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Abstract—Power distribution fault statistics provide splendid
resource for extracting experimental knowledge. The extracted
knowledge includes the inherit characteristics of the network
assets. Analysis and estimation of failures require a
comprehensive understanding of faults in terms of the relevant
effective parameters.

This paper outlines a data-driven model to represent
momentary failure rate in terms of the most influential factors
based on the study of the recorded historical fault data as well as
the expert’s experiments in the Greater Tehran Electricity
Distribution Company. A methodology is presented for
momentary fault causes identification and model construction
using artificial neural networks. Satisfactory results indicate that
the developed model can easily be implemented to estimate other
fault types in power distribution systems.

Index Terms—Artificial neural networks, distribution system
reliability, data mining, fault cause identification, failure-rate
estimation, failure-rate modeling, historical data analysis.

1. INTRODUCTION

aintaining and improving the reliability of power

distribution systems has become a core challenging
activity for electric utilities, due to deregulation and
privatization of the utility industry. As a result, utilities —-who
strive to improve their reliability indices—, need to improve
their reliability estimation and monitoring methods. For this
reason, electric utilities have developed modern tools for
optimal asset management, based on distribution network
reliability analysis. Fault statistics —treasured in IT-based
management automation systems of the electric utility
companies— provide splendid resources for extracting
experimental knowledge. This knowledge extraction is
referred to as Data Mining or Knowledge Discovery [1]. The
extracted knowledge include the inherit characteristics of the
network asset engineering practice within that company,
which might be exclusive to its specific network, thus very
valuable for that utility. Hence, the utilities record and analyze
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their fault statistics; as they would rather prefer to rely on their
own context-specific extracted knowledge, rather than the
typical values [2, 3]. Therefore, the utilities need practical and
adaptive reliability indices, based on their own data, in order
to direct their resources properly [3].

Analytical models often use simplifying assumptions,
such as constant failure rates for systems components, in order
to cope with complexities [4]. Since the use of average failure
rates in system reliability models is always limiting and is
potentially misleading, advanced tools have attempted to
move beyond average failure rates by calibrating or modeling
it based on historical system performance [5]. A few attempts
have been made to evaluate failures as a function of either
external factors, such as plant growth [6, 7], weather [8],
combination of features [4, 9], or intrinsic factors, such as age
[10]. A method that uses equipment inspection data to assign
relative condition ranking was addressed in [5], these rankings
then mapped to a failure rate function. A model by dividing
the component failure rates into several partial failure rates are
introduced in [11]. Attempts have also been devoted to
allocate failures to improve repair activities [12].

In spite of the great efforts made in former studies, this
research area is still young. In fact, vast varieties of failure
causes, as well as the effects of indirect
environmental/structural factors on equipments failures are
considerably significant. Hence, more efforts on this issue
could provide valuable reliability knowledge and practical
guidelines. As a result, the necessity of more capable models
to adapt reliability assessments to different environmental
conditions is inevitable.

This paper is aimed to represent a data-driven artificial
neural networks model for momentary failures of overhead
medium voltage lines in terms of most influential factors,
based on the study of the recorded historical fault data as well
as the expert’s experiments in the Greater Tehran Electricity
Distribution Company (GTEDC). Section II includes a brief
introduction of the GTEDC service territory. The proposed
methodology and the data mining approach including analysis
of the historical outage data are presented in sections III and
IV respectively. Section V explains the failure rate model; and
the implementation results, model evaluation, as well as the
discussion on the results are shown in section VI.



II. THE GREATER TEHRAN ELECTRICITY DISTRIBUTION
NETWORK

GTEDC operates the distribution network of The Greater
Tehran, the capital city of Iran. It is the largest electric utility
in the country, providing almost 16641 GWh year], 3249000
customers, and 13300 MV substations [13]. Like many other
utilities, GTEDC is continually making an effort to improve
modeling and estimation methods for reliability indices. It is
divided into four regional areas. Since the environmental
conditions vary within different zones of the city, it could
significantly affect the system reliability indices. A
geographical network map of the four GTEDC'’s service areas
as North West (NW), North East (NE), South West (SW), and
South East (SE) is illustrated in Fig. 1.
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Fig. 1. Greater Tehran geographical network map including four service areas
as North West (NW), North East (NE), South West (SW), and South East (SE).

III. METHODOLOGY

In this study, a data-driven model is used to estimate
momentary failure rates based on fault statistic in the outage
management database. As shown in Fig. 2, the proposed
methodology consists of two main stages: data mining and
failure rate modeling.

In the data mining stage, the historical data of the network
momentary interruptions are analyzed first. Then, the fault
data are preprocessed, and the momentary failure cases are
identified, using a statistical data-mining approach.

