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Abstract——Since the scale and uncertainty of the power sys‐
tem have been rapidly increasing, the computation efficiency of 
constructing the security region boundary (SRB) has become a 
prominent problem. Based on the topological features of histori‐
cal operation data, a sample generation method for SRB identi‐
fication is proposed to generate evenly distributed samples, 
which cover dominant security modes. The boundary sample 
pair (BSP) composed of a secure sample and an unsecure sam‐
ple is defined to describe the feature of SRB. The resolution, 
sampling, and span indices are designed to evaluate the cover‐
age degree of existing BSPs on the SRB and generate samples 
closer to the SRB. Based on the feature of flat distribution of 
BSPs over the SRB, the principal component analysis (PCA) is 
adopted to calculate the tangent vectors and normal vectors of 
SRB. Then, the sample distribution can be expanded along the 
tangent vector and corrected along the normal vector to cover 
different security modes. Finally, a sample set is randomly gen‐
erated based on the IEEE standard example and another new 
sample set is generated by the proposed method. The results in‐
dicate that the new sample set is closer to the SRB and covers 
different security modes with a small calculation time cost.

Index Terms——Clustering analysis, principal component analy‐
sis (PCA), sample generation, security region boundary (SRB).

I. INTRODUCTION 

WITH the increasing penetration of renewable energy 
and the rapid development of electrical vehicles, ener‐

gy storage devices, etc., uncertainties on both the supply and 
demand sides reduce the predictability of the operation states 
of the power system [1]. Traditional methods of determining 
the power limit of transmission sections based on given pow‐
er adjustment directions can hardly reflect the secure opera‐
tion boundary of the power system with high penetration of 
renewable energy [2], [3]. Security region boundary (SRB) 
methodology can determine the security and stability margin 

of the power system under uncertain power adjustment direc‐
tions. According to the distance between the current opera‐
tion point and the SRB, the security and stability status of 
the power system can be evaluated intuitively and quantita‐
tively [4]-[6]. Therefore, constructing SRB can ensure the se‐
cure and stable operation of the power system with high un‐
certainties.

The research methods for constructing SRB include the an‐
alytic method and fitting method. The analytic method de‐
duces the analytic expression of SRB near a critical opera‐
tion point by linear approximation [7], [8], normal vector 
method [9], and hyperplane construction [6], [10]. To obtain 
the complete boundary information of SRB, the critical 
points containing all different security modes should be cal‐
culated. The fitting method constructs the SRB with hyper‐
plane equations based on the distribution of enough critical 
operation points. The linear fitting method is the most direct 
way to constructing the SRB in the local range [11]. The 
convex hull fitting method is adopted to obtain the nonlinear 
part of SRB [12], [13].

Both the analytic method and fitting method need a large 
number of critical operation points to construct the complete 
SRB. The critical operation points are obtained by the point-
wise method or the power injection space traversal method 
[14], [15]. However, the enormous calculation burden of gen‐
erating critical operation points covering the entire SRB 
makes these methods difficult to meet the requirements of 
engineering applications. Based on historical operation data, 
the artificial intelligence (AI) methods have been widely ap‐
plied to generate a large number of operation points with a 
small calculation time cost. AI methods are used to over‐
come the problems of too many similar samples and insuffi‐
cient diversity in historical operation data, such as Wasser‐
stein generative adversarial network (WGAN) [16], condi‐
tional generative adversarial network (CGAN) [17], long 
short-term memory (LSTM) [18], and deep neural network 
(DNN) [19]. Because of the “black box” nature of these 
models, the conclusions of AI methods have problems of 
low model transparency and weak interpretability. It is re‐
quired to adopt another AI method to perform a fast security 
and stability assessment to identify the SRB. Additionally, 
there are very few research works providing a standard num‐
ber and distribution status of the samples used to fit the 
SRB.
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Instead of generating critical operation points by travers‐
ing different power adjustment directions, this paper propos‐
es a method that can generate evenly distributed samples to 
cover dominant security modes based on the topological fea‐
tures of SRB. The boundary sample pair (BSP) composed of 
a secure sample and an unsecure sample is defined to de‐
scribe the feature of SRB. The resolution, sampling, and 
span indices are designed to evaluate the coverage degree of 
existing BSPs on the SRB and generate samples closer to 
the SRB. Based on the feature of flat distribution of BSPs 
over the SRB, the principal component analysis (PCA) is ad‐
opted to calculate the tangent vectors and normal vectors of 
SRB. Then, the sample distribution can be expanded along 
the tangent vector and corrected along the normal vector to 
cover different security modes with a small calculation time 
cost.

