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Abstract

Probabilistic Approach to Insulation Coordination

Alexander Bilock

The present work was performed at HVDC 
ABB as an initial study on how to adopt 
probabilistic concepts into the VCS-
HVDC insulation coordination.

Due to large voltage levels in HVDC 
applications the corresponding 
insulation need to be properly 
addressed to ensure a safe, economical 
and reliable operation. Traditionally, 
only the maximum overvoltage is 
considered, where no adoption to the 
shape of the overvoltage distribution 
is regarded. Use of probabilistic 
concepts in the insulation coordination 
procedure can ideally reduce insulation 
margins with a maintained low risk of 
flashover. Analysis and understanding 
of probabilistic concepts of AC systems 
is needed in order to implement the 
concepts into VSC-HVDC.

With use of advanced VSC-HVDC models, 
faults are simulated with varied fault 
insertion time in PSCAD. The resulting 
overvoltages from the simulation is 
gathered using different statistical 
methods in order to obtain the 
approximated overvoltage distribution. 

It was found from the simulation 
results that use of a Gaussian 
distribution is inappropriate due to 
shape variety in the overvoltage 
distributions. Instead, Kernel Density 
Estimate can serve as a flexible tool 
to approximate overvoltage 
distributions with a variety in number 
of modes and shape. The retrieved 
approximated overvoltage distributions 
are compared with the insulation 
strength in order to calculate the risk 
of flashover. The comparison shows that 
the insulation can be tuned in order to 
match set requirements. The thesis work 
should be seen as pilot study, where 
key problems have been pointed out and 
recommended further studies are 
proposed.
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Sammanfattning

HVDC (högspänd likström) är en teknik som idag används som ett alter-
nativ till växelström för att effektivt transportera elektricitet Fördelarna är
bland annat lägre förluster, ökad nätstabilitet och kontrollerbarhet. HVDC
kan delas upp i tv̊a olika tekniker, dels LCC-HVDC som använder tyristorer
för likriktning och dels VSC-HVDC som använder IGBTs för likriktning. I
detta examensarbete är enbart VSC-HVDC studerat.

P̊a grund av höga spänningsniv̊aer är en korrekt dimensionerad elektrisk
isolation viktig för att skydda känslig och dyr utrustning. Vid en HVDC-
installation kallas den del av arbetet som rör isolationsfr̊agor isolationsko-
ordinering. Syftet med isolationskoordineringen är säkerställa en ekonomisk
och tillförlitlig drift av HVDC-installationen. Som en del av isolationskoor-
dineringen säkerställs spänningsniv̊aer med hjälp av datormodeller där olika
fel simuleras.

Istället för att bara studera den maximala observerade överspänningen kan
man titta p̊a hela spridningen och utifr̊an den approximera en överspännings-
sfördelning. Tidigare erfarenhet fr̊an växelströmssystem har visat att över-
spänningsfördelningen oftast kan beskrivas av en normalfördelning. Med
hjälp av överspänningsfördelningen kan risken för överslag beräknas om man
dessutom vet isolationsfördelningen.

Datan fr̊an datormodellen visade att överspänningsfördelningen inte kan
beskrivas av en normalfördelning för VSC-HVDC. Istället föresl̊as en ap-
proximation av fördelningen. Genom att använda approximationen och iso-
lationsfördelningen har risken för isolationsfel räknas ut för n̊agra exempel.
Arbetet visar hur man kan använda statistik isolationskoordinering för att
bättre först̊a potentiella isolationsfel vid HVDC-installationer.
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1 Introduction

Traditionally high voltage direct current (HVDC) has been a technology
first and foremost for efficient transfer of electrical energy over long dis-
tances. Nowadays, the HVDC technology has other advantages in terms of
robustness, increased reliability and controllability.

The developing of HVDC started around 1930s, and the first commercial
HVDC power link was installed in the 1950s between Gotland and the
Swedish mainland. Since the 1950s the HVDC technology has been devolved
rapidly, and today HVDC can roughly be divided into two technologies. The
first is the line commutated converters or current source converters (LCC-
HVDC), based on thyristors in the converter. Thyristors can only switch
when the passing current equals zero which makes the thyristors depend on
line voltage for commutation [1]. Although, LCC-HVDC is still used for
bulk transmission due to higher power capacity. The second, recently devel-
oped is the technology based on insulated gate transistors (IGBT), called
the voltage source converters (VSC-HVDC). The IGBTs can, in contrast
to thyristors, be switched off using external low voltage control signals [1].
During thesis work VSC-HVDC technology has been in focus.

