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Abstract—An approach based on data mining and 

relationships exploration is presented for estimating the 

static voltage stability relative margin of power systems. The 

data set is created based on simulations by the software 

PSS/E. The input variables selected for estimation are 
corresponding to the relationships highly ranked by MIC 

and PPMCC. These relationships are also shown and some 

of them are explained from the perspective of power system 

operation. If the measured values of these variables are 

obtained from wide area measurement system (WAMS), the 
relative margin can be estimated in real time since its 

relationships with these variables are explored. The 

approach is tested on a 39-bus system provided by PSS/E 

and illustrative results indicate the scheme is accurate and 

effective. 

Keywords-Maximal information coefficient (MIC);Pearson  

product-moment correlation coefficient (PPMCC); 

relationships exploration;  static voltage stability. 

I. INTRODUCTION  

Static voltage stability is a major concern for secure 

operation of power systems. It is important to find out the 
voltage collapse point and to know the distance from the 

current operating point to it [1]. Various techniques are 

reported to identify and estimate the maximum load ability 
in the research of static voltage stability [2]-[3]. One of the 

conventional techniques is solving the power flow 
repetitively, starting at a base load leading up to the 

collapse limit [4], [5], in which the load and the generator 
output are increased in steps. However, this paper doesn't 

adopt these specific methods, but simulates the increase of 

load and generator output using Python language in the 
software PSS/E. In this way, not only a batch of power 

flow at different operating points can be solved at one time,  
but also different increase directions of load and generator 

output can be freely selected. 

The estimation of static voltage stability relative 

margin for a system is based on data min ing methods in 

[6]-[9]. Data min ing is a technique that evaluates 
knowledge or rules through the database, and it is much 

more difficult to interpret complicated data as the size of 
database becomes larger. In the research of relative margin  

estimation, a statistical tool [10] for data mining is adopted 
in this paper, which is different to the conventional 

methods used in [6]-[9]. The tool can detect novel 
associations in large data sets, and it is based on the 

maximal information coefficient (MIC) [10] and the 

Pearson product-moment correlation coefficient (PPMCC) 
[11]. 

This paper proposes a voltage stability estimation 
scheme, which is shown in Fig. 1. The scheme will be 

more desirable than artificial neural networks, expert 
systems and some other current techniques when applied 

to different kinds of systems since the input features are 

selected based on data mining and relationship explorat ion, 
not the fixed ones proposed by some papers. 

Creating a large data set of power flow by a series of PSS/E 

simulations for a power system: tracing the power flow solution, 

starting at a base load leading up to the steady state voltage 

stability limit

 Exploring the relationships of variables and relative static voltage 

stability margin in the data set: each relationship is given scores 

by a statistical tool based on MIC and PPMCC

The relationships highly scored are selected and these variables 

are regarded as the optimal input features for estimation

Estimating the relative margin of the new operation points 

according to the measured values of input features

 

Figure 1.  Estimation scheme. 

International Conference on Logistics Engineering, Management and Computer Science (LEMCS 2015)

© 2015. The authors - Published by Atlantis Press 714



II. PROBLEM STATEMENT AND SUPPORTING 

MATHEMATICAL METHODS 

A. Static Voltage Stability Relative Margin 

Load active power margin can be directly obtained 

from the curve -P V  [12] as illustrated in Fig. 2. The 

initial active power consumed by the load is 0P
 and the 

maximum value of active power can be transferred is maxP
. 

The load active power margin and static voltage stability 

relative margin M  are defined as (1) and (2) respectively.   

 max 0P P P  
 

  (1) 

 
max

*100%
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The collapse limit and the active power margin depend 

on how the load and generator output increase. In Fig. 3, 

different init ial operating points, increase directions of load 
and generator output, collapse limit points, and the system 

static voltage stability boundary are shown in a two-
dimensional space. 
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Figure 2.  Traditional PV diagram. 

A initial operating point

A increase direction of load and 

generator output

A collapse limit point

Stability boundary 

 
Figure 3.  Different collapse limit points due to increase directions of 

load and generator output for possible initial operating points.  