II. CHARACTERISTICS OF SRB 

Taking the steady-state operation of the power system as 
an example, the power system can be formulated using a set 
of power flow equations and a set of inequalities describing 
the constraints as expressed in (1).

ì
í
î

F(x)= 0

G(x)> 0
(1)

The state vector x, which can uniquely determine the pow‐
er flow solution, is marked as an operation point. Secure op‐
eration points are those vectors that can be solved in the 
power flow equations F(x) =0 and satisfy the constraint in‐
equalities G(x)>0. The set of all the operation points meet‐
ing the power flow equations and constraint inequalities 
makes the steady-state security region.

To facilitate the engineering applications, it is preferred to 
focus on the SRB in the decision space, which means using 
a set of decision parameters instead of all the state parame‐
ters to make the parameter space. Taking studying the ther‐
mal security region as an example, the power injection space 
is usually used to determine the security status.

Within the scope of simplifying power flow equations us‐
ing linear functions, the affine transformation can be applied 
to the state constraints to shape the SRB and the decision pa‐
rameters [20]. When the constraint inequalities are composed 
of the variables of state vectors and constants of upper or 
lower boundaries, the shape of the SRB in the state vector 
space is a hypercuboid. Each hyperplane on the cuboid re‐
fers to a constraint inequality of the corresponding state vari‐
able. According to the affine transformation, the SRB in the 
decision space is a hyperpolyhedron. The hyperplanes on the 
hyper polyhedron and the hypercuboid are in one-to-one cor‐
respondence.

Considering the nonlinear parts in the power flow equa‐
tions, the hyperplanes may be bent or twisted, but the con‐
clusion to the topology characteristics of the SRB remains, 
i. e., within the acceptable range of the engineering applica‐
tion, the SRB in the decision space is a simply-connected 
and compact manifold without boundary. The operation 
points located within the manifold are secure samples, and 
those outside the manifold are unsecure ones.

The distribution of historical operation data in the deci‐
sion space is a probability model. Without preventive ac‐
tions, the distribution of the operation data and the SRB 
model are independent of each other. High uncertainty in 
power systems means that the probability model has a wider 
distribution and is more likely to intersect with the SRB. 
This paper proposes to study the samples around the intersec‐
tion area. New samples are generated closer to the SRB. 
Then, the sample distribution is expanded based on the topol‐
ogy characteristics of the SRB to obtain samples in different 
fault modes that are likely to happen, but not included in the 
data set. The flowchart of the above procedure is shown in 
Fig. 1.

III. DEFINITION OF BOUNDARY SAMPLES 

Unsecure samples in the historical operation data can be 
used to study the intersection region of the sample distribu‐
tion and the unsecure region. If there are few unsecure sam‐
ples in the historical operation data, it is feasible to create 
some unsecure samples according to the known security 
modes. By studying the topology relationship between se‐
cure samples and unsecure samples, part of the SRB that in‐
tersects with the historical sample distribution can be located.

Given an unsecure sample B in the decision space, for ev‐
ery secure sample A, there must be at least one critical sam‐
ple C on the SRB located on the line between samples A 

Analyze distribution of historical operation data

Generate samples closer to SRB 

SRB hyperplane

Unsecure sample; Secure sample

Original 

distribution

Occurred 

fault mode

Highly dangerous

 fault mode
Possible fault mode

Possible fault

 mode

Sample expansion direction

Expand sample distribution by tracking SRB

Locate more possible fault modes

(a)

(b)

(c)

Fig. 1. Flowchart diagram of sample generation. (a) Flowchart of proposed 
method. (b) Diagram of generating samples closer to SRB. (c) Diagram of 
expanding sample distribution.
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and B. For every secure sample or unsecure sample, a criti‐
cal sample can be potentially located. To reduce the calcula‐
tion burden, not all the secure samples need to be studied. A 
few secure samples that are close enough to the unsecure 
samples can be selected to form the BSPs.