In order to design the converter stations and determine the equipment to
be used, a study of the system under different transient disturbances is re-
quired. One of such studies is a transient overvoltage study which is a part
of insulation coordination. System overvoltage studies can be performed
in two ways: deterministic or probabilistic method [4]. The probabilistic
method is a more time consuming methodology, and therefore it is not com-
monly used on HVDC applications. However, a probabilistic methods allow
to study the associated risk at each insulation point.

Due to use of confidential simulations models, figure axis are normalized and
no detailed description of the simulation model is given.

1.1 Purpose and goal

The main idea of a probabilistic methodology is that every transient event
in the system has its own probability to occur, and can produce an over-
voltage with a certain magnitude, which in turn also has a probability. But
implementation of these concepts in HVDC-systems sets a number of new
challenges that should be properly addressed. Therefore, the main focus of
this master thesis is to analyse probabilistic concepts of AC systems, and
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implement them in a VSC-HVDC. This includes both theoretical analysis
of the concepts, tests by simulations with help of advanced EMT PSCAD
models as well as statistical analysis of the data generated from the simula-
tions.
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2 Overview of HVDC

Wind, solar and hydro power generation are often located far from the power
demands. To ensure a robust electrical transmission with low losses and
high availability HVDC can be used instead of AC transmission [2]. Key
advantages of HVDC [3]:

• Low transmission losses over long distances

• Interconnection between AC networks with different frequencies

• Using long underground/underwater cables

• Improved grid stability

In the late 1990s the first VSC-HVDC was installed as a feasibility demon-
strator to the traditionally used LCC-HVDC. The installation was showing
superior technical capability compared to LCC-HVDC. Although, the power
rating for the installation was limited to 3 MW [1]. Since the introduction
the power ratings for the converters has grown. The losses are still higher
compared to the traditionally LCC-HVDC, instead VSC-HVDC can offer
better overall system performance [3]. Following application are especially
suitable for VSC-HVDC [1]:

• Feeding into passive networks

• Transmission to/from weak AC systems

• Enhancement of an AC system

• Supply of offshore loads

• Connection to wind farms (on-shore or off-shore) or wave power gen-
eration

• In-feeds to city centres

• Multi-terminal systems

The drawbacks with VSC-HVDC are the lower power ratings and higher
switching losses [1]. Figure 1 shows a very simplified single line diagram of
VSC-HVDC. The AC networks are connected to the converter station where
the AC is converted to DC using pulse width modulation. The converters are
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interconnected using either cable or overhead-lines. Moreover, the topology
of the converter station can be varied in a number of ways using a different
number of poles, metallic return, ground return and transformers. Depend-
ing upon the application the topology can be chosen to match the system
requirements.

Figure 1: Simplified single line diagram for HVDC showing the convertion
from AC to DC and back again to AC

4



3 Insulation Coordination

The basic definition of insulation coordination according to the IEC standard
is [4]: “The selection of the insulation strength consistent with the expected
overvoltages to obtain an acceptable risk of failure.” In other words, the ob-
jective is to select the minimum insulation strength to be able to withstand
a certain expected overvoltage (stress) to ensure a safe, economic and reli-
able operation. Overvoltage stress can originate from different sources [6]:
lightning flashes, abnormal system conditions (fault) and system switching
operation.

The theory described in the following sections are mainly based on the stan-
dards set by IEC. At the moment there exist no detailed standard for insu-
lation coordination only applicable for VSC-HVDC. Although, the standard
for LCC-HVDC is to some extent applicable to VSC-HVDC [6]. This is
important to keep in mind, since the theory described are mainly from insu-
lation coordination standards written not specific for VSC-HVDC. Also, the
available documentation for probabilistic insulation coordination is limited
to AC systems.

