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Abstract—Artificial intelligence technologies provide a new
approach for the real-time transient stability assessment (TSA)
of large-scale power systems. In this paper, we propose a data-
driven transient stability assessment model (DTSA) that combines
different AI algorithms. A pre-Al based on the time-delay neural
network is designed to locate the dominant buses for installing
the phase measurement units (PMUs) and reducing the data
dimension. A post-Al is designed based on the bidirectional
long-short-term memory network to generate an accurate TSA
with sparse PUM sampling. An online self-check function of the
online TSA’s validity when the power system changes is further
added by comparing the results of the pre-Al and the post-Al.
The IEEE 39-bus system and the 300-bus AC/DC hybrid system
established by referring to China’s existing power system are
adopted to verify the proposed method. Results indicate that the
proposed method can effectively reduce the computation costs
with ensured TSA accuracy as well as provide feedback for
its applicability. The DTSA provides new insights for properly
integrating varied AI algorithms to solve practical problems in
modern power systems.

Index Terms—Artificial intelligence, phasor measurement
units, recurrent neural networks, transient stability assessment.

NOMENCLATURE

ANN Artificial neural network.

RRART Relative reduction of online average response
time.

b Bias of neural network layers.

BiLSTM Bidirectional long-short-term memory net-
work.

C Correlation coefficient (between npes, and 7).
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DBS Dominant bus set.
DTSA Data-driven TSA model.
LSTM Long-short-term memory network.

n Number of DBS.

PMU Phasor measurement unit.
RNN Recurrent neural network.
TSA-SPS  Transient stability assessment with sparse

PMU sampling.
T Length of the time series.

TDNN Time-delay neural network.

TSA Transient stability assessment.

Var[ X Variance of X.

w Parameter matrix of neural network.

x! Input vector of bus i at time t.

YLabel Case label.

Ypre/Ypost  Assessment of pre-Al/post-AlL

IIN Relative time reduction of training.

Ay, Maximum power angle difference of genera-
tors.

Npre/Mpost ~ Accuracy of pre-Al/post-AlL

7 Correlation between pre-Al and post-Al pre-
dictions.

I. INTRODUCTION

HE transient stability is critical for ensuring the safe and

stable operation of power systems, whose destruction can
cause large-scale power blackouts [1], [2]. In recent years,
the increasing penetration of power electronic devices and the
expansion of the operating state-space creates great challenges
for transient stability analysis and assessment [3].

Traditional transient stability assessment (TSA) methods
can be sorted into two categories: direct methods [4] and time-
domain simulations [5]. However, the speed and accuracy of
the traditional methods cannot be both guaranteed for large-
scale power systems. Artificial intelligence (AI) provides a
new method for TSA [6], [7], which has the potential to
maintain fast calculation speed and high assessment accuracy.

Some intelligent techniques, such as support vector ma-
chines (SVMs) [8], artificial neural networks (ANN) [9], and
decision trees (DTs) [10], have been employed for TSA.
Nevertheless, in general the inputs of the above methods
are static variables, which makes it difficult to analyze the
dynamic process after faults. With the widespread adoption
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of phasor measurement units (PMUs), the acquisition of the
time series of the system states becomes more convenient.
The recurrent neural networks (RNN) have advantages in
processing time series [11], [12]. In [13], the time series of
voltage phasors are directly used as the input of a long-short-
term memory network (LSTM) for TSA. In [14], the ensemble
learning mechanism based on LSTM is utilized to consider the
PMU data missing for TSA.

The increasing complexity of modern power systems de-
mands excessive computation that limits the application of
intelligent algorithms [15], especially for LSTM networks.
Considering the existing power system, PMUs monitor the
operational status of the corresponding locations. However,
installing a PMU in each bus of the power system is econom-
ically costly and also increases the burn for data transmission
and processes [16]. Therefore, selecting the data of the key
bus set in applying the intelligent model to TSA can not only
reduce the installation cost of the PMU but also reduce the
data dimension and improve training efficiency. In [17], a deep
autoencoder network is used to build a framework for feature
extraction, but the interpretability of the extraction process is
unclear. To keep the meaning of features, a random forest is
also used for selecting the key features [10]. Although these
extraction methods can reduce the dimension of the initial
data, the selection of PMU installation locations are not taken
into consideration. Regarding selecting key buses, heuristic
and rule-based methods have been investigated. For example,
all buses are selected directly in [13] and [19], while only
the generator buses are selected in [9] and [20]. In [14], the
rule-based method (observability description algorithm [21])
is used to select PMU locations. However, whether these
selection methods based on human experience/rule-based are
suitable for data-driven methods remains to be verified, espe-
cially for black-box models, such as neural networks [9], [13],
[14].