In a 2-dimensional decision space, the samples can be dis‐
tributed as shown in Fig. 2. BSPs are linked with the blue 
dot line. A sufficient condition marking boundary samples 
out of the sample set in an N-dimensional decision space 
can be described as follows.

For a secure sample, there should be an unsecure sample 
within a certain Euclidean distance in the decision space:

{"AÎ S $BÎU
s.t.  |A -B| < d (2)

where S and U are the secure sample set and the unsecure 
sample set, respectively; and A and B can be described with 
the decision vectors. A and B are combined into a BSP, and 
the modulus of their difference should be less than a con‐
stant value d.

The constant value d is introduced to reduce the computa‐
tion burden caused by the massive historical operation data. 
It is set to be the minimum value when all unsecure samples 
can be included in the BSPs, as expressed in (3).

d =max(minΩu ´ s [i:])    i = 12...u (3)

where Ωu ´ s is the matrix of the distances between the unse‐
cure samples and secure samples; and s and u are the num‐
bers of secure samples and unsecure samples, respectively.

IV. EVALUATION OF HISTORICAL SAMPLES 

BSPs cover most information of the SRB in historical op‐
eration data. Whether the BSPs are sufficient to deliver the 
information of the SRB can be assessed from three aspects 
as follows.

1) Length of BSP. A BSP is equivalent to a critical opera‐
tion point if the length of BSP approaches 0. Such length 
should be as short as possible. The overall length of BSP is 
chosen to be the first index named resolution.

2) Distance between BSPs. The density of BSPs can be 
equivalent to that of critical operation points on the SRB. 
The overall distance between BSPs is used to represent the 

density, which is the second index named sampling.
3) Span of BSP distribution. The span of the BSP distribu‐

tion represents the range of detectable SRB, which is the 
third index named span.

A. Resolution

The first index for sample resolution RSL can be derived 
as:

1
RSL

=
1
d

1
m∑i = 1

m

|Ai -Bi| (4)

where m is the number of BSPs; and Ai and Bi are the deci‐
sion vectors of the secure sample and unsecure sample in 
the ith BSP, respectively. The threshold value d is introduced 
to normalize the index.

Resolution can be supplemented with the interpolation 
method, i. e., inserting a new sample Ci between Ai and Bi. 
Simulate on Ci and determine its security status. Replace Ai 
with Ci if it is a secure sample, or replace Bi with Ci if it is 
an unsecure sample. The new BSP contributes better resolu‐
tion than the original one.

A constant value e can be set to represent the maximum 
tolerated length of the BSPs. For any BSP satisfying |Ai -
Bi| >e, generate a new sample Ci as:

Ci =Ai + (A i -Bi )/2 (5)

Simulate on Ci and a new BSP is formed. Repeat the pro‐
cedure until all BSPs satisfying |Ai–Bi| £ e.

B. Sampling

To generate samples distributed evenly in the decision 
space, [15] proposed a procedure of generating samples to 
track SRB with the fixed step length and made examples in 
2- and 3-dimensional spaces, where the SRB is the combina‐
tion of lines and planes, respectively. But for an N-dimen‐
sional space, the SRB becomes the combination of N - 1 hy‐
perspaces, which indicates that the number of samples need 
to make a hypernet exponential increases, which caused the 
curse of dimensionality.

To avoid the calculation and evaluation seriously affected 
by dimensions, a list scheme called neighboring samples is 
proposed. The list scheme is defined according to the single 
linkage clustering procedures as follows.

Step 1: for samples in S, form a distance matrix as Ω(0)
s × s.

Step 2: locate the minimum element of distance matrix 
dL1, L2

. Samples L1 and L2 make a neighboring sample pair 

with distance lS,1. Combine L1 and L2 to a new cluster as M.
Step 3: calculate the distance between M and another ele‐

ment N as dM, N = min(dL1, N, dL2, N ). Form a new distance ma‐

trix Ω(1)
(s - 1)×(s - 1) with the cluster M and other elements main‐

tained.
Step 4: repeat Step 2 until all the elements are combined 

into one cluster. Neighboring samples of S are obtained.
The average distance between the neighboring BSPs is de‐

fined as the sampling index SA.

