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Abstract—The correlative change analysis of state parameters 

can provide powerful technical supports for safe, reliable and 

high-efficient operation of the power transformers. However, the 

analysis methods are primarily based on a single or a few state 

parameters, and hence the potential failures can hardly be found 

and predicted. In this paper, a data-driven method of association 

rule mining for transformer state parameters has been proposed 

by combining the Apriori algorithm and probabilistic graphical 

model. In this method the disadvantage that whenever the frequent 

items are searched the whole data items have to be scanned 

cyclically has been overcomed. This method is used in mining 

association rules of the numerical solutions of differential 

equations. The result indicates that association rules among the 

numerical solutions can be accurately mined. Finally, practical 

measured data of five 500kV transformers is analyzed by the 

proposed method. The association rules of various state 

parameters have been excavated, and then the mined association 

rules are used in modifying the prediction results of single state 

parameters. The results indicate that the application of the mined 

association rules improves the accuracy of prediction. Therefore, 

the effectiveness and feasibility of the proposed method in 

association rule mining has been proved. 

 
Index Terms— power transformers; state parameters; 

association rules; big data; data-driven method; Apriori algorithm; 
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I. INTRODUCTION 

OWER transformers are basic components of power 

systems, and an in-service failure of a power transformer 

can be very catastrophic [1]-[3].  Therefore, accurate 

assessment, diagnosis and prediction for state parameters are 

precedent conditions for condition-based maintenance and 

life-cycle management of power transformer. Also, an 

important basis can be provided for the intelligent dispatching 

and operation.  Therefore, the safety, reliability and 

high-efficiency of power systems can be ensured [4][5]. 

The existing condition assessment and diagnosis methods for 

power transformers are mainly based on a single or a few state 

parameters to make analyses and judgments, which are mostly 

limited to the threshold-based diagnoses. Since the association 

rules between the abundant transformer states information, the 

system operation and environmental meteorology information 

cannot be taken full advantage of, the state assessment results 

are always far from comprehensive and cannot reflect the 

objective rules between the fault evolution and states 

characteristics. That is, the potential faults can hardly be found 

and predicted accurately [6]-[8]. Therefore, association rules 

mining of the transformer state parameters in combination with 

power system operation information and meteorological data 

will contribute to improving the accuracy of the equipment 
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TABLE I 

LIST OF NOTATIONS USED IN THE PAPER 

 

Notations Means 

X, Xi a set consisting of n random variables, a random variable 

P(•), P(•|•) a joint probability, a conditional probability  

J, BN a directed acyclic graph, a Bayes network,  

L a set of direct edges 

iaP  the set of the father nodes of the variable Xi 

support(•) support coefficient 

confidence(•) confidence coefficient 

minSup a threshold for support coefficient 

minConf a threshold for confidence coefficient 

Li frequent i-item sets 

Ri an association rule 

A~H variables in a group of differential equations 

ε relative error of the predicted value 
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states prediction, thereby facilitating the diagnosis of potential 

faults [9]. 

Currently, three classical algorithms are commonly used in 

the association rule mining, namely, Apriori [10], AprioriTid 

[11] and AprioriHybrid [12]. To be specific, Apriori algorithm 

scans the whole database in each loop to calculate the support 

coefficient of the candidate item sets. Furthermore, in this 

algorithm as the order of the item set increases, the number of 

candidate item sets decreases gradually, but the amount of data 

that should be scanned in each loop remains unchanged. In 

AprioriTid algorithm, the gradually-decreasing transaction 

identifier (TID) list is used to replace the original dataset, by 

which the search quantity has been greatly reduced. However, at 

the initial stage of each loop, the number of candidate item sets 

is always larger than the number of data items. Despite the 

performance of the AprioriHybrid is superior to the former 

Apriori and AprioriTid algorithm, it is more complex [12]. 

With the traditional dynamic Bayesian network (DBN), the 

future states can be predicted by modeling the conditional 

dependence between adjacent time periods [13][14]. However, 

due to the fact that the operating environment of transformer is 

dynamic, the variations of the system parameters in two 

adjacent time periods exhibit little obvious causal relationship. 

Furthermore, the fluctuation pattern of the system parameters in 

continuous time periods can reflect a specific category of events, 

such as the meteorological variation or equipment failures. 