In addition, the trained intelligence models can maintain
good performance on a data set with a similar distribution
to the training set [22]. If the distribution of input data
changes, the accuracy of the trained model will decrease.
In recent years, with the increase of renewable energy, the
randomness and openness of power systems have become the
major features, which leads to different distribution between
the input data and training set when the intelligent models are
applied online [23]. Therefore, the intelligence model should
have a self-check function to indicate the validity after being
applied online. Nevertheless, the self-check function has rarely
been discussed in the research on the artificial intelligence of
power systems.

Therefore, designing an intelligent TSA method with sparse
PMU samplings in the power system to reduce the data
dimension as well as maintain the accuracy, and improve the
applicability of the Al methods in the actual power system are
urgent tasks.

In this paper, we propose a data-driven transient stability
assessment model (DTSA) that combines different Al algo-
rithms: A pre-Al is designed by time-delay neural networks to
locate the dominant buses and reduce the data dimension, and
a post-Al is designed based on bidirectional long-short-term

memory networks to generate an accurate TSA with sparse
PUM sampling. In addition, an online self-check function of
the online TSA’s validity is further established by comparing
the results of the pre-Al and the post-Al. DTSA provides a
reference for properly combining multiple Al algorithms to
solve practical problems in power systems.

The remainder of this paper is organized as follows: Sec-
tion II introduces the framework and work process of DTSA.
Section III elaborates on the mathematical models of the pre-
Al and post-Al. In Section IV, the IEEE 39-bus system and
the 300-bus AC/DC hybrid system are adopted to verify the
proposed DTSA. Finally, we conclude this study in Section V.

II. DATA-DRIVEN TRANSIENT STABILITY
ASSESSMENT MODEL

A. Transient Stability Assessment

Power systems are high-dimensional nonlinear autonomous
systems. The transient stability can be determined according
to whether the post-fault state is in the attraction region of the
stable equilibrium point A(x;). A(xs) is shown as follows:

Alws) = {z €B": lim o, 1) =z} (1)

where x is an n-dimensional state variable, x¢ is a stable
equilibrium point. The strict boundary of A(x;) is difficult
to obtain. Generally, the transient energy at relevant unstable
equilibrium points can be used to approximate the boundary,
that is, the critical energy V., in transient energy function
methods. If the post-fault energy is less than V,,, the system
can be considered stable. However, calculating the critical
energy V., is also a difficult challenge in high-dimensional
systems.

In practical applications, time domain simulation is gen-
erally used to calculate the transient stability of complex
systems. Fig. 1 shows the dynamic process of the rotor angle
of a fault in the IEEE 39-bus system, where the line 17—
18 suffered a three-phase short circuit, and the fault starting
time and clearing time are 0.1 s and 0.3 s respectively. If
the system will lose its synchronism, we need to make timely
judgments to take emergency control. However, this is difficult
to do with the time domain simulation.
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Fig. 1. Dynamic process of rotor angle after fault.

The widespread adoption of PMUs provides a data foun-
dation for fast TSA based on data-driven methods. In this
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work, according to the time series collected by the PMUs (as
shown in Fig. 1), we propose a data-driven transient stability
assessment method with sparse PMU sampling, which can
effectively reduce the computation cost with ensured TSA
accuracy as well as give feedback for its applicability.

B. Framework of DTSA

According to [24], it is a good way to combine multiple
algorithms to solve complex tasks. In this part, a data-driven
transient stability assessment model, as shown in Fig. 2, is
presented to assess the transient stability with sparse PMU
sampling and implement an online self-check of power sys-

tems.
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Fig. 2. The Schematic of the proposed DTSA.

In Fig. 2, the total dataset is the state variables of each
bus, where M is the total number of buses in the studied
power system. To make the extracted features correspond to
the PMU locations, a recursive process is designed to select
the dominant bus set (DBS) based on the accuracy of the
trained pre-Al. Then, the state variables of the DBS are
input into the post-Al to generate the final and accurate TSA

Total data set
f—}%
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results. Since the pre-Al can determine the DBS, the transient
stability assessment with sparse PMU sampling (TSA-SPS)
is implemented, which can reduce the number of PMUs and
relieve the burden of communication systems [16].

