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GCN-LSTM Based Transient Angle Stability
Assessment Method for Future Power Systems
Considering Spatial-temporal Disturbance
Response Characteristics

Shiwei Xia, Senior Member, IEEE, Chenhui Zhang, Yahan Li, Gengyin Li, Member, IEEE,
Linlin Ma, Ning Zhou, Ziqing Zhu, Member, IEEE, and Huan Ma

Abstract—Traditional transient angle stability analysis
methods do not fully consider the spatial characteristics of
the network topology and the temporal characteristics of
the time-series disturbance. Hence, a data-driven method
is proposed in this study, combining graph convolution
network and long short-term memory network
(GCN-LSTM) to analyze the transient power angle sta-
bility by exploring the spatiotemporal disturbance char-
acteristics of future power systems with high penetration
of renewable energy sources (wind and solar energy) and
power electronics. The key time-series electrical state
quantities are considered as the initial input feature
quantities and normalized using the Z-score, whereas the
network adjacency matrix is constructed according to the
system network topology. The normalized feature quan-
tities and network adjacency matrix were used as the
inputs of the GCN to obtain the spatial features, reflecting
changes in the network topology. Subsequently, the spa-
tial features are inputted into the LSTM network to ob-
tain the temporal features, reflecting dynamic changes in
the transient power angle of the generators. Finally, the
spatiotemporal features are fused through a fully con-
nected network to analyze the transient power angle
stability of future power systems, and the softmax activa-
tion cross-entropy loss functions are used to predict the
stability of the samples. The proposed transient power
angle stability assessment method is tested on a 500 kV
AC-DC practical power system, and the simulation results
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show that the proposed method could effectively mine the
spatiotemporal disturbance characteristics of power sys-
tems. Moreover, the proposed model has higher accuracy,
higher recall rate, and shorter training and testing times
than traditional transient power angle stability algo-
rithms.

Index Terms—Future power system, spatiotemporal
disturbance characteristics, transient power angle stabil-
ity, graph convolutional network, long short-term
memory network.

I. INTRODUCTION

Due to large disturbances, transient power angle
stability problems are likely to occur with an in-
crease in the development of renewable energy systems
and complex network topologies. With these advances,
power systems exhibit apparent spatiotemporal char-
acteristics during dynamic transients. However, tradi-
tional transient power angle stability assessment
methods do not fully consider changes in the spatial
characteristics of the network topology and changes in
the temporal characteristics of the electrical state quan-
tities [1]. Therefore, it is crucial to devise a transient
power angle stability assessment method that considers
the spatiotemporal disturbance characteristics of the
power system.

At present, artificial intelligence technologies, such
as machine learning and deep learning methods, are
widely used in transient power angle stability evaluation
of power systems. The machine learning methods
[2]-[4] include support vector machines (SVMs), deci-
sion trees (DTs), and extreme gradient boosting
(XGBoost). Deep learning methods [S]-[7] include
convolutional neural networks (CNNs,) long short-term
memory (LSTM) networks, and gated recurrent unit
(GRU) networks. Reference [8] proposed that the rela-
tive power angle, bus voltage amplitude, and phase
angle of the generators are time-series data with
time-varying characteristics during transient stability. A
bidirectional LSTM network stability assessment model
was established to assess the transient power angle
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stability based on time-series characteristics. Reference
[9] proposed a time-adaptive transient power angle
stability interpretable assessment model based on GRU
network, which was a two-stage mechanism consisting
of feature and temporal attention blocks. Reference [10]
used an improved one-dimensional convolutional neu-
ral network (1D-CNN) to develop a fast and accurate
online stability assessment method, in which the con-
volutional layers were smartly determined by the type
and characteristics of the input data to facilitate feature
extraction. The aforementioned models consider the
temporal characteristics of the electrical state quantities
in the transient process and effectively evaluate the
transient power angle stability of the power system.
However, these models cannot excavate the spatial
characteristics accompanied by changes in the network
topology during the transient process and they do not
consider the influence of the network topology on the
transient power angle stability of the power system.
Other studies have explored the spatial characteristics of
the transient process of power systems. Reference [11]
designed a multigraph attention network using an im-
proved graph attention mechanism, which enhanced the
adaptability of the assessment model to topological
changes in the system. However, the temporal charac-
teristics of the relative power angle of the generators
during the transient process were not considered. Ref-
erence [1] developed a graph attention deep network
assessment model that considered the adjacency rela-
tionship between the system nodes. Although the inputs
of the model were time-series data, the model could not
extract and accurately mine the temporal characteristics
of the transient process. Reference [12] proposed a
transient power angle stability assessment model based
on a message-passing neural network (MPNN) that
could describe the topological changes of power sys-
tems. However, the input feature quantity was
steady-state data, which did not reflect the temporal
characteristics of the transient process. Reference [13]
established a deep forest (DF) model to solve the dif-
ficulties of evaluating the transient power angle stability
caused by frequent topological changes in the power
system. Although the spatial characteristics of the tran-
sient process were considered, the data after fault
clearance were selected as inputs without considering
the characteristics of the time-series data during the
steady-state and fault processes.

