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Abstract

This research aims to develop data-driven methods that extract information from the

available data in distribution grids for detecting weak spots, including the compo-

nents with degraded reliability and areas with power quality problems. The results

enable power distribution companies to change from reactive maintenance to predic-

tive maintenance by deriving benefits from available data. In particular, the data is

exploited for three purposes: (a) failure pattern discovery, (b) reliability evaluation of

power cables, and (c) analyzing and modeling propagation of power quality distur-

bances (PQDs) in low-voltage grids.

To analyze failure characteristics it is important to discover which failures share

common features, e.g., if there are any types of failures that happen mostly in certain

parts of the grid or at certain times. This analysis provides information about corre-

lation between different features and identifying the most vulnerable components. In

this case, we applied statistical analysis and association rules to discover failure pat-

terns. Furthermore, we propose a visualization of the correlations between different

factors representing failures by using an approximated Bayesian network. We show

that the Bayesian Network constructed based on the interesting rules of two items is

a good approximation of the real dataset.

The main focus of reliability evaluation is on failure rate estimation and reliabil-

ity ranking. In case of power cables, the limited amount of recorded events makes it

difficult to perform failure rate modeling. Therefore, we propose a method for inter-

preting the results of goodness-of-fit measures with confidence intervals, estimated

using synthetic data.

To perform reliability ranking of power cables, in addition to the age of cables,

we consider other factors. Then, we use the proportional hazard model (PHM) to as-

sess the impact of the factors and calculate the failure rate of each individual cable.

In reliability evaluation, it is important to consider the fact that power cables are re-

pairable components. We discuss that the conclusions about different factors in PHM

and cables ranking will be misleading if one considers the cables as non-repairable

components.

In low-voltage distribution grids, analyzing PQDs is important as we are moving

towards smart grids with the next generation of producers and consumers. Installing

Power Quality and Monitoring Systems (PQMS) at all the nodes in the network, for
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monitoring the impacts of the new consumer/producer, is prohibitively expensive. In-

stead, we demonstrate that power companies can utilize the available smart meters,

which are widely deployed in the low-voltage grids, for monitoring power quality

events and identifying areas with power quality problems. In particular, several mod-

els for propagation of PQDs, within neighbor customers in different levels of the grid

topology, are investigated. The results show that meters data can be used to detect and

describe propagation in low-voltage grids.

The developed methods of (a) failure pattern discovery are applied on data from

Halmstad Energi och Miljö (HEM Nät), Öresundskraft, Göteborg Energy, and Växjö

Energy, four different distribution system operators in Sweden. The developed meth-

ods of (b) reliability evaluation of power cables and (c) analyzing and modeling prop-
agation of PQDs are applied on data from HEM Nät.
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Chapter 1
Introduction

The reliability of electric power grids (generation, transmission, and distribution) is

important for both utilities (providers) and consumers. Industries, infrastructure, and

citizens rely on electric power, and power interruption can have disastrous effects.

Furthermore, many governing bodies are increasing requirements put on power com-

panies to improve the overall reliability of electricity grids.

Electric power distribution grids are the final stages in the delivery of electric

power to the end users where the electricity is consumed. Distribution grids are usu-

ally facing problems such as aging infrastructure, poor design, high exposure to envi-

ronmental conditions, and irregular electricity usage by customers, and are therefore

addressed as the most vulnerable sector in power grids [1, 2, 3, 4].

Smart distribution grids (SDGs) are designed to be the next generation of power

distribution grids. The term “smart” is addressed in different ways by different actors.

However, two different types of definitions can be encountered (Swedish government

inquiry on smart grids [5]). The first type focuses on the technologies that are included

in smart grids (we call it features); and, the second focuses on the problems that can

be solved with smart grids (we call it capabilities). Some of the features include

two-way communication and control, distributed computing and Advanced Metering

Infrastructure (AMI), equipment installed on the premises of network user. Some of

the capabilities include economically efficient and sustainable power systems with

low interruption, high level of power quality, and facilitating the large-scale use of

renewable energy sources.

Although SDGs contain features that provide improvement mechanisms, they re-

quire significant additional operational automation to achieve their full capabilities

[6]. For example, SDGs can automatically detect and resolve momentary disturbances

by opening and closing interruption devices. However, several long-duration distur-

bances caused by a failed component need manual work to be precisely localized and

fixed [7]. This manual work is usually very costly and time consuming.

Furthermore, in SDGs, many new consumers and producers are continuously be-

ing connected to the network, such as electric vehicles and various distributed gen-

erators, which will impact the power quality in various ways. Some of these impacts
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2 CHAPTER 1. INTRODUCTION

are voltage fluctuation in feeder lines, malfunction of voltage regulation equipment,

possibility of overload in power cables, variation of reactive power flow due to mal-

function of capacitor bank devices, and malfunction of over-current and over-voltage

protection devices [8]. In this case, it is important to find solutions for monitoring the

disturbances caused by the new consumer/producer and methods for analyzing their

impacts on other components in the grid.

Currently, the majority of improvement mechanisms in SDGs are devoted to an-

alyzing the data from high-frequency sensors. However, large amounts of data from

low-frequency measurements, failure records, and grid information are available but

rarely used for reliability improvement.

In general, the available data in SDGs can be categorized into three groups: 1)

sensor readings, 2) failure records, and 3) grid and components information (see Ta-

ble 1.1). The sampling rate of the sensor readings can be high, e.g., Supervisory Con-

trol And Data Acquisition (SCADA) systems and Power Quality Monitoring Systems

(PQMS) or low, e.g., smart meters (SMs). The failure records corresponds to the in-

formation about failures and repairs on different components in the grid. Some of this

information includes, date and time, cause of failure, affected components, and du-

ration of disturbances. Grid information contains additional data about components,

customers, and the grids topology.

Table 1.1: Different type of data in SDGs

Realizing the full capabilities of smart grids requires using the available features

to solve problems in SDGs. This includes extracting information from the available

data and applying improvement actions accordingly.

Furthermore, to mitigate the number and severity of power interruptions there is

a need to switch from reactive maintenance (repair after failures occur) to predic-

tive maintenance (repair before failures occur). The goal in predictive maintenance

is to estimate the condition of a system or a component and perform maintenance

accordingly. Predictive maintenance differs from preventive maintenance in that it is

determined by the condition of equipments rather than the expected life-time, rec-

ommended by the component manufacturers. Applying predictive maintenance on

different components in the grid can prevent catastrophic equipment failures [9].
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1.1 Objectives
This research aims to develop data-driven methods that extract information from the

available data in distribution grids for detecting weak spots, including the components

with degraded reliability and areas with power quality problems. The main purpose

of this project is to enable power distribution companies to change from a reactive

mode to predictive mode by deriving benefit from existing data.

To achieve the objectives, this dissertation focuses on the development of meth-

ods for: (a) fault analysis and failure pattern discovery, (b) lifetime modeling and

reliability ranking of underground power cables, and (c) smart meters data analysis.

Figure 1.1: Objectives of the thesis.

Fault analysis Finding patterns in the failure records and summarizing them with

quantitative models is a step towards turning data into information and turning infor-

mation into knowledge. The results of this analysis facilitate reasoning about different

features associated with faults and can be used by maintenance staff at distribution

companies.

Reliability ranking of power cables High-voltage and low-voltage underground

power cables are heavily affected by ionization, as well as thermal and mechani-

cal stresses [10]. Cable failures usually create long outages. In case of failures, both

pinpointing and repairing faults are very costly and time consuming due to the diffi-

culty in accessing them. Mining and analyzing the available data enables us to design

reliability evaluation methods that can estimate the life time of power cables and

identify the weak ones. Then, power distribution companies can directly target those

vulnerable cables for inspection and preventive repair actions.
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Smart meters data analysis In low-voltage distribution grids, analyzing power qual-

ity disturbances (PQDs) is important as we are moving towards smart grids. SMs are

generally deployed at all customers and continuously measure several features. Cur-

rently, SMs are mainly used for billing energy usage; however, they have additional

features such as monitoring voltage, current, frequency, and power quality. Analyzing

PQDs using SMs data can provide useful insights of the areas in the low-voltage side

of the grid with power quality problems. Distribution companies can benefit from the

results for strengthening their grid and eliminating the power quality problems for

customers.

1.2 Challenges
Real-world data - real-world data, quite often, are faced with the challenge of sparse

or no ground truth when it comes to power grids. In these situations it is incredibly

valuable to be able to accurately determine whether the recorded data represent the

“actual” failures of a system or component. Even in those situations where some of

the labels might be available (sparse ground truth), it is often to be expected that there

will be new forms of failures that do not fit into any previous patterns. This means that

they will not be discovered by methods that attempt to match with already occurring

phenomena for which there are labels. In this case, we can investigate answering

questions such as which systems, components, or factors are causing a specific failure,

or increasing the probability of an event; how different features describing the failures

are correlated; and, how these correlations can be represented.

Quantity and quality of data - in SDGs, large amount of data is recorded in different

ways, but not all of them can be used for weak spot detection. Among those that have

less relevant information about the grid’s reliability, we can refer to customers’ elec-

tricity consumption data. Consumption data are mainly used for billing purposes and

their relation with components reliability is very weak. On the other hand, the history

of previous faults is highly relevant, but the amount of historical failure information

is usually small. This lack of data makes it difficult to perform reliability evaluation

with reasonable confidence.

