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Abstract

Conventional small-signal security assessment requires repeated power flow calculations,
system linearization, and eigenvalue analysis, resulting in considerable computational
burden for online applications. Moreover, existing data-driven methods generally provide
insufficient representation of branch power flows, line operating states, and incomplete
PMU measurements. To address these limitations, this paper proposes an edge-enhanced
graph attention network (EE-GAT) for real-time small-signal security assessment. The
model takes bus voltage magnitude, phase angle, active and reactive power injections, and
PMU availability masks as node features, while branch active and reactive power flows and
line operating states are incorporated as edge features. An edge-enhanced multi-head atten-
tion mechanism is employed to jointly learn node state and branch coupling information,
and a global attention readout mechanism is used to construct the system-level represen-
tation for secure/insecure classification. Tests on the New England 39-bus and NPCC
140-bus systems show that EE-GAT achieves accuracies of 97.75% and 96.47%, respectively,
outperforming XGBoost, LSTM, CNN, GCN, and conventional GAT. The proposed model
also maintains superior performance under incomplete PMU measurements and requires
only 0.0034 s and 0.0051 s for the corresponding test batches, demonstrating its potential
for online small-signal security screening.

Keywords: small-signal security assessment; graph attention network; edge feature
enhancement; power system stability; phasor measurement unit

1. Introduction
Power system security refers to the ability of a power system to withstand anticipated

disturbances and potential contingencies without interrupting electricity supply or violat-
ing operating constraints [1]. Small-signal stability is an important component of dynamic
security assessment, reflecting the capability of a power system to maintain synchronism
and damp low-frequency oscillations in the face of small disturbances [2,3]. With the
large-scale integration of renewable generation, increasing penetration of power electronic
devices, and growing complexity of operating conditions, system inertia, power flow
distributions, and damping characteristics exhibit stronger uncertainty and time-varying
properties. Consequently, small-signal security assessment (SSSA) faces more stringent
requirements for real-time performance, robustness, and accuracy. As shown in Figure 1,
modern power systems consist of various source and load units, including conventional
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generating units, wind farms, photovoltaic plants, substations, and residential, commercial,
and industrial loads.

Figure 1. Modern power system with renewable generation and PMU measurements.

Conventional SSSA methods are mainly based on the linearization of power system
differential algebraic equations. By constructing the state matrix and calculating its eigen-
values, the frequencies and damping ratios of critical oscillation modes can be obtained,
and the security margin can be evaluated according to a damping threshold. These methods
have clear physical mechanisms and high analytical accuracy but require complete and
accurate dynamic models of generators, exciters, governors, and loads. In practical systems,
equipment parameters and controller models may be uncertain or unavailable. Moreover,
when multiple operating conditions and N−1 contingencies are considered, conventional
methods must perform power flow calculation, dynamic simulation, or eigenvalue anal-
ysis for many scenarios, resulting in a heavy computational burden and limiting their
applicability to real-time online assessment [4–6].

To reduce the computational cost of dynamic security assessment, direct methods
such as transient energy functions, Lyapunov function approximation, and the extended
equal area criterion have been investigated [4,7]. Although these methods can partly avoid
complete time-domain simulations, they still rely on detailed system models and carefully
designed physical features. Their applicability and generalization capability may be limited
when the system’s scale increases, control devices become more diverse, or operating
conditions vary significantly.

With the deployment of phasor measurement units (PMUs) and wide-area measure-
ment systems, data-driven security assessment methods have attracted increasing atten-
tion [8,9]. Early machine learning methods, such as decision trees, support vector machines,
and kernel ridge regression, have been applied to stability boundary fitting and post-
fault stability prediction [10–12]. These methods can learn a nonlinear mappings between
operating states and security labels from historical or simulated data, thereby reducing
dependence on detailed dynamic models. However, they usually rely on manual feature
selection and have limited representation ability for high-dimensional PMU measurements,
complex operating conditions, and large-scale network topologies.

In recent years, deep learning has been increasingly applied to power system security
assessment due to its nonlinear feature extraction capability [13]. Deep autoencoders
have been used for security assessment feature learning [14], and convolutional neural
networks (CNNs) have been employed for faulted line localization and security status
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classification [15]. For SSSA, CNN-based methods usually convert operating points into
two-dimensional feature matrices or images and classify them into secure and insecure
states [16]. Nevertheless, CNNs are designed for regular grid-structured data, whereas
power systems are naturally represented as non-Euclidean graphs composed of buses and
transmission lines. Converting power system states into image-like representations may
weaken the original bus–branch connectivity and electrical coupling. In contrast, graph
neural networks are designed for relational data and can directly preserve these structural
characteristics.

Accordingly, graph neural networks (GNNs) have been applied to outage prediction,
fault chain prediction, optimal power flow, state estimation, transient stability prediction,
and stability contingency screening [17–21]. For small-signal stability-related tasks, residual
graph convolutional networks have been used to predict damping ratios and oscillation
frequencies [22], and temporal–topological embedding networks have been adopted for
power system stability analysis [23]. In addition, GNN-based real-time SSSA methods can
use PMU or power flow data to achieve rapid secure/insecure classification and improve
training efficiency and robustness against missing measurements [24].

Although existing GNN-based methods can exploit power grid topology, most of them
aggregate information mainly based on bus node features, while the impacts of transmission
line power flow states, line operating status, and topology variations are not sufficiently
modeled. In fact, the N−1 small-signal security of an operating condition is related not
only to local bus quantities, such as voltages and nodal power injections, but also pre-
contingency inter-area power transfers, branch loading patterns, and electrical coupling
relationships. These branch-level operating quantities contain useful information for
evaluating the vulnerability of the current operating condition to subsequent contingencies.
Therefore, incorporating branch features, such as active and reactive power flows and
current line operating states, can provide a more complete representation of the pre-
contingency operating condition for GNN-based SSSA.

To this end, this paper proposes an Edge-Enhanced Graph Attention Network (EE-
GAT) for real-time small-signal security assessment. Graph attention networks (GATs) can
adaptively learn the importance of neighboring nodes through the attention mechanism [25].
Based on this mechanism, the proposed EE-GAT explicitly introduces branch active power,
branch reactive power, and line operating status into the calculation of attention coefficients.
As a result, the model jointly represents bus states, branch operating information, and
network connectivity to learn a nonlinear mapping from a pre-contingency operating
condition to its corresponding N−1 small-signal security label, thereby enabling rapid
secure/insecure classification. It should be emphasized that EE-GAT is intended as a
rapid security screening and decision support tool rather than an autonomous protection
or control system. Operating conditions identified as insecure or close to the security
boundary can still be examined through detailed eigenvalue or modal analysis.

The main contributions of this paper are summarized as follows. First, an edge-
enhanced graph attention mechanism is developed to explicitly incorporate branch power
flows and line operating states into neighborhood information aggregation, enabling the
model to represent both nodal operating conditions and electrical coupling relationships.
Second, a PMU availability mask is introduced to distinguish truly observed measurements
from zero-filled missing measurements, thereby improving robustness under incomplete
measurement conditions. Third, a global attention readout mechanism is employed to
adaptively aggregate bus-level representations into a system-level representation for real-
time small-signal security classification.

