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Abstract: The essence of the state momtoring for the electric power network 1s the pattern clustering of its
operating state. This study mtroduces the research results of complex network, establishing the network model
of fault diagnosis, converting the fault diagnosis for the electric power network into the detection problem of
sub-network, realizing the state clustering by means of the block merging algorithms and the optimal rules
functions. On this basis, a practical state monitoring system for the electric power network is designed
which real-time collects the operating status data by the multi-sensor. The method based on complex network
analysis is proved by the experiments to be effective in state classification and fault diagnosis for the electric

power network.
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INTRODUCTION

Currently, the momtoring method for the electric
power network 1s usually by the people, who deliver the
monitoring results to the control center by the wired
communication. The traditional monitoring method is
static, error, limited monitoring scope and high cost. The
state monitoring system can be realized to transfer the
“regular maintenance” to the “timely maintenance”,
extend equipment life and reduce the costs.

Many scholars have been studied the
monitoring and fault diagnosis problems of the electric
power network (Mohamadi et al., 2008, Wang et al., 2011).
A brief mntroduction of artificial intelligence techniques
related and commentary of power network fault diagnosis
methods 1s proposed in the literature (B et al., 2000). A
generator insulation fault diagnosis expert system based
on fuzzy reasoning is proposed and designed (Sun et al.,
2006). Wang et al. (2008) proposed a distribution network
fault diagnosis algorithm based on decision tree and
rough sets, using the characteristics of rough sets and
decision tree to extract diagnostic rules, achieved a rapid
diagnosis, improved accuracy and robustness of fault
diagnosis mn distribution network. Zhao et al. (2004)
proposed an attribute reduction algorithm based on rough
set theory, regarding the protect and circuit breaker as
condition attribute, the fault zone as decision attribute,
formed the decision table and finally formed a
comprehensive mix of knowledge model. These studies
mainly focused on power generation equipment fault
diagnosis, mecluding diagnosed and located the fault

state

troubleshooting through effective algorithm according to
the information of circuit breakers and protection devices.
Whle the research of state momnitoring and fault diagnosis
for the electric power network is not a lot.

The essence of state monitoring for the electric
power network 1s actually solving the problems of pattern
clustering (Wang et al,, 2011). Network model can be
introduced to diagnose fault in power network because of
its characters of express intuitive, adaptable and can
effectively be divided mnto clusters (Chu et af, 2011,
Mehennaoui et af, 2006). This study was attempt to
establish a state monitoring system for the electric power
network, using block merging algorithms based on
complex network to achieve state classification and fault
diagnosis. According to the fault which is diagnosed by
state monitoring, the fault trends and impending fault can
be forecasted and the support information for the power
network 13 provided.

SYSTEM ARCHITECTURE DESIGN

The main task of state monitoring typically mcludes
the following aspects:

»  Accumulate operating data, establish historical
archives

»  Classify the operating state, analysis and determine
the nature and degree of faults based on the
historical data and the historical characteristics of

faults
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Table 1: Types of sensor for network monitoring

Sensor name Function of the sensor

Temperature sensor Measure conductor temperatire

Humnidity sensor Measure wire hurnidity

Acceleration sensor ~ Measure vibration and tilt of tower or galloping
trend of conductor

Assess the operational status of electric power
network, determine its operation status is normal or
not, provide support information based on historical
data and expert knowledge

The overall system diagram is shown in Fig. 1.

The state monitoring system of the power network
collects the status of high-voltage
transmission lines by the multi-sensors which 1s 1nstalled
on the line and tower. The data of the equipment is
transported to the data processing server via wireless and
then stored in the database.

The state monitoring of electric power network
included three main areas: (1) the working status of the
lines: line temperature, the wind side and so on, (2) the

information
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environment of the lines: temperature, humidity, wind
speed and (3) the insulation status of the lines: the size
and distribution of insulator leakage current.

According to the above, the main monitoring sensors
are shown m Table 1.

The system structure 1s shown in Fig. 2.