In the online application, the proposed DTSA can verify its
validity by comparing the correlation between the predictions
of pre-Al and post-Al (the detailed implementation process of
this function is elaborated in Section II.C). If the correlation
does not meet the requirements, it means that the trained
DTSA is no longer applicable to the new environment (e.g.,
a major change in the operational mode or topology of the
systems). The DTSA should send a signal to retrain the
intelligent model, as shown in the lower part of Fig. 2.

C. TSA-SPS of DTSA

For a large power system, if the state variables of all buses
are used for training DTSA, it will consume a lot of computing
power, and the cost of the PMU installation will increase.
Therefore, it is critically important to reduce the input data
dimensionality from the perspective of bus location.

In DTSA, the pre-Al is designed to locate the DBS of the
power systems, based on which post-Al generates an accurate
TSA. The training flowchart of the DTSA is shown in Fig. 3.

The determination of DBS is done in the offline training
loop of pre-Al. First, the pre-Al randomly selects a bus as the
initial DBS S}, and the state variables of Sf, are used to train
the pre-Al In the training process, the accuracy of pre-Al 7;,,¢
is described by:

2

where N is the total number of cases in the test set,
TNactral_label 18 the number of cases in which the predictions
and labels are the same.

Then, the bus with maximum 7, is retained as 5113 after all
buses are traversed. In the next round of selection, the other
best bus is retained until ST satisfies the following:

Tlpre = nactual_label/N

Mmin — pMmint3 _ Mmin
An =10 Mpre <P

pre pre (3)
n 2 Mmin

where Ay, indicates that the accuracy of pre-Al is improved

less than P in the next three rounds, P is a constant with a

value of 0.5% in this paper, Ny, is the minimum number of

the DBS. To ensure the convergence of DTSA, the number of

DBS n is usually greater than nip,.
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Fig. 3. The training flowchart of DTSA.
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Eq. (3) provides the termination condition for the pre-Al
training loop. Subsequently, the state variables of ST are
inputted into the post-Al for training. It should be noted that
a trained pre-Al model is also obtained after the training of
pre-Al, which will be used for the online self-check function
(see Section I1.C).

In general, the size of S} is much smaller compared with
the whole grid. Thus, the determined S[3 by pre-Al can
effectively reduce the input feature dimension of post-Al to
improve the training efficiency. Moreover, S[} also simplifies
the number of PMU, which can save the installation costs of
PMU and relieve the burden of communication systems.

D. Online Self-check Function of DTSA

After a trained Al model is deployed online, it is difficult
to evaluate the validity of the model in real-time because
labeling the cases will take a lot of time. Nevertheless, the
proposed DTSA can verify the validity of the online TSA (that
is, the online self-check function) by comparing the correlation
between the predictions of pre-Al and post-Al. This function
can help operators to judge the intelligent model’s validity and
decide whether to retrain.

The online self-check process is shown in Fig. 4. First, we
need to prepare test cases for the online self-check function.
The cases can be obtained from the existing power systems
or simulations. Then the predictions of post-Al are used as
the labels of the cases. These labeled cases are used as a test
set for pre-Al to calculate the relative accuracy 7’ (that is, the
correlation between the predictions of pre-Al and post-Al).
The calculation of the correlation is described by:

7], - npost—AI_label/Nonline (4)

where Nonline iS the total number of the test set, Tpost—AT_label
is the number of cases in which the pre-Al and post-Al have
the same predictions. In general, the trained DTSA has a
relatively stable value of 1’ when the grid environment has
not significantly changed (more precisely, the real input data
has a similar distribution to the training set). The value of 7’
will decrease as the distribution of the input data deviates from
the training set. If 7’ is less than a predetermined value 7/ .,
DTSA will give a warning signal to retrain the intelligence
model, where 7/ ;,, can be determined according to the specific
requirements of the operators and the offline training results
(see Section IV for more details).
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Fig. 4. Online self-check process of DTSA.
Another important thing to notice is that: If the test cases

obtained from the existing power system are not enough for
online self-check, we can supplement the cases by simulations.

Because the case labels are generated by post-Al predictions
instead of the real transient stability label, we only need to
simulate the first few cycles, which ensures real-time online
self-checking.

III. MATHEMATICAL MODELS OF PRE-AI AND POST-AI

This sedtion introduces the mathematical models of pre-Al
and post-Al. The pre-Al and the post-Al are established by
time-delay neural networks (TDNN) and bidirectional long-
short-term memory networks (BiLSTM), respectively.