B. MIC 

Given a finite set D  of ordered pairs, the x -values of 

D  are partitioned into x  bins and the y -values of D  are 

partitioned into y bins, allowing empty bins. Such a pair of 

partitions can be called an x -by- y  grid. Giving a grid G , 

let GD
 be the distribution induced by the points in D  on 

the cells of G . The distribution on the cells of G  is  
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 distributions GD
 [10]. 

For a data set D of two-variable, the MIC of their 
relationship is given by (3), (4). The interested reader can 

refer to [10] a more detailed description. 

For a finite set 
2D R

 and positive integers 
, ,x y

  

 
   * , , max GI D x y I D

 
 (3) 

Where the maximum is over all grids G  with x  

columns and 
y

 rows, and 
 GI D

 denotes the mutual 

information of GD
. The MIC of two-variable data with 

sample size n and grid size less than  B n
 is given by 
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Where 
     11 B n O n   

 for some 0 1  . 

In the research, 
  0.6B n n

is used because it's found to 
work well after test [10]. MIC falls between 0 and 1.  

III. CREATING A LARGE DATA SET OF POWER FLOW 

BASED ON SIMULATION 

This paper uses Python programming language in 

PSS/E to achieve the follows: increasing load and 
generator output by steps in a setting direction; solving the 

power flow of every operation point until the Jacobian 
matrix is singular and power flow is not convergent. The 

flow chart is illustrated in Fig. 4.  
 

Is the Jacobian matrix singular? 

 Initialize the data of loads randomly in a normal 

range; the loads are provided by all the generators

The incremental load is distributed proportionally by all 

the generators according to their active power margin.

Invoke the function FNSL to solve the power flow

Record the total amount of current loads; calculate the 

static voltage stability relative margin of each operation 

point before collapse

All the loads increase at the same rate r 

and keep their constant power factors

Start; i=1; Set the parameters N and r

End

Save the power flow 

results of the system

No

Yes

Yes

No

?i N

1i i 

 
Figure 4.  Flow chart for creating a large data set of power flow based 

on simulation in PSS/E. 

In the paper, a 39-bus test system [13] provided by 
PSS/E is used, which is shown in Fig. 5. 
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Figure 5.  39-bus test system provided by PSS/E. 

IV. EXPLORING THE RELATIONSHIPS OF VARIABLES AND 

RELATIVE STATIC VOLTAGE STABILITY MARGIN 

A. Top Relationships Explored by MIC and PPMCC 

The relationships between the relative margin and 
variables are given scores and ranked by MIC and PPMCC.  

Table I shows the top 2% of relationships by MIC and 

Table II shows the top 2% of relationships by PPMCC. 
The rank given by MIC is different to the one given by 

PPMCC. The relat ionships highly ranked by MIC don't 
necessary to have high degrees of linearity. 

TABLE I.  T OP 2% OF RELATIONSHIPS BY MIC 

Var1 Var2     MIC 
MIC 
Rank 

PPMCC PPMCC 
Rank 

Margin Q3001_3003 0.919 1 -0.944 113 

Margin Q3001_3WNDTR 0.919 2 0.944 114 

Margin Q151_101 0.911 3 0.900 188 

Margin Q212_205 0.908 4 -0.842 219 

Margin I%206_205 0.908 5 -0.840 223 

Margin V151 0.907 6 0.885 190 

Margin S151_102 0.907 7 -0.839 227 

Margin PG101 0.906 8 -0.838 232 

Margin PG102 0.906 9 -0.838 230 

Margin PG206 0.906 10 -0.838 233 

TABLE II.  T OP 2% OF RELATIONSHIPS BY PPMCC 

Var1   Var2   PPMCC 
PPMCC 
Rank 

MIC 
MIC 
Rank 

Margin Q202_152 -0.962 1 0.894 74 

Margin θ203 0.966 2 0.847 176 

Margin θ3007 0.960 3 0.847 177 

Margin 
Q153_UQFC 
SHUNT -0.960 4 0.831 221 

Margin Q203_202 -0.960 5 0.877 105 

Margin P3005_3003_1 0.960 6 0.871 120 

Margin P3005_3003_2 0.960 7 0.871 121 

Margin P3003_3001 0.959 8 0.874 112 

Margin P3003_3005_1 -0.959 9 0.865 130 

Margin P3003_3005_2 -0.959 10 0.865 131 

From the perspective of power system, reasonable 

exp lanation can also get for the relationships detected. For 
example, the relationship between the variable 

Q3001_3003 and the relative marg in is the top 1 in Table I.  
Q3001_3003 represents the reactive power from bus 3001 

to bus 3003 and the relationship is shown in Fig. 6. With 
the increase of all the loads, the static voltage stability 

relative margin of the system will decrease. The reactive 

power demand at bus 3005 increases and it leads to the 
increase of reactive power output of the generator at 

nearby bus 3011. Therefore the reactive power from bus 
3001 to bus 3003 will increase, which can be understood 

with the help of  Fig. 5.  