Impact of multiple factors on reliability evaluation - our evidence shows that targeting

only the aged components for replacement is not an optimal strategy for reliability

improvement. In fact, age is only one factor among many that impact failure rates.

Other factors include previous maintenance, geographical position, length, etc. Some

of these factors can be captured directly from datasets, although the corresponding

information may be imprecise. In this case, the major challenge is related to identify-

ing which factors should be included and estimating how significant is the impact of

each factor on components’ reliability.

SMs data for analyzing power quality - the main challenge in using SMs for monitor-

ing power quality is the limitations in data storage and communication protocols. In
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fact, SMs cannot provide the high-resolution waveform-based monitoring for power

quality. This makes it difficult to perform the commonly used analysis which mainly

consider the shape of the waveforms in the three-phases with precision in millisec-

onds to detect the root cause of power quality problems.

1.3 Research Questions
Our main objective is to identify weak spots which we have set out to be compo-

nents with degraded reliability and areas with power quality problems. Based on the

available data with the limitations stated in section 1.2, several questions have to be

answered. Here, the main question is what information can be extracted from the
available data which is relevant to the reliability of systems and components in the
distribution grids? Historical failure records database is a valuable source for extract-

ing information about the reliability of the grid. However, the amount of this data for

components failures is usually limited. In this case, there are other sources of infor-

mation available in power grids that can be utilized and additional factors that may

have correlation with components failures can be extracted. Furthermore, in order to

perform reliability analysis, the characteristic of components (if they are repairable

or non-repairable) and the limitations of different methods must be considered; oth-

erwise, the conclusions about the reliability analysis would be incorrect. Moreover,

SMs which are distributed throughout the distribution grids can provide information

directly at the points of customer connection. Methods for extracting this informa-

tion and then transforming it to knowledge about the weak spots are needed to be

investigated.

Therefore, based on the aim of the project and previously highlighted challenges,

the following research questions are addressed in this thesis:

1. How to discover and represent failure patterns from historical failure data of a

SDG?

2. How to perform reliability evaluation with confidence bounds while dealing

with limited historical failure data?

3. How to design a robust method for reliability evaluation considering the impact

of the repairability characteristic of power cables and selection of different fac-

tors?

4. How to analyze and model the propagation of power quality disturbances in

low-voltage grids using smart meters alarm data?

1.4 Research Contributions
The main contributions of this thesis are summarized as follows:
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1. Proposing a method for visualization of the correlations between different fea-

tures representing failures by using an approximated Bayesian network (Paper
B). Patterns are considered as the correlation between failure and other features

such as season, weekday, time, and outage duration. The outcomes of failure

pattern discovery can be used for identifying the most vulnerable components

(e.g. underground cables) or factors that are important for further analysis. The

cause of the identified correlations and ways to limit different failures are some

of the topics that can be investigated by utilities. The generality of the method

is evaluated by applying the method on historical data from other distribution

companies (see Chapter 3.1.2).

2. Proposing a methodology for power cables lifetime modeling with confidence

intervals to deal with limited failure data (Paper A). We investigated six dif-

ferent models estimating the probability of failures for in-service underground

cables. In many practical cases, the amount of data available is very limited, and

it is difficult to know how much confidence one should have in the goodness-

of-fit results. Therefore, we focused on a methodology for evaluating how well

different models fit the historical data and represent the results by confidence

bounds. In this analysis only the age of the cables is considered (not the impact

of additional factors).

3. Demonstrating the importance of considering the reparability characteristic of

power cables on reliability estimation (Paper C). In particular we compared

three case scenarios depending on how to consider power cables and their fail-

ures: as nonrepairable components, as repairable but decommissioned after the

last failure, and as repairable components which survive until censoring time.

For power cables, the first and second scenarios are incorrect but often used,

and we discussed that conclusions about reliability analysis will be misleading

if the evaluation is carried out based on these approaches.

4. Developing a method for ranking repairable power cables based on the impact

of different factors (Paper C). We used the proportional hazard model (PHM)

to assess the impact of different factors and calculate the failure rate of each

individual cable. Then we ranked cables based on their failure rate. The method

is applied considering the restoration characteristic of power cables.

5. Analyzing and modeling propagation of smart meters’ alarms in low-voltage

grids (Paper D). We show that the existence of propagation of sag/swell dis-

turbances in the low-voltage grids can be discovered using data from SMs.

Furthermore, several models are designed based on different scenarios and syn-

thetic data generated according to them. These models include the grid with: no

propagation, propagation within neighbor customers at the same delivery-point,

propagation within neighbor customers at the same branch, and propagation in

both delivery points and branches. The similarity of the artificial data gener-

ated based on each models are then compared with the real data. The results
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Chapter 2
Background

Power distribution grid problems usually relate to two main concerns: reliability and

power quality (PQ). Typically, the reliability corresponds to power interruptions, and

PQ refers to deviations in current and voltage waveforms. Although, the deviations in

voltage waveforms are not a complete loss of voltage, the consequences of sensitive

equipment can be as severe as those caused by an interruption [11].

2.1 Reliability analysis
In general, reliability is defined as the probability of a system or component per-

forming its purpose adequately for the period of time intended under the operating

conditions [12].

There are several ways to describe reliability such as failure probability distri-

bution, cumulative distribution, reliability function, and failure rate. In power grids,

reliability is normally expressed by failure rate (FR), which is the number of ex-

pected failures per unit in a given time interval [13]. Figure 2.1 shows a commonly

Figure 2.1: Bathtub curve of typical failure rate for components.
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10 CHAPTER 2. BACKGROUND

used failure rate model known as the bathtub curve [14]. The model begins with a

high FR (infant mortality), followed by fairly constant FR (useful life). Finally, the

FR increases again as the component reaches the end of its life (wear-out).

In order to perform reliability evaluation, some important aspects should be con-

sidered including how to obtain the required data, which statistical analysis should be

chosen, and what are the constraints and limitations of reliability evaluation due to

the specific characteristic of power components (see Figure 2.2).

Figure 2.2: Important aspects in reliability evaluation of power components.

2.1.1 Data Collection
One way to collect the required data for reliability analysis of power systems is to per-

form on-site testing [15, 16]. In this approach, the actual condition of the system can

be measured while the system is in operation, based on some suitable and measurable

indication of component deterioration.

For power systems, on-site testing may damage the insulation of the tested com-

ponent [17] and therefore laboratory tests are commonly used instead of on-site test-

ing. In laboratory tests [18, 19, 20], a new component first undergoes accelerated

aging processes to simulate the condition of aged ones. Then the component dete-

rioration indicators are measured. Hence, instead of measuring the actual status of

the in-service component, the condition of the component will be estimated based on

off-site (laboratory) tests.

In case of power cables, both on-site testing and laboratory testing methods are

costly and complex processes. Moreover, the condition of power cables can be es-
timated in a cheaper way by analyzing historical data. In general, utility companies

keep records of historical data such as previous events and inventory data (manu-
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facturer information) which can be used for reliability evaluation of power cables

[21, 22, 23, 24, 25].

One of the problems with analyzing historical information is the limited amount

of failure data, which makes it difficult to estimate the reliability of power cables with

reasonable confidence. To mitigate this problem, some previous works have used ex-

pert knowledge to manually refine the estimated lifetime of power cables. In [26, 27]

expert knowledge was used to obtain uncertainty range for the following variables:

impact of previous failures, impact of environmental and operational stressors, prob-

ability of cable condition over time, test accuracy of the cables condition, and impact

of previous repairs. These approaches, however, are error prone. In addition, such

approaches cannot be easily generalized from one grid to another.

If every feeder line is under observation until a failure, the reliability measures

may be estimated simply by computing the fraction of lines surviving at each age.

However, some feeder lines have not been destroyed or discarded by the end of the

experiment (data collection). In this case, the data is “right censored” [28], which

affects the reliability analysis and need to be considered.

Figure 2.3: Schematic plot for events and censoring in feeder lines.

2.1.2 System Characteristics
In order to use reliability measures such as failure rate, the nature of the system and

the limitations of different methods must be considered [29]. In reliability evalua-

tion, there is a crucial difference between the statistical treatment of repairable and

non-repairable systems. A repairable system or component can be restored to satis-

factory operation after a failure by repair actions; while, a non-repairable system or

component is removed permanently (replaced with a new system or component) after

a failure.

The replacement of an underground power cable is very costly and it is not eco-

nomically efficient to change the entire cable after a failure. Therefore, in case of

failures, only the faulty point is replaced by a new segment and the rest of the cable

stays untouched. This restoration characteristic of power cables allows distribution

companies to keep them in service for more than the manufacturers’ recommended
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lifetime. In fact, as long as the frequency of failures in a specific cable is not high

(tradeoff between the cost of multiple repairs and replacing the entire cable), these

companies tend to keep the cable in service. Furthermore, power cables after a fail-

ure and repair are usually as-bad-as-old, i.e., the repair after each failure does not

materially change the condition of the entire cable.

