
Metallurgical and Mining Industry12 No.2 — 2016

Automatization

Metallurgical and Mining Industry16 No.2 — 2016

Automatization

Method of Relationships Exploration for Online Small Signal Stability 
Analysis

Youping Fan*, Songkai Liu, Cheng Tian

School of Electrical Engineering, Wuhan University, Wuhan 430072, China

Abstract
This paper describes an online small signal stability (SSS) analysis method based on relationships 
exploration (RE) in a large data set for power systems. The proposed method can explore the 
relationships between operation variables and the SSS and find the optimal variables as input 
parameters for SSS analysis. Every relationship will be given score by maximal information 
coefficient (MIC) and Pearson correlation coefficient (PCC). The high ranked variables are selected 
to estimate the SSS. The SSS can be estimated online based on explored relationships if the selected 
variables can be obtained online from the wide area measurement system (WAMS). The method 
is examined on a 39-bus test system and a 1648-bus system provided by PSS/E, and the result is 
acceptable. Also the impacts of selected types of relationships, training data size, total number and 
ranks on estimation accuracy are analyzed. The robustness of the scheme to measurement errors and 
topology variation are studied.
Keywords: SMALL SIGNAL STABILITy, RELATIONSHIPS EXPLORATION, LARGE DATA 
SET, MAXIMAL INFORMATION COEFFICIENT, PEARSON CORRELATION COEFFICIENT

Nomenclature
Vi            Voltage amplitude of bus i.
θi             Voltage phase angle of bus i.
PLi           Active power of loads at bus i.
QLi          Reactive power of loads at bus i.
PGi          Active power of generators at bus i.
QGi          Reactive power of generators at bus i.
QSi           Reactive power of shunts at bus i.
Pi-j           Active power from bus i to bus j.
Qi-j           Reactive power from bus i to bus j.
Si-j            Apparent power from bus i to bus j.
Plossi-j     Active power loss from bus i to bus j.
Qlossi-j     reactive power loss from bus i to bus j.
1. Introduction
With the growth of interconnected power sys-

tems, modern power grids are operated near security 
limits and problems related to small signal stability 
occurred occasionally [1]. The SSS problem usually 
occurred when the damping ratio of power system is 
insufficient, which may result the system to be insta-
ble and experiences oscillation and even more serious 
consequences like splitting when small disturbance

(such as load change) occurs. SSS focus on the capa-
ble of the power system to keep synchronized under 
small disturbances [2]. Many researches have been 
done in this area, and conventional time domain si- 
mulation based on system modeling has been used as 
the primary tool to analyze power system stability. Its 
analysis is normally based on the linearized system 
dynamic equations using modal (eigenvalue) analysis 
techniques, and usually its stable criterion is damping 
ratio (DR) [3], [4].

There are methods such as QR method [5], and 
more recently the BR method [6]. But they are not 
feasible for large-scale power system studies due to 
their excessively large CPU time and memory re-
quirements. Other methods like improving small 
signal stability (ISSS) [7], probabilistic small signal 
stability (PSSS) [8], and so on, are not suitable for 
large power SSS analysis because of their excessive 
calculation. The above mentioned methods are rela-
tively accurate, but infeasible for online SSS analysis.

This paper proposed a novel method that can               
estimate online SSS timely based on relationships 
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explored between operation variables and DRs in large 
data set, including linear relationships and nonlinear 
functional relationships. Each relationship is given 
score by maximal information coefficient (MIC) [9] 
and the Pearson correlation coefficient (PCC) [10], 
and the high ranked variables are selected as input 
parameters for SSS estimation. The novel method in-
cludes three sections: offline training, model update, 
online estimation. In the RE process, large raw data 
set is created by PSS/E simulation, including all kinds 
of operation variables and the relative DRs. Then the 
relationships will be explored and given scores by 
MIC and PCC. After selecting the highly ranked va-                                                                                     
riables as the optimal input parameters, curve fitting 
is applied to figure out the fitting equation between 
selected variables and the DRs. Finally, when coming 
to a new operation state, the DR can be quickly cal-
culated through the equation with the data obtained 
from the WAMS, so that the SSS can be estimated on-
line timely. The method is examined on a 39-bus test 
system and a 1648-bus system provided by PSS/E, 
and the result is accurate and acceptable.