A. The Mathematical Model of Pre-Al

The following two rules should be followed in designing the
pre-Al to ensure the cooperation of the pre-Al and post-Al

1) The pre-Al and the post-Al should have the same input-
output structure to ensure their cooperation.

2) The pre-Al should have a relatively simple structure of
the neural networks to ensure computation efficiency.

Because TDNNs are more suitable for processing time
series compared with fully connected ANNs and can share
weight matrixes w in the time dimension [25], TDNN is
selected to construct the pre-Al. The structure of TDNN is
shown in Fig. 5, where yp,¢ is the output of TDNN at time ¢,
the input is the time series mi_T to mi, x is a vector (that is,
the state variables of buses), and the superscripts ¢, j, k are the
bus indices of the power systems. The pre-Al constructed by
TDNN can extract the time dimension features for the post-Al,
which are more suitable for describing the post-fault dynamic
process.

Features x

o\ F "
()

Fig. 5. The structure of the time-delay neural network.

B. The Mathematical Model of Post-Al

The post-Al should have strong feature extraction capabil-
ities for time series to generate an accurate TSA with the
sparse PUM sampling (that is, the extracted DBS by pre-Al).
Therefore, the BiILSTM is adopted to design the post-Al.

A time series usually has two directions, that is, the forward
and backward directions. However, the traditional RNN can
only obtain one direction’s information. To obtain the infor-
mation in both two directions, a bidirectional RNN is adopted,
as shown in Fig. 6, including the forward and backward layers.
The output y; is calculated by the following:

h*} = U(U)l.’bt + ’U)ght,1 + b*})
he = o(waxs + wsher1 +b) (5)
Yt = w4h—) + 'UJﬁh<_ + by
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Fig. 6. The structure of bidirectional recurrent neural network.

where h_, and h. are the output of the forward and backward
layer respectively, b_, and b are the bias on the forward and
backward layer respectively, b, is the bias on the final output,
x; and y; are the input and output of the bidirectional RNN at
time ¢ respectively. Compared with traditional neural cells, the
LSTM cell prolongs the memory and makes up the gradient
vanishing during the training process. The BiLSTM layer is
established by substituting the LSTM cells for traditional cells.

As shown in Fig. 7, the post-Al network is established by
using the BiLSTM layer. A dropout layer is added following
the BiLSTM layer to prevent overfitting during the training
process, and the probability of the dropout layer is 0.5. The
BiLSTM layer contains 128 hidden units, and the output size
of the fully connected layer is 2. At the end of the neural
network, a softmax layer is adopted to facilitate the final
classification of TSA.
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Fig. 7. The structure of post-Al neural network.

IV. CASE STUDIES

The DTSA is applied to the IEEE39-bus system in a larger
power system to evaluate the computational efficiency and
accuracy. The tests are conducted on a computer with an Intel
Core i5 CPU (3.4 GHz), 8 G of memory. The power system
department edit (PSDEdit), released by the China Electric
Power Research Institute, is used for simulation.

A. Cases Generation

In the existing power system, it is difficult to collect the
state variables of all buses. In addition, the actual PMU
data is highly imbalanced and concentrates in a stable state.
The actual operational experiences tell us that we can use
the simulation system to guide the operation of the existing
system (e.g., the annual calculation of the operational mode).
Therefore, the simulation system is used for DTSA training.
This also ensures that the DBS can be adjusted, in time, after
the grid topology changes. To obtain the time series (PMU
data), the sampling frequency is 50 Hz in the simulation.
The voltage phasors are adopted as the state variables of the

CSEE JOURNAL OF POWER AND ENERGY SYSTEMS, VOL. 9, NO. 3, MAY 2023

bus [10], [26]. The format of the collected initial data is shown
in (6), including voltage amplitude V' and phase angle 6.

Viig Vip Vi 011 Oip 017
Voiu  Vapo Var 021 029 07
Vi Ve Vur| [Om1 Om2 Om,T

(6)

where M is the total number of buses in the studied power
system, and 7" is the length of the time series. The initial input
feature dimension is 2M for a power system with M buses.
Based on the study in [13], we take 7" = 10 to prevent the
accuracy of the prediction results from being affected by the
small value of T

The case labels yrapel are determined by the maximum dif-
ference of the simulation rotor angle Ad,,. The determination
is described by (7) and (8).