2.1.3 Statistical Method
In a very broad sense, failure data can be evaluated statistically using either paramet-

ric methods, or nonparametric methods [14]. Parametric methods make assumptions

about the underlying population from which the data are obtained. On the other hand,

non-parametric methods, also called “distribution-free” methods, do not assume any

particular family for the distribution of the data [30].

In both parametric and nonparametric methods, the failure processes are described

as random events. These time of events are then considered as random variables that

can have a continuous or discrete characteristic [31].

If components are considered as non-repairable, the FR or hazard rate (HR) func-

tion are usually used to estimate the remaining useful life of the components [14, 32,

33]. The failure time is a random variable T described by a single time to failure. The

order of failure times does not matter, i.e. the random variables T are not chronolog-

ically ordered. In this case, FR is the relative rate of failure of components surviving

until time T (conditional).

If components are considered as repairable, stochastic point process (SPP), re-

newal process (RP) model, or reliability growth analysis are usually used to estimate

the expected number of events over time [34, 35, 36, 37, 38, 39, 40, 41, 42]. If the

failure time T represents the time between successive failures, it is called inter-arrival

time. Here it is assumed that the repair action materially changes the condition of the

component (the condition of the component after repair is “as-good-as-new”). But, if

the repair action does not materially change the condition of the component (the con-

dition of the component after repair is “as-bad-as-old”), the time of failure compared

to time 0 represents the failure time T . For repairable systems, the rate of occurrence

of failure (ROCOF) and mean time between failure (MTBF) are usually used to rep-

resent the expected number of cumulative failures at each time stamp. ROCOF is the

absolute rate at which system failures occur (unconditional).

The following measures can be used for reliability evaluation [43] of non-repairable

components:

Cumulative distribution function: the probability that any randomly chosen compo-

nent fails within the interval (0, t]

F (t) = P(T ≤ t) =
∫ t

0

f (u)du for t > 0 (2.1)

Here, it is assumed that the time to failure T is continuously distributed with

probability density function f (t).
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f (t) = lim
Δt→0

P (t < T ≤ t + Δt)
Δt

(2.2)

Reliability function: also known as survival function, the probability that any ran-

domly chosen component does not fail within the interval (0, t]

R(t) = P(T > t) = 1 − F (t) = 1 −
∫ t

0

f (u)du for t > 0 (2.3)

Failure rate function: the probability that an observed component (the component has

not failed yet) fails in the time interval (t, t + Δt]

λ(t) = lim
Δt→0

P(t < T ≤ t + Δt |T > t)
Δt

= lim
Δt→0

R(t) − R(t + Δt)
Δt · R(t)

=
f (t)
R(t)

(2.4)

Parametric methods
In parametric methods, depending on the type of the random variable (continuous or

discrete), a distribution model is fitted to the data. With different goodness-of-fit tests

the model parameters can be estimated. The amount of available data influences the

confidence bounds of the performed analysis.

For power system components the Weibull model is commonly used to fit the

failure rate data points [44]. The failure rate function of the Weibull model with shape

parameter α > 0 and scale parameter η > 0 is:

λ(t) =
α

η

(
t
η

)α−1
(2.5)

Other reliability measures such as probability density function f (t), and cumula-

tive distribution function F (t) can be calculated using the following formulas.

f (t) =
α

η

(
t
η

)α−1
· exp

[
−
(

t
η

)α]
(2.6)

F (t) = 1 − exp
[
−
(

t
η

)α]
(2.7)

Nonparametric methods
Nonparametric methods make no assumption about the underlying distribution model,

meaning that the distribution of a components’ life time is unknown. Kaplan-Meier

and Nelson-Aalen estimators are two examples of nonparametric methods. These es-

timators are used for calculating survival function Ŝ(t) and cumulative FR function

Λ̂(t) by the following equations [45]. Here the censoring in data is also considered.

Ŝ(ti) =
i∏

j=1

n j − d j

n j
(2.8)
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where d j is the number of events at time t j and n j is the number of subjects

“at risk”. Note that the estimator Ŝ(ti) drops only at times when a failure has been

observed, not at times when censoring occurs.

Λ̂(ti) =
i∑

j=1

d j

n j
(2.9)

Intuitively, this expression is estimating the failure at each distinct time of event

t j as the ratio of the number of failures d j to the number of components “at risk”

n j . Therefore Λ̂(ti) estimator is an increasing right-continuous step function with

increments
d j

n j
at the observed event time. The components that are censored are not

counted as “at risk”.

2.2 PQ analysis using SMs data
The data from SMs provides a number of benefits for electricity users such as manag-

ing energy consumptions to reduce electric bills [46]. For utilities, on the other hand,

employing SMs data to increase efficiency on the delivery side of the power grids

(low-voltage grid) has became an important topic worldwide [47]. The main reason

lies in the extension of SMs installed in the grid and in the possibility of collecting

information directly at the points of customer connection.

Several projects have been established on SMs data analytics by different insti-

tutes such as National Science Foundation (NSF) [48], Innovation Center in Denmark

(CITIES) [49], Bits to Energy Lab [50], and ESSnet Big Data [51]. The main focuses

in these projects are smart grid big data analytics, machine learning techniques for

SMs data, SMs data analytics, and methodologies for SMs data analytics, respec-

tively. In these projects, the application areas include load analysis, load forecasting,

load management, real-time pricing, customer segmentation, asset management, en-

ergy trending, theft detection, demand respond program, and marketing.

Most of the recent SMs data analytics are based on usage data. However, the SMs

are able to collect additional features such as monitoring voltage, current, frequency,

and more interestingly, PQ. SMs, distributed throughout the low-voltage grid, allow

for continuous collection of PQ events.

In general, PQ is described by a set of features that quantify the deviation of

current and voltage waveforms from a perfect sinusoid [52]. These features include

power system harmonics, flicker, dips and swells in the voltage, transients, frequency

variations and voltage unbalance between the power system phases [52]. In power

grids, voltage sags and swells are important because the increase and decrease in

RMS voltage can cause malfunction in electrical equipment [53].

In the low-voltage distribution grids, many disturbances are caused by consumers.

These disturbances can propagate to other customers and have impact on PQ. Lack

of high-frequency sensors in the distribution part of the grid makes detection and

modeling of the propagation of these power quality disturbances (PQDs) difficult.
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Table 2.1: The sub-categories of the articles related to PQ

Name of the Category Number of articles References

PQ classification and localization 2 [58, 59]

PQ monitoring 12

[54, 55, 56, 57, 60,

61, 62, 63, 64, 65,

66, 67]

Impact of different components on PQ 8
[68, 69, 70, 71, 72,

73, 74, 75]

Harmonic compensation for microgrids 3 [76, 77, 78]

Here, our goal is to demonstrate that data coming from SMs, despite being sparse,

can be used for identifying areas with PQ problems and analyzing the propagation of

PQDs in the low-voltage grids.

To provide an overview of the existing research in PQ analysis using SMs data,

a bibliometric investigation was conducted on 26 October 2018 using the Scopus

database. The following query was used to search for relevant articles: TITLE-ABS-

KEY (“smart meter”) AND TITLE-ABS-KEY (“data”) AND (TITLE-ABS-KEY

(“power quality”) OR TITLE-ABS-KEY (“alarm”) OR TITLE-ABS-KEY (“sag”)

OR TITLE-ABS-KEY (“swell”) OR TITLE-ABS-KEY (“harmonics”) OR TITLE-

ABS-KEY (“disturbance”) OR TITLE-ABS-KEY (“propagation”)). In total 153 arti-

cles (journal and conference papers) were found which were published after 2009.

By scanning through the title, abstract, and keywords, the articles are grouped

into 12 different categories: PQ, Communication, Energy management, Design, Ap-

pliance load monitoring, Data management, Faulty data detection, Fault localization,

Electricity theft detection, Reliability, Review and Other topics. We conducted review

of the articles related to PQ and grouped them into four sub-categories (see Table 2.1).

Among the identified articles, the articles related to PQ classification, localization,

and monitoring were reviewed.

Papers [54] and [55] mainly just describe the potential and importance of SMs

for aspects related to smart grids observability, control, automation, and outage iden-

tification in the grid. The authors of articles [56] and [57] went further than just de-

scribing the benefits of SMs. In these papers, even-though the authors emphasize the

capabilities of SMs for PQ monitoring, they are not using real data from conventional

SMs. In [56] the analysis is performed in a laboratory scale simulation using one SM,

and in [57], the authors developed their own “intelligent meter”.

In articles [60, 61, 62, 63, 64], the analysis are waveform-based and mainly con-

sider the shape of the waveforms in the three-phases with precision in milliseconds.

In [60] the authors present a method for estimation of time-varying harmonics of

voltage/current signals. In [61] a web service, based on processing the waveform of
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voltage sag, recorded by SMs is proposed. In [62] a method for measuring the syn-

chronous condition of voltages and power in a grid with high share of renewable

generation sources is presented. Their analysis is performed on the waveform of volt-

age, active power and reactive power over the intervals of 60 and 900 seconds. The

authors in [63] proposed a method for phase-balancing and voltage quality enhance-

ment using load curves. In this study, they used 11, 000 individual load curves from

low-voltage grids. In [64] an algorithm based on Hilbert Transform is used to detect

voltage sags in synthetic dataset.