The paper is organized as follows. Section 2 gives 
a detailed statement of small signal stability and 
mathematic methods. Section 3 introduces the inte-
grated scheme of online SSS estimation process. The 
performance of the method is examined in Section 4. 
Conclusions are made in Section 5.

2. Problem Statement and Supporting Mathe-
matical Methods

2.1. Small Signal Stability (SSS)
The linearized model of power system can be de-

scribed as

0
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where 2x R∈ and 2y R∈ are system states and 
algebraic variable vectors, respectively. n nA R ×∈
, n mB R ×∈ , m nC R ×∈  and m mD R ×∈  are sparse 
matrices.

                          
1A A BD C−= −                         (2)

A is the state matrix of power system. For the i th 
oscillation mode with the following conjugate pair of 
eigenvalues:

                             i i ijλ σ ω= ±                       (3)

The mode damping ratio (DR) is defined as
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Every oscillation mode has its own DR, and the 

critical ones have greater influences on system. Only 
if the power system is stable under the most critical 
DR, the system is small signal stable [11]. So, in this

(1)

paper the most critical DR value is selected as the             
indicator of SSS.

Figure 1. Damping ratio as SSS indicator

As shown in Fig. (1), after a small disturbance           
occurred, the system will finally be stable with po- 
sitive DR value, while a negative one leads to the               
instability of the system. What’s more, as the DR va- 
lue decreases, the SSS becomes much more critical 
[12]. In this paper RE process is used to predict the 
online DR values.

2.2. MIC
MIC is an exploratory data analysis tool that can 

measure relationships between two dependent varia-
bles [9]. MIC is based on the idea that if a relation-
ship exists between two variables, then a grid can be 
drawn on the scatterplot of the two variables that par-
titions the data to encapsulate that relationship. MIC 
captures a wide range of associations both functional 
and not, and for functional relationships provides a 
score that roughly equals the coefficient of determi-
nation of the data relative to the regression function. 
MIC belongs to a larger class of maximal informa-
tion-based nonparametric exploration statistics for 
identifying and classifying relationships. In this paper 
MIC is applied to the study of power system SSS and 
to explore the relationships between DRs and power 
system operation variables.

Given a finite set D of ordered pairs, we can par-
tition the x -values of D into x bins and the y -values 
of D into y bins, allowing empty bins. We call such a 
pair of partitions an x -by- y grid. Given a grid G, let 
D|G be the distribution induced by the points in D on 
the cells of G; that is, the distribution on the cells of 
G obtained by letting the probability mass in each cell 
be the fraction of points in D falling in that cell. For 
a fixed D, different grids G result in different distri-
butions D|G.

For a finite set 2D R⊂ and positive integers x , y
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( ) ( ), , max GI D x y I D∗ =

             
    (5)

where the maximum is over all grids G with x
columns and y rows, and I(D|G) denotes the mutual 
information of D|G.

The characteristic matrix M(D) of a set D of two-
variable data is an infinite matrix with entries
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The Maximal Information Coefficient (MIC) of a 
set D of two-variable data with sample size n and grid 
size less than B(n) is given by
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where B(n)=n0.6 is found to work well in practice, and 
all analyses carried out in this paper use this setting 
[9]. Some properties of MIC are as follows.

1. MIC assigns scores that tend to 1 to all ne- 
ver-constant noiseless functional relationships;

2. MIC assigns scores that tend to 1 for a larger 
class of noiseless relationships;

3. MIC assigns scores that tend to 0 to statistically 
independent variables.

2.3. PCC
PCC is a kind of linear correlation coefficient, 

which is used to define the linear correlation between

two variables. It is widely used in statistical analysis, 
pattern recognition and image processing.

The PCC is defined by
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where n is the size of samples, X is the mean of X , 
XS is the standard deviation of X ; Y is the mean of 

Y , YS is the standard deviation of Y .
PCC falls between -1 and 1. Some properties are 

as follows.
1. 0r > : The two variables have positive 

correlation;
2. 0r < : The two variables have negative 

correlation;
3. 0r = : The two variables are not linear 

correlative, but there may exist other correlation (such 
as curve relationship) ;

4. the larger r is, the stronger linear relationship be-
tween the two variables is.