360° — | Admax]

TSr = 20— 120max] 7

360° T [ Ao ™

] 0O stable, TSI >0 )
YLabel =9 | lnstable, TSI < 0

Since the TSA is a dual classification task, the cross-entropy
error function L is used for training the pre-Al and post-Al, as
shown in (9). During the training process, the adaptive moment
estimation (ADAM) optimization algorithm is used to optimize
the DTSA parameters by minimizing the loss function L. The
learning rate is reduced by 0.4 times every 60 iterations, and
the mini-branch size is 512.

N

L=- Z (ygabel 1Og ylgred + (1 - yfabel) log(l - ygred))
n=1
)

where NNV is the number of training cases, and yp .4 i the
prediction of the pre-Al or post-Al, namely y,.e and Ypost.

B. Case Studies of the IEEE 39-Bus System

In the IEEE 39-bus system, both generations and loads are
scaled by the ratio that is from 80% to 120%, and the (N —1)
contingencies are taken into account. The fault clearing time
is set to 0-0.4 s with an increment of 0.05 s. Consequently, a
total of 9,000 TSA cases are generated.

1) DBS Selection of Pre-Al

In the DBS selection of pre-Al, it is not necessary to conduct
training for the whole training set, which can further accelerate
the speed of DBS selection. Therefore, 1,000 cases are selected
randomly to train the pre-Al, where 85% is the training set,
and the remaining 15% is the testing set. Fig. 8 shows the
relationship between the accuracy 7. and the DBS (notice
that the horizontal axis is the order in which buses are joined
to the DBS). The number of DBS n should be greater than
four according to (3). Fig. 8 shows that 7. increases rapidly
with the first four buses added to DBS. Subsequently, 7,re
grows slowly as n increases, and 7. decreases slightly when
n is greater than 10 because the scale of the pre-Al limits the
ability to process the high-dimensional data, this phenomenon
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Fig. 8. mpre of offline training in IEEE 39-bus system (test set).

is also mentioned in [14]. As n further increases, 7y Will
remain relatively stable.

The top five buses selected by the pre-Al are listed in
Table I. It is noted that the DBSs selected by the pre-Al have a
high similarity, especially the first three buses, which indicates
that the pre-Al have convergence and could provide a stable
dataset for the post-Al training.

TABLE I
Topr FIVE BUSES SELECTED BY PRE-AIl WHENn = 5

No. Bus subset

1 27, 31, 19, 39, 8

2 27, 31, 39, 16, 24

3 27, 31, 39, 17, 21

4 27, 31, 26, 39, 17

5 27, 31, 39, 15, 18

2) Computing Time and Performance
The relative computing time reduction £ is used to describe
the computing demands in the training. £ is described by:

tO - (tpre + tpost)
to

where t( is the computing time spent on training without the
pre-Al (the initial PMU data are directly inputted into post-
Al), tpre is the computing time spent on the DBS selection,
and 0t 1S the computing time spent on the post-Al training.

The relationship between £a and n is shown as the black
line in Fig. 9. It can be seen that the preprocessing of initial
data by the pre-Al can effectively reduce the training time of
DTSA. When the number for DBS is less than 20, more than
one-fifth of the computing time can be saved. Even if 25 buses
are extracted, the computing time can still be reduced by 14%.
It is imperative to note that the total saved calculation time is
considerable because the neural network will be trained many
times to select the best option. The online response speed is
another important parameter. The relative reduction of online
average response time (RRART), the calculation is similar to
(10)', is adopted to evaluate the performance of the DTSA
in the online applications, see the red curve in Fig. 9. The
DTSA still saves about 9% online computing time. Note that

fat = (10)

'In the calculation of RRART, tg is the online response time of the post-Al
with the initial PMU data, tpost is the online response time of the post-Al
with the extracted data by pre-Al, and note that tpye is zero.

12
- 4‘:/\(
40 4 —*— RRART
10 e
g 5
Wi 20 4
N le 2
0 6

5 10 15 20 25
Number of DBS »

Fig. 9. &ay of training and RRART of online in IEEE 39-bus system.

TABLE II

COMPUTING TIME AND ACCURACY OF DIFFERENT INTELLIGENT
ALGORITHMS IN IEEE 39-BUS POWER SYSTEM

Method Accuracy Training Time (h) Number of PMUs
DTSA (n =5) 98.04%  0.75 5

DTSA (n = 20) 98.54%  0.95 20

ANN (fully connected) 92.09%  0.50 39

ANN (BiLSTM) 98.56%  1.28 39

DNN (fully connected) 96.32%  1.25 39

DNN (BiLSTM) 98.73% 1.63 39

CNN 97.01% 1.17 39

SAE 93.63% 0.72 39

SVM 93.00% 0.45 39

the DTSA will save more time in a large-scale power system,
see Fig. 16 for more details.