In [58] the authors proposed a PQDs classification method by using synthetic

waveform signals from SMs. Then, in [59], they proposed a feature extraction method

for analyzing the propagation of PQDs. The features are extracted from SMs’ voltage

signal and are used for localizing the region where the voltage sag source is located.

The location of voltage sags are determined by analyzing the features of the RMS

waveform. In this work, they used the tree-structure of the grid topology for the prop-

agation analysis. The method was validated by using a simulation model of IEEE

13-Bus Test Feeder [79] (13 meters at 13 nodes), with simulated single-phased short-

circuit fault. The results show that their method is capable of localizing the area of the

voltage sag source. However, in this work the authors considered special type of SMs

that can capture the voltage RMS waveform signal. Moreover, the work is evaluated

only in the simulated scenarios.

In [65] and [66], the authors employed conventional SMs for analyzing propa-

gation of PQDs and proposed an integrated power quality monitoring system that

collects PQ data from different sources in a distribution grid such as Supervisory

Control and Data Acquisition (SCADA), PQMS, and SMs. The data is used for ana-

lyzing propagation and the root source detection of PQDs. Furthermore, the benefits

and challenges of using SMs for PQ monitoring are discussed. However, in these

works, the authors only considered a limited amount of SMs to collect the data from.

They analyzed 5 SMs located at a School, Shopping center, Administration build-

ing, Residential building, and Petrol station. Moreover, in their analysis the authors

only considered one specific propagation scenario: cable failure in the grid where the

voltage drops to zero volt. Therefore, PQ deviations near the norms are not analyzed.



Chapter 3
Methodology and Results

This chapter presents our proposed data-driven method for weak spot detection, using

available data in SDGs. This methodology contains three steps: fault analysis, relia-

bility ranking of power cables, and SMs data analysis. These steps are illustrated in

Figure 3.1 and explained in the following.

Figure 3.1: The procedure of the proposed data-driven method for weak spot detection in

SDGs.

3.1 Fault analysis
For this step, mainly the failure records data is utilized. This data source contains

information about events, cessation of a system or components’ ability to perform its

required function.

17
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3.1.1 Method
In the fault analysis step, a preliminary investigation of event history is used to iden-

tify “high-priority” components. Components that fail more frequently, cause long

outages, are more costly to repair, or affect large number of customers can be consid-

ered as high-priority components. Furthermore, potential factors that have impact on

failures and the correlations of these factors with each other are specified in this step.

In general, utility companies keep records of previous faults which contain fea-

tures describing the event. To analyze failures, it is important to discover which fail-

ures have common features, e.g., if there are any types of failures that happen mostly

in certain parts of the grid or at a certain time. One approach to discover these corre-

lations is employing association rules [80, 81, 82, 83]. Association rules are based on

the frequency of the co-occurrence of features and conditional dependency between

them.

The objective of mining association rules is to find the most frequently occurring

combinations of features. Let I = {I1, I2, ..., Im} be a set of features (items). An as-

sociation rule is an implication of the form A ⇒ B, where A ⊂ I, B ⊂ I, and A, B
are disjoint itemsets, i.e. A ∩ B = ∅. In this case the itemset A = {a1, a2, ...} is the

prior and the itemset B = {b1, b2, ...} is the posterior of the rule. Now assume that

X = {x1, x2, ..., xn} is a set of random variables representing the list of observations

(failures) in a dataset. Each observation xi in the dataset X may or may not contain a

specific item, e.g., x1 = {I1, I2, I5} only contains items I1, I2, I5.

The interestingness of an association rule A ⇒ B is often expressed in terms of

support, confidence, and lift.

• The support of a rule is the percentage of observations in the dataset that con-

tain both A and B.

• The confidence of a rule is the percentage of examples containing A that also

contain B. In other words, a fraction that shows how frequently B occurs among

all the observations containing A.

• The lift of a rule is a ratio of the confidence of the rule to the frequency of

observations containing B. It is a value between 0 and infinity that measures

the deviation of a rule from statistical independence.

The confidence value of each association rule corresponds to the strength of the

conditional dependence between features. Therefore, these confidences can be used

to automatically build a Bayesian Network.

Bayesian Networks [84, 85, 86] are graphical representation of probabilistic rela-

tionships over a set of variables, constructed using probability distribution over a set

of variables in a dataset. If we consider features of failure events as probabilistic vari-

ables, a Bayesian Network captures the conditional relations between those features

over a set of events.

An association rule A ⇒ B can be seen as a connection from one itemset to

another. If I = {I1, I2, ..., It, ..., Im} is a set of features such that A = {I1, I2, ..., It }
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and B = {It+1, ..., Im}, the Bayesian Network representation for all the connections

between feature set A and B is shown in Figure 3.2, where items in set A are parent

nodes and items in set B are child nodes.

Figure 3.2: The Bayesian Network representing association rule (A⇒ B)

If the itemset A is the parent of itemset B, the joint probability distribution repre-

sented by the network can be written as:

P(I1, I2, ..., It, ..., Im) =

t∏
i=1

P(Ii)
m∏

j=t+1

P(Ij |I1, I2, ..., It ) (3.1)

Each of the terms P(Ij |I1, I2, ..., It ) corresponds to the confidence of the rule(
(I1, I2, ..., It ) ⇒ (Ij )

)
.

3.1.2 Results
Table 3.1 shows the relative frequency (in percent) of different causes of failures (top)

and the faulty components (bottom) from 2009 until the end of 2014 at HEM Nät 1.

According to these tables, the most common failure during these years is caused by

“Fabrication fault” with a frequency of 34.6%. The mean-time-between-failures or

MTBF refers to the amount of time that elapses between one failure and the next.

To calculate MTBF, the total length of time (in here the number of days from 2009

until 2015) is divided by the total number of failures of the same type [87]. According

to the MTBF presented in Table 3.1, the “Fabrication fault” had occurred in average

every 5.7 days.

According to HEM Nät, any fault that is related to aging of components is recorded

under label “Fabrication fault”. The “affected component” statistics show that under-

ground feeder cables are one of the most common faulty components in the grid, with

a frequency of 27%. Among these feeder cables, breakdown in PILC cables and joints

because of aging is the most common cause of failure.

The association rules with “high” support and confidence, which also have lift

greater than 1, are considered as interesting rules. One example of the identified “in-

teresting rules” is Fusebreak ⇒ UngPillar . According to its confidence (C = 79%),

1A distribution system operator (DSO) in the south of Sweden
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Table 3.1: Statistics of the failure records dataset for the time interval between 2009 and 2015

Type of Failure Cause of Failure Frequency(%) MTBF(days)

Operational Failure

(846 failures)

Fabrication fault 34.59% 5.7
Fuse break 24.95% 7.91

Incorrect installation 7.12% 27.72
Overload 5.59% 35.32

Incorrect operation 1.35% 136.88
Lack of maintenance 1.44% 146

Others 1.17% 168.46

Non-Operational Failure

(227 failures)

Digging 14.41% 13.69
Traffic 1.71% 115.26

Weather 3.42% 57.63
Animal 0.72% 273.75
Others 0.18% 1095

Type of Failure Affected Component Frequency(%) MTBF(days)

All Type of Failure

(1110 failures)

Underground cable pillar 48.11% 4.1
Underground feeder cable 26.94% 7.32
Underground cable fuse 10.09% 19.55

Concr.sec.substation indoor man 4.32% 45.63
OH uninsulated free line 2.70% 73

Others 7.84% 25.17

we can interpret this rule as: the probability that an underground cable pillar is the
affected component knowing that the cause of failure is fuse break is 79%.

Finally, we use association rules of length two for constructing Bayesian Net-

work (approximated Bayesian Network). For this purpose the lists of priors and pos-

teriors of each rule correspond to the network nodes, and the confidence of the rule

(conditional dependency) corresponds to the connections between nodes. Figure 3.3

illustrates three networks constructed from the association rules but with different

thresholds for confidence and support. In Paper B we show that the Bayesian Net-

work constructed based on the interesting rules of two items is a good approximation

of the real dataset.

The methodology for discovering failure patterns and failure statistics, presented

in Paper B, was also applied on historical data from Öresundskraft, Göteborg En-

ergy, and Växjö Energy. These companies are DSOs which are located in Sweden.

The results show that the most vulnerable component in these distribution grids is

either underground cable or overhead line. Furthermore, interesting failure patterns

are discovered using association rules and represented by Bayesian Networks.

One of the constrains in automatically constructing approximated Bayesian Net-

work from association rules is the manual threshold setting for confidence and sup-

port. For HEM Nät data, the fully connected failure network contains 859 connections

between all the nodes from different categories. However, we assume that some of the
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(a)

(b)

(c)

Figure 3.3: Approximated Bayesian Network representation using different threshold values.

These figures show how the complexity of the network varies depending on the thresholds for

confidence and support.
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items are independent or the dependencies can be neglected, since they are very weak

(confidence and support smaller than a certain threshold). In fact, the selected thresh-

olds for confidence and support specify whether to consider a rule as an “interesting

rule” or not. This manual setting can be tuned by considering the complexity and

accuracy of the network. Figure 3.4 shows the relation between the complexity of

the Bayesian Network (as the number of connections between nodes) and the thresh-

olds for confidence and support. The darker the area, the higher the thresholds and the

smaller number of connections. If the thresholds are too small, the number of connec-

tion in the network is high and consequently interpreting the result will be difficult.