Therefore, when association rules with other information are 

brought into, the accuracy of prediction and diagnosis can be 

significantly improved [15]. 

In this paper, the probabilistic graphic model [16]-[18] has 

been introduced into the association rules mining method for 

power transformer state parameters. A novel method has been 

proposed by combining Apriori and probabilistic graph model. 

And what is important is that only measured data is used in this 

method. At the beginning of the method, all the frequent sets of 

two-item are found using the Apriori algorithm, then the 

frequent sets can be illustrated by a probabilistic graph. And the 

association rules can be excavated based on the probabilistic 

graph. Also, both the support coefficient and confidence 

coefficient of each association rules can be calculated. With 

utilizing the probabilistic graph, the disadvantage that whenever 

the frequent items are searched the whole data items have to be 

scanned cyclically is avoided. Furthermore, the complexity of 

retrieving a graph is much less than retrieving a database [19]. 

To evaluate the effect of the propose method, the method is 

used to mine association rules in the numerical solutions of 

differential equations. The analysis result demonstrates that the 

association rules can be excavated accurately. Also, the method 

is used to excavate association rules with the field measured 

data of state parameters of five 500kV power transformers. 

Furthermore, the mined association rules are used for amending 

the prediction results of states which are estimated by single 

state. The prediction accuracy is significantly improved. 

Therefore, it can be proved that the proposed method is 

effective and feasible in association rule mining for state 

parameters of power transformers. 

The rest of this paper is organized as follows. Section 2 

provides necessary definition on probabilistic graphical model. 

Section 3 describes principles and algorithm of association rule 

mining based on probabilistic graphical model.  Section 4 takes 

numerical solutions of a group of differential equations as an 

example to examine the effectiveness of the algorithm in mining 

association rules. Section 5 analyzes the measured states data of 

five power transformers collected in 500kV substations 

applying the proposed method, whose intention is to check the 

feasibility of the method in excavating the associated rules 

between parameters of power transformers.   

 

II. PROBABILISTIC GRAPHICAL MODEL 

Probabilistic graphical model (PGM) [18] is a data-driven 

graph structure which is based on the theory of both probability 

and graph. This structure provides an intuitive method to 

address the uncertainty and complexity problems, in which the 

graph model offers a structural representation for the joint 

probability distribution. In this paper, a directed acyclic graph 

model, i.e. Bayesian network, is utilized in mining association 

rules among various transformer state parameters. 

A directed acyclic graph can provide a way to express both 

causal relationship and the joint probability between nodes 

which are representative for state parameters of power 

transformers. The motivation to construct such a graph is that 

the accuracy of result can be ensured by processing uncertainty 

using probability, since the graph can describe probabilistic 

relationship between states.  

Assuming a data set consisting of n random variables, X={X1, 

X2,..., Xn}, the chain rule of a directed acyclic graph is to express 

the joint probability based on a chain of conditional 

probabilities. The rule is described as (1). 

 



n

i

iin XXXXPXXXP
1

12121 ),,,(),,,(   (1) 

Local conditionally independent assumption is implicit in the 

probabilistic graph. That is, when a father node is given the 

node is conditionally independent to those nodes that are not its 

child node. With this conditional independence, the chain rule 

can then be simplified. 

A probabilistic graph primarily consists of the following two 

parts, which are corresponding to qualitative and quantitative 

descriptions of a question, respectively. 

1. A directed acyclic graph (DAG): the graph is composed of 

several nodes and directed edges. Specifically, the nodes denote 

the state variables, i.e., the phenomena, states or attributes in the 

problem to be analyzed, and the directed edges reflect the 

dependency or causality relationships between the nodes. The 

arrow of a directed edge denotes the direction of casual 

relationship. If no directed edges connect two nodes, the 

corresponding variables are conditionally independent. 

2. A conditional probability table (CPT): the table reflects the 

degree of association between a child node and its father node. 

For the node with no father node, the probability is the prior 
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probability. 