Overvoltages are categorized according to the shape and duration, regard-
less of the origin of the overvoltages. In sections 3.1-3.2 an overview of this
classification is given. Followed by an overview of surge arrestor protec-
tion in section 3.3, and a brief overview of the practical steps in insulation
coordination. A general presentation of the deterministic overvoltage co-
ordination, and the probabilistic extension is presented in sections 3.5-3.6.
Finally, the statistical representation of overvoltage stress and insulation
strength are presented in sections 3.5-3.6 according to available standards
and documentations.

3.1 Temporary overvoltages

A temporary overvoltage is defined as [6]: “an oscillatory overvoltage of rel-
atively long duration which is undamped or weakly damped”. The source
of the temporary overvoltage is typically abnormal operation of the HVDC-
system itself, resulting in an overvoltages with the same frequency as funda-
mental frequency. Both the AC and DC-side of the HVDC-system can give
rise to temporary overvoltages.

On the AC side temporary overvoltages usually originate from switching of
transformers, filters and from faults [6]. One example of a fault on the AC
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side is a sudden loss of load. On the DC side the temporary overvoltages
typically originate from line to earth faults, control faults, commutation
failure and earth faults within the converter area.

3.2 Transient overvoltages

The transient overvoltage is usually defined as: “a short-duration overvolt-
age of few milliseconds or less, oscillatory or non-oscillatory, usually highly
damped” [6]. Transient overvoltages are often divided into four groups:

• Slow front overvoltages

• Fast-front overvoltages

• Very-fast-front overvoltages

• Steep-front overvoltages

The difference between the above overvoltages are in terms of rise time and
the overall duration of the front. The voltage range for transient overvoltages
are typically higher compared to temporary overvoltages [6].

3.3 Protection

To protect sensitive and expensive equipment in HVDC-system from over-
voltages a number of protection strategies are used. The main protection
against overvoltages are surge arresters and the control philosophy of the
HVDC-system.

The protection of the valves is crucial since a critical overvoltage over the
semiconductors can be devastating in terms of replacement costs and power
loss. Surge arresters have a specific voltage-current characteristic which
make it suitable for absorbing high energies from overvoltages. Surge ar-
rester conducts almost no current for low voltage levels, but with increased
voltage level the arrester starts to conduct and large amounts of energy can
be transferred throughout the arrester.
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Figure 2: Showing the operation principal for a surge arrester.

In early HVDC-systems gapped silicon carbide arresters was used as pro-
tection against overvoltages. But in the 1970s the silicon carbide arresters
was replaced by metal oxide arresters, due to their ability to absorb high
energy and low dynamic impedance [6]. Today gapless metal oxide arresters
are used in almost all modern HVDC-systems. One of the main advantages
with gapless metal oxide arresters are the ability to share the energy when
connected together, both in series and in parallel, which make it possible to
group the arresters to absorb almost all energies levels.

The characteristics of an arrester are defined by the standard switching
impulse protective level (SIPL) and the lightning impulse protective level
(LIPL) [6]. The SIPL is determined by the maximum overvoltage [4].

The selection of arresters, both on the AC side and the DC side should fulfil
the following principles [6]:

• Limit the surge from the overvoltage on the AC side by arresters on
the AC side.

• Limit the surge from the overvoltages generated on the DC side by the
arresters on the DC side.

• Sensitive equipment in the converter station should be directly pro-
tected by arresters
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3.4 Overview of practical steps in a transient overvoltage
study

The arrester arrangement need to be considered based on the details of the
system including converters, AC networks and DC transmission. The practi-
cal transient overvoltage study procedure typically proceeds using following
steps [7]:

1. Representive overvoltages (Urp): The representative overvoltage
is defined as the maximum overvoltage for each of overvoltages classes
described in section 3.1-3.2. The representative overvoltages, Urp, are
determined by considering relevant faults, typically using simulation
software.

2. Determination of the coordination withstand voltages (Ucw):
The determination of coordination withstand voltage, Ucw, means that
a coordination factor (Kc) is applied to the Urp which make allowance
for limitations in the modelling, shape and duration of an overvoltage.
The determination of Ucw is the step where insulation coordination can
be chosen to be done either deterministic or probabilistic. In section
3.5 and 3.6 the details of the different approaches are discussed.