In summary, even though the current transient power
angle stability assessment methods primarily consider
the spatiotemporal characteristics of the power system,
they do not explore the spatiotemporal characteristics
caused by changes in the network topology of the power
system and changes in the relative power angle of the
generators during the transient process.

In power systems, the faults occurring at different
locations and times affect the transient power angle
stability of the power system, and these faults have both
spatial and temporal characteristics. When faults occur
at different times, the operating state variables of the

power system (e.g., the dynamic synchronous generator
angle) exhibit significantly different time-series pat-
terns and variations. These temporal characteristics can
be used directly to assess the transient power angle
stability of the power system. Similarly, when faults
occur at different locations, the operating state variables
of the power system exhibit different dynamic patterns
and variations related to the locations of the faults. For
example, the nodal voltage of a node near the fault lo-
cation will have a large voltage drop, and synchronous
generators within proximity of the fault location will
have large variations in the power angle and electrical
angular velocity [14]. Reference [15] discussed the
effects of fault locations and times at which faults oc-
curred on the transient power angle stability based on
the spatiotemporal characteristics of the synchronous
generator angles. The simulation results showed that the
fault location affected the instability mode of the power
system and lead-lag cluster of synchronous machines
(spatial characteristics), whereas the moment at which
the fault occurred affected the initial states of the gen-
erators (temporal characteristics), both of which had
significant influence on the transient power angle sta-
bility. In brief, the time and location at which faults
occur are the most important factors affecting the tran-
sient power angle stability [16], which emphasizes the
need to consider spatiotemporal disturbance character-
istics for transient power angle stability analysis. Hence,
data-driven approaches should be capable of capturing
these spatiotemporal characteristics to accurately assess
the transient power angle stability of power systems.

Reference [17] used graph convolution network
(GCN) and long short-term memory (LSTM) network
to extract spatiotemporal features from massive data for
short-term load forecasting. Reference [18] proposed a
disturbance-after-frequency prediction method based on
the GCN-LSTM model for power system frequency
forecasting. Reference [19] designed a GCN and
LSTM-based voltage stability prediction method to
handle complex dynamic characteristics for online
short-term voltage stability analysis. These studies
demonstrate the potential of the GCN-LSTM model to
tackle various problems. However, the application of
the GCN-LSTM model for transient power angle sta-
bility assessment has never been reported, and therefore,
it is deemed essential to design a transient power angle
stability assessment method based on the GCN-LSTM
model to explore the spatiotemporal disturbance char-
acteristics of future power systems.

Thus, in this study, a new GCN-LSTM model is
proposed for transient power angle stability assessment
based on the spatiotemporal disturbance characteristics
of power systems. LSTM networks, which are capable
of capturing temporal dependencies, face limitations in
effectively grasping the spatial characteristics inherent
within graph-structured data. This is where GCN comes
into play, complementing the shortcomings of the
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LSTM network. GCNs excel in capturing the spatial
features of graphs by leveraging the connectivity and
relationships between nodes and edges (e.g., buses and
lines in a power system). This capability allows GCNs
to understand and incorporate the structural information
of the power grid, such as the physical connections
between different components and their influence on
each other, which is crucial to accurately assess the
transient power angle stability of the power system. In
this study, first, the GCN model is used to extract the
spatial characteristics, and these characteristics are used
in the LSTM model to obtain the temporal characteris-
tics. The spatial changes in the network topology and
the temporal changes in the electrical state quantities are
fused through a fully connected network to determine
the spatiotemporal disturbance characteristics of the
power system. Finally, simulations are performed to
verify the accuracy and effectiveness of the proposed
transient power angle stability assessment model based
on the spatiotemporal characteristics. The main con-
tributions of this study are as follows.

1) A GCN-LSTM model is proposed to assess the
transient power angle stability by extracting the spatial
changes in the network topology and temporal changes
of electrical state quantities during transient processes.
The proposed model outperformed the LSTM [6],
ID-CNN [20], 1D-CNN-LSTM [21], and GCN [22]
models in terms of the accuracy, recall rate, and training
and testing times for transient power angle stability
analysis of three practical power systems.

2) The accuracy of the GCN-LSTM model with dif-
ferent number of iterations and LSTM layers is also
explored and compared with other models. The simula-
tion results verify that the GCN-LSTM model is non-
sensitive to the number of iterations and LSTM layers.

The remainder of this paper is organized as follows.
The GCN-LSTM model is described in detail in Section IL.
Section III presents the transient power angle stability
assessment model based on GCN and LSTM network.
Section IV presents the simulations of a hybrid AC-DC
practical power system used to verify the proposed
GCN-LSTM model. The performance metrics of the
GCN-LSTM model with different number of iterations
and LSTM layers are analyzed and compared with those
of the other models. Finally, the conclusions of this
study are presented in Section V.

II. GCN-LSTM MODEL

A. Extraction of Spatial Characteristics Based on GCN

To obtain the spatial characteristics generated by
changes in the topological structure of a power system
network, a GCN can be used to transform the network
topology into a graph structure and extract the spatial
characteristics. The graph structure G = (X, A) con-
tains N nodes. Each node has M features, and the fea-
tures of all nodes can form an N xM dimensional

feature matrix X . 4 is the N x N dimensional adja-

cency matrix that describes the topological relationship
between the system nodes [23]. A GCN model can be
used to aggregate the power system topology and node
information to obtain the spatial characteristics, in-
cluding the original feature and connection information.