To further verify the accuracy of DTSA, the shallow ANN,
deep neural network (DNN), convolutional neural network
(CNN), stacked autoencoder (SAE), and SVM for the same
initial PMU data are compared in Table II. We can find that
the BILSTM can effectively improve the accuracy compared
with the fully connected neural networks, SAE and SVM. This
is primarily because the transient instability of power systems
is a dynamic time-domain evolution process. BILSTM layers
can more effectively learn and extract the characteristics of
the time series. Inversely, the fully connected networks, SAE,
and SVM are better suited to handle fixed-moment features.
CNN models can reuse the weights to improve the training
effect due to the presence of convolutional kernels. However,
for the time series, it is still inferior to BILSTM. Therefore, the
proposed DTSA and the neural networks with BiLSTM layers
have higher accuracy for the time series. BILSTM brings high
accuracy but also causes the training time to be longer. By
extracting the DBS, the proposed DTSA can effectively reduce
the training time and ensure the accuracy of the results.

3) Different Algorithms of Pre-Al

The effect of different pre-Al algorithms is tested in this
section. In the random method, the DBS is randomly selected
ten times for calculating the average accuracy. Note that some
recent studies use RF to extract key features [10]. Therefore,
we compare the accuracy of the DTSA and RF (the RF
is used to build the pre-Al). The RF uses an ensemble of
unpruned decision trees to sequentially select the dominant
buses (sequential forward selection, SFS).

Figure 10 shows that the average accuracy of the random
method is lower than the proposed DTSA and RF, indicating
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The accuracy in IEEE 39-bus system with different pre-Al

that the DBS determined by the heuristic algorithms is effec-
tive. By comparing the proposed DTSA with REF, it can be
seen that the accuracy of RF is lower than DTSA because the
RF is not suitable for the time series to obtain the dynamic
time-domain features. That is, the pre-Al does not satisfy the
first build principle in Section III.A, therefore the extracted
DBS by RF cannot be effectively used by the post-Al
4) Different Algorithms of Post-Al and the Influence of Mea-
surement Noise

To illustrate the advantages of using BiLSTM for the
post-Al, we compare BiLSTM with traditional LSTM.
Fig. 11 shows that the BiLSTM has higher accuracy than
LSTM and the improvement is greater when the number of
DBSs are reduced, because the BiILSTM can extract features
in both forward and backward directions of the time series.
Therefore, the BiLSTM layer of post-Al is more effective for
compressing the number of DBSs.

(%)

post

S 981 _
5 —=— BiLSTM
£ —=—LSTM
3
<
()7_ T T T T T
5 10 15 20 25

Number of DBS n

Fig. 11. The accuracy in IEEE 39-bus system with different post-Al network
structures.

In the previous analyses, we assume that the acquired data
are noise-free. However, in the exciting power systems, the
PMUs may suffer from sampling noise. Therefore, we add
different noise levels to the generated cases [27] to test the
DTSA responses. The training results of DTSA are shown in
Fig. 12. It can be noted that the accuracy is slightly decreased
when the noise level is less than 10%. When the noise is
40%, the accuracy will drop by about 7 %. In the existing
power system, we have requirements for the performance of
the PMU. According to [28], the sampling error of PMU
should be less than 1%. Therefore, the proposed DTSA can
achieve high performance even considering the measurement
noise.
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Fig. 12. Training results of DTSA in different noise levels.

5) Online Self-check Function of DTSA

Because the training process of DTSA does not consider
the grid topology changes, the online self-check function is
verified by changing the topology of the IEEE 39-bus system.
The combinations of the cutting-off lines are listed in Table III.
The lines 4-14 and 18-17 are heavy-load lines (P(active
power) > 150 MW), while the lines 11-12, 3-4, 8-9, and
22-23 are light-load lines (P < 80 MW).

TABLE III
COMBINATIONS OF CUTTING LINES IN IEEE 39-BUS SYSTEM

No.

cutting off lines
1 4-14

2 4-14, 34

3 4-14, 18-17

4 4-14, 34, 18-17
5 34
6

7

8

9

34, 3-18
34, 8-9, 22-23
34, 8-9
11-12
10 11-12, 34
11 11-12, 34, 8-9
12 11-12, 34, 8-9, 22-23

The test sets with different grid topologies are prepared.
Tpost and 7’ are shown as the black and red lines in Fig. 13,
respectively. The proposed DTSA has lower accuracy in com-
binations No.3 and No.4 and has higher accuracy in No.9,
because the removed lines in No.3 and No.4 are heavily
loaded, and the removed line in No.9 is lightly loaded.