1
SA

=
1
d

1
m - 2 ( )∑

i = 1

s - 1

lSi +∑
i = 1

u - 1

lUi (6)

Secure sample

Unsecure sample

SRB
BSP

y

x

Fig. 2.　Diagrammatic sketch for boundary samples around part of SRB.
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where lSi and lUi are the distances between the neighboring 
secure and unsecure samples, respectively.

Instead of adding samples in the whole hyperspace, new 
samples are generated between the most distant neighboring 
samples, which are the most vacant areas of samples. BSPs 
under different security risks tend to be distributed separate‐
ly, and hidden security risks may be located among them. 
Generating samples in the most vacant areas could detect 
these risks and make the overall distribution continuous.

For all neighboring samples Li and Lj that satisfy |Li−Lj|>
e, new samples Ck are formed as:

Ck =L i + k(L i -L j )/n    k = 12...n (7)

where n is the number of samples generated between the 
neighboring samples. By setting n=|Li−Lj|\e, new samples are 
ensured to have neighboring distances smaller than e.

C. Span

The span of the samples SPAN describes the range of BSP 
in the feasible decision space. The actual SRB is unknown 
yet, and the coverage percentage of BSP to SRB is not feasi‐
ble, so a relative value of the coverage percentage of BSP to 
the decision space is created instead. Considering the effect 
of dimensionality, the percentages of dimensions are added 
instead of multiplied to calculate the volume.

SPAN =∑
i = 1

N aimax - aimin

ηiup - ηilow
(8)

where N is the number of dimensions; aimax and aimin are 
the maximum and minimum values of the parameters of all 
the BSPs, respectively; and ηiup and ηilow are the ith upper 
and lower boundaries of the feasible decision space, respec‐
tively.

V. BOUNDARY SAMPLE GENERATION 

It is proven that the SRB caused by a certain security 
mode can be approximated with a hyperplane [20]. The actu‐
al SRB is the combination of several hyperplanes. The BSPs 
can be classified into several sets according to their domi‐
nant security modes to construct the SRB. Each set is stud‐
ied individually and the sample distribution is expanded 
along with the corresponding SRB until the simulation analy‐
sis of the new sample reveals that the security mode changes.

A. Tangent and Normal Vector Computation

To determine the directions of generating new samples 
and correcting parameters when the generated BSP loses 
track to the SRB, the tangent vectors and normal vector of 
the hyperplane are to be found.

Besides using analytic methods or sensitivity analysis to 
obtain the tangent vectors and normal vector of the SRB hy‐
perplane, a statistical method based on the previous sample 
generation results is proposed. After resolution and sampling 
compensation, it is expected that the BSPs are flat distribut‐
ed along the SRB. On this basis, the vectors from the center 
to the edges can be used as the tangent vectors and the nor‐
mal vector can be obtained using principal component analy‐
sis (PCA).

PCA is a common statistical method for dimension reduc‐
tion and feature extraction. In this paper, PCA is proposed to 
be used differently. The geometric interpretation of PCA is 
finding the largest projection of the distribution as the 1st 
principal component. Among the normal directions of the 1st 
principal component, the largest projection is found as the 
2nd principal component. For flat distribution samples over a 
hyperplane, the least principal component should be the nor‐
mal vector of this hyperplane. The detailed steps are as fol‐
lows.

1) Divide U into U1,U2, ..., Ur according to the security 
risks, where r is the number of possible security modes. Ac‐
cording to the BSP relationship, S is also divided into 
S1, S2, ..., Sr. For each set, perform the following procedures 
to obtain the tangent vectors and the normal vector.

2) Compute the expectation of Ui as:

E(Ui )=
1
m∑j = 1

m

B i.j (9)

where m is the number of samples in Ui; and Bij is the jth 
unsecured sample in Ui.