In the adjacency matrix A= (V,E), V is the set of
nodes in the graph and £ is the set of nodes connected to
the edges. The element 4, in the adjacency matrix A4

can be determined based on whether the nodes (V,,V))

are connected (i.e., whether there are edges). The ele-
ments 4, can be determined from

0, (V.V)2E
4 = (1)
L) eE

where (V,V,) represents the connected edges of the

nodes i and j. Further transformation of the adjacency
matrix A is necessary because it does not consider the
information of the node itself, but only the connections
with other nodes. The transformation of the adjacency
matrix A is given by

A=A+1 ()
where I represents an N x N dimensional identity ma-
trix. The more edges a node is connected to, the more it
is affected by neighboring nodes because each node is
connected to other nodes differently. Therefore, each
node has different influencing weights on the sur-
rounding nodes, which can be expressed through the

degree matrix D as
D,; = Z j Aij 3)
where 151.1. is an element of D and gl,j is an element of

the adjacency matrix 4 . Extracting the corresponding
spatial characteristics is necessary to explore the spatial
characteristics of the network topology. The spatial
characteristics can be extracted using a GCN model
based on the initial feature matrix X. The model is ex-
pressed as

1 1
H = amoid (ﬁ ZADN 2H(1)W(l)) (4)

where o is the activation function; A is the spa-

sigmoid
tial characteristic extracted from the / layer of the GCN
model (H" eR"™ , H®=X); w" is the weight ma-
trix of the / layer, which is the parameter to be trained.
W e R"*“ and a are the spatial characteristic dimen-

sions of the output. Thus, H"*" € RV

B. Extraction of the Temporal Characteristics Based on
LSTM

Owing to the transient processes in power systems,
where electrical state quantities such as generator power
angles, bus voltages, and phase angles vary over time as
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time-series data with temporal characteristics, the
LSTM model is selected to extract the temporal fea-
tures.

Each LSTM unit contains input, output, and forget-
ting gates, as listed in Table I [24]—[26].

TABLE I
INPUT AND OUTPUT DIMENSIONS OF THE GCN-LSTM MODEL

Layer Input dimensions Output dimensions
GCN (b,N,T,M) b,N.T,a)
LSTM (b,T,Nxa) ®.1.5)

FC (.T,5) (b,¢)

The forgetting gate linearly transforms the input x, at
time ¢ with the output /,_, at time ¢ —1and is obtained

by activating the function f, via o .

fz:=o-(W/ '[ht—l’xt]+b/‘) (5)
where f, is the output value of the forgetting gate; x, is
the input at time ¢, A,_, is the output at time /-1 ;

[A_,,x,] is the integration of /4_, and x, ; W, is the

f
weight parameter of the forgetting gate; b, is the offset
of the forgetting gate; and o is the sigmoid activation
function.

The input gate first selects the upper layer infor-

mation x,, /,_, through the sigmoid activation function

to obtain ,. To obtain the input state C, at time , a tanh
activation function is selected to reselect the upper layer
information. Finally, the internal state C, , attime 7 —1
is updated to the internal state C, at time ¢. These op-
erations are expressed as

it = O-sigmoid (Wl : [hr—l ’xt] + bl) (6)
C =0, [h_,x]+b,) (7
C =f,xC_ +i,xC (8)

where i, denotes the output value of the input gate; W,

i

denotes the weight parameter of the input gate; b, de-

notes the offset of the input gate; o denotes the

sigmoid
sigmoid activation function; é, is the input state at time
t; W, is the weight parameter of the input state; b, is the

bias term of the input state; and o, is the tanh acti-

tanh
vation function; C, is the internal state at time ¢ and
C,_, is the internal state at time #—1.

The output gate controls the output at time 7, which
first determines the output value o, of the output gate
through the sigmoid activation function and then com-
bines the internal state C, at time ¢ to obtain the final
output 4, . The equations to determine o, and A, are
given by

o, =cW, -[h_,x]1+b,) )
h =0,%0,,(C) (10)

where o, is the output value of the output gate; W, is
the weight parameter of the output gate; b, is the offset
term of the output gate; 4, is the output at time ¢ with
temporal characteristics (%, € R"*Y); T'is the dimension

of the input data time series; and £ is the output tem-

poral characteristic dimension (i.e., the number of
neurons in the hidden layer). Figure 1 shows the internal
structure of the LSTM network.

A h,
G,
—x ——————» + i >
T Tanh
\4
f; L X ﬁb X
A
o fod Tanh o
ha 4 4 S o

4

x]
Fig. 1. Schematic of the internal structure of the LSTM network.

C. Extraction of the Spatiotemporal Characteristics
Based on the GCN-LSTM Model

Based on the network and graph theory, the network
topology of a power system can be regarded as a graph
structure [27], where each generator is represented by a
node in the graph structure, the connecting lines be-
tween the generators are represented by the edges in the
graph structure, and the power angles of the generators,
nodal voltages, and phase angles in the transient process
are the characteristic quantities of each node. Owing to
the different connection modes between the generator
nodes, the neighboring nodes affect each node differ-
ently, and different spatial characteristics are generated
during the transient process. Moreover, the characteris-
tic quantities of the generator nodes are a continuous
time-series data with temporal characteristics. There-
fore, to assess the transient power angle stability of
power systems, considering the spatiotemporal dis-
turbance characteristics, a GCN-LSTM model is pro-
posed in this study, that integrates the spatiotemporal
characteristics, as listed in Table II.