The correlation coefficient C' is calculated as follows:

Cov(X,Y)
Var[X|VarlY]

where C'ov(X,Y) is the covariance of X and Y, Var[X] and
Var|Y] are the variance of X and Y, respectively.

By computing the coefficient C' between 7,05 and 7/, we
find that C is greater than 0.5 even if n = 5. Generally, when
C > 03, X and Y are considered to be correlated. That is,
1’ can be used to reflect the actual accuracy of DTSA.

For an online self-check, two situations are considered. The
first situation is that the DTSA works completely indepen-
dently and should maintain high accuracy. That is, 1" should
be sensitive to the topology changes to ensure the accuracy of
DTSA. As shown in Fig. 13, even if only one line is cut off,
7’ will drop below about 80%. Note that before the topology

C(X,Y) = (1)



WANG et al.: DATA-DRIVEN TRANSIENT STABILITY ASSESSMENT USING SPARSE PMU SAMPLING AND ONLINE SELF-CHECK FUNCTION

C=0.549

np()st or 77, (%)

917

C=0.534 Mpost

Mpost OF 11" (%0)

No.of the combinations (#=5)

90 1 C=0.794

Mpost OF 11" (70)

No.of the combinations (#=10)
C=0.919

”post or ;7' (%)

5 10
No.of the combinations (n=15)

Fig. 13. Correlation between npost and n’ in IEEE 39-bus system.

changes, 1’ is approximately equal to 1pre (87%). If 1], ;,, is set
to 87%, all combinations of cutting off lines meet ' < 7 ;.
Thus, the online self-check can provides a warning and request
to exit the run.

Since the training set cannot cover the whole operating
state-space of power systems, it is difficult for current intel-
ligent methods to guarantee the absolute reliability of TSA.
The second situation is that the proposed DTSA is utilized
as an auxiliary tool for operators to determine the stability
of the power system. In this situation, the requirements for
DTSA accuracy are not strict. For example, if the accuracy is
greater than 80% after the topology changes, the DTSA still
has a reference for operators to make a decision. As shown in
Fig. 13, as long as combinations No.3 and No.4 are extracted,
the actual DTSA accuracy can be guaranteed above 80% (the
black dashed line). With the help of the correlation between
Mpost and 1, if n/ ;  is set in the red shaded area as shown in
Fig. 13, the DTSA could meet the requirements. Even if n =
5, the online self-check can still be implemented.

The calculation of 7,0 requires real transient stability
labels, which leads to a longer simulation time so that it cannot
be applied online. The proposed online self-check function
does not require real labels because the labels are determined
by the post-Al, which greatly accelerates the generation of
the test set. In the IEEE 39-bus system, it takes only 0.05 s
to generate a usable case of DTSA, while it takes 10 s to
generate a case with a real transient stability label. Parallel
computing can further reduce the generation time of the test
set. Therefore, the proposed DTSA can ensure real-time online
self-checking.

C. Case Studies of the 300-Bus System

This section verifies the effectiveness of the DTSA in a large
power system.
1) Introduction to the 300-bus System and Cases Generation

According to the current power supply situation in China
and combined with relevant operating data, the 300-bus re-

5 10
No.of the combinations (#=20)

newable energy system with an AC/DC hybrid power grid? is
established as shown in Fig. 14. The 300-bus system includes
93 generators (generation capacity 26,857 MW) and 168 loads
(total load 26,584 MW). This system is divided into three
areas: The power supply in area-1 is primarily hydropower,
area-2 includes a renewable energy power generation subarea
and a hydroelectric-thermal power generation subarea, area-
3 includes a distributed distribution network and large load
subarea and area-3 has less installed capacity. The 300-bus
system has seven cross-area DC lines, including three lines
from area-1 to area-3, three lines from area-2 to area-3, and
one line from area-2 to area-1.

Distributed
distribution
New energy network
area
Hydropower _ [— — -
/__\area //Agga_Z N \\\
/s \ /-7 SV N \\
/ Areal \/< \ ) Area 3y
P FATANE = G i of
(\ ,JFLf 4'&1/ -3 I'l ad 1 \,
R L NS Ny ( }
\ F T ’/L} N M B
\ ( — 7}: B /N 2
AR /<< > N /17
N ~_ \ Yl
Hydropower Thermal Load center
area power area

Fig. 14. Diagram of the 300-bus system.