3. Determination of the required withstand voltages (Urw): In
the determination of Urw the coordination makes allowance for ageing
of the insulation and variance in product quality as well as an altitude
correction factor.

4. Determination of the specified withstand voltage (Uw): Finally
the specified withstand voltage, Uw, is chosen to be greater or equal to
the required withstand voltage. In practice the values are often chosen
to match standardize values of equipment.

3.5 Deterministic coordination

The idea behind a deterministic coordination study is to only consider the
maximum stress on a specific node among all faults, and select the minimum
insulation strength to withstand this voltage level. Although, the withstand
voltage need to be multiplied by coordinating factor handling uncertainties
in the assumptions made, see section 3.4. In cases where no statistical
information is available the insulation coordination need to be based on the
deterministic approach.
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Today the deterministic approach is used to calculate the withstand voltage
in VSC-HVDC converter stations. It considers the maximum overvoltages
instead of the entire range of the overvoltage distribution. Doing so will
likely result in very large insulation margins making allowance for very un-
certain extremes.

3.6 Probabilistic coordination

The probabilistic approach to insulation coordination is based both on the
probability of a certain stress to occur, the probability distribution of the
stresses and the probability of the insulation strength [4]. The probabilistic
approach has been used on insulation coordination for AC systems for a
while. Directly applying the procedures for AC systems to DC is not appli-
cable even if there are similarities. There are some major differences that
need to be considered e.g. [6]:

• Depending upon the location in the HVDC-system the operating volt-
age can be a combination of direct voltage, fundamental frequency
voltages, harmonic voltages and high frequency transients.

• Series connected valve groups, surge arresters away from earth poten-
tial

• Valves not directly exposed to external overvoltages

• Presence of reactive power sources

• Different operation modes

• Fast controllability for overvoltages

By using a probabilistic approach to insulation coordination the failure fre-
quency can in practice be formulated as a function of system design parame-
ters. By tuning the system design parameters and study the change in failure
frequency the insulation coordination can in practice be optimized. Unfor-
tunately, the consequences of optimization of the insulation can be very hard
to overview since there are many factors affecting e.g. cost of undelivered
energy if an uncertain failure occur. Therefore, insulation coordination is
more likely to be overdimension, rather than optimized [4].

The risk of failure can be calculated by following expression

R =
∫ Ut

U50−4Z
f(U)P (U)dU. (1)
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where f(U) is the stress probability distribution and P (U) is the cumulative
probability for the insulation strength [4]. In figure 3 the interpretation of
equation 1 is shown conceptually. As seen from the figure it is the overlap-
ping part of the stress and strength who determines the risk of failure.

U

p

 

 

f(U) P(U) R U
50

 − 4Z U
t

Figure 3: f(U) is the probability density of overvoltage, P (U) is the dis-
charge probability of insulation and R is the risk of failure. U50 − 4Z is the
truncation value of the discharge probability and Ut is the truncation value
for the overvoltage probability density.

3.6.1 Statistical representation of insulation strength

The insulation strength for self-restoring insulation can be described sta-
tistically using a cumulative probability distribution usually described by a
Gaussian distribution

P (U) = 1√
2π

∫ x

−∞
exp−

1
2y

2
dy (2)

where y = (U − U50)/Z, U50 is the mean and Z = U50 − U16 the standard
deviation. Due to physical limitations a truncation voltage U0 is needed,
which is the maximum voltage where discharge is no longer possible [4].
The physical limitations of the Gaussian distribution can be avoided by
using the modified Weibull distribution with the truncation error built-in to
the distribution.
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3.6.2 Statistical representation of electrical stress

Electrical stress or overvoltages are defined as a voltage level greater than the
normal operation voltage. The procedure to obtain the overvoltage density
function f(U) from stress data is very similar to the procedure of determine
the probability of disruptive discharge of insulation, described in section
3.6.1. Usually a Gaussian distribution is used due to simplicity. The critical
part in the description of the stress is the upper tail of the distribution
since the upper tail of the stress and lower tail of the strength will be the
overlapping part of the two distributions. In practice any distribution can be
used, as long as the upper tail of the stress is well represented [9]. Beside the
Gaussian distribution, the extreme value positive skew distribution is often
used which represents the upper tail better if the data is positive skewed [9].
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4 Simulation

Since transient overvoltages origin from faults producing higher stresses com-
pared to temporary overvoltages only transients are considered in the sim-
ulation study. The simulation is performed using a complete VSC-HVDC
model in PSCAD, where a number of faults are inserted with varied fault
insertion time. Voltage measurements are recorded during the simulation
in a specific set of nodes. Following sections will explain the simulation
pre-conditions more in detail.

