topology Variations

1) Noise Robustness Test: Gaussian noise is added to the
input voltage and phase angle measurements with error
levels set to 0.2%, 0.4%, 0.6%, and 0.8%. The proposed
model is compared against the well-performing GCN and
Transformer-GCN models as reported in Table III. The
results show that while the ACC of all models decreases
with increasing noise levels, the proposed model
consistently maintains the highest performance.

TABLE III PERFORMANCE COMPARISON UNDER
DIFFERENT NOISE LEVELS
Method 0% 0.2% 0.4% 0.6% 0.8%
GCN 97.23 97.02 96.69 96.32 95.89
Transformer-
GCN 98.52 98.36 97.86 97.23 96.89
Proposed 99.62 99.31 98.93 98.65 98.26

2) Topology Variation Test: In the IEEE 39-bus system,




1-2 lines are randomly disconnected to generate N—1 and
N-2 topologies, resulting in 40 new topology scenarios.
Experimental results show that the proposed method
achieves an accuracy of 99.06% under these altered
topologies, with performance degradation of less than 1%,
significantly  outperforming other methods.  This
demonstrates that the proposed framework possesses strong
generalization and adaptability under topological changes.

LST™M
96.83/9523

—e— Original Topology
e Changed Topology
96:69/94.10

TCN
97.1295.9
SVM

95.33/93.20

Proposed
99.62/99.06

7.60

Fig. 3 Comparison of Different Methods Under Topology Variation
F. Performance Analysis on a Larger-Scale Network

To evaluate the adaptability of the proposed model in
large-scale systems, simulation tests are conducted on the
IEEE 145-bus system. The system includes 50 generators,
145 buses, and 453 branches, with a total of 8,000 samples
generated (stable to unstable ratio of 3:1). All models are
trained and tested under the same parameter settings, and
the results are shown in Table IV.

TABLE IV COMPARISON OF DIFFERENT METHODS ON THE IEEE 145-

BUS SYSTEM
Model |SVM |CNN | LSTM | TCN | GCN Tra‘gfc";}“er' Proposed
ACC/% | 93.16 | 9332 | 94.33 | 95.86 | 97.08]  97.45 98.33

The results indicate that the proposed Transformer-GAT
model still achieves the highest accuracy and stability in
the large-scale system, with an ACC of 98.33%,
outperforming all other methods. This verifies the model’s
scalability and robustness.

IV.  CONCLUSION
The main conclusions of this paper are as follows:

1) The spatiotemporal fusion framework based on
Transformer-GAT is proposed: the framework leverages
Transformer to capture global temporal dependencies in
bus voltage and phase angle sequences, while GAT
adaptively models the power network topology. This
effectively represents the spatiotemporal coupling in
system transients and significantly enhances feature
representation capability.

2) The hybrid loss function is designed to improve
learning under class imbalance: By combining BCE loss
with similarity coefficient loss, the model's ability to
distinguish boundary and minority class samples is
enhanced.

3) Simulation results verify the superiority of the model:
On the IEEE 39-bus and 145-bus systems, the proposed
method outperforms existing approaches in terms of
accuracy and other key metrics, demonstrating higher
evaluation precision and robustness.

4) The model shows strong scalability and engineering
applicability: under noise interference, topology changes,
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and large-scale systems, the proposed method consistently
outperforms state-of-the-art approaches and maintains
stable performance, confirming its generalization ability
and practical feasibility in complex power system scenarios.

In future work, we will further consider N-1-1/N-k fault
scenarios and focus on improving robustness under missing
or corrupted input conditions.
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