3. Integrated Scheme of Online SSS Estimation 
Process

The integrated process of RE-based online SSS 
analysis is shown in Fig. (2). This method consists of 
three sections: offline training, model update, online 
estimation.

Figure 2. Integrated scheme of online SSS estimation method
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1. Offline training: It takes a lot of time to analyze 

the SSS of a large scale power system. So ,in order 
to realizing online estimation timely, it’s important 
to train the system offline beforehand and the model 
relationships can be prepared for online estimation. 
It is necessary to create a database by training a list 
of topologies that may emerge in real-time operation 
to improve the efficiency of online SSS analysis. RE 
process is applied to create the database and the da-
tabase includes topologies and their relative RE esti-
mation models.

2. Model update: The model needs to be upda- 
ted when coming up to a new topology that is not 
included in the database. In online estimation, if the 
operating topology is in the database, then the rela-
tive relationships model is used to estimate the SSS. 
If the topology changes to an unseen one, first we can 
use the most similar topology model instead of the 
original one to see whether the estimation result is 
acceptable or not. If the result is not accurate, then the 
RE process will be used in the new topology to form 
the corresponding relationship models, and add the 
new topology and its model into the database. In this 
stage the database becomes larger and larger, thus the 
probability of encountering new topology is getting 
less and the efficiency of estimation higher.

3. Online estimation: With the first two steps to 
determine the relationship models, after obtaining 
the required input variable parameters by the WAMS      
Online, the DR can be quickly calculated through the 
relative fitting equation. Then the real-time SSS can 
be estimated.

The RE process includes 3 steps as shown in             
Fig. (3).

Figure 3 RE process

1. Step 1: PSS/E is used to simulate the power flow 
and the simulation results are used to create a large 
data set, including all kinds of operation variables and 
the relative DRs. Python and MATLAB programs are 
used to automate the PSS/E simulations, including 
initializing the operation data randomly in normal 
ranges, controlling the directions of loads, generators 
and shunts, and creating a large set of samples. In the

simulation results, 80% of the samples are used for 
offline training and 20% of the samples are regarded 
as the test set.

2. Step 2: MIC and PCC are used to explore the 
relationships between every operation variable and 
DR, and give scores according to how strong the re-
lationships they have. The stronger relationships they 
have, the higher scores are given. The MIC and PCC 
scores are shown in Fig. (4). In Fig. (5), the left col-
umn show some relationships of 39-bus system and 
the right column show some relationships of 1648-
bus system. Fig. (5A) and Fig. (5B) show examples 
of inconspicuous relationships. Fig. (5C) and Fig. 
(5D) show examples of linear relationships. Fig. (5E) 
and Fig. (5F) show examples of nonlinear functional 
relationships.

Figure 5. Some relationships between operation variables 
and DRs

3. Step 3: According to the scores given by MIC 
and PCC, the highly scored and top ranking varia-
bles are selected as optimal input parameters. The                  
MATLAB curve fitting tool is applied to get the fit-

Figure 4. MIC and PCC scores
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ting equation between the selected variables and DRs. 
For nonlinear functional relationships, the estimation 
result is given by Equation (9). For linear relation-
ships, the estimation result is given by Equation (10). 
And the final result is given by Equation (11). The 
final equation is the RE estimation model.
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where 1N is the total number of selected nonlinear 
functional relationships, iMIC is the MIC score of re-
lationship i , iE (or jE ) is the single estimation result 
by relationship i (or j ), MICE is the comprehensive 
estimation result by the selected nonlinear functional 
relationships, 2N is the total number of selected high-
ly ranked linear relationships, jp is the PCC score of 
relationship j , pE is the comprehensive estimation 
result by the selected linear relationships. 

FE is the 
final estimation result.

4. Performance Examination
The RE-based SSS estimation method is tes- ted 

in 39-bus and 1648-bus power system, and the test 
results are acceptable.