In the other case if the thresholds are too high, the number of connections is too small

to capture the “interesting” correlations.

Figure 3.4: From the historical failures in the network information system dataset, 859

pairwise association rules are generated corresponding to 58 nodes. This figure shows the

relation between the complexity of the approximated Bayesian Network and the thresholds

for confidence and support. The darker the area, the higher the thresholds and the smaller

number of connections.

The procedure of constructing Bayesian Networks can also be used for other type

of databases. Figure 3.5 shows the result of Bayesian Network, constructed based on

event history in PQMS database. This dataset contains information about recorded

events occurred in one main station with two transformers. In this figure, the thicker

connections represent high confidence (above 80%). Several observation can be made

from this network. For example, most of the events of type “sag” happened during

Saturday, Sunday, Hour night (between 23 : 00 and 07 : 00), or Summer. The trans-

former T31 has more recorded events during Autumn and the transformer T32, during



3.1. FAULT ANALYSIS 23

Fi
gu

re
3.

5:
B

ay
es

ia
n

N
et

w
o

rk
re

p
re

se
n

ta
ti

o
n

co
n

st
ru

ct
ed

b
as

ed
o

n
th

e
ev

en
t

h
is

to
ry

o
f

th
e

po
w

er
qu

al
ity

m
ea

su
re

m
en

ts
sy

st
em

d
at

ab
as

e.



24 CHAPTER 3. METHODOLOGY AND RESULTS

Summer. This representation of the events provides a visualization of the failure pat-

terns.

The results enable distribution companies to discover failure patterns and accord-

ingly mitigate the conditions that increase the probability of failures.

3.2 Reliability ranking of power cables
The main focus of this step is modeling the failure rate of underground cables (the

identified high-priority component from the previous step) and ranking the cables

based on their failure rate.

3.2.1 Method
Our methodology for reliability analysis contains four major steps: pre-processing

and event extraction, modeling baseline failure rate function, estimating the impact

of relevant factors on failure rate function, and ranking components based on their

failure rate.

Here, in addition to the data from failure records (including previous faults and

sub-station maintenance history), the data from grid information (including cable in-

ventory) are used. The cable inventory dataset contains historical information about

the in-service cables that have been installed since 1929. Each cable is described

with an ID and the unique feeder line name to which it belongs, as well as additional

information such as insulation type, conductor size, length, etc. The sub-station main-
tenance history contains information about the previous maintenance carried out on

the sub-stations and connected feeder lines.

In order to estimate failure rate for underground feeder lines, taking into account

their age, we require information about failure time of each cable. The previous fail-

ure data, however, does not contain the identifiers such as id, type, or age of the

cables. In addition, the amount of failure data is limited to about 15 years. Therefore,

other database such as cable inventory is considered and methods that can be used for

feeder lines failure extraction are explored.

Usually in case of failures, only the faulty part will be replaced by a new short

segment and the rest of the cable stays untouched. Therefore, we make the assumption

that short cable sections (length smaller than 20 meters) in any given line are artifacts

of previous repairs. The failure is assumed to have taken place in the year of the

installation of the short cable section, and to take place in the oldest cable within this

line. Therefore, the year difference between the installation of the oldest cable and

the new short section is considered as the age of the cable, when the failure occurred.

Based on this assumption alone, some feeder lines would be incorrectly linked to

a few extra failure events. For example, several short cable sections may be installed

because of upgrading a sub-station, and not because of a failure. In order to eliminate

these extra failures, we exploit the sub-station maintenance history database. Accord-

ing to this database, some of the lines have short sections because of a maintenance
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on the sub-station and not because of a failure. Those assumptions are not fully ac-

curate, but we have confirmed through discussions with domain experts that they are

realistic. By combining these two databases, it is possible to identify id, type, and age

of the feeder lines when the events have occurred.

Baseline failure rate is a function that estimates the variation of failure rate over

age (λ0(t)). In estimating the baseline failure rate, only the age of cables is consid-

ered as a factor that impacts failure rate. In Paper A, a methodology for estimating

the baseline failure rate while dealing with limited amount of failure data is explained.

It is important to note that, while goodness-of-fit (GOF) results can be compared di-

rectly, it is often difficult to properly interpret the results, especially when the data

is of limited quantity. Therefore we propose a method for interpreting the results of

GOF measures with confidence intervals, estimated using synthetic data. Five differ-

ent models are used to fit with the empirical data. For each model, a number (e.g. 100)

of synthetic data sets are generated by drawing random points from a normal distri-

bution with mean equal to the failure function at each age and variance computed

from the empirical failure rate data points. Then the GOF of the synthetic data are

computed in compare with all other models to determine how well a data generated

from one model can be fitted by another model. These comparisons help us to draw

conclusions about how well each model fits the empirical data points.

One way to estimate the impact of additional factors on failure rate function is

to use a Proportional Hazard Model (PHM). PHM is a statistical regression model

which was first introduced by Cox in 1972 [88]. PHM is based on the assumption

that the failure rate of a system or component consists of two multiplicative coeffi-

cients: the baseline failure rate λ0, and an exponential function, capturing the effect

of explanatory factors:

λ(t, Xt ) = λ0(t) · exp (β · Xt ) , (3.2)

where λ0(t) is the baseline failure rate that is dependent on time t, Xt is a row vector

representing the factors at time t, and β is a column vector representing the regres-

sion parameters. The vector of factors Xt can be time-dependent or time-independent

[89]. The vector β = [β1, β2, ..., βn] corresponds to the weight or impact of different

factors. βi could be positive (positive correlation with the failure), or negative (neg-

ative correlation with the failure). If βi = 0 then the expression exp (βi · Xt ) for the

ith factor is equal to 1, meaning that the factor does not affect the failure rate.

In this work, for simplicity, the factors are assumed to be time-independent. There-

fore, equation 3.2 can be simplified as follows:

λ(t, X ) = λ0(t) · exp (β · X ) , (3.3)

where λ0(t) depends on time but not the factors, and exp (β · X ) depends on the

factors but not time. X = [X1, X2, ..., Xn] is a row vector corresponding to the factors

that can have impact on cable failure.
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Figure 3.6: An illustration of the three case scenarios.

An estimate of the βi values, without making any assumption about the baseline

failure rate, can be calculated using maximum likelihood [90].

After modeling the baseline failure rate and measuring the influence of different

factors, we calculate the failure rate for each individual feeder line. The feeder lines

are then ranked from the highest failure rate to lowest. The feeder lines with higher

rank indicate greater vulnerability and the need for remedial actions.

As mentioned in the Chapter 2, it is important to determine if a component is

repairable or non-repairable. To show how this would impact the results of cable

ranking and conclusions about different factors, we consider three case scenarios (see

Figure 3.6).

Case scenario 1 in this scenario the feeder lines are considered as non-repairable

components, meaning that after one failure they are decommissioned. For the cables

with more than one failure only the time-to-the-first failure is used, and the feeder

line is then removed from the list of “in-service” feeders. For example, if a feeder

line A has three failure at ages α1, α2, and α3, this line will be removed from the

list of in-service feeders after the first failure α1. This failure type is what is often

simulated by laboratory stress tests.

Case scenario 2 in this scenario the feeder lines are considered as repairable com-

ponents and can have more than one failure. Only after their last recorded failure the

feeder lines are removed from the list of in-service feeders. For the feeder line A in

the previous example, the line will be removed from the list of in-service feeders after

the third failure at age α3, and the censoring time α4 will be ignored.

Case scenario 3 in this scenario the feeder lines are considered as repairable compo-

nents and even after the last recorded failure the feeder lines are still in-service until

their censoring time. This type of analysis is also known as recurrent event analysis

[91]. For the feeder line A in the previous example, all the failure times α1, α2, and

α3 and the censoring time α4 will be considered. This scenario is more realistic for
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underground power cables compared to the other two scenarios because failures can

occur more than once in a particular feeder line, and after a repair, the cables usually

go back into service.

Here, we are introducing three different cases which might be used by researchers

for reliability analysis of underground cables. When analyzing the long time history

of power cables’ failures, the case scenario 1 is incorrect because it does not take

into account the repair of cables. Case scenario 2 is also incorrect because it does

not consider the survival time after the last failure, but we know that many cables

are continuously repaired and stay in service. However, the case scenario 3 is more

appropriate given the way that utility companies use the power cables and keep them

in service.

3.2.2 Results
In Paper A we investigate five different models (linear, piecewise linear, exponen-

tial, constant, and piecewise constant) to model baseline failure rate and evaluate how

well, each model fits empirical failure rate data points. We interpret the results by

comparing the obtained GOF measures with expected GOF and confidence intervals,

estimated using synthetic data. Observe that, we do not specifically consider the “in-

fant mortality” period in this analysis.

Figure 3.7: Empirical failure rate per kilometer as function of age, for high voltage PILC

cables.