The remainder of this paper is organized as follows. Section 2 introduces the for-
mulation of the small-signal security assessment problem and the construction of graph-
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structured power system features. Section 3 presents the proposed EE-GAT model, in-
cluding the edge-enhanced attention mechanism, global attention pooling, and missing
measurement handling strategy. Section 4 validates the effectiveness of the proposed
method through case studies on the New England 39-bus system and the NPCC 140-bus
system. Section 5 discusses the applicability and limitations of the proposed method, and
Section 6 concludes the paper.

2. Problem Formulation
2.1. Fundamentals of Small-Signal Security Assessment

In this study, small-signal security refers to the ability of a power system to maintain
stable electromechanical oscillations following small disturbances around a feasible steady-
state operating point. An operating scenario is regarded as a small-signal case when a valid
pre- or post-contingency equilibrium exists and the system can be locally linearized around
this equilibrium. The security state is then evaluated using the eigenvalues and damping
ratios of the linearized model. For an N−1 line outage scenario, the line disconnection
itself is a discrete topology change rather than a small disturbance. After the outage, the
post-contingency power flow is solved to obtain a new steady-state operating point. If a
valid equilibrium exists, small-signal analysis is performed around this point. Therefore,
this study assesses the small-signal security of the post-contingency system rather than the
large disturbance transient process caused by the outage.

After a power system is subjected to small disturbances around a steady-state op-
erating point, its dynamic behavior can usually be described by the following nonlinear
differential algebraic equations

.
x = f(x, y, u), (1)

0 = g(x, y, u), (2)

where x denotes the vector of dynamic state variables, y denotes the vector of algebraic
variables, and u denotes the vector of input or disturbance variables. By linearizing the
differential algebraic equations around the equilibrium point and eliminating the algebraic
variable increments, the following reduced state-space model is obtained:

∆
.
x = A∆x + B∆u, (3)

where A is the reduced state matrix and B is the input matrix. Small-signal stability can be
evaluated from the eigenvalues of A. The i-th oscillatory eigenvalue is expressed as

λi = σi ± jωi, (4)

where σi and ωi denote the real and imaginary parts, respectively. The corresponding
damping ratio is calculated as

ζi = − σi√
σ2

i + ω2
i

. (5)

An operating condition is classified as small-signal secure if all critical electromechani-
cal modes have negative real parts and satisfy

ζmin ≥ ζth
min, (6)

where ζth
min = 3% is the damping ratio threshold adopted in this study. Otherwise, the

operating condition is classified as insecure.
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2.2. Power Grid Graph Modeling and Input Feature Construction

For each operating condition, the input to the proposed EE-GAT is represented as
a graph-structured sample consisting of the network topology, node features, and edge
features. Specifically, the power system is modeled as a graph

G = (V , E), (7)

where V denotes the set of bus nodes and E denotes the set of transmission line edges.
For a power system with N buses and M transmission lines, the complete model input is
expressed as

I = (G, X, E) (8)

where G describes the network topology, X is the node feature matrix, and E is the edge
feature matrix. The node feature matrix is expressed as

X = [x1, x2, . . . , xN ]
T ∈ RN×dx , (9)

and the edge feature matrix is expressed as

E = [eT
i1 j1 , eT

i2 j2 , . . . , eT
iM jM

]
T ∈ RM×de , (10)

where (im, jm) denotes the m-th transmission-line edge in E and dx and de denote the
dimensions of node and edge features, respectively.

The node-level input features characterize the operating state and measurement avail-
ability of each bus. For bus node i, the node feature vector is constructed as

xi = [Vi, θi, Pi, Qi, mi], (11)

where Vi is the voltage magnitude of bus i, θi is the voltage phase angle, Pi and Qi are the
nodal active and reactive power injections, respectively, and mi is the PMU availability
mask. Specifically, mi = 1 indicates that the measurement at bus i is available, whereas
mi = 0 indicates that the measurement is missing. The PMU mask enables the model to
distinguish between available measurements and filled missing values, thereby improving
its robustness under incomplete measurement conditions.

The edge-level input features characterize the power transfer state and operating
status of each transmission line. For branch (i, j), the edge feature vector is constructed as

eij = [Pij, Qij, sij], (12)

where Pij and Qij are the active and reactive power flows on branch (i, j), respectively, and
sij denotes the line operating status. Specifically, sij = 1 indicates that the branch is in
service, whereas sij = 0 indicates that the branch is disconnected. For each physical branch,
the direction of Pij and Qij is defined according to the reference direction in the original
branch data. Consequently, the edge features provide the model with explicit information
on transmission corridor loading, power flow direction, and topology variations caused by
line outages.

Accordingly, each EE-GAT input sample comprises the current network topology G,
the node operating state matrix X, and the branch operating state matrix E. This graph-
structured representation enables the model to jointly capture nodal operating conditions,
branch power transfers, measurement availability, and topology changes.
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2.3. Output Definition and Binary Classification Formulation

The output of the proposed EE-GAT comprises a continuous security probability
and the corresponding binary security classification. During supervised training, each
operating condition is assigned a ground truth label according to the minimum damping
ratio of its critical oscillatory modes.

For the m-th operating condition, the ground truth security label is defined as

ym =

{
1, ζm

min ≥ ζth
min ,

0, ζm
min < ζth

min ,
(13)

where ζm
min denotes the minimum damping ratio among the critical oscillatory modes

associated with the m-th operating condition and the considered contingencies and ζth
min

denotes the prescribed security threshold. Therefore, ym = 1 represents a secure operating
condition, whereas ym = 0 represents an insecure operating condition.

Given the graph-structured input (Gm, Xm, Em), the objective of EE-GAT is to learn a
nonlinear mapping from the current operating condition to the probability that the system
is in a small-signal secure state:

ŷm = FΘ(Gm, Xm, Em), ŷm ∈ [0, 1], (14)

where FΘ(·) denotes the EE-GAT model parameterized by Θ and ŷm denotes the predicted
probability that the m-th operating condition is small-signal secure. A value of ŷm closer to
1 indicates a higher predicted likelihood of security, whereas a value closer to 0 indicates a
higher predicted likelihood of insecurity.

The continuous probability output is converted into the final binary classification
result according to

ĉm =

{
1, ŷm ≥ τ,
0, ŷm < τ,

(15)

where τ is the classification threshold, which is set to 0.5 in this study unless otherwise
specified. Accordingly, ĉm = 1 indicates that the operating condition is classified as secure,
whereas ĉm = 0 indicates that it is classified as insecure.

Therefore, the direct model output is the scalar security probability ŷm, while the final
assessment output is the binary security state ĉm.

3. Proposed Model
3.1. Overall Framework

The proposed EE-GAT is designed for real-time small-signal security assessment,
aiming to rapidly determine whether a power system satisfies the small-signal security
requirement under a given operating point and network topology. As shown in Figure 2,
the proposed method consists of two main stages: offline training and online assessment.

In the offline training stage, various operating conditions are first generated by ran-
domly perturbing the load levels and generator outputs. For each operating condition, a
power flow calculation is performed to obtain the pre-contingency bus operating states and
branch power flow states. Subsequently, N−1 small-signal stability analysis is conducted
to determine the corresponding security label. Specifically, the pre-contingency operating
condition is labeled according to whether the system satisfies the prescribed small-signal
security criterion under all considered N−1 contingencies. The power system before the
occurrence of any contingency is then represented as a graph G = (V , E), in which buses
are modeled as nodes and transmission lines are modeled as edges. Accordingly, the node
feature matrix X and edge feature matrix E are constructed using the pre-contingency
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operating states and network topology. The node features include bus voltage magnitude,
voltage phase angle, nodal active power injection, nodal reactive power injection, and the
PMU measurement mask, whereas the edge features include branch active power flow,
branch reactive power flow, and line operating status. The EE-GAT model is trained in a
supervised manner using these labeled pre-contingency graph samples, enabling it to learn
a nonlinear mapping from the current system operating condition to the corresponding
N−1 small-signal security state.