4.1. Relationships Exploration
Relationships between operation variables and 

DRs are explored by MIC and PCC. There are 447 
relationships in 39-bus system and 26561 relation-
ships in 1648-bus system, which are shown in Fig. 
(4). Some highly scored relationships are shown in                
Fig. (5), including linear relationships and nonlinear 
ones.

4.2. Estimation Test
The method is tested under 1 210, 10N N= = . The 

accuracy of the predicted DR is measured through 
two statistical indexes. One is called residuals squared            
error ( 2R ) [13], which is as follows:

                        

( )
( )

2
21 i i

i

y d x
R

y y

−  = −
−

∑
∑              

  (12)

where ix is an input variable, iy is the actual DR, 
( )id x is the predictive value of DR, and y is the 

mean of iy .
It is believed the closer the value of 2R is to 1, the 

better the prediction is. But in practice, how good an

2R is depends on the particular situation where it is 
used and the way it is measured [13]. In this work, 

2 0.90R > shows acceptable results.
Another one is root-mean-square (RMS) [14]. It 

is utilized:

                  

( )
1

1 n

i i
i

RMS y d x
n =

= −  ∑
        

    (13)

where n is the number of test cases, iy is the actual 
DR, and ( )id x is the predictive value of DR.

In 39-bus system, DR>3% is required to guaran-
tee an sufficient SSS margin. In 1648-bus system, 
DR>4% is considered as secure operation condition 
[1].

The value of RMS depends on the base magnitude 
of the DR [15]. In 39-bus system RMS<0.025 and in 
1648-bus system RMS<0.03 is considered as accep- 
table values.

Predictions of 300 new operation states is shown 
in Fig. (6), and its estimation accuracy is shown in 
Table 1.

Figure 6. Predictions of 300 new operation states

Table 1. Estimation Accuracies of 300 New Operation 
States

System 2R RMS
39-bus 0.972 0.0174

1648-bus 0.985 0.0193

4.3. Impact of Training Set Size
Obviously, the more the training set size is, the 

better the estimation result will be. But at the same 
time, it will take more time and much more amount 
of calculation. So, it is important to find out an appro-
priate training set size. In this paper,39-bus system 
and 1648-bus system are tested to find out the suita-
ble training set size of their own. 100%, 70%, 50%, 
30%, 10% and 5% of the original training samples are 
tested under the same condition that 1 210, 10N N= = . 
The estimation results is shown in Fig. (7).

The results indicate that with the training set size
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increased, the accuracy of estimation will also be 
increased. Repeated tests show that in the 39-bus 
system, there is at least 25% of the original training 
samples (about 700 samples) that can get an accura-
cy of 2R >0.90,and it is at least 20% of original sam-
ples(about 1200 samples)in the 1648-bus system.

Figure 7. Estimation accuracies of different training set 
sizes

4.4. Impact of Selected Total Number and Types 
of Relationships

The impact of the selected relationships’ to-
tal number and types are studied. In these tests, the                 
input variables are divided into three groups. For each 
group,4, 8, 12, 16, 20, 24, 28 and 32 of the highly 

Figure 8. Estimation accuracies of 39-bus system Figure 9. Estimation accuracies of 1648-bus system

4.5. Impact of the Ranks of selected Relation-
ships

The impact of ranks of selected relationships on 
estimation accuracy is tested through 5 groups. There 
are 10 linear relationships and 10 nonlinear relation-
ships in each group. The result is shown in Table 2. 
More tests have shown that if only the selected rela-
tionships are in the top percents (eg, first 290 about 
top 1.1% in 1648-bus system), in which we selected 
20 inputs randomly, the estimation accuracy will be 
high and 2R >0.90 can be guaranteed at least. So there

scored relationships are used respectively in each test. 
The three groups are as follows.