The result of calculating empirical failure rates at each age, for high voltage PILC

cables, is shown in Figure 3.7. In this figure the failure rate at ages between 32 and

35 have very high values (unexpected values compare to other data points). Our in-

vestigations show that some feeder lines are incorrectly linked to a few extra failure

events because of upgrading a sub-station, and not because of a failure. Therefore, we

eliminate these extra failures for further analysis.
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After removing the superfluous failures, we fit six different models with the em-

pirical failure data points. The result of fitting these models are shown in Figure 3.8

and the GOF measures presented in Table 3.2.

Note that, in Figure 3.7 the empirical failure rate is calculated based on the num-

ber of failures per year per kilometer of in-service cables; however, in Figure 3.8 the

failure rate is estimated by the number of failures per year per number of in-service
cables.

According to the Table 3.2, the constant and piecewise constant models (models

A and B) are statistically different from the rest of the models. Furthermore, there

is no statistically significant difference between GOF of the data points, neither the

empirical nor synthetic, between linear, piecewise linear, exponential, and Weibull

models. This indicates that these four models are virtually identical.

Figure 3.8: Six different failure rate models, fitted to the empirical data after removing the

incorrect failures.

In Paper C we discuss that, when analyzing the long time history of failures

for power cables, the first and second scenarios are incorrect, and conclusions about

different factors in PHM and cables ranking will be misleading if they are used.

Table 3.3 shows the ranking results for the 10 highest ranked feeder lines based on

case 1. Then the corresponding ranking values and ranking positions for these lines

according to case 2 and 3 are added for comparison. Accordingly, for some feeder

cables such as H200 the ranking position is the same in all three cases; some other

lines such as H105 have slightly different position; and finally, there are some feeder

lines such as H996 which are ranked completely different (in positions 10, 18, and

111 for cases 1, 2, and 3, respectively). It is not very important if the line is ranked in
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Table 3.2: Goodness-of-fit measurement by using MSE test

Table 3.3: Part of the ranking results for HV cables

Id
Case 1 Case 2 Case 3

Rank FR Rank FR Rank FR

H200 1 0.063 1 0.127 1 0.128

H306 2 0.035 2 0.052 3 0.039

H784 3 0.03 3 0.044 5 0.032

H105 4 0.025 5 0.035 8 0.025

H843 5 0.023 7 0.031 6 0.031

H205 6 0.02 6 0.033 7 0.026

H971 7 0.019 4 0.036 4 0.038

H206 8 0.018 8 0.029 12 0.023

H996 9 0.017 13 0.024 56 0.017

H914 10 0.015 18 0.021 111 0.014

position e.g. 4, 5, and 8 in the three lists, but the very high difference between ranks

e.g. 10 and 111 (changing from a very high rank to a very low rank) is significant and

can not be neglected.

When considering different factors, we believe that the amount of energy con-

sumption has also impact on failure rate. To investigate this, we need to find the load

information of the energy consumers who are connected to each feeder line. From the

data available in the customer information and grid topology it is possible to extract

the number of customers and the annual energy consumption of the customers who

are connected to HV lines. Then we used this information in the PHM. Contrary to

the expectations, the result does not show any significance impact of these factors on

failure rate. This shows that the total annual energy consumption is not a good repre-

sentation of the important patterns in the energy usage. To capture the impact of such
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Table 3.4: Three Faulty HV feeder lines and their corresponding rank

Rank case 1 Rank case 2 Rank case 3

Cable 1 80 (% 17.5) 88 (% 19.2) 52 (% 11.4)

Cable 2 103 (% 22.5) 102 (% 22.3) 67 (% 14.6)

Cable 3 78 (% 17.0) 63 (% 13.8) 45 (% 9.8)

patterns we need more detailed information such as hourly consumption or PQ data

that can be collected from smart meters.

To evaluate the results of the ranking lists, created based on the three case scenar-

ios, we consider two options. The first option is to search for recent failures in the grid

and look into the position of the faulty feeder lines in each list. The other option is to

perform some tests such as Time Domain Reflectometry (TDR) on the high-ranked

lines.

TDR is a method to localize the faulty part of a feeder line by sending a low-

energy signal through the line. The printout of TDR, also known as “trace”, is a

graphical representation of the return signal which gives an approximate location of

impedance variations.

During the four month period after creating the list, three failures (caused by

aging of the cables) have occurred in HV feeder lines. The ranks of these three lines

based on the case scenarios are shown in Table 3.4. Among 458 HV feeder lines

these failures have happened on the lines which are ranked in the first 15% of the

case scenario 3 list. These three examples are not enough to qualify the performance

of the ranking approach but it gives us some real observation of faulty lines and their

position in the ranking lists based on the three cases.

From the ranking list of case scenario 3, the top 20% of the high ranked feeder

lines are selected. In addition, to specify which line should be selected for measure-

ment and test we consider two other factors: number of customers, and average an-

nual consumption of customers who are connected to each feeder line. Then we used

Pareto frontier which is defined as the graphical representation of the tradeoffs within

a set of parameters. The result is shown in Figure 3.9. In this figure, the data point

correspond to the feeder lines. The bigger the data point, the higher the failure rate.

Based on the Pareto frontier (tradeoff between the number of customers and the aver-

age annual consumption) and discussion with experts from the company, five feeder

lines are selected for testing.

3.3 SMs data analysis
SMs are distributed throughout the low-voltage side of the grid, but currently they are

only used for billing electricity consumption. Our ultimate goal is to find correlation

between SMs data (load profile and power quality data) and cables’ reliability. This
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Figure 3.9: Tradeoff between the number of customers and the average annual consumption

for the first 20% cables in the case scenario 3 ranking list.

requires reconfiguration of SMs to collect more data, characterization of disturbances

in low-voltage grid, and investigation of methods for discovering and modeling the

impacts of disturbances on other components in the grid.

In addition, propagation analysis and modeling of PQDs is important especially in

the context of the future smart distribution grids. In smart grids, many new consumers

and producers are continuously being connected to the grid, which will impact PQ in

various ways.

In this section, the methodology for detecting the propagation of PQDs in the low-

voltage grids using SMs alarm data is presented. Then, several scenarios for modeling

the propagation of disturbances are introduced.

3.3.1 Method
In SMs, whenever the PQ parameters are outside the configured thresholds, an “alarm”

will be recorded. The precision of these recorded alarms in SMs is in seconds. There-

fore, many alarms are recorded at exactly the same time, or within one second of each

other. This makes it difficult to distinguish the sequence of SMs recording the alarms.

In addition, it is not possible to rely on exact synchronization of clocks in different

SMs. Therefore, burst of alarms is used instead of sequence of alarms. We defined a

burst as series of SMs for which the time difference between their alarms’ time-stamp

is less than or equal to one second.

A burst represents the co-occurrence of alarms for a set of customers. This set of

customers may have triggered the alarm: (a) randomly at the same time (independent

to each other), (b) because of the same cause (propagation from a faulty component

to customers), or (c) one after the other in the cascading order (propagation from one

customer to others) but because of the low time resolution in SMs, they are recorded
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together. All of these conditions, except the random co-occurrence, are important for

propagation analysis.

In order to test whether the SM alarms within the bursts correspond to propagation

of PQDs (alarms are dependent) or they are co-occurred randomly (alarms are inde-

pendent), the relative positions of the SMs are considered. If those SMs are equally

likely to be located far away as they are to be close, then one can conclude that the

co-occurrences are random. If, however, close customers are co-occurring more often

than distant ones, one can conclude that PQDs propagate.

We define the null-hypothesis as: every customer generates alarms independently

of other customers. In this case, the alternative hypothesis is: they are not indepen-

dent, i.e., alarms can propagate from one customer to another or they are triggered by

the same cause.

To test the null-hypothesis two sets of data are considered and their correspond-

ing distributions are compared using the two-sample Kolmogorov-Smirnov (KS) test.

These two probability distributions are the co-occurrence probabilities of neighbor

customers and non-neighbor customers, among all the bursts. We consider the neigh-

bor customers to be the ones which are connected to the same branch in the tree-

structure of the grid topology; and, the non-neighbor customers to be the ones which

are connected to different branches.

If every customer generates alarms independently, i.e., alarms do not propagate,

we expect that the statistical test does not show a significant difference between the

two distributions. On the other hand, if alarms propagate to neighbor customers, we

expect the difference between the two distributions to be significant.

Let B = {B1, B2, ..., Bk } be the list of branches in a tree-structure of a sub-station,

and C = {c1, c2, ...cm} be the list of customers in the sub-station. Every burst oi in the

list of bursts O = {o1, o2, ..., on} represents the co-occurrences of alarms for a set of

customers. For an example, the burst o5 = {c3, c7, c9} implies that customers c3, c7,

and c9 generated alarms relatively at the same time. The probability p(cx ) is defined

as the percentage of bursts containing customer cx .

p(cx ) =
| {o ∈ O : cx ∈ o} |

n
, (3.4)

where | {o ∈ O : cx ∈ o} | is the number of bursts containing customer cx .

The joint probability p(cx, cy ) represents how frequently customers cx and cy
co-occurred over n:

p(cx, cy ) =
|
{
o ∈ O : cx ∈ o ∧ cy ∈ o

}
|

n
, (3.5)

where |
{
o ∈ O : cx ∈ o ∧ cy ∈ o

}
| is the number of bursts containing both customers

cx and cy .