   

Figure 2. Overall framework of the proposed Edge-Enhanced Graph Attention Network.

In terms of model architecture, EE-GAT consists of an input feature encoding layer,
edge-enhanced graph attention layers, a global attention pooling layer, and a security
classifier. The input feature encoding layer maps the original node and edge features
into a unified hidden feature space. The edge-enhanced graph attention layers simulta-
neously consider the states of neighboring buses and the corresponding branch states
during neighborhood information aggregation and adaptively assign attention weights
according to branch power flows and line operating status. Unlike the standard GAT,
which computes attention coefficients only based on node features, EE-GAT explicitly in-
corporates edge features into the attention computation, enabling the model to identify key
transmission corridors that have significant impacts on the small-signal security boundary.
After multiple layers of edge-enhanced graph attention propagation, each bus node obtains
a high-dimensional representation that integrates neighborhood topology, power flow
distribution, and line status information.

Because small-signal security assessment is a system-level classification task, a global
attention pooling layer is further adopted to aggregate all node representations into a
system-level graph representation hG. This pooling process can adaptively learn the
contribution of different buses to the final security classification result, thereby highlighting
the effects of critical buses and weak areas. Finally, the graph-level representation is fed
into a multilayer perceptron classifier to output the probability ŷ that the current operating
point is in a small-signal secure state, and the secure/insecure binary classification decision
is made according to a predefined threshold.

In the online application stage, the trained EE-GAT no longer requires sequential N−1
contingency simulations or eigenvalue calculations. For a real-time operating point, only
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the corresponding node features, edge features, and topological relationships need to be
constructed. The small-signal security assessment result can then be obtained through a
single forward propagation. Therefore, the proposed method improves the online com-
putational efficiency of small-signal security assessment while preserving the physical
information embedded in the power grid graph structure. In addition, the learned attention
weights provide a basis for subsequent identification of critical buses and critical branches.

The overall offline training and online assessment procedure of the proposed EE-GAT
is summarized in Algorithm 1. In the offline stage, labeled graph samples are constructed
by combining power flow calculation, N−1 contingency analysis, small-signal stability
analysis, and security label generation. In the online stage, the trained EE-GAT directly
maps the real-time graph features to the security probability, thereby avoiding repeated
eigenvalue calculations.

Algorithm 1 Offline Training and Online Assessment Procedure of EE-GAT

Require: Power grid topology ( , )=   , operating condition set Ω , contingency set 

 , damping ratio threshold th
minζ  

Ensure: Trained EE-GAT model FΘ  and online security assessment result ŷ  

Offline training stage: 
for each operating condition ω ∈ Ω  do 

Run power flow calculation to obtain bus and branch operating states and calcu-
late the minimum damping ratio minζ
Construct the graph topology  , node feature matrix X  and edge feature matrix 
E  
for each contingency c ∈  do 

Update line operating status and run power flow calculation 
Perform small-signal stability analysis and calculate the minimum damping 
ratio minζ

end for 
Assign security label y  according to minζ and the threshold th

minζ
end for 
Train EE-GAT by minimizing the binary cross-entropy loss 
Online assessment stage: 
Acquire real-time measurements and construct the corresponding node features X , 
edge features E , and topology   
Obtain the predicted security probability ˆ ( , , )y FΘ= X E  

Determine the secure/insecure state according to the predefined threshold τ  

3.2. Edge-Enhanced Attention Mechanism

A standard graph attention network [25] mainly computes attention weights using
the hidden representations of node i and its neighboring node j. The attention coefficient is
usually expressed as

αij = softmaxj

(
LeakyReLU

(
aT[Whi∥Whj]

))
, (16)

where W is the node feature transformation matrix, a is the attention vector, and ∥ denotes
vector concatenation. This mechanism can learn the importance of different neighboring
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nodes, but it does not explicitly consider the impacts of branch power flows and line status
on information transmission between nodes.

To further illustrate how branch operating information is incorporated into the atten-
tion calculation, the edge-enhanced attention mechanism is shown in Figure 3. Unlike the
standard graph attention mechanism, the proposed EE-GAT introduces the edge feature
vector eij into the attention score calculation, enabling the model to jointly consider node
states, branch power flows, and line operating status. At the l-th layer, the unnormalized
attention score between node i and its neighboring node j is defined as

r(l)ij = LeakyReLU
(

aT[Whh(l)i ∥Whh(l)j ∥Weeij]
)

, (17)

where h(l)i and h(l)j are the hidden representations of nodes i and j at the l-th layer, respec-
tively, Wh is the node feature transformation matrix, and We is the edge feature transforma-
tion matrix.

 

Figure 3. Illustration of the edge-enhanced attention mechanism.

By normalizing over the neighborhood of node i, the edge-enhanced attention weight
is obtained as

α
(l)
ij =

exp(r(l)ij )

∑
k∈N (i)

exp(r(l)ik )
, (18)

where N (i) denotes the set of neighboring nodes of node i.
After obtaining the attention weights, the state of node i is updated by

h(l+1)
i = σ

 ∑
j∈N (i)

α
(l)
ij

(
Whh(l)j + Weeij

), (19)

where σ(·) is a nonlinear activation function. It can be seen that when aggregating neigh-
boring bus information, EE-GAT considers not only the operating states of neighboring
buses but also branch power flows and line status as important factors affecting informa-
tion transmission.

3.3. Multi-Head Attention Mechanism

To improve the representation capability and training stability of the model, a multi-
head attention mechanism is adopted. For the k-th attention head, the updated representa-
tion of node i is given by

h(l+1)
i,k = σ

 ∑
j∈N (i)

α
(l)
ij,k

(
Wh,kh(l)j + We,keij

). (20)

The outputs of K attention heads are concatenated as

h(l+1)
i =

K
∥

k=1
h(l+1)

i,k . (21)
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In the final layer, the outputs of multiple attention heads can also be averaged to
obtain a more stable node representation:

h(L)
i =

1
K

K

∑
k=1

h(L)
i,k . (22)

3.4. Global Attention Pooling and Graph-Level Representation

Small-signal security assessment is a system-level classification task, and therefore
the hidden representations of all bus nodes need to be aggregated into a graph-level
representation. In this paper, a global attention pooling mechanism is adopted to adaptively
learn the importance of different buses for system security classification. The pooling weight
of node i is defined as

βi =
exp

(
qTtanh(Wph(L)

i )
)

∑
r∈V

exp
(

qTtanh(Wph(L)
r )

) , (23)

where Wp and q are trainable parameters.
The system-level graph representation is obtained as

hG = ∑
i∈V

βih
(L)
i . (24)

A larger βi indicates that bus i contributes more to the final small-signal security
classification result.