TABLE II
CONFUSION MATRIX OF THE TRANSIENT POWER ANGLE STABILITY
ASSESSMENT

Stability prediction
Stability T, E,

Instability prediction

Instability F, Ty

First, the GCN model is used to extract the spatial
characteristics, and these characteristics are used as the
inputs for the LSTM model to extract the temporal
characteristics. Subsequently, the characteristics are
fused through a fully connected layer (FC) to obtain the
spatiotemporal characteristics. The transient power
angle stability assessment problem can be regarded as a
binary classification problem, and thus, the softmax
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activation function is used to calculate the probability of
the sample being stable or unstable as the predicted
value. The labels for the stable and unstable samples are
set at 0 and 1, respectively. Finally, the error between
the predicted and true values is calculated using the loss
function [28] and reduced by updating the model weight
and bias parameters to obtain the optimal model.

The structure of the GCN-LSTM model is as follows:
I-layer GCN + 4-layer LSTM + 1-layer FC + softmax
activation function. The input of the model includes the

initial feature matrix X={x,,x---x;} (X e R"""),

RNXN

the adjacency matrix 4 (A e ), and the true value

vy (y€R"). Here, b is the number of data samples for

batch training, N is the number of nodes, and 7 is the
dimension of the input data time series. M is the di-
mension of the node features, and the output of the
model consists of the predicted values 7 (3 € R”?) .

The GCN layer first extracts the spatial features from
the initial feature matrix X. The dimensions of the input
data X and output space are (b, N,T,M)and (b,N,T,c),
respectively, and a is the number of spatial features.
Because the features of all nodes can be regarded as a
whole when the temporal features are extracted, the
input data of the LSTM layer are transformed from the
output dimension (b, N,T,«) of the GCN layer to the
dimension (b,T,N x ) . The dimensions of the output
time feature s, are (b,T, ), where S is the number of
temporal features. The data outputted by the LSTM are
fused through the FC layer to obtain the spatiotemporal
characteristics. Because the value %, (h, € R””) only
needs to be selected to determine the temporal charac-
teristics at the last moment during the fusion of the FC
layer, the input dimension of the FC layer is (b,T, ), the
output dimensions are (b, &), and ¢ is the number of spa-
tiotemporal characteristics. The final two-dimensional
(2D) features must be obtained because the transient
power angle stability assessment is a binary classification
problem (i.e., & =2), as shown in Table I. Figure 2 shows
the internal structure of the GCN-LSTM model.

kg o) T y
v \4 v
GCN GCN GCN
H“w HO th#
LSTM —» LSTM - --- -» LSTM
Y Y Y ‘
v v v P
LSTM —» LSTM - --- & LSTM
v R
FC
v
Softmax
X
Yy —
Fig. 2. Schematic of the internal structure of the GCN-LSTM
model.

The obtained 2D spatiotemporal characteristics are
mapped to a probability value between 0 and 1 using the
softmax activation function (i.e., the predicted value

y= { P pz} . » can be used as a basis for judging the

sample instability, and the true value of y is the label of
the data sample for batch training. In this study, the
cross-entropy loss function [29] is used to compute the
error between the predicted value p and true value y,

which is expressed as

By =—{ylog p, + (- y)log p,] (11D
where p, is the probability of predicting the sample
instability (labeled 1), p, is the probability of predicting
the sample stability (labeled 0), and p, =1-p,.

III. PROPOSED GCN-LSTM MODEL FOR TRANSIENT
POWER ANGLE STABILITY ASSESSMENT

A. Input Feature Quantities

Constructing a reasonable initial feature matrix X as
the input of the GCN-LSTM model is necessary to ef-
fectively evaluate the transient power angle stability of
the power system and use the spatiotemporal disturb-
ance characteristics during the transient process.
Therefore, considering a single sample as an example,
X e RVTM where N is the number of nodes in the
network topology, the conventional generator set in the
power system is selected as the node in this study. Here,
M 1is the dimension of the node features, and each node
contains three features: relative power angle of the
generator AJ , bus voltage amplitude of the generator U,
and phase angle ¢ . Hence, M =3. T is the dimension
of the input data time series. To fully consider the tran-
sient characteristics of the power system from
steady-state to fault occurrence to fault removal T, a

continuous time series W is selected, encompassing
three periods: from steady-state time to fault occurrence
timet, , from fault occurrence time ¢, to fault removal

time ¢, and fault removal time, as shown in Fig. 3.