For each customer ci from branch Bj , we calculate the pairwise probability p(ci, cx )

for all the customers cx , where cx is from the same branch Bj . The distribution of
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these probabilities is then compared with the pairwise probability p(ci, cy ), where ci
and cy are from different branches.

If the distribution of these two sets of probabilities are not significantly different

from each other, then one can conclude that the customers generate alarm indepen-

dently.

H0 : p(ci, cx ) = p(ci, cy ),

where ci, cx ∈ Bj and cy � Bj .

To compare the two distributions, the KS test is used. This test is nonparamet-

ric, i.e., it does not assume any underlying distribution. The KS test compares the

maximum distance between the cumulative distribution (CDF) of the two data sets.

The intuition behind modeling propagation with artificial data is to produce data

based on a specific model and then compare it with the real data. By repeating the

experiment with different models and comparing the results, one can find a model

that best represents the real data. Then this model can be used for reasoning about the

characteristics of the alarms propagation in the low-voltage grids.

When generating synthetic data, we assume that the probability of observing

an alarm for each customer within one second interval (at each time-stamp) has a

Bernoulli distribution x ∈ Bern(p). The amount of artificial data to be generated is

the same as the real data available.

The following cases based on different conditions are considered. These cases

differ in assigning the baseline probability for the Bernoulli distribution.

1. In the first case, the probability of alarm for each customer in the artificial data

is considered to be the same as their probability of alarm in the real data.

2. The second case assumes all the customers have the same baseline probability

in generating alarm.

pci = pbase, for all ci ∈ C

3. Third, most of the customers have the same baseline probability, except for

those in a single designated branch. This condition is included because of ob-

serving similar behavior in the real data, namely, we noticed that in one of the

sub-stations the customers in one branch have relatively higher probability of

alarm. This scenario is considered to model this particular behavior.

pci =
⎧⎪⎨⎪⎩

pbase1 if ci ∈ Bj

pbase2 if ci � Bj

, for all ci ∈ C

4. Finally, every customer generates alarm with different baseline probability.
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A greedy optimization algorithm is used to find the best values of the parameters.

In these cases, the search algorithm starts with a small initial value as the pbase and

calculate the distance (maximum distance between the CDFs) between the generated

data and the real data. This distance is captured from KS test and is used as an in-

dication of how far the two distributions are from each other. The search continues

by increasing the value pbase in an iterative manner to find the probability parameter

that minimize the distance between the two distributions.

In addition to these cases for modeling the baseline probability, three settings for

PQDs propagation are considered. To artificially include propagation we assume the

neighbor customers generate alarm simultaneously with a certain probability. There-

fore, for neighbor customers, we generate additional alarm at the same time-stamp

with that probability. In each of the scenarios, the neighborhood relation is defined

differently.

In total, 16 different models based on the combination of the following settings

are considered:

A) no PQ propagation - These models assume that there is no propagation of

PQDs, i.e., each customer generates alarms independently. Within this setup, we con-

sider the four different cases (1-4) presented before.

B) propagation within delivery-points - In this case the customers who are con-

nected to the same delivery-points are assumed to be neighbor which generate alarm

simultaneously with probability PD .

C) propagation within branches - Here the customers who are connected to the

same branch are assumed to be neighbor which generate alarm simultaneously with

probability PB.

D) propagation within both delivery-point and branch - This includes gener-

ating alarms based on both B and C.

For each model, the pairwise probability p(ci, cx ) for all the customers within

a branch is calculated. Then the maximum distance (from the KS test) between the

CDF of the pairwise probabilities in the real data and artificial data are compared.

Furthermore, the optimization algorithm is used to find the best parameters.

3.3.2 Results
The result of comparing the co-occurrence probabilities of neighbor customers p(ci, cx )

and non-neighbor customers p(ci, cy ) among all the bursts are shown in Fig. 3.10. As

can be seen in sub-plots (a) and (c), customers from the same branch are more prob-

able to have an alarm in the same burst, compared to the customers from different

branches. However, there are also clear differences across different parts of the net-

work (the two sub-stations S and T).

The goodness-of-fit results of the KS test shows that the lowest level of signifi-

cance at which the null-hypothesis could have been rejected is smaller than 0.0001
(p − value < 0.0001). Therefore, we can reject the null-hypothesis with 99% con-

fidence, i.e., the two data sets come from different distributions. In other words, the

alarms in customers are not independent.
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(a) sub-station S - neighbor customers (b) sub-station S - non-neighbor customers

(c) sub-station T - neighbor customers (d) sub-station T - non-neighbor customers

Figure 3.10: Distribution of the real data for two different sub-stations. In left: distributions

of co-occurrence probabilities of neighbor customers p(ci, cx ), and in right, co-occurrence

probabilities of non-neighbor customers p(ci, cy ), where ci, cx ∈ Bj and cy � Bj .

Fig. 3.11 illustrates the pairwise co-occurrences probability as a co-occurrence
network in which the nodes of the network represent the customers, and the widths of

the links between them correspond to the probability p(ci, cj ). The relative position

of the nodes is obtained from the GPS coordinate information of the SMs location.

The customers connected to the same branch in the tree-structure are shown with the

same color. In this figure, the darker links correspond to probability of co-occurrence

more than 0.01 (Cutoff = 0.01). The links from a customer to itself corresponds to the

probability of alarm for that customer only. According to the Fig. 3.11, the customers

from branch 3 of the sub-station S generate more alarms compare to other customers

in this station (this is the reason behind introducing case 3). Furthermore, the cus-

tomers from the same branch have higher probability of co-occurring in the same

burst. It means that when a customer triggers and alarm, there is a higher probability

that the neighbor customers will also trigger an alarm, compared to the non-neighbor
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customers. In this figure, this situation is less significant for sub-station T but still can

be observed in some of the customers from branch 6. This figure is an illustration of

the areas in the grid which have more PQ problems (SMs with darker links) compare

to the other part of the grid.

(a) sub-station S with 141 customers (b) sub-station T with 213 customers

Figure 3.11: The probability of the pairwise co-occurrences of alarms for two different

sub-stations. The darker links correspond to probability of co-occurrence more than 0.01 and

the links from a customer to itself corresponds to the probability of alarm for that customer

only. The customers connected to the same branch in the tree-structure are shown with the

same color.

After demonstrating the existence of propagation, we need to identify which of

the proposed models has the most similar distribution for co-occurrence probabilities

of neighbor customers p(ci, cx ) compared to the real data.

The results of comparing all the combinations of different conditions (models

with and without propagation) with the real data from sub-station S are presented in

Table 3.5. For example, the result of comparing the distributions in Fig. 3.10 (a) and

(b) is presented in this table in the row 1 column 2, with value 0.36.

Several observation can be made from this table. The artificial data generated

based on the model A (without propagation and cases 1-4) has the highest distance

with the real data. By including propagation within different levels of the grid topol-

ogy, i.e., propagation within both delivery-point and branch, the difference is the low-

est. Among all the models, the closest one to the real data is when: every customer

generates alarms with different baseline probability, and the alarms propagate within

both the delivery-point and the branch (model D case 4).

The optimized distributions of the co-occurrence probabilities of customers (within

a same branch) for different conditions are illustrated in Fig. 3.12. According to the

figure, without including propagation, the data generated based on model A cases 1-4

are visually very different from the real data. Hence, the models which are based on

generating alarms independently for every customer are not a good representation of
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Table 3.5: The minimum value of the maximum distance between the cumulative distribution

of pairwise probabilities p(ci, cx ) in the real data and artificial data, where ci, cx ∈ Bri .

Case 1 Case 2 Case 3 Case 4

Model A 0.78 0.36 0.29 0.22

Model B 0.437 0.349 0.273 0.179

Model C 0.143 0.217 0.215 0.135

Model D 0.131 0.195 0.182 0.107

Case 1: equal probability to the real data; Case 2: same probability for all; Case 3:

same probability for all except one particular branch; Case 4: different probability

for all.

the real data. Among these, the model A case 4 has the smallest maximum distance

between the CDF of the two data sets.

One way to improve the modeling is to include propagation in additional levels

of the grid topology, such as propagation within customers connected to the same

delivery-point. There could be other scenarios that can be considered. One can include

propagation in correlation with the voltage magnitude of the deviation. Moreover,

propagation of voltage sag and swell can be separated and investigated individually.
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(a) Real data

(b) Model A case 1 (c) Model A case 2 (d) Model A case 3 (e) Model A case 4

(f) Model B case 1 (g) Model B case 2 (h) Model B case 3 (i) Model B case 4

(j) Model C case 1 (k) Model C case 2 (l) Model C case 3 (m) Model C case 4

(n) Model D case 1 (o) Model D case 2 (p) Model D case 3 (q) Model D case 4

Figure 3.12: The distribution of the co-occurrence probabilities of neighbor customers for

different conditions.



Chapter 4
Summary of papers

4.1 Paper A - Reliability Evaluation of Underground
Power Cables with Probabilistic Models

In this paper, we focus on the methodology for evaluating how well different models

fit empirical failure rate while dealing with limited amount of failure data. We analyze

five different models to estimate the relationship between the age and failure rate in

underground high voltage cables. As is common in this domain, the amount of failure

data is limited, and it is difficult to know how much confidence should one have in

the GOF results. The proposed methodology is based on interpreting the results by

comparing the obtained GOF measures with expected GOF and confidence intervals,

estimated using synthetic data.