3.5. Security Classifier and Loss Function

The graph-level representation hG is fed into a multilayer perceptron to obtain the
system security probability:

p = Sigmoid(MLP(hG)). (25)

where p ∈ [0, 1] denotes the probability that the system is in a small-signal secure state.
The model is trained using the binary cross-entropy loss function:

LBCE = − 1
M

M

∑
m=1

[ym log(pm) + (1 − ym) log(1 − pm)], (26)

where M is the number of training samples, ym is the ground-truth label of the m-th sample,
and pm is the predicted security probability.

To prevent overfitting, an L2 regularization term can be introduced during training:

L = LBCE + λ∥Θ∥2
2, (27)

where λ is the regularization coefficient and Θ denotes all trainable parameters of the model.

3.6. Handling Missing PMU Measurements and Topology Variations

In practical power systems, incomplete PMU deployment, measurement loss, or
communication anomalies may occur. To improve the adaptability of the model to missing
measurements, a PMU measurement mask mi is introduced into the node features. When
the measurement of a bus is available, mi = 1; when the measurement is missing, mi = 0,
and the missing features are filled by zero filling or mean filling. By randomly masking
part of the node measurements during training, the model can learn to perform security
assessment under incomplete observation conditions.

https://doi.org/10.3390/app16157558

https://doi.org/10.3390/app16157558


Appl. Sci. 2026, 16, 7558 11 of 24

For topology variations and N−1 line outage scenarios, this paper models them
through the line operating status sij in the edge features. When line (i, j) is in service,
sij = 1; when the line is disconnected, sij = 0. In EE-GAT, the line status directly par-
ticipates in the computation of attention weights. Therefore, the model can dynamically
adjust the information transmission strength between nodes according to the line switch-
ing status, thereby adapting to small-signal security assessment tasks under different
network topologies.

4. Case Studies
4.1. Data Construction

To evaluate the effectiveness of the proposed EE-GAT model for real-time small-signal
security assessment, the New England 39-bus system and the NPCC 140-bus system are
selected as test systems. The New England 39-bus system comprises 39 buses, 46 branches,
and 10 generators, whereas the NPCC 140-bus system comprises 140 buses, 233 branches,
and 48 generators. The operating samples and their corresponding small-signal security
labels are generated using the MATLAB R2024b-based Power System Toolbox (PST), in
which power flow calculations and conventional eigenvalue analyses are performed. All
learning-based models, including the proposed EE-GAT, are implemented and trained
using the PyTorch 2.2 framework. repeated power flow calculation

During dataset generation, the active power outputs of generators and the active
and reactive power demands of loads are independently perturbed within 70–130% of
their respective base case values to construct diverse operating conditions. For each
generated operating condition, N−1 line outage contingencies are sequentially applied
to the considered transmission lines. Power flow calculations and small-signal stability
analyses are then performed for the resulting post-contingency operating states. The
security label of each graph sample is assigned according to the damping ratio criterion
defined in Equation (6), with the minimum damping ratio threshold set to ζth

min = 3%.
A sample is classified as secure when all critical oscillatory modes satisfy the prescribed
damping requirement; otherwise, it is classified as insecure.

The bus and branch operating quantities used as model inputs are obtained from
converged power flow calculations, while the corresponding security labels are generated
through conventional eigenvalue analysis. Only scenarios for which the power flow
converges and a valid pre-contingency or post-contingency equilibrium can be obtained
are retained. Cases involving power flow non-convergence, loss of equilibrium, or severe
operating limit violations are excluded because they fall outside of the local small-signal
assessment domain considered in this study.

After data screening, 7360 valid graph samples were retained for the New England
39-bus system, of which 63.4% were labeled as secure. For the NPCC 140-bus system,
6420 valid graph samples were retained, with secure samples accounting for 42.8%. To
mitigate the effects of random data partitioning and model initialization, all experiments
were independently repeated five times using different random seeds. In each run, the
dataset was stratified into training, validation, and test sets at a ratio of 70%, 15%, and 15%,
respectively, and the mean and standard deviation of the five test results were reported.
The Adam optimizer [26] was employed with a learning rate of 0.0001 and a batch size
of 128.

4.2. Evaluation Metrics

Accuracy (Acc), precision (Pre), recall (Rec), F1-score (F1), and specificity (Sp) are
adopted as evaluation metrics to assess the classification performance of different models.
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Accuracy measures the proportion of correctly classified samples among all samples
and is defined as

Acc =
TP + TN

TP + TN + FP + FN
. (28)

Precision measures the proportion of actually secure samples among the samples
predicted as secure and is defined as

Pre =
TP

TP + FP
. (29)

Recall measures the ability of the model to correctly identify actually secure samples
and is defined as

Rec =
TP

TP + FN
. (30)

The F1-score jointly considers precision and recall and is defined as

F1 =
2 · Pre · Rec
Pre + Rec

. (31)

Specificity measures the ability of the model to correctly identify actually insecure
samples and is defined as

Sp =
TN

TN + FP
. (32)

Here, true positive TP denotes the number of secure samples correctly predicted as
secure, true negative TN denotes the number of insecure samples correctly predicted as
insecure, false positive FP denotes the number of insecure samples incorrectly predicted as
secure, and false negative FN denotes the number of secure samples incorrectly predicted
as insecure.

4.3. Analysis on the New England 39-Bus System

The New England 39-bus system contains 39 buses and 10 generators. Although the
system’s scale is relatively small, it includes typical multi-machine interconnection struc-
tures and inter-area power exchange characteristics, making it suitable for preliminarily
validating the capability of EE-GAT to identify small-signal security boundaries.

4.3.1. Interpretability Analysis of Attention Weights

To further analyze the physical interpretability of EE-GAT, the edge attention weights
αij and node pooling weights βi learned by the model on the New England 39-bus system
are visualized. Node color intensity represents the magnitude of bus pooling weights,
while line thickness represents the magnitude of edge attention weights. Figure 4 shows
the attention weight distribution under a typical operating condition.

Figure 4 shows the node pooling and edge attention weights for a representative
operating condition in the New England 39-bus system. The nonuniform distribution
indicates that EE-GAT adaptively assigns different contributions to buses and branches ac-
cording to the current operating features and network connectivity. Edge attention weights
reflect the relative importance of branch information during neighborhood aggregation,
whereas node pooling weights indicate the contributions of learned bus representations to
graph-level classification.

These weights are sample-dependent and jointly influenced by node features, branch
states, topology, and multi-layer message passing; therefore, they do not correspond directly
to any single physical quantity. A high edge attention weight does not necessarily indicate
the most heavily loaded branch, nor does a high node pooling weight necessarily coincide
with modal participation factors or eigenvalue sensitivities. Moreover, because the input
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represents the pre-contingency operating condition while the label is determined from N−1
security analysis, the attention map cannot identify the specific outage causing insecurity.
Thus, Figure 4 provides only an auxiliary visualization of the information emphasized by
EE-GAT rather than a direct causal or physical sensitivity explanation.

 

Figure 4. Node pooling and edge attention weights learned by EE-GAT for a representative operating
condition in the New England 39-bus system.

4.3.2. Ablation Experiments

To further verify the effectiveness of different components of EE-GAT, ablation experi-
ments are conducted on the New England 39-bus system. The compared variants include
EE-GAT without edge power flow features, EE-GAT without line status features, EE-GAT
without PMU masks, EE-GAT using mean pooling instead of global attention pooling, and
the full EE-GAT model.