1. Group 1: Half of the relationships are highly 
scored linear ones by PCC and the other half are high-
ly scored nonlinear ones by MIC;

2. Group 2: All of the relationships are highly 
scored nonlinear ones by MIC;

3. Group 3: All of the relationships are highly 
scored linear ones by PCC.

In the tests, 100% of its training samples are used. 
The accuracies of estimation are shown in Fig. (8) 
and Fig. (9). We can see from the chart that the more 
the total number of input variables are, the more                
accurate the estimation is. The combination of using 
linear relationships and using nonlinear functional 
ones has better performance than either of them. So it 
is better to use both linear and nonlinear relationships 
as inputs. At least 10 relationships in 39-bus system 
and 12 relationships in 1648-bus system is needed 
for guaranteeing an acceptable estimation accura-
cy of 2R >0.90. In practice, how many the inputs is                                                                                             
needed depends on the specific system and can 
be easily figure out through tests. In this paper we 
choose 1 210, 10N N= = . Under this condition, it                               
ensures high accurate without too much calculation.

are various options of input relationships. The phasor 
measurement Units (PMUs) can be flexibly located 
due to the relationships. It is better to install a little 
more PMUs than the needed input relationships as 
back-ups. This property of the method is important, 
and it makes the estimation reliable and cost saving.

4.6. Impact of Measurement Errors
In reality, the data from PMUs in WAMS may con-

tain some measurement errors. So the robustness of 
the proposed method is examined. Generally, PMUs 
that are level 1 compliant with the standard should
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provide a total vector error less than 1% [16]. The 
impact of measurement errors is examined according 
to this standard. The tests are divided into 2 groups 
as follows.

1. Group 1: Noise is added only to the test set;
2. Group 2: Noise is added to both training set and 

test set.
The result is shown in Table 3. In group 2, it gets 

a better result.

Table 2. Estimation Accuracies of 1648-bus System

Group Linear 
Relationships

Nonlinear 
Relationships RMS

1 Top 1-10 Top 1-10 0.0175
2 Top 11-20 Top 11-20 0.0182
3 Top 21-30 Top 21-30 0.0189
4 Top 31-40 Top 31-40 0.0201
5 Top 41-50 Top 41-50 0.0213

Table 3. Estimation Accuracies Considering Measurement 
Errors

System RMS
Group 1 Group 2

39-bus 0.0231 0.0197
1648-bus 0.0272 0.0212

Table 4. Computational Time

System Training Time Test Time
39-bus about 24 s

(447 relationships, 3045 
samples)

about 2 s

(1140 samples)

1648-
bus

about 1 h 20 min

(26561 relationships, 6678 
samples)

about 4 s

(1880 samples)

4.7. Computation time
The spending time of the estimation method is 

crucial to the online SSS analysis. In practice, the 
processing of PMU data should be less than 0.033s 
[12].

The RE process can give its MIC and PCC in 
about 0.02 min for one relationship of 3045 samples 
and about 0.06 min of 6678 samples. A computer can 
run about 20 programs at the same time. The compu-
tational time is shown in Table 4. The tests are exe-
cuted on an Intel Core i-7 CPU 3.40-GHz CPU with 
4 GB of RAM. We can see that a new operation state 
can be assessed in less than 0.002 s for both the 21-
bus system and the 1648-bus system. According to 
the results, the RE-based method satisfies the speed 
requirement of online SSS analysis.

4.8. Impact of Topology Change
In fact, the topology of a power system hardly 

stays the same. In this paper, the robustness to topo- 
logy changes is examined. The tests are divided into 
2 groups. The results are shown in Table 5. In Table 5, 
the estimation accuracies that can’t meet the require-
ment of 2R >0.90 are marked.

1. Group 1: The estimation model is not updated;
2. Group 2: The estimation model is re-trained.

Table 5. Estimation Accuracies of Different Topologies

No. Out of 
Work

System and 
Test Type

2R
Group

 1

Group

 2
1 G30 39-bus N-1 0.9034 0.9564
2 G39 39-bus N-1 [0.8746] 0.9490
3 Line 23-22 39-bus N-1 0.9153 0.9637
4 Line 25-37 39-bus N-1 0.9097 0.9672
5 G28 1648-bus N-1 0.9254 0.9732
6 G274 1648-bus N-1 0.9237 0.9685
7 Line 45-25 1648-bus N-1 0.9338 0.9772