3) Find the samples with the largest k th parameter among 
Ui noted as Bimaxk. Compute Bimaxk -E(Ui ) and its unit vec‐
tor uimaxk. Repeat it for all dimensions and their minimum 
value. The tangent vectors are obtained.

4) Compute the covariance matrix Σi for Ui as:

Σi =E(Ui -E(Ui ))(Ui -E(Ui ))
T (10)

The minimum eigenvalue and the corresponding eigenvec‐
tor of Σi are noted as wimin and vimin, respectively. vimin can 
be used as the normal vector of the SRB formed by the ith 
security mode.

5) To make sure the normal vector points outwards the 
SRB, check if vi,min satisfies (E(Ui )-E(U S))vimin < 0, and 
let vimin =-vimin.

By performing the above procedures, the tangent vectors 
and normal vector of the SRB can be obtained.

B. Expanding Sample Distribution

With the previous work, new samples can be generated 
along the tangent vectors for Si and Ui. Taking unsecure sam‐
ples in the kth maximum direction of Ui as an example, 
Cimaxk can be generated with Bimaxk and uimaxk as expressed 
in (11).

Cimaxk =Bimaxk + euimaxk (11)

Perform simulation on Cimaxk. It is expected that it should 
be an unsecure sample. If the result is secure, correct the pa‐
rameters with vimin as expressed in (12).

C 'imaxk =Cimaxk + evimin (12)

Perform simulation on C 'imaxk. It is expected that it should 
be an unsecure sample.

New samples generated from Si and Ui on the same kth pa‐
rameter direction make a new BSP. Procedures in Section III 
can be applied to narrow its distance and generate more sam‐
ples.
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VI. SAMPLE GENERATION PROCEDURES 

The sample generation procedure can be divided into two 
phases, namely index analysis and sample generation, as 
shown in Fig. 3.

The overall process starts with a sample set consisting of 
a large number of secure samples and some unsecure sam‐
ples covering the known security modes. The Euclidean dis‐
tance matrix Ω of the sample set is computed in the first 
step. Then, the original sample set can be evaluated with the 
indices.

Most of the historical operation points are secure samples 
and tend to be far from the SRB. To make sure that there 
are enough BSPs to start with, the threshold value of the ini‐
tial boundary sample d is set to be a relatively large number, 
so that all the unsecure samples can be included. A large d 
leads to a low sample resolution index. The first step of sam‐
ple generation is drawing samples closer to the SRB to im‐
prove the resolution index with the interpolation method. To 
identify changes in security modes of SRB and locate their 
positions, the second step is sampling supplement. The clus‐
tering analysis is adopted to link the neighboring BSPs and 
the interpolation method is adopted to generate samples in 
the most vacant areas.

With evenly distributed large number of sample pairs for 
each security mode, an applicable environment for PCA is 
established. After calculating the tangent vectors and normal 
vectors using PCA, the sample distribution can be expanded 
so that the security modes absent in the data can be discov‐
ered.

VII. SIMULATIONS 

In this section, the proposed method is verified on the 
IEEE 39-bus system, which is designed to identify the ther‐
mal security region in the active power injection space with 
2, 3, and 5 dimensions. Other two sample generation meth‐
ods based on the WGAN and traversing SRB with fixed 
steps are also performed for comparison. The sample genera‐
tion programs are built in Python. The security analysis of a 
single operation point is obtained using Pypower. The hard‐
ware for the calculation of the proposed method is a person‐

al computer with an Intel Core i7-13700F 2.10 GHz CPU 
and 32 GB RAM. The WGAN is trained on NVIDIA Ge‐
Force GTX 3070Ti GPU.

A. Parameter Space Setup

To visualize the results and investigate the effectiveness of 
the proposed method, a 2-dimensional decision space is gen‐
erated. The IEEE 39-bus system is divided into 3 zones ac‐
cording to power transmission directions, as shown in Fig. 
4. The active power of generators in zone 1 is multiplied by 
a number denoted as P1 and the active power of loads in 
zone 3 is multiplied by a number denoted as P2. The differ‐
ence in power is balanced by the slack generator at bus 31.