4.1 Fault scenarios

The simulated faults are phase-to-earth or pole-to-earth/pole-to-pole faults
inserted at various locations both on AC and DC side of the converter sta-
tions. The faults are inserted during steady state operation and each fault
is inserted 200 times equally spaced over a time period of 20 ms. In table 1
the types of faults and the locations are presented.

Table 1: Showing the different types of simulated faults and location.

Faul description Location

1-phase to ground fault on the
converter bus Station 1 and 2

1-phase to ground fault be-
tween the phase reactors Station 1 and 2

1-phase to ground fault be-
tween the phase reactor and
the valve

Station 1 and 2

Ground fault on the DC con-
verter bus Station 1 and 2

DC pole-to-pole Station 1 and 2

Network AC Bus 1-phase Station 1 and 2

DC cable Cable fault
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4.2 Simulation setup

The transient overvoltage study is performed using PSCAD v4.2.1. The
model consist of detailed representation of converters, AC networks as well
as DC transmission. Following components are included in the simulation
model:

• AC networks modelled as Thevenin equivalents

• Transformers modelled with tap-changer and saturation

• Converter reactor

• IGBT/diode valves with cell capacitors

• Smoothing reactors

• DC pole capacitors

• DC transmission

• Complete VSC-HVDC control system

• Complete arrester protection scheme

The model used in the simulation is verified to handle high frequencies phe-
nomena’s caused by faults sufficiently accurate. Although, the model is not
a complete high frequency model suitable for surges like lightning. Due to
use of confidential simulation model, no further details are described.

4.3 Measurements

During the simulation the maximum voltage data for each node is recorded.
The voltage data is recorded from phase-to-earth or pole-to-earth depending
on which side of the converter the measurement is taken. Figure 4 shows
the principle for the recorded voltage data on a node located at the AC side
of the converter. Until around 0.02 s the system is in steady state operation
and the three phases oscillates in the range of normal operation voltage.
The maximum recorder is triggered to be activated at the same time as the
fault insertion time.

13
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Figure 4: Shows the principle on how the measurements are recorded. AC-
side fault simulated.
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5 Initial Results

The maximum voltage level in each node is recorded and saved into output-
files during the simulation. The data is post-processed for each fault sim-
ulated, where only the overvoltages defined in section 3.6.2 are considered.
The normal operation voltage is measured during a steady state over a cer-
tain period. In this section some initial results will show the need of more
sophisticated analysis tools, than the standard proposed methods, in order
to make a proper probabilistic analysis.

5.1 Disqualification of results

During the analysis of the overvoltage data some results have been disqual-
ified. Figure 5 shows such a case where the data suddenly jumps between
two values, resulting in a significant spike. In order to remove these spikes,
the results have been studied carefully in each node. If there are spikes
ranging over no more than just one simulation time-step the node data are
disqualified. The phenomena’s of having a narrow spike ranging only over
one solution time-step is likely caused by computational errors in the sim-
ulation software. Experience has shown that the spikes can be avoided by
including leakage inductance in the model.
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Figure 5: Shows the maximum voltage over the entire fault insertion period
for a specific fault. The peak at 10.374 s is considered to be caused by a
computational error in the simulation model.

5.2 Overvoltage distributions

Due to the large number of faults and nodes it is not possible to present all
simulation results. Instead, figure 6 present some representative examples of
stress data using normalized histograms from the simulated model on both
converter stations. As seen in figure 6(a), 6(b) and 6(d) the stress data
seems to be multimodal. Another example is figure 6(c) where the data
seems to be unimodal. Overall the stress data seems to behave similar to
the examples shown regardless of node, fault and converter station.
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Figure 6: Typical stress data for the simulated model where the upper pair
are from converter station 1 and the bottom pair are from converter station
2.