8 Line 1473-
1469 1648-bus N-1 0.9376 0.9754

9 Shunt 76 1648-bus N-1 0.9273 0.9635

10
G204 and 
Line 233-

181
1648-bus N-2 0.9044 0.9631

11 G421 and 
Shunt 460 1648-bus N-2 [0.8914] 0.9457

12
Shunt 498 
and Line 
291-290

1648-bus N-2 0.9157 0.9588

13 G561 and 
G602 1648-bus N-2 [0.8826] 0.9397

14

Line 331-
392 and 

Line 383-
410

1648-bus N-2 0.9174 0.9650

15

G1178, 
Shunt 76 
and Line 

1534-1536

1648-bus N-3 0.9089 0.9544

16

G1644, 
Shunt 
1611 and 
Line 1630-
1629

1648-bus N-3 [0.8743] 0.9431

From the table we can make some conclusions as 
follows.

First, in group 1, some of estimation accuracies 
are acceptable, while others are not. That means the 
intrinsic estimation model is somehow satisfy the to-
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provide a total vector error less than 1% [16]. The 
impact of measurement errors is examined according 
to this standard. The tests are divided into 2 groups 
as follows.

1. Group 1: Noise is added only to the test set;
2. Group 2: Noise is added to both training set and 

test set.
The result is shown in Table 3. In group 2, it gets 

a better result.

Table 2. Estimation Accuracies of 1648-bus System

Group Linear 
Relationships

Nonlinear 
Relationships RMS

1 Top 1-10 Top 1-10 0.0175
2 Top 11-20 Top 11-20 0.0182
3 Top 21-30 Top 21-30 0.0189
4 Top 31-40 Top 31-40 0.0201
5 Top 41-50 Top 41-50 0.0213

Table 3. Estimation Accuracies Considering Measurement 
Errors

System RMS
Group 1 Group 2

39-bus 0.0231 0.0197
1648-bus 0.0272 0.0212

Table 4. Computational Time

System Training Time Test Time
39-bus about 24 s

(447 relationships, 3045 
samples)

about 2 s

(1140 samples)

1648-
bus

about 1 h 20 min

(26561 relationships, 6678 
samples)

about 4 s

(1880 samples)

4.7. Computation time
The spending time of the estimation method is 

crucial to the online SSS analysis. In practice, the 
processing of PMU data should be less than 0.033s 
[12].

The RE process can give its MIC and PCC in 
about 0.02 min for one relationship of 3045 samples 
and about 0.06 min of 6678 samples. A computer can 
run about 20 programs at the same time. The compu-
tational time is shown in Table 4. The tests are exe-
cuted on an Intel Core i-7 CPU 3.40-GHz CPU with 
4 GB of RAM. We can see that a new operation state 
can be assessed in less than 0.002 s for both the 21-
bus system and the 1648-bus system. According to 
the results, the RE-based method satisfies the speed 
requirement of online SSS analysis.

4.8. Impact of Topology Change
In fact, the topology of a power system hardly 

stays the same. In this paper, the robustness to topo- 
logy changes is examined. The tests are divided into 
2 groups. The results are shown in Table 5. In Table 5, 
the estimation accuracies that can’t meet the require-
ment of 2R >0.90 are marked.

1. Group 1: The estimation model is not updated;
2. Group 2: The estimation model is re-trained.

Table 5. Estimation Accuracies of Different Topologies

No. Out of 
Work

System and 
Test Type

2R
Group

 1

Group

 2
1 G30 39-bus N-1 0.9034 0.9564
2 G39 39-bus N-1 [0.8746] 0.9490
3 Line 23-22 39-bus N-1 0.9153 0.9637
4 Line 25-37 39-bus N-1 0.9097 0.9672
5 G28 1648-bus N-1 0.9254 0.9732
6 G274 1648-bus N-1 0.9237 0.9685
7 Line 45-25 1648-bus N-1 0.9338 0.9772

8 Line 1473-
1469 1648-bus N-1 0.9376 0.9754

9 Shunt 76 1648-bus N-1 0.9273 0.9635

10
G204 and 
Line 233-

181
1648-bus N-2 0.9044 0.9631

11 G421 and 
Shunt 460 1648-bus N-2 [0.8914] 0.9457

12
Shunt 498 
and Line 
291-290

1648-bus N-2 0.9157 0.9588

13 G561 and 
G602 1648-bus N-2 [0.8826] 0.9397

14

Line 331-
392 and 

Line 383-
410

1648-bus N-2 0.9174 0.9650

15

G1178, 
Shunt 76 
and Line 

1534-1536

1648-bus N-3 0.9089 0.9544

16

G1644, 
Shunt 
1611 and 
Line 1630-
1629

1648-bus N-3 [0.8743] 0.9431

From the table we can make some conclusions as 
follows.