As shown in Table 1 and Figure 5, the complete EE-GAT model achieves the best
performance across all evaluation metrics, confirming the effectiveness of the proposed
edge-enhanced architecture. Compared with the standard GAT, EE-GAT improves accuracy
and specificity by 1.34 and 2.47 percentage points, respectively, indicating that edge infor-
mation helps the model capture branch power flow redistribution and topology changes
under line outages. When branch power flow features or line status features are removed,
the model’s performance decreases, especially in accuracy and specificity, which demon-
strates the importance of active/reactive power flows and topology status in identifying
the small-signal security boundary. In addition, removing the PMU mask or replacing
global attention pooling with mean pooling also leads to performance degradation, fur-
ther verifying that missing measurement indicators and attention-based global pooling
contribute to the identification of critical buses and key transmission branches.
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Table 1. Ablation results of EE-GAT on the New England 39-Bus System.

Model Variant Acc (%) Pre (%) Rec (%) F1 (%) Sp (%)

GAT 96.41 ± 0.20 96.84 ± 0.16 97.52 ± 0.17 97.18 ± 0.16 94.48 ± 0.27
EE-GAT w/o flow 96.86 ± 0.20 97.41 ± 0.15 97.65 ± 0.17 97.53 ± 0.16 95.50 ± 0.26

EE-GAT w/o status 97.14 ± 0.19 97.55 ± 0.15 97.95 ± 0.15 97.75 ± 0.15 95.74 ± 0.26
EE-GAT w/o mask 97.00 ± 0.19 97.41 ± 0.14 97.87 ± 0.16 97.64 ± 0.15 95.50 ± 0.24

EE-GAT w/mean pooling 97.27 ± 0.18 97.70 ± 0.13 98.01 ± 0.15 97.85 ± 0.14 96.00 ± 0.23
EE-GAT 97.75 ± 0.17 98.24 ± 0.13 98.21 ± 0.14 98.22 ± 0.13 96.95 ± 0.22

Note: Values are reported as mean ± standard deviation over five independent runs; bold indicates the best result
for each metric.
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Figure 5. Performance comparison of EE-GAT ablation variants on the New England 39-bus system.

4.3.3. Comparative Experiments

Table 2 and Figure 6 present the small-signal security assessment performance of
different methods on the New England 39-bus system. XGBoost and LSTM are used as con-
ventional machine learning and sequence learning baselines, respectively. CNN constructs
the system operating state as a two-dimensional feature matrix for classification, while
GCN performs neighborhood aggregation according to the grid topology. Standard GAT
further introduces attention weights among neighboring buses but computes attention only
from node features. In contrast, the proposed EE-GAT incorporates branch active power
flow, reactive power flow, and line operating status into the attention mechanism, enabling
the model to better capture the coupling between bus operating states and transmission
line conditions.

Table 2. Comparative results of different methods on the New England 39-bus system.

Model
Variant Acc (%) Pre (%) Rec (%) F1 (%) Sp (%)

XGBoost 93.54 ± 0.38 94.17 ± 0.25 95.74 ± 0.37 94.95 ± 0.30 89.74 ± 0.44
LSTM 93.38 ± 0.29 94.40 ± 0.19 95.21 ± 0.30 94.80 ± 0.23 90.22 ± 0.32
CNN 94.35 ± 0.32 94.93 ± 0.22 96.22 ± 0.29 95.57 ± 0.25 91.11 ± 0.38
GCN 95.66 ± 0.24 96.38 ± 0.19 96.79 ± 0.20 96.59 ± 0.19 93.70 ± 0.33
GAT 96.41 ± 0.20 96.84 ± 0.16 97.52 ± 0.17 97.18 ± 0.16 94.48 ± 0.27

EE-GAT 97.75 ± 0.17 98.24 ± 0.13 98.21 ± 0.14 98.22 ± 0.13 96.95 ± 0.22
Note: Values are reported as mean ± standard deviation over five independent runs; bold indicates the best result
for each metric.

As shown in Table 2 and Figure 6, EE-GAT achieves the best results across all metrics,
with an accuracy of 97.75% ± 0.17%, precision of 98.24% ± 0.13%, recall of 98.21% ± 0.14%,
an F1-score of 98.22% ± 0.13%, and specificity of 96.95% ± 0.22%. Compared to CNN,
GCN, and standard GAT, the accuracy of EE-GAT is improved by 3.40, 2.09, and 1.34 per-
centage points, respectively. Its specificity is also higher than that of CNN, GCN, and
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GAT by 5.84, 3.25, and 2.47 percentage points, respectively, indicating that EE-GAT is more
effective in identifying insecure operating states and reducing the risk of misclassifying
insecure samples as secure. Compared with XGBoost and LSTM, the graph-based methods
generally achieve better performance, which demonstrates the importance of topology
information in small-signal security assessment. The superior performance of EE-GAT
further demonstrates that branch power flow and line status information provide valuable
discriminative features for identifying the small-signal security boundary.
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Figure 6. Performance comparison of different methods for small-signal security assessment on the
New England 39-bus system.

4.3.4. Robustness Analysis Under Missing PMU Data

To verify the robustness of the proposed model under incomplete measurement
conditions, different missing PMU data ratios are considered on the New England 39-bus
system, and the classification performance of XGBoost, LSTM, CNN, GCN, GAT, and
EE-GAT is compared. The missing PMU data ratios are set to 0%, 10%, 20%, 40%, and
60%, where 0% represents the complete measurement condition. For buses with missing
measurements, the voltage magnitude, voltage phase angle, nodal active power injection,
and nodal reactive power injection are filled with zeros, while the corresponding PMU mask
is set to zero to explicitly indicate missing bus measurements. For buses with available
measurements, the PMU mask is set to 1.

As shown in Table 3 and Figure 7, the classification performance of all models de-
creases as the missing PMU data ratio increases, while EE-GAT consistently achieves
the best results under all missing data conditions. When the missing ratio increases
from 0% to 20%, the accuracy, F1-score, and specificity of EE-GAT decrease only from
97.75% ± 0.17%, 98.22% ± 0.13%, and 96.95% ± 0.22% to 96.71% ± 0.74%, 97.42% ± 0.57%,
and 94.22% ± 1.18%, respectively, indicating that the proposed model maintains stable
classification performance under moderate PMU data loss. When the missing ratio further
increases to 40% and 60%, all models exhibit more pronounced performance degradation
and larger standard deviations, especially in specificity, suggesting that severe measure-
ment loss weakens their ability to identify insecure operating states. Under the 60% missing
data condition, the specificity values of CNN, GCN, and GAT decrease to 39.23% ± 6.81%,
44.39% ± 6.49%, and 49.81% ± 6.41%, respectively, whereas EE-GAT still maintains a
specificity of 67.33% ± 5.65%. Meanwhile, the accuracy and F1-score of EE-GAT remain
at 80.62% ± 3.46% and 85.26% ± 2.56%, respectively, which are higher than those of all
compared models. These results demonstrate that the PMU mask helps the model distin-
guish actual measurements from filled missing values, while the edge-enhanced attention
mechanism further utilizes branch power flow and line status information to compensate
for partial node measurement loss, thereby improving robustness and insecure sample
identification capability under high missing PMU data ratios.
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Table 3. Robustness comparison under different missing PMU data ratios on the New England
39-bus system.