 
Figure 6.   Scatter plot of the relative margin and the variable 

Q3001_3003. 

B. MIC versus PPMCC 

Fig. 7A shows that MIC versus PPMCC for all pair-

wise relat ionships in the data set. In fact, MIC also tends to 
give a high MIC score to lots of relationships with 

high  . In different areas of Fig. 7A, different kinds of 

relationships can be found. Some examples are as follows. 
1) Fig. 7B: Both PPMCC and MIC yield low scores for 

unassociated variables. It indicates no specific relationship 
exist between the variable I%153_152_152 and the relative 

margin.  

2) Fig. 7C: Ordinary linear relationships score high 
under both MIC and PPMCC tests. It indicates an obvious 

linear relationship between the variable Q202_152 and the 
relative margin. 

3) Fig. 7D: Relationships detected by MIC but not by 
PPMCC, because the relationships are nonlinear. It  

indicates a kind of nonlinear relationship between the 

variable the variable QG206 and the relative margin. 

 

Figure 7.  Application of MIC and PPMCC to the data set. (A) MIC 

versus PPMCC for all pair-wise relationships in the data set. (B)-
(D) Examples of relationships from (A). 
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C. Top Nonlinear Relationships 

In order to discover the nonlinear relationships of 
variables and the relative marg in comprehensively and 

quickly, the statistic MIC-
2  is adopted. For a relationship, 

a larger MIC and a smaller 


 get a larger MIC-
2 . The 

statistic MIC-
2  is small for linear relat ionships and large 

for nonlinear relationships. Table III shows the top 1% of 

relationships by MIC-
2 , and all the relationships are 

shown in Fig. 8. The variable QG3018 is always the same 

with the variable Q3018_3008, so Fig. 8C is also for 
QG3018. 

TABLE III.  T OP 1% OF NONLINEAR RELATIONSHIPS BY MIC-
2  

Var1 Var2 
MIC-

2  

MIC-

2 Rank 
MIC  PPMCC 

Margin QG206 0.693 1 0.885 -0.438 

Margin Q206_205 0.685 2 0.878 -0.438 

Margin Q3018_3008 0.630 3 0.906 -0.525 

Margin QG3018 0.630 4 0.906 -0.525 

Margin Q3008_3018 0.534 5 0.619 0.291 

 

 
Figure 8.  Scatter plot of the top 1% of nonlinear relationships selected 

by MIC-
2 . 

V. ESTIMATION OF STATIC VOLTAGE STABILITY 

RELATIVE MARGIN AND TEST RESULTS 

A. Program Flow Chart for Estimation of Relative 
Margin 

For each variable, the estimation method is as follows. 
As it is illustrated in Fig. 9, the measurement value of the 

variable Q202_152 is  0x
 when the system is operated at a 

new point. In all the points in Fig. 9, the smallest value of 

x -axis is minX
 and the largest value is  maxX

. All the points 

with x -axis in the range 1 2( , )x x
are searched out. The 

smallest value of 
y

-axis in these points is 1y
 and the 

largest value is 2y
. The relative margin  of the new 

operation point can be considered in the range  1 2,y y
. 

Equations (6)-(10) are given in Fig. 9. Specially, 3% is 

used in (7) and 0.5 is used in (8), which are found to work 
well after test. A too wide search range leads to an 

imprecise estimat ion result. If the search range is too 
narrow, maybe no result is returned because the sample 

size is finite. 

 
Figure 9.  Estimation method for each variable. 

 
max min= -L X X  (6) 

 = *3%l L  (7) 

 =0.5*l l  (8) 

 1 0=X X l  (9) 

 2 0= +X X l  (10) 

The selected variables are used to estimate the relative 
margin and the program flow chart is shown in Fig. 10.  