The failure rate modeling stage, subsequently, starts with
preparation of a data-driven pattern recognizer model;
followed by introducing the finally designed alternative
models. The alternative models should be evaluated to ensure
the satisfactory performance of the designed model, as well as
to select one of the alternative models as the proposed
reliability estimation model.

IV. DATA MINING

A. Analysis of the Historical Data

In order to gain an insight on failure events and assess
different regional factors, four districts of the GTEDC were
studied in details. The fault statistics data are registered in
Electric Network Operating eXpert (ENOX™), a home-
developed relational outage management database. Like other
outage management systems [4,7,9], it records various fields

of outage information, including almost fifteen items, such as
short event description, fault location and circuit ID, failure
cause, repair duration and weather situation.

B. Fault Data Preprocessing

First step in failure rate model extraction is study of
unscheduled historical outage events. Analysis was done using
recorded historical outage data of overhead medium voltage
lines in ENOX™ data base for the period of 2006-2008. This
includes more than 4900 unscheduled outage events on
overhead medium voltage lines. Interruption frequency of the
different failure types and the contribution of each region on
failures are shown in Figs. 3 and 4, respectively. As shown in
Fig. 3, the dominant failure type of overhead lines is
momentary type including almost 58% of all of the total
failure numbers (2808 out of 4906). Fig. 4 shows that the
momentary interruptions are distributed within the four service
areas of GTEDC. Since the network includes insufficient local
automation equipments (reclosers), momentary interruptions
last around 15 or 20 minutes. Consequently, it yields to about
35% (696 MWh out of 2038 MWh) of the total annual energy
not supplied (ENS) of overhead lines, as illustrated in Fig. 5.
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Fig 2. Flowchart of the proposed methodology for failure rate modeling.

On the other hand, momentary interruptions are more
unknown in nature than sustained interruptions; as, the feeder
can be re-energized right after a momentary event without any



repair action. Therefore at the first phase of our research we

focused on momentary faults and we postpone other types.
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Fig. 3. Interruption frequency for different types of outages in overhead lines
of the GTEDC service territory for the period of 2006-2008.
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Fig. 4. Contribution of each area of the GTEDC on interruption frequency for
different outage types.
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Fig. 5. Annual average ENS (MWh) versus different failure types.

C. Momentary Failure Causes Identification

Failures are functions of various independent parameters,
thus, the identification of causes -and their associated
consequences- is one of the most formidable challenges of
reliability studies as well as preventive maintenance strategies.
According to [3], various factors that cause failures in
distribution systems can be divided into three main groups, as
External factors, such as trees, birds/animals, wind, etc,
Intrinsic factors, such as age of equipment, manufacturing
defects, size of conductors and Human error factors, such as
vehicular accidents, accidents by utility or contractor work
crew, vandalism, etc.

Firstly, we explored the impacts of weather parameters as
the influential factors on momentary fault types. By analysis
of adverse weather days, it was found that there are no
significant correlation between weather conditions and
momentary failures. This includes correlation analysis of
historical data of daily wind speed and rainy/snowy days
collected from the weather meteorology substations for the
period of 2006-2008, along with the relevant historical outage
data. Although, effects of weather conditions on fault
occurrence are inevitable in general; however, this result is
valid and expectable, since in this area weather is usually mild
and there were few adverse weather days that influence on
momentary faults in a period of the study. The primary result
led us to go beyond the weather parameters and focus on
identification of more effective probable factors.

Consequently, we faced with a fundamental technical
challenge: the ENOX™ database does not report the main
momentary fault causes. We talked this challenge as utilizing
the experiences and observations of the GTEDC experts. After
extensive studies, based on experts’ guidelines on 160
overhead medium voltage feeders of the GTEDC, we found
that outages are derived from four different classes of
independent variables, as: Poor Network Design and
Installation, Inappropriate Operation Condition, Weather
Condition, and External Environmental Interference. Table 1
summarizes this classification including relevant subsets and
the correlation coefficient of each variable with the total
annual momentary failures.

V. FAILURE RATE MODELING

Due to complexities of the problem space we used
artificial neural networks (ANN), as a model-free approach to
cope with nonlinear failure rate modeling. ANN have been
used successfully in the past for different purposes such as,
fault detection, control, pattern recognition [14, 15], and fault
cause identification [16]. One of the most common/famous
network is a feed-forward network witch is trained with back
propagation algorithm [17]. This algorithm has the ability to
generate beyond the training data [6]. After extensive
experimentations, an ANN model with one hidden layer, and a
binary sigmoid activation function yield the best results. The
architecture of the applied ANN failure rate model is shown in
Fig. 6.