Metric Model 0% 10% 20% 40% 60%

Acc (%)

XGBoost 93.54 ± 0.38 92.93 ± 0.48 91.47 ± 1.05 84.80 ± 2.26 60.59 ± 4.94
LSTM 93.38 ± 0.29 92.77 ± 0.45 91.97 ± 1.00 85.82 ± 2.15 63.07 ± 4.70
CNN 94.35 ± 0.32 93.92 ± 0.41 93.00 ± 0.91 87.58 ± 1.96 66.11 ± 4.33
GCN 95.66 ± 0.24 95.14 ± 0.38 94.30 ± 0.83 89.30 ± 1.80 69.73 ± 3.98
GAT 96.41 ± 0.20 96.00 ± 0.38 94.83 ± 0.84 90.63 ± 1.80 73.11 ± 3.93

EE-GAT 97.75 ± 0.17 97.45 ± 0.34 96.71 ± 0.74 93.23 ± 1.58 80.62 ± 3.46

F1 (%)

XGBoost 94.95 ± 0.30 94.50 ± 0.37 93.44 ± 0.80 88.58 ± 1.67 71.08 ± 3.45
LSTM 94.80 ± 0.23 94.35 ± 0.35 93.80 ± 0.76 89.31 ± 1.59 72.80 ± 3.29
CNN 95.57 ± 0.25 95.27 ± 0.32 94.59 ± 0.70 90.58 ± 1.47 75.34 ± 3.03
GCN 96.59 ± 0.19 96.20 ± 0.30 95.58 ± 0.64 91.88 ± 1.34 77.95 ± 2.77
GAT 97.18 ± 0.16 96.87 ± 0.30 95.98 ± 0.65 92.86 ± 1.35 80.34 ± 2.76

EE-GAT 98.22 ± 0.13 97.99 ± 0.26 97.42 ± 0.57 94.75 ± 1.21 85.26 ± 2.56

Sp (%)

XGBoost 89.74 ± 0.44 87.85 ± 0.75 83.99 ± 1.62 70.56 ± 3.50 33.29 ± 7.82
LSTM 90.22 ± 0.32 88.52 ± 0.71 85.44 ± 1.56 72.71 ± 3.37 37.43 ± 7.54
CNN 91.11 ± 0.38 89.41 ± 0.63 86.88 ± 1.39 76.11 ± 3.01 39.23 ± 6.81
GCN 93.70 ± 0.33 92.00 ± 0.62 89.29 ± 1.33 78.69 ± 2.88 44.39 ± 6.49
GAT 94.48 ± 0.27 92.89 ± 0.62 90.51 ± 1.35 81.17 ± 2.89 49.81 ± 6.41

EE-GAT 96.95 ± 0.22 95.86 ± 0.55 94.22 ± 1.18 87.59 ± 2.54 67.33 ± 5.65
Note: Values are reported as mean ± standard deviation over five independent runs; bold indicates the best result
for each metric.

 

Figure 7. Classification performance under different missing PMU data ratios on the New England
39-bus system.

4.4. Analysis on the NPCC 140-Bus System

To further verify the applicability of the proposed method to larger-scale power sys-
tems, tests are conducted on the NPCC 140-bus system. The NPCC 140-bus system contains
140 buses and 48 generators, with a larger network scale, more complex topology, richer
power flow distributions, and more prominent inter-area oscillation characteristics. There-
fore, it is suitable for evaluating the modeling capability and generalization performance of
EE-GAT on larger-scale graph-structured data.

4.4.1. Interpretability Analysis of Attention Weights

Figure 8 shows the attention weight distribution learned by EE-GAT on the NPCC
140-bus system. Node color intensity represents the magnitude of bus pooling weights,
while line thickness represents the magnitude of edge attention weights.
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Figure 8. Node pooling and edge attention weights learned by EE-GAT for a representative operating
condition in the NPCC 140-bus system.

Figure 8 shows the attention weight distribution for a representative operating con-
dition in the NPCC 140-bus system. Compared with the New England 39-bus system,
the weights are distributed over a larger and more complex network, with only a subset
of buses and branches receiving relatively high values. This indicates that EE-GAT selec-
tively emphasizes different parts of the graph rather than assigning uniform importance to
all components.

These weights are sample-dependent internal coefficients jointly influenced by node
states, branch features, network topology, and multi-layer message passing. Therefore,
they should not be interpreted as fixed rankings of critical buses or transmission corridors,
nor are they expected to coincide directly with branch loading, contingency severity,
eigenvalue sensitivity, or modal participation factors. Because the visualized attention
map corresponds to the pre-contingency operating condition, it cannot identify the specific
N−1 outage responsible for an insecure label or describe the associated post-contingency
behavior. Figure 8 therefore provides only auxiliary information on the graph components
emphasized by EE-GAT, while rigorous physical diagnosis still requires conventional
eigenvalue, participation factor, or sensitivity analysis.

4.4.2. Ablation Experiments

To verify the role of the edge-enhanced mechanism in a larger-scale system, ablation
experiments are further conducted on the NPCC 140-bus system. Table 4 and Figure 9
present the test results of different model variants.

As shown in Table 4 and Figure 9, the complete EE-GAT model achieves the best
performance across all evaluation metrics on the NPCC 140-bus system, with an accuracy
of 96.47% ± 0.25%, precision of 93.57% ± 0.47%, recall of 98.53% ± 0.27%, an F1-score of
95.99% ± 0.28%, and specificity of 94.93% ± 0.40%. Compared with the standard GAT,
EE-GAT improves accuracy and specificity by 1.34 and 1.91 percentage points, respectively,
indicating that the edge-enhanced mechanism helps the model capture complex network
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topology and branch power flow redistribution more effectively. When the branch power
flow features are removed, the accuracy decreases to 95.54% ± 0.25%, showing that active
and reactive power flows provide useful discriminative information for identifying the
small-signal security boundary. When the line status feature is removed, the specificity
decreases to 93.95% ± 0.42%, demonstrating the importance of explicit topology informa-
tion for recognizing insecure samples under N−1 contingency conditions. In addition,
removing the PMU mask reduces the accuracy and specificity to 95.68% ± 0.24% and
93.77% ± 0.42%, respectively, while replacing global attention pooling with mean pooling
reduces them to 96.06% ± 0.27% and 94.29% ± 0.45%. These results further confirm that
missing measurement indicators and attention-based global pooling contribute to robust
small-signal security assessment in larger-scale power systems.

Table 4. Ablation results of EE-GAT on the NPCC 140-Bus System.

Model Variant Acc (%) Pre (%) Rec (%) F1 (%) Sp (%)

GAT 95.13 ± 0.28 91.31 ± 0.52 97.95 ± 0.27 94.52 ± 0.30 93.02 ± 0.46
EE-GAT w/o flow 95.54 ± 0.25 91.98 ± 0.46 98.14 ± 0.26 94.96 ± 0.28 93.59 ± 0.40

EE-GAT w/o status 95.82 ± 0.25 92.41 ± 0.48 98.32 ± 0.26 95.27 ± 0.27 93.95 ± 0.42
EE-GAT w/o mask 95.68 ± 0.24 92.19 ± 0.48 98.22 ± 0.27 95.11 ± 0.27 93.77 ± 0.42

EE-GAT w/mean pooling 96.06 ± 0.27 92.81 ± 0.53 98.42 ± 0.28 95.53 ± 0.30 94.29 ± 0.45
EE-GAT 96.47 ± 0.25 93.57 ± 0.47 98.53 ± 0.27 95.99 ± 0.28 94.93 ± 0.40

Note: Values are reported as mean ± standard deviation over five independent runs; bold indicates the best result
for each metric.
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Figure 9. Performance comparison of EE-GAT ablation variants on the NPCC 140-bus system.