Y i Fault removal
state

ASA Steady state '

'
N
S S S
T

|
I
'
I
|
'
I
»!
>

it

Z 7
Fig. 3. Continuous time series of the transient power angle sta-

bility fault.
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The sampling interval is set as D. T, is the time se-

ries including the steady-state period, the fault period,
and the three periods after fault excisions. The interval

T
is [t,,t,] and T = EW is the dimension of the input data

time series (i.e., the number of sampling points in the
period T, ). Therefore, by taking a sample as an exam-
ple, the input data of the relative power angle of the
generator AJ , bus voltage amplitude of the generator U,
and phase angle 6 are all T x N dimensional data, which
can be expressed as

AS,, A5, AS,
ag=| A% A% Asu (12)
NS, AS., - AG,
‘v, U, U,y
u=| Y Y2 Ui (13)
1Ury Us, Ury
O O, - O
g=| % % O (14)
_‘97,1 01,2 eT,N

where A6, U, , and 6, are the relative power

angle, bus voltage, and phase angle of N generators at
the sampling point 7, respectively.

B. Data Preprocessing

To prevent convergence problems caused by large
numerical differences between features, the Z-score is
used to normalize all of the feature data x in the initial
feature matrix X [30], which is given by
X—H,

o

x

X= (15)
where X is the characteristic data normalized by x; g,
is the mean value of data x; and o is the standard de-
viation of data x.

C. Performance Metrics of the Proposed GCN-LSTM
Model

The transient power angle stability was determined
using the transient stability index (TSI) [31], which is
given by

360°-|AG,,,
3600 +[AS,

ax

(16)

where AJ

ference between any two generators during operation.
When M, >0, the system is stable. In contrast, when

is the maximum relative power angle dif-

M., <0, the system is temporarily unstable. Ac-

cording to the simulation results, the labels 0 and 1
denote the stable and unstable samples, respectively.
Since the transient power angle stability assessment can
be perceived as a binary classification problem, a con-
fusion matrix [32] can be defined to evaluate the clas-
sification of the model, as shown in Table II. Here, 7,

and 7}, denote the number of correctly predicted stable

and unstable samples, respectively, whereas £y and F,

denote the number of stable and unstable samples with
prediction errors, respectively.

A comparative analysis is conducted based on the
accuracy and recall indices to determine the advantages
and disadvantages of the GCN-LSTM model. The ac-
curacy is defined as the proportion of the correctly
predicted samples to the total number of samples [33],
which is expressed as

B T, + T
G T+ By + Fy+ Ty

The recall rate is defined as the proportion of samples
with correct predictions in a few types of samples and is
determined from

R (a7

R = ()
F,+T,

The number of unstable samples in the stable tran-
sient power angle sample set is less than that of the
stable samples, and the misjudgment of the unstable
samples can be reflected by the recall rate. The higher
the recall rate, the lower the misjudgment of the unsta-
ble samples.

D. Assessment of the GCN-LSTM Model

Figure 4 shows the flow chart of the transient power
angle stability assessment of the power system based on
the spatiotemporal disturbance characteristics. First, the
initial feature matrix X with spatiotemporal information
under different operation modes is obtained from sim-
ulations in the time domain. All of the feature data x in X
and the corresponding labels (real values C) are used as
the inputs for the GCN-LSTM model. The feature data
are normalized using the Z-score, and the normalized
feature data x and label y are randomly divided into
training and testing sets. The GCN-LSTM model is
trained using the training set. Conventional thermal
power units in the system are considered as nodes in the
graph structure. The adjacency matrix 4 is computed
and inputted into the model according to the positional
relationship and connection of each generator. The
predicted values p are obtained using the trained

GCN-LSTM model tested on the testing set. The model
is classified according to its predicted values. Finally,
the model is evaluated according to the labels and per-
formance metrics.
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Fig. 4. Flow chart of the transient power angle stability assess-
ment.

IV. ANALYSIS OF NUMERICAL EXAMPLES

In this section, a modified 53-bus practical power
system is used to test the proposed GCN-LSTM model,
as shown in Fig. 5. In the system, four photovoltaic
power stations with a total installed capacity of 1600
MW and eight wind generators with a total installed
capacity of 3200 MW are bundled and connected via
three AC lines and a 500 kV high-voltage direct current
(HVDC) transmission line. Ten conventional thermal
power units with a total capacity of 6000 MW are
modeled as a 6th-order transient model with an IEEE
type I excitation system. The parameters of the thermal
power generators, HVDC transmission line, wind power
generators, and photovoltaic systems are detailed in

Integration of PV C (4)

PROTECTION AND CONTROL OF MODERN POWER SYSTEMS, VOL. 9, NO. 6, NOVEMBER 2024

Tables Al— A4 in the Appendix A.

The PSD-BPA power system simulation software is
used to compute the power flow and temporary stability,
adjust the load level to fluctuate between 80% and
120% of the original load, change the new energy sim-
ultaneity rates of 0%, 20%, 50%, and 60% for wind
power harvesting stations A and B and photovoltaic
power harvesting station C to obtain seven working
conditions, and perform three-phase permanent N-1
failure on 26 lines. The fault location is set 25%, 50%,
and 75% away from the first section of the line. The
cycle time is 0.02 s, the sampling interval D is 0.01 s,
the fault occurrence time ¢, is the 50th cycle (1 s), and

the fault removal time ¢, is from the 57th cycle (1.14 s)

to the 65th cycle (1.3 s), resulting in a total of nine oc-
currences. Owing to the different values of ¢,, the se-

lected time period 7, must include the fault removal time

¢, under all working conditions to facilitate training and

maintain the unity of the model input feature dimensions
[34]. Therefore, the interval selected for 7, in this study

is from the 49th cycle (0.98 s) to the 66.5th cycle (1.33 s)].
Thus, 7T =40.