By abstracting data instance, a Bayesian network can be 

constructed. In order to describe a Bayesian network, following 

symbols are introduced. Let J denote a directed acyclic graph, L 

a set of directed edges and P a set of conditional probability 

distributions, then the Bayesian network can be described as 

follows: 

 ),,(),( PLXPJBN   (2) 

where, 

 ),( LXJ   (3) 

 },,,{ 21 nXXXX   (4) 

 }),,,,|({ 121 XXXXXXPP iii    (5) 

According to the chain rule described in (1) and the 

conditional independence assumption, the set of the father 

nodes of the variable Xi is denoted as 
iaP  , then the joint 

probability distribution can be written as: 
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III. PRINCIPLES AND ALGORITHM OF ASSOCIATION RULE 

MINING BASED ON PROBABILISTIC GRAPHICAL MODEL  

A. Conceptions of Association Rule Mining 

The purpose of association rule mining is to find the 

association relationship between different terms in a database. 

There are many important concepts in this processing procedure, 

as follows: 

1. The dataset involved in the association rule mining is 

denoted as T, i.e. },,,{ 21 ntttT  , where ),,2,1( nktk   is 

named 'transaction' },,,,{ 21 pk iiit   and im ( pm ,,2,1  ) is 

referred to as 'item'. Each transaction has a unique identifier, 

which is called as TID. 

2. Assuming that },,,{ 21 piiiI  is a set consisting of all 

data items in T, arbitrary subset X of I is referred to as the item 

set of T. If kX  , X is a k-item set. The relationship ktX   

indicates that the transaction tk contains the item set X. 

3. The number of transactions that include the item set X in 

the dataset T is referred to as the support number of the item set 

X, denoted as X . The support coefficient of the item set X is 

the proportion of X and |T| and denoted as support(X) . 

 %100)(support 
T

X X
 (7) 

where T  represents the number of elements in T. A threshold 

for support coefficient can be presupposed, and it is denoted as 

minSup. If support(X) is no less than minSup, X is regarded as a 

frequent item set. Otherwise, X is regarded as an infrequent item 

set. 

4. Assuming that X and Y are two item sets in T, If YX   

holds, the implication YX  can be referred to as an 

association rule, and X and Y are the premise and conclusion of 

the association rule YX  , respectively. The support 

coefficient of the item set YX   is referred to as the support 

coefficient of the association rule YX   and denoted as 

support( YX  ): 

 )support()support( YXYX   (8) 

The confidence efficient of the association rule YX   is 

denoted as confidence( YX  ), and it is defined as (9). 

 %100
)support(

)support(
)(confidence 

X

YX
YX


 (9) 

A threshold for confidence coefficient is presupposed, and it 

is denoted as minConf. In association rule mining, the statistical 

significance of an association rule is valued by its support 

coefficient, and its confidence degree is measured by 

confidence coefficient.  

5. If an association rule YX  satisfies both 

minSup)(support YX  and minConf)(confidence YX , 

the association rule YX   will be regarded as a strong 

association rule. Otherwise, it is a weak association rule. 

The task of mining association rules is to find all the strong 

association rules in T. The mining procedure includes the 

following two steps. 

Step 1.   Find all frequent item sets in the data set according to 

the minimum support coefficient, minSup. 

Step 2.   Generate the association rules based on the frequent 

item sets and the minimum confidence coefficient, 

minConf. 

B. Association Rule Mining Algorithm Based on Probabilistic 

Graphical Model 

The association rule mining algorithm based on probabilistic 

graph combines Apriori and probabilistic graph model. At the 

beginning of the method, all the frequent sets of two-item are 

found using the Apriori algorithm, then the frequent sets can be 

illustrated by a probabilistic graph. And the association rules 

can be excavated based on the probabilistic graph. Also, both 

the support coefficient and confidence coefficient of each 

association rules can be calculated. With utilizing the 

probabilistic graph, the disadvantage that whenever the frequent 

items are searched the whole data items have to be scanned 

cyclically is avoided. 

The steps of association rules mining for power transformers 

state parameters based on probabilistic graphical model are 

explained as follows. 

Step 1.   Find out all frequent two-item sets using Apriori.  

Apriori uses iterative method characterized by layer-by-layer 

searching, generates the frequent item sets from the candidate 

item sets and concludes the association rules from the frequent 

item sets [13]. However, only one and two-item sets are 

searched here. Therefore, the retrieval complexity can be lessen 

greatly. 

The generation of frequent two-item sets using Apriori 

algorithm includes the following steps. 

1. Generate frequent one-item sets L1. In this step, all the 
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transactions are scanned and the frequency of each transition’s 

occurrence is calculated. 