In the data processing server, the status date 1s
fuzzed firstly m order to reduce distortion, noise and other
interference on the mmpact of the status of classification
and the fault diagnosis and elinmate differences of the
data m the dimension and value. Using the fuzzed data
which 1s processed through a fault diagnosis algorithm
based on complex network can classify and identify the
state of the transmission lines and diagnose the fault.
According to the outcome of the state identification and
fault diagnosis, the corresponding maintenance or repair
measure can are got and the decision support information
15 provided by accessing the pool of expert knowledge.
The expert knowledge base contains the knowledge of
runming state and all measures should be taken which can
be got from experts in the field of knowledge acquisition
process.
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In addition, the system which is combined by the
management information system of power system can
arrange appropriate maintenance operations according to
the diagnostic results in order to maximize efficiency and
reduce costs.

FAULT DIAGNOSIS BASED ON COMPLEX
NETWORK

Fuzzy pretreatment: The data pre-processing is realized
to eliminate interference and improve diagnostic
accuracy since the data would be interfered by the noise,
distortion and some other interference during
transmission (Du et al, 2010). Tt is necessary to use
normative data sets because of the differences in the
dimension and value of the state variables. This paper use
piecewise linear method to fuzzy pre-treat the state
parameters and mapping to the interval [0,1].
The piecewise linear function 1s in the form below:

1Lx>a

0754025 2 bexza
a—b

0.5+ 0252
b_

c
,c<x<b

fix)= T (1

0.25+0.25 dex=c

0252~ ¢
d-e

e=x=d

0,x <e

Where, a, b, ¢, d, e get segment value of the data
distribution according to the actual operating procedures
and data.

Table 2 shows an experimental sample collected by
the sensors, when the humidity was 48.5%, according to
a large number of historical data collected. a, b, ¢, d, e
were, respectively 80, 70, 60, 40 and 20 which 1s obtammed
by clustering. Substituted into Eq. 1, the result calculated
is 0.61. The fuzzy treatment of other parameters is similar
to the humidity and the results are shown in the third
column of Table 2. The vector consisted by the column is
the input vector of fault diagnosis module.

The network model of fault diagnosis: Set the system
state samples with p attributes form a sample set X =
{X1, X200 Xabs 1XioKizaeos Xygts 1= 1, 2., 1. The contact
between sample x; and x, 1s expressed with the similarity e;

Table 2: Fault symptoms and input vector

Sign Parameter Input vector x
Temperahire (°C) 3845 0.73
Humidity (%6) 48.50 0.61
Acceleration x (g) 0.80 0.47
Acceleration v (g) 0.24 0.55
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which the composition of the similarity between each
sample makes up set E. The higher the similarity between
samples is, the larger e; is; and the lower the similarity
between samples is, the smaller e; is. Set the X as nodes
of a network, E as weighted edges to form a weighted
undirected network G(X, E). Because it is an undirected
network, the similarity between the two nodes is equal, so
E 1s a symmetric matrix. The design principles of similarity
matrix F are as large as possible within-class similarity, the
similarity between classes is as small as possible, this
paper use the function:

=1/ {1+ dj)i=] 2
where, d; use Euclidean distance. It can be seen that the
larger d; is the smaller e; is which indicates the similarity
of the samples x, and x. Wheni =, sete, = 0.

After network model is established, the process of
fault diagnosis is that make the set of nodes X of
weighted undirected network divide into the m non-
overlapping sub-networks by arithmetic operation g,
namely:

g = {X,.Xs,..., Xm},
UXi = X>X1UXJ =,
i=1

XX, X#e,I#,1, 12(1, m). Each subset corresponds to a
class of system status, so the process of fault diagnosis
can be transformed for the detection of sub-network
problems which meets "large within-class similarity, small
similarity between the class ". Design objective function
according to the needs, handle network detection problem
into optimization problem, namely:
Max Q(g(X)) (3)
The objective function Q 1s a criterion function.
Define similarity between the two subsets X, and X,
of the m sets obtained by clustering as w,,:

Z x,-sx,E s

(4
E xsz k™)

W= p.q=12,...m

When p = q, w,, 1s the similarity of samples in X, When
p#q, W, is the similarity between subsets X, and X
Depending on the target (X, w,,) and min(X,, w,,), define
the criterion function of the detection of the sub-network
and fault diagnosis:

0= 3w (3w)’] (5)
=i

q=1
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where:
n
2w
=l

is the within-class similarity:

2Ge
is the similarity between classes, Q meets positive
correlation of within-class similarity and meets anti-
correlation of between-class sumilarity, meets with the
goal of fault diagnosis clustering.