The transient power angle stability of the 4870 samples
generated by the simulation software is determined ac-
cording to the TSI, of which 3442 are stable and 1428 are
unstable. The training and testing sets are randomly se-
lected at a ratio of 7:3. By taking conventional generators
as nodes in the graph structure with a total of 10 nodes, the
adjacency matrix represents the connection matrix be-

tween these 10 generators, i.e., A€ R'""° Therefore, the

initial feature matrix X e R*7*1%3 {5 constructed for all
of the samples.

Gen]B-2

CWinde - Receiving bus
E Wind-coal- ® (=“Feed61 bus @ ©
. bundle ! TTbus2A-1 HVDC bus1B-6
: 5 Gen]B-3
o] GenlAd buslA-6
Gend A-4 GendA-1
@): 1({
€ bus1B-3 Q
buslB-5
Gend4A-3 Gen4 A-2

[ Integration of WP'A (4) GenlB-1
: — 1
; — ;
! Wind-coal- © buslA-3 {7=y B S)bus | B-2
. bundle ' - buslA-1 bus| A-2
‘ GenlA-3 * TS| ©)bus1B-7

Fig. 5. Schematic of the modified 10-generator 53-bus practical power system.
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A. Comparison of the Model Parameters and Algo-
rithms

Pytorch 2.0.0 framework and Python programming
language are used to verify the effectiveness of the
GCN-LSTM model for transient power angle stability
assessment, where Adam function is used as the training
optimizer. The PC is configured with an Intel Core
15-12490F processor, 3.0 GHz central processing unit,
16 GB random access memory, and RTX 3060 12G
graphics processing unit. The number of iterations,
number of data samples for batch training, initial
learning rate, number of spatial features, and number of
are N_ =100, b=64, 0.0001,

epoch

temporal features

a =32, and [ =32, respectively.

Graph

(10, 40, 3)

Fig. 6. Input and output dimensions of the GCN-LSTM model.

The GCN-LSTM model is compared with four other
deep learning models: LSTM [6], 1D-CNN [20],
ID-CNN-LSTM [21], and GCN [22]. Based on the
same system topology and parameter settings, the sim-
ulation results are obtained for the LSTM, 1D-CNN,
I1D-CNN-LSTM and GCN models and compared with
those of the proposed GCN-LSTM model. The GCN
model is used to extract the spatial features, and the
LSTM and 1D-CNN-LSTM models are used to extract
the temporal characteristics. It shall be noted that the
1D-CNN model could not be used to extract the spati-
otemporal characteristics. The structure of the GCN
model is as follows: 1-layer GCN + 2-layer FC + soft-
max activation function. The input model dimensions
are (64, 10, 40, 3), and the number of spatial features is
a =32 . The structure of the LSTM model is as follows:
4-layer LSTM + 1-layer FC + softmax activation func-
tion. The input model dimensions are (64, 40, 10x3),
and the number of temporal characteristics is f=32.

The structure of the 1D-CNN model is as follows:

convolution %
(10, 40, 3

[Ao,U, 8] % Spatial correlation
(40, 10\32)l
]
hﬂ*l

By using a sample as an example, Fig. 6 shows the
input and output dimensions of each layer. The dimen-
sions of the input data X in the GCN layer are (10, 40, 3),
and the dimensions of the output spatial features are (10,
40, 32). The dimensions of the input data of the LSTM
layer and output temporal characteristics are (40, 10x32)
and (40, 32), respectively. The output data of the LSTM
layer are fused through the FC layer to obtain the spa-
tiotemporal characteristics. The final 2D characteristics
must be obtained because the transient power angle
stability assessment is a binary classification problem.
In other words, the input dimensions of the FC layer are
(40, 32) and the output dimension is 2. Finally, the
probability of a sample being stable or unstable (i.e.,
predicted value) is computed using the softmax activa-
tion function.

Ap

Softmax

v

(40, 32)

X, Temporal correlation

1-layer 1D-CNN + ReLU activation function + 1-layer
pooled layer + 1-layer FC + softmax activation function.
The input model dimensions are (64, 10x3, 40), the
convolution kernel size is 3, the pool layer size is 3, and
the number of convolutional layer output channels is 32.
The structure of the 1D-CNN-LSTM model is as fol-
lows: 1-layer 1D-CNN + ReLU activation function +
1-layer pooling layer + 4-layer LSTM + 1-layer FC +
softmax activation function. The input model dimen-
sions are (64, 10x3, 40), and the parameters of the
1D-CNN-LSTM model are consistent with those of the
ID-CNN and LSTM models, which uses a
cross-entropy loss function. The performance of the
classifier is evaluated and compared based on four
metrics (accuracy, recall rate, training time, and testing
time), as shown in Table III. The training time refers to
the total duration of training (100 epochs) for 3409
samples, and the testing time is the time required for
transient power angle stability assessment of a single
sample.
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TABLEIII
COMPARISON OF THE PERFORMANCE OF DIFFERENT DEEP
LEARNING MODELS
Model Acf;or; Cy Rﬁiﬁ“ tigzl?rfii) ti]r::t(lrrii)
GCN 87.41 78.64 44.54 50.99
LSTM 87.81 70.80 59.56 52.29
ID-CNN 87.33 66.67 25.45 63.51
ID-CNN-LS
™M 97.18 98.00 62.95 5031
Proposed 98.59 98.32 24.32 4326
GCN-LSTM