B. Steady-state Secure Region

The actual secure region is shown in Fig. 5(a), which is a 
polygon consisting of five straight lines, representing five 
different branches that could potentially fail the security 
check. The five secure modes are marked with the bus num‐
bers on each side of the branch.

100 samples are normally randomly generated around 
(1, 1) as the original sample set, as shown in Fig. 5(b). The 
unsecure samples only consist of three secure modes, i. e., 
overcurrent occurs on branches 6-11, 2-3, and 2-25. 40 sam‐
ples are selected from the 100 original samples as BSPs, as 
shown in Fig. 5(c).

The proposed method generates 92 samples based on 
BSPs, as shown in Fig. 6(a). During the sample expansion, 
the secure modes of overcurrent on branches 5-6 and 17-18 
are discovered.

Form BSPs
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each security mode
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Fig. 3.　Flowchart for index analysis and sample generation.
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WGAN is adopted to generate samples using the BSPs as 
the training set. The model parameters of WGAN are shown 
in Table I. The 90 generated samples in 3 epochs after the D-
loss converges are used as the sample generation results. 
The generated sample distribution using WGAN is shown in 
Fig. 6(b). The samples generated by WGAN cover three se‐
curity modes of overcurrent on branches 6-11, 2-3, and 2-25.

The indices of the above three methods in the 2-dimen‐
sional thermal security problem are compared, as shown in 
Table II. Note that the time cost of WGAN includes the 
training time cost and security check of the samples.

In the 2-dimensional thermal security problem, the travers‐
ing method is faster than the other two methods. It can gen‐
erate samples that cover the entire SRB. The proposed meth‐

od has advantages in resolution and sampling rate index and 
is also able to generate samples covering all five security 
modes. WGAN costs more training time and it only increas‐
es the sample with the same distribution as the BSPs, mak‐
ing the generated samples less worthy.

C. Sample Generation in 3- and 5-dimensional Hyperspaces

A 3-dimensional hyperspace can be created by setting the 
increased rate of active power of generators in zone 1 as P1, 
setting the increased rate of active power of loads in zone 2 
as P2, and setting the increased rate of active power of loads 
in zone 3 as P3.

The actual security region is shown in Fig. 7(a), which is 

TABLE II
INDICES OF THREE SAMPLE GENERATION METHODS IN 2-DIMENSIONAL 

THERMAL SECURITY PROBLEM

Method

The proposed 
method

WGAN

Traversing 
method

Time 
cost (s)

1.692

16.945

1.060

Number of 
security modes

5

3

5

Span

0.681

0.520

0.875

Resolution

1.883

1.531

1.942

Sampling 
rate

9.308

8.992

8.636

TABLE I
MODEL PARAMETERS OF WGAN

Model parameter

Discriminator training times in each epoch

Generator training times in each epoch

Batch size

Learning rate

Epochs

Value

5

1

30

0.0005

3000

Branch

5-6 Branch

2-3

Branch

2-25

Branch

6-11
Branch

17-18

0.8

0.7 0.8 0.9 1.0 1.1 1.2 1.3

0.9

1.0

1.1

1.2

1.3
P

2

P1

Secure region; Unsecure region

(a)

0.8

0.9

1.0

1.1

1.2

1.3

0.7 0.8 0.9 1.0 1.1 1.2 1.3

Secure sample; Unsecure sample

(b)

0.8

0.9

1.0

1.1

1.2

1.3

0.7 0.8 0.9 1.0 1.1 1.2 1.3

Secure sample; Unsecure sample

(c)

P
2

P
2

P1 P1

Fig. 5.　2-dimensional actual secure region and distributions of generated samples. (a) Actual secure region. (b) Normal randomly generated samples. (c) 
BSP distribution.
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Fig. 6.　Sample distribution of three sample generation methods in 2-dimensional space. (a) Proposed method. (b) WGAN. (c) Traversing method.
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a polygon consisting of six planes, representing six different 
branches that could potentially fail the security check. 500 
samples are normally randomly generated around (1,1,1) to 
be the original sample set, as shown in Fig. 7(b). The unse‐
cure samples only consist of four security modes, i.e., over‐
current occurs on branches 6-11, 2-3, 5-6, and 2-25.