2. Generate frequent two-item sets L2 based on the obtained 

one-item sets L1. 

1)  Generate the candidate 2-item sets C2. In this step, every two 

modes which have one common item are connected to form 

2'C . Then based on the anti-monotonicity of frequent item 

sets, then 2'C is pruned. 

2)  Determine the support coefficient of the candidate two-item 

sets C2 included in transaction t subset(C2, t), and store it 

into a hash table. In this step it is necessary to scan the 

database. 

3)  Generate frequent two-item sets L2 by deleting the item sets 

whose support coefficients are less than minSup. 

 

Step 2.   Screen frequent two-item sets L2 based on concept of 

interestingness which was proposed by Piatetsky- 

Shapiro [20]. 

When )support()support()support( YXYX  , the two- 

item sets (X, Y) are mutually independent. That is, the 

association rule YX   is uninteresting. 

The P-S interestingness of two-item sets X and Y can be 

defined as (10): 

 

)(

)()|(

1
)support()support(

)support(
),interest(

XP

XPYXP

YX

YX
YX







 (10) 

 (1)  If  0),interest( YX , X and Y are positively correlated. 

 (2) If 0),interest( YX , X and Y are mutually independent 

and it should be rejected out of the frequent two-item sets. 

 (3) If 0),interest( YX , X and Y are negatively correlated. 

Step 3.  Construct the probabilistic graph. Nodes of the graph is 

illustrated by state parameters, and edges is conditional 

probability distributions in L2.  

Step 4.   Generate the association rule set R based on the 

constructed probabilistic graph. Pseudo-code of this 

step is listed Fig. 1. 

Step 5.   Calculate probability table of the association rules. 

 

Flow chart of the association rule mining algorithm based on 

probabilistic graphical model is shown in Fig. 2. 

Assuming there are n nodes and e edges in a probabilistic 

graph, the complexity of traversing the graph is O(n+n2+e) [18]. 

However, the complexity of traversing a database increases 

according to its total items, which is far more complicated than 

traversing a graph. Therefore, it will be more efficient to 

retrieve a graph than to retrieve a database. 

 

 

 

IV. SIMULATION VERIFICATION 

To examine the effectiveness of the proposed algorithm in 

association rules mining, numerical solutions of a group of 

differential equations as described in (11)-(18) is taken as an 

example, and mining association rules of the numerical 

solutions is tried to accomplish. 

 t
dt

dA
8cos  (11) 

Start

Read the state variables 

from the database

Calculate all the frequent 2-item sets using 

Aprior algorithm

Calculate the conditional probability distribution of 

all frequent 2-item sets

Plot the directed probabilistic graph by using state variable 

as the node, and the frequent 2-item set and its conditional 

probability as the edge

Find all the association rules from the probabilistic 

graph, and calculate the support degree and 

confidence of each association rule

End
 

Fig. 2. Flow Chart of Association Rule Mining Algorithm Based on 

Probabilistic Graphical Model  

 

Program Determining Association Rule Set R 

define minSup = minimum threshold of support coefficient; 

define minConf = minimum threshold of confidence coefficient; 

var r: *stack; 

var R: **stack; 

var X, Y: String (name of the set); 

 

begin 

R = null; 

 

// Searching the father node Y in D 

for Y in D 

r = null; 

r.pushTail(Y); 

 

//Searching the son node X in D 

for X in D 

if  YX  ∈L2  &&  (support( YX  )>minsup  

&& confidence( YX  )> minconf) 

   r.pushTail(X); 

  endif; 

 

endfor; 

 

R.pushTail(r); 

endfor; 

 

 Output the association rule set R; 

end 

 

Fig. 1.  Pseudo-code of Determining Association Rule Set R from the 

Probabilistic Graph 
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 Ak
dt

dB
1  (12) 

 BkAk
dt

dC
12   (13) 

 Bk
dt

dD
1  (14) 

 DkCk
dt

dE
35   (15) 

 EkCk
dt

dF
25   (16) 

 EkFk
dt

dG
43   (17) 

 Ek
dt

dH
2  (18) 

where 521 ,,, kkk   are the constants. 

Let k1 = 1; k2 = 2; k3 = 1.5; k4 = 1.7 and k5 = 3, the numerical 

solutions of the differential equations are given in Fig. 3. 