Fault diagnosis based on complex network: Set cach
sample as a subset forming a set X = {X, X,,.., X}, X =
ix}, ie(1,n). Combine all the subsets according to the
method of lerarchical clustering based on the principle of

bottom-up. Tt can be expressed as: "subset __

combime * T °° 2

=== larger subset » = the final clustering
results” .

The process of module merging is a process to

comhine ?

optimize clustering criterion function, select two the
subsets making the value of clustering criterion function
increases largest as the objects to be combined. Set up ¢°
3 = X, X,.., X}, ¢ (X) indicates the first O
combination of X. After k times of merger, the sample has
been divided inte m subsets. At this time, combine the
subset of X; and X, with the operation of ¢*"(X), f, g =
1,2....m,, Q will change the value of @ ', calculate through
Eq 4, 5

Q‘ = Zpr— Z(z:w;q)2 + Wiz + Wt — ZZW@Zng (6)
P P g P
=Q+2wg— Ziwfpinp (7)
P
Recorder:
Ag = 2w — Ziwrpzm;wm (8)

e
where w;, = wy, is the similarity between subsets X; and
X,. wy, and w, are the similarities between subsets X, X,
and X .

By comparison, combine the subsets X and X, make
the value of the criterion function  has the change of A,
According to the selection criteria subsets merger, as long
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as A;~0, it can be ensured that this merger is effective,
further, make the choice of A.>0, it can be ensured that
this merger 15 the best and effective. For any two modules
can be caleulated the corresponding A, construct the
matrix :

%)

Combine the subsets of A0
Therefore, the operation flow of the fault diagnosis
algorithm based on complex network is as follows:

Build a weighted undirected network G(X, E), design
the similarity function

Calculate the matrix A™

Identify the maximum A, in the matrix, if max(A;>0),
turn to next, otherwise to (6)

Combine subsets X; and X,

Calculate the matrix A™' of the new network,
return (3)

Get the final clustering results, achieve the fault state
classification

ALGORITHM VALIDATION

In order to verify the effectiveness of the fault
diagnosis algorithm for electric power network m the
experimental environment, the sample data are collected
through multi-sensor at different times in different
environments for testing. Collect 1326 groups of sample
data in the experimental environment, randomly selecting
half of them as training data and the remaining half as
test data.

Since it costs large computation and time to combine
the samples directly, so make initial division of the
samples. Procedure 1s as follows:

Initialize the sample collection

Find the nearest pomts x in the sample from the
origin

Mark points whose similarity is greater than the
threshold 8 (include 6), forming a new collection
Remove the marked points m the sample, if the
sample X = o, end; otherwise, go to (2)

After the initial classification, the sample is divided
into several subsets, then maling state classification
according to the fault diagnosis algorithm based on
complex network. Test result is shown in Table 3, in which
the correct rate of classification p is calculated as follows:
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Fig. 3: Affect of threshold to correct rate

Table 3: Result of fault diagnosis

Threshold © . average (%0) W variance (%6)

0.1 66.81 1.74

0.2 68.94 2.04

0.3 73.34 2.84

0.4 73.41 3.10

0.5 73.22 214

0.6 74.79 2.97

0.7 T6.92 317

0.8 84.30 3.34

0.9 87.39 3.13
= 100% (10)

Ni

N, 18 the number of cormrectly classified, N, 1s the number of
all test data.

The relationship between correct rate and threshold
is shown in Fig. 3.

It can be found from the result that with the increase
of the imitial threshold 0, the correct rate of state
classification increases. When the initial threshold 6 is
larger, it can be got more data sets. As a result, the correct
rate will be larger and the overall variance 1s relatively
small. It indicates that the method performance is
relatively stable in the application of fault diagnosis.
Therefore, the fault diagnosis based on complex network
can be effectively used in fault state classification in
electric power network.

CONCLUSIONS

The system which 1s realized by this paper monitor
the state of high-voltage transmission lines, collect real-
time state information by wireless sensors, then make
state classification, state identification and fault
diagnosis. After then call the expert knowledge, assess
the equipment operation state which is abnormal or not,
predict the possible fault so that can promptly arrange for
maintenance and provide support information for the
power grid maintenance when faults have happened.
System performance depends on the accuracy of state
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classification achieved by fault diagnosis algorithm. Fault
diagnosis in electric power network is to solve the mode
clustering problem. The research of complex network 1s
introduced, establish network model of fault diagnosis, so
the fault diagnosis is transformed into the problem of sub-
networks dividing.
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