In addition to commonly used models, we also consider constant and piecewise

constant models. For each model, a number of synthetic data sets are generated by

drawing random points from a normal distributions with mean equal to the failure

function at each age and variance computed from the empirical data points.

According to the result of GOF tests, the linear, piecewise linear, and exponential

models do not show significant difference. This indicates that those three models

are virtually identical when they are used to fit empirical failure rate data. On the

other hand, the piecewise constant model fits the failure rates better, in a statistically

significant way, than other models.

As it is described in Chapter 3.2.2, some feeder lines are incorrectly linked to a

few extra failure events because of upgrading a sub-station. These “incorrect” failures

affect the results of GOF and evaluating the models. After identifying these failures,

removing them, and fitting different models with the empirical failure data points,

we observe that the constant and piecewise constant models are statistically different

from the rest of the models. Furthermore, for our data points there is no statistically

significant difference between choosing either of linear, piecewise linear, exponential,

or Weibull models.

39
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4.2 Paper B - Bayesian Network representation of
meaningful patterns in electricity distribution grids

In Paper B, three different ways for detecting fault patterns in an electricity distribu-

tion grid using history of event data are presented: failure statistics, association rules,

and Bayesian networks. We proposed a simplified representation of the association

rules by using approximated Bayesian Networks. We show that a small subset of the

most interesting rules is enough to obtain a good and sufficiently accurate approxi-

mation of the original dataset.

In general, utility companies keep records for previous faults that contain features

describing the event such as time, date, cause, faulty component, etc. To analyze fail-

ures characteristic it is important to discover which failures have common features,

e.g., if there are any types of failures that happen mostly in certain parts of the grid

or at certain times. Primary evaluation of the failure records is used for analyzing the

frequency of occurrence for each failure in an electricity distribution grid. Statistical

analysis and association rules are applied to discover correlation between the fea-

tures. Association rules are based on the frequency of the co-occurrence of features

and conditional dependency between them. Their interestingness is often expressed in

terms of probability. If we consider features in recorded events as probabilistic vari-

ables, a Bayesian Network captures the conditional relations between those features

over a set of events.

The results provide a practical representation of features associated with events

that can be used by maintenance staff at electricity distribution companies. The out-

comes of the proposed method for discovering failure pattern facilitate the choice of

considering the most vulnerable components, e.g., underground cables or important

factors for further analysis.

4.3 Paper C - Reliability Evaluation of Power Cables
Considering Restoration Characteristics

In this paper we show that it is important to consider the repairability characteristics

of power cables and choose the reliability analysis which is designed for repairable

systems. We demonstrate that the methods which estimate the time-to-the-first failure

(for non-repairable components) may lead to incorrect conclusions about reliability

of power cables.

We use proportional hazard model (PHM) to assess the impact of different factors

and calculate the failure rate of each individual cable. After modeling the PHM base-

line and the influence of different factors, we calculate failure rate for each individual

feeder line, and rank them from the highest failure rate to the lowest. In particular

we compare three case scenarios depending on how to consider power cables and

their failures: as non-repairable components, as repairable but decommissioned after

the last failure, and as repairable components which survive until censoring time. In

principle, for power cables, the first and second scenarios are incorrect, and we show
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that conclusions about different factors in PHM and cables ranking will be misleading

if they are used.

The results show that the significance level of the factors in PHM is different

considering each case scenarios. Furthermore, the variation between the ranking lists

shows that the case scenarios produce different outcomes for reliability ranking. This

variations between the lists are not negligible.

By ranking the components importance to system reliability, the awareness of the

grid status can be improved and actions can be taken to reduce the risk.

4.4 Paper D - Analyzing and Modeling Propagation of
Smart Meters’ Alarms in Low-Voltage Grids

In this paper we demonstrate that the existence of propagation in the low-voltage

grids can be detected using smart meters alarm data. In particular, several models

for propagation of disturbances, within neighbor customers in different levels of the

grid topology, are investigated. These models include the grid with: no propagation,

propagation within neighbor customers at the same delivery-point, propagation within

neighbor customers at the same branch, and propagation in both delivery points and

branches. A method for measuring how the reality corresponds to each of the models,

by measuring the similarity between real data and synthetic data, created according to

the models, is proposed. Furthermore, the paper presents smart meters alarm dataset

(SMAData), an open-source dataset containing power quality disturbances of over

1000 meters.

The results show that the PQDs propagate throughout the low-voltage grid; and,

they impact customers within the same branch frequently. Furthermore, the models

which include PQDs propagation in both delivery-points and branches are better rep-

resentation of the real data.

The analysis, can be used for identifying the areas in the grid with higher proba-

bility of generating PQDs compared to other parts of the grid. These “problem areas”

can be analyzed to determine if the PQDs are generated by a customer or they are

symptoms of fault initiation in one of the grids components in the area. In both cases,

the distribution companies can benefit from the results for strengthening their grid

and eliminating the PQ problems for customers.





Chapter 5
Conclusion and Perspectives

5.1 Summary and conclusion
This thesis and appended papers present data-driven methods that exploit available

data in distribution grids for detecting weak spots. In particular, the data is used for

three purposes: failure pattern discovery, reliability evaluation of power cables, and

analyzing and modeling the propagation of power quality disturbances (PQDs).

In distribution grids, the majority of reliability improvement techniques are de-

voted to deviation detection based on real-time streaming data. However, large amounts

of data related to measurement readings, previous faults, repairs, and manufacturer in-

formation are also recorded but rarely used for predictive maintenance. Approaching

the full capabilities of smart grids including low interruption and high level of power

quality require using all the available data. Mining and analyzing this data enables us

to evaluate reliability and detect problem areas. With this knowledge, power compa-

nies can directly target the most vulnerable components for inspection and preventive

repair actions.

The proposed reliability evaluation method provides estimation of failure rate for

every individual feeder line, in spite of the limited failure data. The outcome of this

analysis is a list of feeder lines which are ranked from the highest to the lowest failure

rate and can be used for maintenance prioritization. In particular, we consider three

case scenarios, based on how failures are defined, to estimate failure rate and impact

of different factors. The results show that the significance level of the factors and the

lists are different for each case scenario. Furthermore, comparing the position of the

recently failed high-voltage feeder lines in the ranking lists of the three cases indicates

higher priority of the lines in the case scenario three: the feeder lines are considered

as repairable components which stay in-service until their censoring time.

Smart meters, distributed in low-voltage grids, have the potential to provide valu-

able information. In this thesis we demonstrate an application of using these meters

for identifying power quality events, detecting propagation of PQDs, and modeling

them. Considering the use of renewable energy sources, utilizing smart meters is more

economically efficient than installing additional equipments such as PQMS. We show
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that these meters can be used as a sensor for detecting power quality deviations and

identifying how PQDs can propagate through low-voltage grids and impact other

components.

The main contributions of this thesis are summarized in the following:

• Proposing a visualization for the correlations between different features repre-

senting failures by using a Bayesian network.

• Proposing a methodology for power cables lifetime modeling with confidence

intervals to deal with limited failure data.

• Demonstrating the importance of considering the reparability characteristic of

power cables on reliability estimation.

• Developing a method for ranking repairable power cables based on the impact

of different factors.

• Developing a methodology for modeling the propagation of sag/swell distur-

bances in the low-voltage grids using SMs alarm data.

5.2 Future work
The future work is grouped into two categories. The first is related to testing cables

and validating the reliability ranking method. Improving the analysis by consider-

ing additional factors such as type of the soil where the cables are buried and the

process of how the cables are installed is required. Furthermore, considering the pro-

portional hazard model in a time-dependent setting by including some features of the

customers who are connected to each feeder lines (captured from smart meters) is

needed. In addition, planning for maintenance is an essential part in improving relia-

bility. Based on the results of the reliability analysis, maintenance can be conducted

on cables with higher failure rank and higher importance, e.g., number or type of

customers. Investigating methods and techniques for maintenance planning based on

the relationship between failure rank, importance, and cost should be considered in

future applications.

The second category is related to finding correlations between power failures

which are recorded in smart meters and other data. In the alarm data the event “pri-

mary power down” corresponds to power interruption in the meters. We can inves-

tigate the correlation of this event with other power quality events and load profile
data. The load profile in meters corresponds to a collection of different features in-

cluding, RMS voltage (for three phases), RMS current (for three phases), power factor

(for three phases), frequency, active power and reactive power. In total there are 12

different features with resolution of one sample every hour. In this case, developing

methods for detecting any existing correlation, identifying an appropriate time inter-

val before the event for improving the correlation detection, and specifying important
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features which have significant impact on detecting the event are some of the planned

activities for future.

Furthermore, we believe that it would be possible to find “symptoms” of the ac-

tual cable failures in the low-voltage grids by using smart meters data. However, the

amount of recorded cable failures for the four months period (the duration which we

have collected the data from smart meters) is limited to 2 faults. This lack of data

makes identifying the symptoms of failures very difficult. Therefore we are consid-

ering two options. The first option is collecting data from smart meters for a longer

duration, e.g., one year, to observe more cable failures. The second option is including

expert knowledge to identify symptoms of cable failures.
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