Using the proposed method, 226 samples are generated, as 
shown in Fig. 8(a). By expanding the span, the overcurrent 
on 17-18 is discovered. By adjusting the batch size to 50 
and using WGAN to generate samples, 250 samples are gen‐
erated in the five batches after D-loss converges, as shown 
in Fig. 8(b). The generated samples consist of four security 
modes like the original sample set. The traversing method 
generates 3405 samples, as shown in Fig. 8(c). The generat‐
ed samples cover all 6 security modes.

The indices of the above three methods in the 3-dimen‐
sional thermal security problem are compared, as shown in 
Table III.

In the 3-dimensional thermal security problem, the travers‐
ing method covers the entire SRB and achieves better scores 
in the three indices, but takes much more time than other 
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two methods. The proposed method takes the least time and 
has decent indices. The problem is that one security mode is 
missing in the generated samples. By comparing Fig. 7(a) 
and Fig. 7(b), it can be concluded that the original sample 
distribution is distant from the SRB of the fault on branch 
16-17, which means that the chance that the operation point 
shifting to fault on branch 16-17 is relatively small.

By setting the increased rate of active power of generators 
in zone 1 as P1, setting the increased rate of active power of 
loads in zone 1 as P2, setting the increased rate of active 
power of loads in zone 2 as P3, setting the increased rate of 
active power of generators in zone 3 as P4, and setting the 
increased rate of active power of loads in zone 3 as P5, a 5-
dimensional decision space is created by applying the above 
procedures to generate samples.

Using the traversing method would generate millions of 
samples in the 5-dimensional decision space, and could take 
days for sample generation and evaluation. The calculation 
burden is getting massive as the dimensionality increases. As 
a result, only the proposed method and WGAN are com‐
pared in the 5-dimensional thermal security problem, as 
shown in Table IV.

In the 5-dimensional space, the proposed method takes 
longer time than WGAN. From the aspect of indices, the 
proposed method shows an advantage in span and covers 
more security modes, but achieves less resolution and sam‐
pling rate. The numbers of samples generated by the two 
methods are similar but the difference in their span indices 
is significant, which means the density of samples generated 
by WGAN is much higher than those by the proposed meth‐
od. The difference in density is reflected in resolution and 
sampling rate, which are designed to measure the density 
across and along the SRB, respectively.

From the aspect of calculation burden, WGAN has great 
advantages. Little increase in training time is observed as the 
dimensionality increases. The calculation time of the pro‐

posed method is proportional to the dimensions and that of 
the traversing method exponentially increases with the di‐
mensions.

From the aspect of generated sample evaluation, the tra‐
versing method can cover the entire SRB and find all the se‐
curity risks. It is a better choice when the calculation burden 
can be ignored. WGAN generates samples with the least 
time cost. However, the generated samples share the same 
distribution as the original samples. The proposed method 
can expand the given sample distribution and track the SRB. 
Considering the nature of the historical operation data, it is a 
better way to generate samples to cover possible security 
modes at an acceptable calculation cost.

VIII. CONCLUSION

In this paper, three indices that evaluate the sufficiency of 
a sample set used for SRB identification are proposed. A 
sample generation procedure is proposed to improve the 
three indices and discover potential security modes. The pro‐
cedure is verified on the IEEE 39-bus system and compared 
with the sample generation method using WGAN. The fol‐
lowing conclusions can be drawn.

1) The sample generation method using historical opera‐
tion data has the advantage of high efficiency, but handing 
over the entire process to AI methods such as WGAN can 
only mimic the distribution of existing samples and cannot 
expand the sample distribution and locate new security 
modes. The proposed method alternately conducts the statisti‐
cal analysis of sample distribution and simulates the generat‐
ed samples, which can effectively expand and optimize the 
sample distribution.

2) The sample generation method can generate samples 
quickly approaching the SRB and expand sample distribu‐
tion to cover more power adjustment directions, which can 
describe the process of transformation between different 
faults and explore security risks missing in the original sam‐
ples. Further research will focus on constructing the SRB 
from the generated samples and guiding the safety and secu‐
rity operation of power systems.
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