First, in group 1, some of estimation accuracies 
are acceptable, while others are not. That means the 
intrinsic estimation model is somehow satisfy the to-
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pology changes. The intrinsic estimation model is                 
efficient when the topology changes mildly.

Second, in group 2, all of the estimation accura-
cies meet the basic requirement. That means if we 
update the RE models for unseen system topologies, 
then we can get accurate estimation results.

Finally, whether the RE models should be updated 
or not depends on the combinations of the accuracy, 
estimation speed requirements and how dramatic the 
topology is changed. And we suggest it is better to                                                                                                  
update the RE models. If we update the unseen topo- 
logy all the time, the database will become larger 
and larger, thus the probability of encountering new 
topology is getting less and the efficiency of estima-
tion higher.

5. Conclusion
This paper proposes a novel method for online SSS 

analysis based on RE process. The scheme is applied 
to 39-bus and 1648-bus systems and the results are 
reliable and accurate. This method avoids to calcu-                                                                                                       
lating the system eigenvalues and eigenvectors.                     
Instead, it computes the DRs through the fitting equa-
tions prepared in the database. The scheme can meet 
the accurate and speeding requirements and has var-
ious options of input variables. The combination of 
linear relationships and nonlinear function relation-
ships as input parameters has better performances. 
The robustness to the PMUs measurement errors is 
acceptable. When the system topology changes, the 
method can still hold its accuracy, if not, the RE pro-
cess will update the estimation model, and thus get the 
acceptable results. So we believe that the RE-based 
method for online SSS analysis is a good choice.
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Automatic Discovery and Application of Significant Relationships 
Between Steady-state Operation Data and Transient Stability Level in 

Electric Power Industry

Youping Fan*, Songkai Liu, Cheng Tian

School of Electrical Engineering, Wuhan University, Wuhan 430072, China

Abstract
The assessment of transient stability level is important for the automation of production processes 
in electric power industry. The connotative relationships of steady-state operation data and general 
critical clearing time CCT  are explored in a large data set for power system. A novel online transient 
security assessment method is presented based on relationships exploration. Each relationship is 
given scores by the maximal information coefficient and Pearson correlation coefficient. Some 
highly ranked linear and nonlinear relationships are detected out and shown. Meanwhile, the 
generalized nonlinear relationships exploration coefficient is presented to discover connotative 
nonlinear relationships directly. Curve fitting is used for the explored linear relationships and 
functional nonlinear relationships to estimate CCT  of new operation states. Weibull distribution and 
generalized extreme value distribution are adopted for distribution fitting of CCT , and cumulative 
probability curve is used to determine the value range of CCT  for each transient security level. The 
method is tested on a 21-bus system and various test results indicate it is accurate and effective. It 
can give accurate estimation results of CCT , relative degree of transient stability and security level 
of transient stability. The applicability will not be influenced by the change of structure and scale 
since the selection of input features is based on data statistics and mining, and the way of selection 
is more intelligent than the current techniques. The automatic identification of transient stability 
level is meaningful for uninterrupted production in power industry.
Keywords: POWER SySTEM AUTOMATION, TRANSIENT SECURITy ASSESSMENT, 
AUTOMATIC IDENTIFICATION, SIGNIFICANT RELATIONSHIPS, LARGE DATA SETS
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Nomenclature
P-V            Active power-voltage amplitude.
PGi            Active power of generators at bus i .
QGi           Reactive power of generators at bus i .
Vi               Voltage amplitude of bus i .
θi               Voltage phase angle of bus i .
Pi_j            Active power from bus i  to bus j .
Qi_j           Reactive power from bus i  to bus j .
Si_j            Apparent power from bus i  to bus j .
Pi_X           Active power from bus i  to equipment X .
Qi_X          Reactive power from bus i  to equipment X .
Si_X            Apparent power from bus i  to equipment X .
I%i_X        Load rate percent of the equipment X  at bus i .
SSE            Sum of squares due to error.
RMSE        Root mean squared error.
R-square    Coefficient of determination.