5.2.1 Conclusions

The examples in section 5.2 show that the stress data can consist of more
than one modal. Applying an unimodal normal distribution will clearly be
inappropriate as seen in figure 6(a), 6(b) and 6(d). This shows the need
of more sophisticated distribution fitting models, taking into account the
multimodality of the data.
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6 Distribution Fitting

In section 5 the need of a more sophisticated analysis tools was shown.
As discussed in section 3.6.2 any distribution can be used to describe the
stress data, and only the overlapping part of the stress need to be described
correctly in order to calculate the risk of flashover. In this section the
concept of distribution fitting is discussed. In section 6.2 a non-parametric
representation of stress data is introduced using Kernel Density Estimates
(KDE). One advantage of using KDE is the simplicity to extend it to a
robust mode-finding algorithm, see section 6.2.3. In section 6.3 a mixture
model and a parametric representation of the stress data is introduced taking
advantage of the mode-finding algorithm.

6.1 General

Distribution fitting deals with the problem of selecting a distribution with
the best fit to the data. The famous title in one of the sections in a paper
by George Box can be kept in mind: “all models are wrong, but some are
useful”.

In many situations using a Gaussian distribution is appropriate, and it has
benefits when it comes to mathematical simplicity. But it has several draw-
backs as well. Firstly, the Gaussian distribution can not model un-symmetric
data, e.g. left skewed or right skewed data. Secondly, the Gaussian distri-
bution has limitations in terms boundaries. The Gaussian distribution is
defined on the entire real axis, but in many situations there are physical
limitations in the model. Thirdly, the shape of the Gaussian distribution is
independent of the selection of parameters and it is possible that the data
is better described by another shape. Applying a Gaussian distribution
without knowledge of how the data looks like will likely result in a poor fit.

There are a couple of methods for finding the best describing distribution.
One is to build histograms of the data and determine shape, symmetry and
truncation by inspection. By matching the histogram with a distribution
sharing the same properties as the histogram it is often possible to achieve
a relative close fit. But dealing with a large number of data sets this meth-
ods tends to be impractical. In this master thesis transients overvoltages
are investigated and typically a large number of nodes are of interest, and
the simulation is set up using a large number of configurations and faults
resulting in a huge number of data sets. This motivates the development of
fully automatic methods to be able to accomplish this kind of distribution
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fitting for a large number of data sets.

Furthermore, using a unimodal distribution can in some cases be inappro-
priate. As shown in section 5 the overvoltage data seems to have multimodal
properties. Assuming a single mode distribution to data with multimodal
properties is inappropriate.

6.2 Non-parametric representation of stress data using Ker-
nel Density Estimates

By representing each observation with a kernel function and summing over
all data a smooth estimation of the probability density function (PDF) can
be obtained. In sections 6.2.1-6.2.2 a brief overview of the theory behind
KDE is presented. Sections 6.2.1-6.2.2 are reused and adapted from ear-
lier work by the author and student colleagues [12]. In section 6.2.3 an
application of KDE is presented by an illustrative example.

6.2.1 Univariate Kernel Density Estimates

The univariate KDE f̂ of the PDF f is defined as

f̂(x, h) = 1
n

n∑
i=1

Kh(x− xi) (3)

for a dataset with n samples x = [x1, x2, x3, ..., xn] from f . The parameter h
is called the bandwidth of the kernel. The choice of h is the most important
factor regarding the accuracy of the estimate. The kernel function Kh(u) =
1
hK(uh) is a symmetric and non-negative function fulfilling

∫
<Kh(u)du = 1.

There is a wide range of kernels. Although, the kernel function does not
have a significant impact on the estimator. In this work the most common
kernel is used, namely the Gaussian kernel

K(u) = 1√
2π
e−

1
2u

2
. (4)
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6.2.2 Bandwidth selection

The choice of bandwidth has been shown to be of greater importance than
the actual choice of kernel [11]. Figure 7 demonstrates the importance of
an appropriate bandwidth with a constructed example. In 7(a) the KDE
is over-smoothed caused by a too large value of h, and it therefore misses
some of the distribution’s structural behaviour. On the other hand, a too
small h as in 7(b) makes the KDE under-smoothed. In 7(c) the bandwidth
is calculated according to Silverman’s ”rule of thumb” described in [11], and
the KDE seems to catch the actual bimodality of the distribution.
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Figure 7: KDE with a Gaussian kernel for three different values of h and a
data set with 2000 sample points from a combined normal density.