4.4.3. Comparative Experiments

Table 5 and Figure 10 present the small-signal security assessment results of differ-
ent methods on the NPCC 140-bus system. Compared with the New England 39-bus
system, the NPCC 140-bus system has a larger network scale, more complex topological
connections, richer branch power flow distributions, and more complicated inter-area oscil-
lation characteristics, which place higher demands on the feature extraction and topology
modeling capabilities of different methods.

As shown in Table 5 and Figure 10, XGBoost, LSTM, and CNN achieve relatively
lower performance because they cannot fully represent the graph–topological coupling
characteristics of large-scale power grids. By incorporating grid topology, GCN im-
proves the accuracy to 94.31% ± 0.26%, while GAT further increases the accuracy to
95.13% ± 0.28% by adaptively assigning attention weights to neighboring buses. The
proposed EE-GAT achieves the best performance across all evaluation metrics, with an
accuracy of 96.47% ± 0.25%, precision of 93.57% ± 0.47%, recall of 98.53% ± 0.27%, an
F1-score of 95.99% ± 0.28%, and specificity of 94.93% ± 0.40%. Compared with standard
GAT, EE-GAT improves accuracy, precision, recall, F1-score, and specificity by 1.34, 2.26,
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0.58, 1.47, and 1.91 percentage points, respectively. These results indicate that incorporating
branch active power flow, reactive power flow, and line operating status into the attention
mechanism enables EE-GAT to better capture branch power flow redistribution and topol-
ogy variations, thereby improving the identification of small-signal security boundaries in
larger-scale power systems.

Table 5. Comparative results of different methods on the NPCC 140-bus system.

Model
Variant Acc (%) Pre (%) Rec (%) F1 (%) Sp (%)

XGBoost 91.89 ± 0.20 86.21 ± 0.53 96.48 ± 0.53 91.06 ± 0.20 88.45 ± 0.57
LSTM 92.59 ± 0.22 87.28 ± 0.36 96.79 ± 0.31 91.79 ± 0.23 89.44 ± 0.35
CNN 93.14 ± 0.24 88.15 ± 0.43 97.02 ± 0.31 92.37 ± 0.25 90.24 ± 0.40
GCN 94.31 ± 0.26 89.82 ± 0.45 97.78 ± 0.28 93.63 ± 0.28 91.70 ± 0.40
GAT 95.13 ± 0.28 91.31 ± 0.52 97.95 ± 0.27 94.52 ± 0.30 93.02 ± 0.46

EE-GAT 96.47 ± 0.25 93.57 ± 0.47 98.53 ± 0.27 95.99 ± 0.28 94.93 ± 0.40
Note: Values are reported as mean ± standard deviation over five independent runs; bold indicates the best result
for each metric.
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Figure 10. Performance comparison of different methods for small-signal security assessment on the
NPCC 140-bus system.

4.4.4. Robustness Analysis Under Missing PMU Data

To verify the adaptability of the proposed EE-GAT under incomplete measurement
conditions in larger-scale systems, missing PMU data ratios of 0%, 10%, 20%, 40%, and 60%
are set on the NPCC 140-bus system. The classification performance of XGBoost, LSTM,
CNN, GCN, GAT, and EE-GAT is compared under different missing data scenarios.

As shown in Table 6 and Figure 11, the classification performance of all mod-
els decreases as the missing PMU data ratio increases, and degradation is more pro-
nounced than that observed on the New England 39-bus system. EE-GAT consistently
achieves the best performance under all missing data ratios. When the missing ratio in-
creases from 0% to 20%, the accuracy, F1-score, and specificity of EE-GAT decrease from
96.47% ± 0.25%, 95.99% ± 0.28%, and 94.93% ± 0.40% to 94.56% ± 0.62%, 93.99% ± 0.64%,
and 91.01% ± 1.12%, respectively, indicating that the proposed model can still maintain
relatively stable performance under moderate PMU data loss. When the missing ratio
further increases to 60%, all models suffer significant performance degradation, especially
in specificity. Under this condition, the specificity values of CNN, GCN, and GAT decrease
to 30.96% ± 7.04%, 35.68% ± 6.22%, and 40.22% ± 5.73%, respectively, whereas EE-GAT
still maintains greater specificity of 57.35% ± 5.30%. Meanwhile, the accuracy and F1-score
of EE-GAT remain at 72.38% ± 3.22% and 74.17% ± 2.48%, respectively, which are also
higher than those of all compared methods. These results indicate that missing PMU mea-
surements have a stronger impact on larger-scale systems, particularly on the identification
of insecure operating states. By incorporating PMU masks, branch power flow features, and
line operating status, EE-GAT can better exploit edge-side information and topology states
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when node measurements are incomplete, thereby improving robustness and reducing the
risk of misclassifying insecure states as secure under high missing data ratios.

Table 6. Robustness comparison under different missing PMU data ratios on the NPCC 140-Bus System.

Metric Model 0% 10% 20% 40% 60%

Acc (%)

XGBoost 91.89 ± 0.20 90.72 ± 0.62 88.41 ± 1.28 77.94 ± 2.82 50.86 ± 6.20
LSTM 92.59 ± 0.22 91.46 ± 0.53 89.35 ± 1.11 79.53 ± 2.45 53.64 ± 5.46
CNN 93.14 ± 0.24 92.27 ± 0.47 90.51 ± 0.98 82.66 ± 2.12 56.95 ± 4.78
GCN 94.31 ± 0.26 93.61 ± 0.39 91.71 ± 0.84 84.89 ± 1.81 60.76 ± 4.20
GAT 95.13 ± 0.28 94.17 ± 0.35 92.83 ± 0.73 86.54 ± 1.58 64.31 ± 3.74

EE-GAT 96.47 ± 0.25 95.84 ± 0.29 94.56 ± 0.62 90.19 ± 1.35 72.38 ± 3.22

F1 (%)

XGBoost 91.06 ± 0.20 90.08 ± 0.60 87.95 ± 1.19 79.12 ± 2.36 59.92 ± 4.72
LSTM 91.79 ± 0.23 90.80 ± 0.53 88.81 ± 1.05 80.35 ± 2.10 62.05 ± 4.16
CNN 92.37 ± 0.25 91.59 ± 0.48 89.93 ± 0.94 82.87 ± 1.83 64.58 ± 3.67
GCN 93.63 ± 0.28 93.02 ± 0.40 91.11 ± 0.82 84.78 ± 1.60 67.30 ± 3.26
GAT 94.52 ± 0.30 93.56 ± 0.36 92.22 ± 0.73 86.24 ± 1.42 69.85 ± 2.89

EE-GAT 95.99 ± 0.28 95.32 ± 0.31 93.99 ± 0.64 89.61 ± 1.26 74.17 ± 2.48

Sp (%)

XGBoost 88.45 ± 0.57 84.97 ± 0.99 80.69 ± 2.11 63.34 ± 4.72 24.70 ± 9.10
LSTM 89.44 ± 0.35 86.27 ± 0.86 82.33 ± 1.83 65.99 ± 4.09 27.53 ± 8.01
CNN 90.24 ± 0.40 87.75 ± 0.73 84.23 ± 1.62 71.32 ± 3.57 30.96 ± 7.04
GCN 91.70 ± 0.40 89.27 ± 0.65 86.19 ± 1.42 74.95 ± 3.14 35.68 ± 6.22
GAT 93.02 ± 0.46 90.74 ± 0.59 88.15 ± 1.27 77.70 ± 2.82 40.22 ± 5.73

EE-GAT 94.93 ± 0.40 93.49 ± 0.53 91.01 ± 1.12 83.80 ± 2.50 57.35 ± 5.30
Note: Values are reported as mean ± standard deviation over five independent runs; bold indicates the best result
for each metric.