Table III shows that the accuracy of the GCN-LSTM
model is about 11% higher than that of the GCN, LSTM
and 1D-CNN models, and it is slightly better than the
accuracy of the 1D-CNN-LSTM model. By comparing
the data in column 3 of Table III, the GCN-LSTM model
also has the highest recall rate, which is 20%, 28%, and
32% higher than those of the GCN, LSTM, and
ID-CNN models. The training time of GCN-LSTM
model is 24.32 min, which is significantly lower than
those of the GCN, LSTM, I1D-CNN, and
ID-CNN-LSTM models. Furthermore, the proposed
GCN-LSTM model is capable of performing transient
power angle stability assessment within 43.26 ms,
which is significantly faster than other models. Because
the 1D-CNN model could not extract the spatiotemporal
characteristics, its accuracy and recall rate are lower
than those of other models. Furthermore, compared with
the GCN and LSTM models, the hybrid GCN-LSTM
and 1D-CNN-LSTM models has higher accuracy, better
recall rate, faster evaluation time, and shorter training
time. The proposed GCN-LSTM model is superior to
other models tested in this study since it exploits the
spatiotemporal data mining capability of GCN and
LSTM and effectively extracts comprehensive charac-
/_\hu.\';lA\Q @

©
=4
5 busl A-1

bus1A-3
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teristics from the training data.

To verify the generalization capability of the pro-
posed model, three power systems are tested. System 1
is a modified 10-generator 53-bus practical power sys-
tem, as shown in Fig. 5. As shown in Fig. 7, System 2 is
a 100-bus practical power system with 11 synchronous
generators, 6 photovoltaic systems, and 6 wind farms,
with an installed capacity of 6300 MW, 600 MW, and
2400 MW, respectively. System 3 is a 197-bus practical
power system that consists of 18 generators, 12 photo-
voltaic systems, and 12 wind farms with a total capacity
of 9800 MW, 2400 MW, and 2400 MW, respectively,
and four DC lines, as shown in Fig. 8. The same sample
generation scheme is employed for all of these systems,
and the validation results are summarized in Table IV.

TABLE IV
PERFORMANCE OF THE GCN-LSTM MODEL FOR DIFFERENT
POWER SYSTEMS
Power system Accuracy  Recall Training .Testing
(%) (%) time (min)  time (ms)

53-bus system 98.59 98.32 24.32 43.26
100-bus system 97.95 94.15 28.11 45.08
197-bus system 98.97 97.64 3245 46.17

It is evident from Table IV that the proposed
GCN-LSTM model exhibits robust performance when it
is tested on different power systems. The training and
testing times for the 10-generator 53-bus system are
24.32 min and 43.26 ms, respectively. The training and
testing times slightly increase with an increase in the
system size and expansion of the dataset dimensions;
however, they do not affect the overall effectiveness of
the GCN-LSTM model. In general, the maximum
training time is 32.45 min and the testing time do not
exceed 47 ms for these three power systems, proving the
universality of the proposed model.
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busl1A-4 buslA-5 {:cn] A-1/GenlA-2 Genwind 3 £l LCCIP LCCI NI
Genl A-5
Gen wind 4
A\ Gen wind 2 [ E\F (‘ s
: @ ©) Gen wind : ‘
_ buslA-127 buslA-13 busTA-14 75 colar ¢
GenlA- busl A-6 busl1A-7
/2N
— GenlANT bus1/A- GenlA-19
Gen wind 6 ] buslA-9 ~ @
S @) . ¥ =
Genl A-4 buslA-8 Gen solar 2 bus1A-16
en sol:
GenlA-10] buslA-10
5 = = en s lar 4
© & @)
buslA-11 buslA-2 |)ll\| A-21  bhuslA-22 GenlA-6
Aﬁl
GenlA-7 GenlA-8

Fig. 7. Schematic of the modified 11-generator 100-bus practical power system.
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Fig. 8. Schematic of the modified 18-generator 197-bus practical power system.

B. Effect of the Number of Iterations on Different Deep
Learning Models

As shown in Fig. 9, the accuracy of the testing set for
each model gradually increased as the number of itera-
tions (epoch) increased. However, the accuracy stabi-
lized when the training reached the 100th cycle, indi-
cating that the number of iterations is not optimal. The
performance of the models is stabilized after reaching a
particular value. Continuous training of the models
result in overfitting of the models.

100
90 r

80

Accuracy

70

60

GCN-LSTM
ID-CNN-LSTM
1D-CNN
LSTM
GCN

Fig. 9. Relationship between the accuracy of the testing set and
number of iterations for the transient power angle stability as-
sessment models.