TABLE I. MOMENTARY FAILURE CAUSES CLASSIFICATION

Main Correlation
Momentary Fault Causes Coefficient
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In order to determine the problem parameters and prepare
useful data samples for the model, level condition of all the
160 feeders were evaluated based on each mentioned factors
in Table I. The applied ANN model was constructed with 8
input variables including valuable and informative data for
each sample. These variables were selected according to the
relevant correlation of more than 0.1 with momentary failures.
Each input variable and its symbol are shown in Table II. This
data is then normalized to be valid for the model.

N
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Fig. 6. Architecture of the applied ANN model.

TABLE II. INPUT VARIABLES FOR THE ANN MODEL
Symbol
L Length of the Feeder

Input Variables

Sp Inappropriate Span(Section) Length
FD |Inappropriate Line Sag
S Extra MV Substations per Feeder

T Insufficient Tree Triming
PM  |Improper Scheduled Preventive Maintenance
NA  |Normal Aging

AC  [Animal Contact

VI. RESULTS AND DISCUSSIONS

A. Implementation Results

Here the results of the extracted model are presented. The
finally designed failure rate estimation model will be an ANN
with one hidden layer and a binary sigmoid activation
function. Furthermore, the following data are used to train the
ANNSs: outage data from 2006 to 2008 and the condition of
overhead medium voltage feeders according to the proposed
failure case classification (Table I and Table II).

Seventy percent of failure data for each district was
randomly selected for training, whereas the remaining thirty
percent of the data was used to verify the generalization and
the robustness of the tuned ANN model.

As mentioned before, momentary failures are more
unknown in nature than sustained failure types. In order to
assess the model, we evaluated the model performance
sensitivity to changing the input variables. Therefore, two
different models were developed separately. The first model
includes 8 input variables as mentioned in Table II, whereas in
second model 5 variables were selected out of 8, which have
highest correlation coefficients. After reaching to the best
estimation the root mean-square error (RMSE) for the training
and test data sets of both models were determined using
Equation (1). Table III summarizes the results of the final
models.

@

Where 1z, Ao, and n stand for expected failure, observed
failure, and number of samples respectively.

TABLE III. RESULTS OF THE FINAL MODELS

Number of | Exact failures |Observed failures Training set | Test set
Inputs of test set of test set RMSE RMSE

8 468 484 0.0778 0.0821

5 468 491 0.005 0.1081




B. Evaluation

This study also evaluates the proposed method by
comparing estimated failure numbers of test data set with the
expected values, which were recorded in the ENOX™
database. Fig. 7 depicts the exact (real) failure numbers versus
the observed failure numbers, for 30 test samples. According
to the results, first model including 8 input variables
outperforms the second one.
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Fig. 7. The observed failure numbers versus exact failure numbers for 30
samples of test set, (a)8- input variable model, (b)S- input variable model.

C. Discussions

Evaluation of the presented models shows their satisfactory
learning ability. It successfully overcomes the difficulties due
to data shortage and uncertainty, which is a common problem
in historical data analysis of utility databases.

The test to train error ratio of first and second models are
1.14 and 1.84 respectively (see Table IV). According to this
ratio, it can be concluded that the first model (8-input ANN)

has the better generalization capability than the second one (5-

input ANN).
TABLE [V. RESULTS OF THE FINAL MODELS
Generalization | Training set Test set
Model .
odes Capability RMSE RMSE
8-input ANN 1.143 0.0778 0.0821
5-input ANN 1.83 0.005 0.1081

The proposed model enjoys an evolutionary feature, since
the data-driven characteristic of the model improve its
performance as data samples gradually would increase in
future.

The presented model is also useful for the utility
managers to direct existing resources properly. As Reliability
Centered Maintenance (RCM) is a strategy where maintenance
of system components is related to the system reliability
improvement; realistic evaluation of the
network reliability conditions can be regarded as a start point
of RCM programs. This RCM programs may include
identification of weak parts/features of the system, as well as
unknown failure factors.

consequently,

VII. CONCLUSION

This paper advanced the premise of using context-specific
and adaptive reliability indices, instead of typical values. The
main momentary failure causes were identified, as the
dominant type of failures, based on the study of the network
using experiments of the GTEDC’s experts.

This analysis followed by a classification of the more
effective causes as Poor Network Design and Installation,
Inappropriate Operation Condition, Weather Condition, and
External Environmental Interference. Subsequently, a data-
driven model was constructed to represent momentary failure
rate in terms of the most influential factors. Satisfactory
results demonstrate the proper performance of the proposed
model.

In future, as the next phase of this study we are going to
use these results to focus on improving the weak parts of the
network. This can be regarded as helpful decision aids for
planning future asset management and preventive maintenance
policies. The results can also help us on improving the outage
management database (ENOX'™) with Failure Estimation
System as well as data warehousing enhancement.
Furthermore, adaptive and accurate estimates for failure rates,
lead us to better evaluation of system reliability indices such
as MAIFI and SAIFI.
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