1. Introduction
For the uninterrupted production in power industry, 

it is necessary to implement the automatic identify of 
the transient stability level. There has been a continually 
increasing interest and investigation into assessment 
of transient stability and operation security [1]-[4]. 
Transient stability or large disturbance rotor angle 
stability is concerned with the ability of maintaining 
synchronism when the system is subjected to a severe 
disturbance, such as a short circuit on a transmission 
line. At present security scanning and assessment for 
power system mainly rely on a large number of fault 
simulations. Considering the large scale of current 
power system, different types of equipment, the real-
time changing load and changing generator output, 
the enumerated probabilistic fault simulation analysis 
method is not able to provide real-time assessment 
results or effective control measures information 
of improving the security level. In general, a single 
simulation method cannot meet the demand of 
intelligent decision for the power system control. 
Therefore, there is a pressing need to develop a fast 
online transient security assessment method that 
could analyze security level [5], [6] and forewarn the 
system operators to take necessary preventive actions 
in case need arises.

Transient security assessment is a problem with 
inherent complexity, non-linearity, uncertainty 
and the need for online monitoring. Exploring the 
possible connotative relationships of operation 
data and transient security based on knowledge 
engineering technology and data mining [7]-[9] is a 
very attractive idea, which is based on a large number 
of accumulated samples. The samples rely on fault 
simulation scan of transient stability. It is designed 
to discover the connotative relationships in the fault 
scan results and power flow information, which may

be useful to assess security level. This security level 
assessment idea makes up for the deficiency of si- 
mulation scan: 1) once the security level assessment 
rules have been established by offline data mining in 
a large set, the computation speed of online securi-
ty assessment will be fast; 2) considering that power 
flow of power system is easy to observe, adjust and 
control, it will be convenient to improve the security 
level based on the explored relationships and it plays 
a role of aid decision making. However, it still faces 
many challenges to achieve direct security assessment 
based on operating information and data mining. It is 
needed to figure out how the steady-state operating 
information of the system affects the transient secu-
rity under a certain fault. Another challenge is: the 
WAMS of a large power system may collect a huge 
amount of operating data, which not only contains the 
features of high correlation for security level, but also 
the ones of weak correlation. How to effectively se-
lect the dimension of input features, extract the high 
correlation features, and eliminate redundant features 
is a key step in the security level assessment based on 
artificial intelligence theory [10]-[12]. The purpose of 
feature selection is to select and classify high correla-
tion features from a large number of original features, 
which requires reducing the dimension and minimum 
information loss of representing the research object. 
By selecting the features highly associating with the 
research object, the purpose that a d -dimensional set 
of features is extracted from a D -dimensional set of 
features ( d D<< ) can be achieved [13], [14]. 

Lots of methods have been applied to the transient 
stability assessment, such as artificial neural net-
works (ANN), pattern recognition techniques [15], 
decision trees [16], and fuzzy neural networks [17]. 
Some optimization algorithms such as simulated                                                                                                
annealing algorithm and ant colony algorithm are also 
applied to transient stability assessment [18], [19], 
and the purpose is to choose better input features. In 
[19], the number of variables in the optimal varia-
ble group given by optimization algorithms is small, 
which reduce the dimension well. However, the final 
accuracy is not particularly high, and the new addi-
tional variables cannot be directly given by optimiza-
tion algorithms when the assessment accuracy needs 
to be improved. In [23], [24], CCT in the case of an 
assumption fault is calculated precisely with a short 
time. In [16], [17], transient stability prediction accu-
racy for an occurred fault is relatively high. But Tran-
sient security assessment for a steady-state operation 
state is not given to the operators in [16], [17], [21], 
[22]. In [23], Numerical simulation is used for sto-
chastic transient stability assessment. The combined