PSDEdit software is used to simulate the test system to
generate the training and test set. In the simulation, the power
generation and load are between 90% and 110%, and the
system is scanned for (N — 1) contingency sets. The fault
clearing time is set between 0 and 0.4 s, and 20,000 cases are
generated.

2The 300-bus test system is developed by the China Electric Power
Research Institute.



2) Automatic Selection of DBS Based on Pre-Al

One thousand cases are selected from the total cases for the
pre-Al to extract the DBS, where 85% of the selected cases
are the training set, and the remaining 15% are the testing
set. Fig. 15 shows one calculation result of the relationship
between 7, and the number of DBS n. According to (3),
n should be greater than 7. As n further increases, 7pre Will
remain relatively stable.
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Fig. 15. Accuracy of pre-Al in the 300-bus system (test set).

In subsequent calculations, to ensure the computing speed
of pre-Al, we evenly divide the 300 buses into ten groups
and only need to select the optimal buses from the mini-
groups. For every traversal of the 300 buses, ten buses can
be extracted, which can improve computing efficiency in a
large power system to define the DBS.

3) Computing Time and Performance

In the DTSA training, 85% of the total cases are the training
set, and the remaining 15% are the testing set. The DTSA
accuracy is shown as the blue curve in IV-C4. Even if only
ten buses are extracted from the 300 buses, the DTSA still
maintains high accuracy (> 97.8%). The accuracy will slightly
decrease when n = 30 or 40, which is primarily due to
the limitation of post-Al size. In addition, the value &a is
calculated by (10), as the black curve in IV-C4. When the
number of the DBS is less than 50, DTSA can save more
than 85% of computing power during the training process.
Even for online applications, the RRART is about 65%. It is
indicated that, in a large power system, the proposed DTSA
can still generate an accurate TSA with sparse PUM sampling
by combining the pre-Al and post-Al. Compared with the
results of the IEEE 39-bus system, the proposed DTSA can
save more computing power, that is, DTSA is more suitable
in a large power system.

4) Online Self-check Function

To verify the online self-check function in the 300-bus
system, the combinations of the cutting-off lines are shown in
Table IV. The lines 3L-4-12, 3L-53-3L-54 and 3L-37-3L-38
are heavy-load lines (P > 500 MW), 3L-36-3L-37, 3L-26-
3L-27 and 3L-12-3L-13 are light-load lines (P < 100 MW).

As shown in Fig. 16, the actual DTSA accuracy npost
is significantly reduced after heavy-loaded lines (e.g., No.3,
No.5, and No.6) are cut off compared with light-loaded lines.
When n = 10, the correlation coefficient between 7,05 and
7’ is 0.89. That is, 1’ still can be used to reflect the actual
accuracy of DTSA. As long as 7/ ;. is set in the red shaded
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TABLE IV
COMBINATIONS OF CUTTING LINES IN 300-BUS SYSTEM

No.  cutting off lines

1 3L-36-3L-37

2 3L-36-3L-37, 3L-26-3L-27

3 3L-36-3L-37, 3L-26-3L-27, 3L-12-3L-13
4

5

6

3L-4-3L-12
3L-4-3L-12, 3L-53-3L-54
3L-4-12, 3L-53-3L-54, 3L-37-3L-38
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Fig. 16. &ay of training and RRART of online in 300-bus system.
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Fig. 17. Correlation between npost and 7’ in 300-bus system.

area in Fig. 17, the value 7,05t can be guaranteed to be above
85%. Moreover, it should be noted that the decrease of 7ot
in a large-scale system is smaller than the IEEE 39-bus system
because the stability of a large power system is more robust.
Therefore, the proposed DTSA has more application value in
a large power system.

V. CONCLUSION

The DTSA is proposed with sparse PMU sampling and
online self-checking by integrating different Al algorithms. In
DTSA, the pre-Al locates the DBS, which can significantly
reduce the computation costs and ensure TSA accuracy for
large power systems. The extracted DBS can reduce the
number of PMUs and relieve the burden of the communication
systems. The online self-check function of DTSA is achieved
by the correlation between the pre-Al and post-Al predictions,
which can ensure the online TSA’s validity when the power
system changes.

Although the combination of multiple Al algorithms is used
for TSA in this study, it could be readily extended to other
applications in power systems. The proposed method provides
a reference for properly combining multiple Al algorithms to
solve practical problems in power systems.
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