If Y1-Y2>2% and t=0 

Output the final estimation range (Y1,Y2); end

Start; input the values of M variables X={x1,x2,…,x20}; 

calculate L, l, etc; t=0

Update l and t: l=0.5*l, t=1

Incipient estimation ranges

                  are given by the input variables
 2_1 2_ 2, ,y y 1_1 1_ 2, ,y y

 20_1 20_ 2..., ,y y

 1 1_1 2_1 _1 20_1max , ,..., ,..., ,iY y y y y

 2 1_ 2 2_ 2 _ 2 20_ 2max , ,..., ,...,iY y y y y

Yes

No

Figure 10.  Program flow chart of estimating relative margin. 

B. Estimation Results 

The above method is applied to estimate the ranges of 

relative margin for new operation states. In the tests, 10 
possible new operation points are set stochastically. The 

results are shown in Table IV. Some exp lanatory 

annotations for Table IV are as follows. 

1) R  is the final estimation range of a new point, 

which is given by the program with the 15 selected 
variables as input features. 

2) P is the span of R , which  can measure the precision 
of estimation range to a certain extent. 

3) 1R
 is given by the program with 5 variab les as input 

features, which are corresponding to the top 1% of 

relationships by MIC. 
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4) 2R  is given by the program with 5 variables as input 
features, which are corresponding to the top 1% of 

relationships by PPMCC. 

5) 3R  is given by the program with 5 variables as input 
features, which are corresponding to the top 1% of 

nonlinear relationships by MIC-
2 .  

6) S  is the simulation value given by the new tests of 
load and generator output increase, which is used to verify 

the correctness of estimation ranges. 

TABLE IV.  ESTIMATION RANGES OF NEW OPERATION POINTS 

No. R(%)  P(%) R1 (%) R2 (%) R3 (%) S(%) 

1 0.85-1.72 0.87 0.85-3.31 0.81-3.31 0.85-1.72 1.71 

2 5.74-6.56 0.82 2.75-7.32 5.74-6.56 2.63-9.76 5.98 

3 9.32-10.92 1.60 8.70-10.92 9.32-10.92 3.67-15.32 10.26 

4 11.02-12.17 1.16 10.00-12.61 11.02-12.17 5.5-16.94 11.97 

5 1.72-2.50 0.78 0.84-4.07 0.88-3.39 1.72-2.50 2.48 

6 4.17-6.67 2.50 4.17-7.50 3.48-6.67 2.50-8.87 6.61 

7 9.02-10.83 1.82 7.50-11.48 9.02-10.83 0.92-12.90 10.74 

8 10.66-12.50 1.84 9.17-13.11 10.66-12.50 2.56-14.52 12.40 

9 2.50-4.20 1.70 1.72-4.20 2.50-5.98 1.72-4.27 3.36 

10 6.67-9.24 2.58 6.03-9.24 6.67-10.26 1.74-11.29 7.56 

1R
, 2R

 and 3R
 can be regarded as 3 control groups for 

R . The results of R  have remarkable precision compared  
with other groups, which demonstrates  appropriate 

combination of MIC and PPMCC is better than separating 

them individually. In general, each simulation value S  for 

new operation point is in the range R  and this 

demonstrates the correctness of estimation ranges. S  is 

slightly out of the range in a very few tests, which is due to 

the finiteness of previous samples. The possibility of S  

being out of the range R  is lower than 1% after the 
statistics of more tests, and it obviously decrease with the 

increase of previous operation samples' total number. 

VI. CONCLUSIONS 

The scheme is more intelligent and efficient than some 
current techniques since the input features are selected 

from a great number of variables based on data mining and 
relationship exploration, not some fixed ones determined 

by different attempts of input data combinations. The 

scheme will be more desirable than current techniques 
when applied to different kinds of systems since the input 

features are selected based on data statistics and min ing, 

and its applicability will not be influenced by the change of 

the structure and scale. The estimation ranges are with high 
precision, which relies on the total number of previous 

operation samples to a certain extent. Using this scheme, 
the system engineers can know the approximate distance 

from the current operating point to voltage collapse point 
with the estimation value of relative margin. The relat ive 

margin estimation scheme can be an important reference 

for the security, operation and control of power system. 
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