 
The event here is defined as follows, numerical values in each 

solution are arranged in the order from the minimum to the 

maximum and divided into 10 intervals. If the value appears in a 

certain interval, one according event happens, otherwise, that 

event does not happen. For each interval, the frequent two-item 

sets are generated by proposed method described in Section III, 

and the probabilistic graph are plotted, as shown in Fig. 4. 

 
Based on the probabilistic graph shown in Fig. 4, all the 

association rules are calculated at the condition that minSup = 

0.6 and minConf = 0.8. The results are listed in Table II. 

 

 
As the association rules listed in Table II, rules R1-R7 

correspond to the differential equations (12)-(18). Therefore, 

using the above association rule mining algorithm based on 

probabilistic graph model, the association rules among various 

variables can be effectively mined from the data. 

 

V. VERIFICATION BY THE MEASURED DATA OF TRANSFORMER 

A. Association rule mining for the transformer parameters 

In this section, in order to value the availability of the 

proposed method in excavating association rules of power 

transformers state parameters, measured data of states of five 

power transformers collected in 500kV substations are analyzed 

with the method. 

The probability distribution of power transformers’ on-line 

monitoring state parameters, i.e., the dissolved gas contents in 

oil and the oil temperature, are illustrated in Fig. 5 (a)~(h), 

respectively. 

 

TABLE II 

ASSOCIATION RULES AMONG THE NUMERICAL SOLUTIONS OF DIFFERENTIAL 

EQUATIONS 

 

Rules Antecedent item Consequent item 
Support 

coefficient 

Confidence 

coefficient 

R1 A B 0.63 0.84 

R2 A, B C 0.67 0.81 

R3 B D 0.73 0.86 

R4 C, D E 0.68 0.91 

R5 C, E F 0.62 0.81 

R6 E, F G 0.66 0.87 

R7 E H 0.67 0.89 

 

A B

C D

EF

G H
 

Fig. 4. Probabilistic Graph of the Numerical Solutions  

 

 
Fig. 3. Numerical Solutions of the Differential Equations 
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And the probability distribution of daily maximums of the 

transformers' operation states, running current, active power 

and reactive power, are shown in Fig. 6 (a)-(c) respectively. The 

probability distribution of their daily average values are shown 

in Fig. 7 (a)-(c). 

 

 
Probability distribution of the meteorological data around the 

substations, i.e., air temperature, earth temperature, relative 

humidity and average wind velocity, are shown in Fig. 8 (a)-(d), 

respectively 

 

 

C2H2 H2 C2H4CH4

Current active power
reactive 

power

Daily Average of Transformer 

Operating State Data

Changing Rate of Online Monitoring 

Data

Weather Information
mean temperature 

of the air

average wind 

velocity

relative 

humidity

mean temperature 

of the earth

hydrocarbon

CO

CO2

temperature 

of oil 

Online Monitoring Data of 

Transformer

C2H2 H2 C2H4CH4

hydrocarbon

CO

CO2 temperature of oil 

Current active power
reactive 

power

Daily Maximum of Transformer 

Operating State Data

 
Fig. 9. Probabilistic Graph of the Transformer State Parameters 

 

 
Fig. 8 Probability Distribution of Meteorological Data Around the Substation 

 

 
Fig. 7. Probability distribution of the daily average values of the transformer's 

operating data. 

 

 
Fig. 6. Probability Distribution of the Daily Maximums of the Transformer's 

Operating Data. 

 

 
Fig. 5. Probability Distribution of the Transformer's Online Monitoring State 

Parameters 
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As the analysis method applied in Section IV, the event is 

defined by arranging numerical values of each state parameter 

in the order from the minimum to the maximum and divided into 

10 intervals. If the value appears in a certain interval, the event 

occurs. Otherwise, the event does not occur. For each interval, 

frequent two-item sets are generated using the method described 

in Section III, and the probabilistic graph are also plotted, as 

shown in Fig. 9. 

 

Condition probability distributions between state parameters 

are calculated. Take the condition probability distributions of 

acetylene vs. hydrogen, oil temperature vs. air temperature, 

acetylene vs. total hydrocarbon, and oil temperature vs. average 

current for example. The condition probability distributions are 

shown in Fig. 10 (a)-(d) respectively. 

 

 
Assuming minSup = 0.5 and minConf = 0.7, association rules 

whose number of items in frequent item sets more than three are 

listed in  TABLE III.Their maximum support degree and 

maximum confidence are also listed. 