C. Effect of the Number of LSTM Layers on the
GCN-LSTM Model

To verify the effect of the number of LSTM layers on
the accuracy, recall rate, and training time for one epoch,
GCN-LSTM models with 1-5 LSTM layers (denoted as
A-E) are denoised and the results are compared, as
shown in Fig. 10. It can be observed that the accuracy
and recall rate of the GCN-LSTM model are signifi-
cantly increased with an increase in the number of
LSTM layers. However, the accuracy and recall rate of
the model with five LSTM layers are decreased, indi-
cating that overfitting occurred when the number of
layers exceeded a particular value. Therefore, increas-
ing the number of LSTM Ilayers in the GCN-LSTM
model did not necessarily improve performance of the
model, and other performance parameters must be con-
sidered.
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Fig. 10. Relationship between the number of LSTM layers and
the performance metrics of the GCN-LSTM model.



118 PROTECTION AND CONTROL OF MODERN POWER SYSTEMS, VOL. 9, NO. 6, NOVEMBER 2024

V. CONCLUSION

In this study, a transient power angle stability as-
sessment method based on the GCN-LSTM model is
proposed to accurately analyze the transient power an-
gle stability of future power systems, considering spa-
tiotemporal disturbance characteristics. First, the GCN
obtains the spatial characteristics in the system network
topology, and the LSTM network excavates the tem-
poral characteristics in continuous time-series data,
such as the relative power angle of the generators. The
spatiotemporal characteristics are fused through the FC
layer to perform transient power stability assessment.
Finally, simulations are conducted using the model on a
hybrid 500 kV AC-DC practical power system to verify
the performance of the model. The following conclu-
sions are drawn based on the key findings of this study.

1) By exploiting the advantages of the GCN and
LSTM to extract the spatiotemporal disturbance char-
acteristics, the proposed GCN-LSTM model for tran-
sient power angle stability assessment explores the
temporal characteristics of the time-series relative
power angle of the generators and the spatial charac-
teristics of the node connection adjacency matrix.
Therefore, the proposed model can effectively evaluate
the transient power angle stability of power systems.

2) Compared with the GCN, LSTM, 1D-CNN, and
I1D-CNN-LSTM models, the proposed GCN-LSTM
model achieves the highest accuracy and recall rate for
the transient power angle stability assessment with the
cheapest computational cost, as indicated by the training
and testing times.

3) The accuracy of the GCN-LSTM model is inves-
tigated by varying the number of iterations and number
of LSTM layers, and the simulation results show that
the performance of the GCN-LSTM model is stabilized
and nonsensitive to these parameters once they reach a
certain threshold.

However, there are some shortcomings with the
proposed GCN-LSTM model, which need to be ad-
dressed in the future, as follows:

1) The proposed GCN-LSTM model only considers
the transient power angle stability assessment as a bi-
nary classification problem without quantifying the
stability margin. The next step is to refine the relation-
ship between the stability margin and transient feature
quantities.

2) The proposed GCN-LSTM model consists of only
a single layer in the GCN without considering the effect
of multiple layers of the GCN on the model perfor-
mance. In the future, a multilayer GCN-LSTM model
will be developed for a more comprehensive transient
power angle stability assessment.

APPENDIX A
TABLE Al
PARAMETERS OF THE THERMAL POWER GENERATORS
Parameter Value
Maximum generator power (MW) 600
d-axis synchronous reactance (p.u.) 1.918
d-axis transient reactance (p.u.) 0.284
d-axis subtransient reactance (p.u.) 0.218
g-axis synchronous reactance (p.u.) 1.867
g-axis transient reactance (p.u.) 0.428
g-axis subtransient reactance (p.u.) 0.217
d-axis transient time constant (s) 7.880
g-axis transient time constant (s) 0.870
d-axis subtransient time constant (s) 0.046
g-axis subtransient time constant (s) 0.070
Inertia time constant (s) 14.993
TABLE A2
PARAMETERS OF THE WIND POWER GENERATORS
Parameter Value
Air density (kg/m®) 1.390
Turbine blade radius (m) 35.200
Turbine blade rotational speed (rpm) 15.400
Turbine rated wind speed (m/s) 11.800
Shaft stiffness coefficient (Nm/rad) 8.87x107
Shaft damping coefficient (Nm/rad) 2.5%x10°
Maximum generator power (MW) 400
Generator stator inductance (p.u.) 0.086
Generator rotor inductance (p.u.) 0.095
Generator mutual inductance (p.u.) 4.100
Generator stator resistance (p.u.) 0.010
Generator rotor resistance (p.u.) 0.009
Generator rated speed (rpm) 1500
TABLE A3
PARAMETERS OF THE PHOTOVOLTAIC SYSTEMS
Parameter Value
Reference cell temperature (°C) 15
Reference illumination intensity (W/m?) 1000
Maximum power of photovoltaic array (MW) 400
TABLE A4
PARAMETERS OF THE HVDC TRANSMISSION LINE
Parameter Value
Rectifier-side DC reference voltage (kV) 210
Inverter-side DC reference voltage (kV) 199
Number of rectifiers and inverters (2) 2
Rated DC transmission line current (A) 5000
DC circuit resistance () 5
DC active power (MW) 500
DC voltage (kV) 500
Rectifier-side normal firing angle (°) 15
Inverter-side normal extinction angle (°) 17
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