 

Figure 11. Classification performance variation under different missing PMU data ratios on the
NPCC 140-bus system.

4.5. Online Efficiency Analysis

To verify the online efficiency of the proposed EE-GAT model, the average execution
times of the conventional N−1 small-signal stability analysis method, XGBoost, LSTM,
CNN, GCN, GAT, and EE-GAT are compared on the New England 39-bus system and
the NPCC 140-bus system. All computational experiments are conducted on the same
hardware platform equipped with an Intel Core i9 CPU and an NVIDIA GeForce RTX 3060
GPU. For the conventional method, the execution time includes power flow calculation,
system linearization, and eigenvalue analysis for the test samples and their corresponding
contingency sets, resulting in a heavy computational burden. For the learning-based
methods, the execution time refers to the total model inference time required for the same
test batch in the online stage. The execution times of different methods and their speedup
ratios relative to the conventional method are listed in Table 7.
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Table 7. Online efficiency comparison of different methods on the New England 39-bus and NPCC
140-bus systems.

Test System Metric Conventional XGBoost LSTM CNN GCN GAT EE-GAT

New England 39 Execution time 61.72 s 0.100 s 0.022 s 0.015 s 0.0025 s 0.0029 s 0.0034 s
Speedup ratio 1× 617× 2805× 4115× 24,688× 21,283× 18,153×

NPCC 140
Execution time 594.79 s 0.240 s 0.052 s 0.033 s 0.0038 s 0.0043 s 0.0051 s
Speedup ratio 1× 2478× 11,438× 18,024× 156,524× 138,323× 116,625×

As shown in Table 7, the conventional N−1 small-signal stability analysis method
requires significantly longer computation time than the learning-based methods. For a
single operating condition, the conventional small-signal stability analysis takes approxi-
mately 1.3–1.4 s on the New England 39-bus system and 2.5–2.6 s on the NPCC 140-bus
system. When the full N−1 contingency set is considered, the total execution time fur-
ther increases to 61.72 s and 594.79 s, respectively. This indicates that the conventional
eigenvalue-based method involves a considerable computational burden and is difficult
to apply to real-time online assessment, particularly for large-scale power systems with
multiple contingency scenarios. In comparison, the proposed EE-GAT completes the same
test batch evaluation in only 0.0034 s and 0.0051 s on the two systems, achieving speedup
ratios of approximately 18,153× and 116,625×, respectively. This high inference efficiency
is mainly attributed to the sparse message passing mechanism of graph neural networks,
which enables information aggregation directly along the physical topology of the power
grid. Although EE-GAT further incorporates edge features and line status information
into the attention mechanism, the additional computational cost remains limited. These
results show that EE-GAT can substantially improve the online assessment efficiency of
small-signal stability while preserving the capability to model branch-level features and
perceive topology variations under N−1 contingency conditions.

5. Discussion
The proposed EE-GAT is intended for real-time pre-contingency small-signal security

screening of transmission systems for which the current network topology, bus operating
quantities, branch power flows, and at least partial PMU or state estimation measurements
are available. For each current operating condition, the model uses pre-contingency graph
features to predict whether the system satisfies the prescribed small-signal security criterion
under the considered N−1 contingencies. It is therefore particularly suitable for rapidly
screening a large number of operating conditions before detailed physics-based analysis.
The model is intended as a decision support tool rather than a replacement for conventional
modal analysis when critical eigenvalues, damping ratios, oscillation frequencies, mode
shapes, or participation factors are required.

The applicability of EE-GAT is primarily limited by the operating range and topol-
ogy space represented in the offline training dataset. Substantial changes in generation
composition, control parameters, renewable penetration, or the current network topology
may cause data distribution shifts and reduce classification accuracy. Although topology
variations represented in the training data can be learned by the graph model, previously
unseen or large-scale structural changes may require incremental training, transfer learning,
or model retraining. In addition, the present model performs binary security classification
and does not directly identify the specific contingency responsible for insecurity or provide
detailed modal information. The current validation is also based on simulated benchmark
systems, and further evaluation using field measurements is required before large-scale
practical deployment.
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In the present study, the simulation-generated operating quantities are treated as
noise-free reference measurements, and random measurement errors or systematic biases
are not explicitly considered. In practical applications, PMU noise, synchronization errors,
communication anomalies, and state estimation errors may affect the input features and
consequently degrade the reliability of the classification results. These effects should
be addressed through online data quality monitoring, bad data detection, measurement
filtering, and model recalibration.

Moreover, the statistical distribution of PMU measurements may vary over time be-
cause of seasonal and weather-dependent load changes, renewable power fluctuations,
topology modifications, and control strategy adjustments. Future work will therefore inves-
tigate robustness under different types and levels of measurement uncertainty, validation
using long-term field PMU data, and data drift detection mechanisms. Online continual
learning and domain adaptation strategies will also be explored to update EE-GAT us-
ing newly acquired operating samples while mitigating catastrophic forgetting, thereby
improving its long-term adaptability and reliability in practical power system operation.

6. Conclusions
This paper proposed an Edge-Enhanced Graph Attention Network for real-time small-

signal security assessment under varying operating conditions and N−1 contingencies.
The EE-GAT model explicitly incorporates branch active and reactive power flows and line
operating status into the attention calculation, enabling the joint representation of nodal
operating states, electrical coupling, power flow redistribution, and topology variations. In
addition, the PMU availability mask distinguishes missing measurements from actual zero-
valued inputs, while the global attention readout mechanism adaptively identifies stability-
sensitive buses. These mechanisms make EE-GAT an edge-aware, topology-adaptive, and
measurement-robust graph learning framework rather than a straightforward application
of a conventional GAT.

Case studies on the New England 39-bus and NPCC 140-bus systems showed that EE-
GAT achieved classification accuracies of 97.75% and 96.47%, respectively, outperforming
XGBoost, LSTM, CNN, GCN, and standard GAT. The ablation studies, missing-PMU
robustness tests, and online efficiency analysis further confirmed the effectiveness of
the proposed components. The results demonstrate that EE-GAT can reliably identify
insecure operating conditions while substantially reducing the computational burden of
conventional N−1 small-signal security assessment.
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Abbreviations
The following abbreviations are used in this manuscript:

SSSA Small-Signal Security Assessment
EE-GAT Edge-Enhanced Graph Attention Network
GNN Graph Neural Network
GAT Graph Attention Network
GCN Graph Convolutional Network
CNN Convolutional Neural Network
LSTM Long Short-Term Memory
XGBoost Extreme Gradient Boosting
PMU Phasor Measurement Unit
PST Power System Toolbox
DAE Differential Algebraic Equation
MLP Multilayer Perceptron
BCE Binary Cross-Entropy
N−1 Single-Contingency Condition
NPCC Northeast Power Coordinating Council
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