 

 

B.  Application of association rule mining results in parameter 

prediction 

The measured data of oil chromatogram, oil temperature and 

ambient temperature of a 500kV power transformer in 1200 

days from March 21st, 2010 to June 28th, 2013 are shown in Fig. 

11 (a)-(h). 

 
And the transformer running current data is shown in Fig. 12. 

 
In order to evaluate the excavated association rules, the 

association rules are applied to modify the prediction results of 

the power transformer state parameters in the next 360 days, 

which have been obtained by time sequence model.  

As prediction is an interpolation of present values, the Radial 

Basis Function Neural Network (RBFNN) is trained to be the 

best for this task [21]. RBFNN is a feed-forward network 

consisting three layers and has the best approximation of the 

global optimum performance over other neural networks. Input 

layer nodes transfer only input signals to hide layer. Hidden 

layer node was composed of radical basis function that may be 

Gaussian function, Hardy Multiquadratic function or Inverse 

Multiquadratic function. The weight vector interconnecting 

hidden and output layers are adapted using the excavated 

association rules, in order to minimize the difference between 

the desired and actual values of the output. With the measured 

data, the RBFNN is updated per 30 days. In this case the oil 

temperature, content of C2H2, total content of hydrocarbon 

 
Fig. 10. Condition probability Distribution Between Transformer State 

Parameters 

 

 
Fig.12. Measured Data of Transformer Running Current 

 

 

 
Fig. 11. Measured Data of Transformer State Parameters 

 

TABLE III 

ASSOCIATION RULES AMONG THE TRANSFORMER'S STATE DATA 

 

Rule Antecedent item Consequent item 
Support 

coefficient 

Confidence 

coefficient 

R1 

Average air 

temperature; 

Average current; 

Max current 

Content of C2H2 0.55 0.72 

R2 

Content of C2H2; 

Content of CH4; 

Content of C2H4 

Content of total 

hydrocarbon 

0.63 0.81 

R3 

Average air 

temperature; 

Average current; 

Content of C2H2 

Oil temperature 0.51 0.74 
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dissolved in oil and other parameters can be taken as network 

output.  

The absolute percentage error of the predicted results are 

defined as (19): 

 %100



M

MP

D

DD
  (19) 

where DP denotes the predicted data and DM the measured data. 

The absolute percentage error of the predicted results with 

and without association rules are depicted in Fig. 13. Fig. 13(a) 

compares prediction errors of oil temperature, Fig. 13(b) that of 

content of C2H2 dissolved in oil, and Fig. 13(c) that of 

hydrocarbon.   

 
As shown in Fig. 13, the modification on the state prediction 

results using the association rules can improve the prediction 

accuracy. The relative error of prediction has been reduced from 

20% to 10%. Therefore, it is also verified that association rules 

can be efficiently excavated using and the proposed method 

based on probabilistic graph model. In the method, only 

measured data is used. 

When power transformer faults occur, the parameters, such as 

content of gas dissolved in oil, will increase significantly. Thus, 

through prediction of the transformer parameters, the faults can 

be predicted. This allows us to take measures before the fault 

occurs, which will be more seasonable in preventing damages to 

transformers than the fault prediction methods that are based on 

the on-line monitoring equipment. That is because when the 

fault could be predicted by those methods, the fault may have 

already happened.  

 

  VI.  CONCLUSIONS 

In this paper, probabilistic graph model has been introduced 

to conduct the method of association rule mining for power 

transformer state parameters, and a data-driven method has 

been proposed. Primary conclusions are as follows: 

(1) Effectiveness of the method has been improved by 

avoiding the disadvantage that whenever the frequent 

items are searched the whole data items have to be scanned 

cyclically. 

(2) The proposed method has been applied to mine association 

rules of the numerical solutions of a group of differential 

equations. Also it is used to analyze the measured data of 

state parameters of five 500kV power transformers. The 

results demonstrate that the association rules can be 

excavated effectively. 

(3) The mined association rules are used in modifying the 

prediction results of a single state. The results show that 

the average prediction error has been reduced from 20% to 

10% after taking the association rules into account. Thus, 

it also can be verified that association rules are efficiently 

excavated using and the proposed method based on 

probabilistic graph model. 
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