The previously mentioned ”rule of thumb” is a bandwidth selection method,
which is very easy to understand and implement. The ”rule of thumb” gives a
satisfying result in many situations and can serve as a useful starting point.
However, the method lacks in terms of robustness and optimality. More
robust and in some sense optimal alternatives to the ”rule of thumb” is to

20



try to minimise the Asymptotic Mean Integrated Squared Error (AMISE).
In Wand and Jones (1995) [11] it is stated that under certain assumptions
on f , h and K the AMISE can be calculated as follows

AMISE(f̂) = (nh)−1R(K) + h4
(µ2(K)

2
)2
R(f ′′), (5)

where R(L) =
∫
L2(x)dx , µ2(L) =

∫
x2L(x)dx for any function L.

The family of plug-in (PI) method is often employed due to performance rea-
sons. PI-method aim to minimize the asymptotic error estimation AMISE.
Following expression for the optimal bandwidth hAMISE can be obtained by
differentiating the AMISE expression (5) with respect to h and setting the
derivative equal to zero

hAMISE =
[

R(K)
µ2(K)2R(f ′′)n

]1/5

. (6)

Usually, the only unknown quantity in the expression above is the actual
probability density function f . In the PI-method R(f ′′) is replaced by the
kernel functional estimator ψ̂4(g) that can be obtained from the formula

ψ̂r(g) = n−2
n∑
i=1

n∑
j=1

L(r)
g (xi − xj), (7)

where Lg is an appropriate kernel and g is the pilot bandwidth. The pilot
bandwidth is usually chosen by applying the formula for the AMISE optimal
bandwidth again

gAMISE =
[

2K4(0)
−µ2(K)2ψ6n

]1/7

. (8)

This has the effect of introducing ψ6, which requires a new pilot bandwidth
to be estimated. Every new estimate ψ̂r will depend on ψr+2. The com-
mon solution to this problem is at some point to estimate ψr with an easily
obtained estimate such as the rule of thumb instead of an AMISE based
approximation. This yields a variety of plug in methods differing in the
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number of steps in which kernel functional estimators are obtained before
the simple estimate is applied. If k stages are applied before the simple
estimate, it is referred to as an k-stage plug in method. Several versions of
the PI-method have been developed. The most well-known univariate plug-
in selector is the algorithm developed by Sheater and Jones (1991) [13]. A
variant of this algorithm is used for bandwidth selection in this work and
described in [11]. Although, an optimal bandwidth selector is attractive but
it is always a tradeoff between precision and average accuracy. Specially, the
optimal bandwidth selectors are not developed first and foremost for accu-
rate location of modes. One alternative to the optimal bandwidth selector
is to vary the bandwidth over a range of possible values and calculate the
number of modes and try to identify the bandwidth where the number of
modes is stable.

6.2.3 Example - using Kernel Density Estimates for mode finding

The idea with using KDE for mode finding was first introduced by Silver-
man 1981 [14]. Differentiate f̂ and set the derivative to zero and solve the
equation will give the extreme values. The maximums of the extreme values
will correspond to the modes of the data.

One illustrative example of how the mode finding algorithm works with KDE
and optimal bandwidth selection is shown in figure 8. Figure 8(a) shows the
overvoltage data presented using normalized histograms. Figure 8(b) shows
the constructed KDE on top of the normalized histogram with bandwidth
calculated with the PI-method. Figure 8(c) shows the location of the modes.
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Figure 8: Showing the principle of the mode finding algorithm for overvolt-
age data.

6.3 Parametric representation of stress data

Using a non-parametric approach to fit stress data have limitations due to a
non-continuous representation. Without a numerical integration method the
risk integral will be hard to evaluate. This motivates the use of a method for
parametric distribution fitting. Since the stress data can have very different
behaviour from node to node and the overlapping part from the strength
distribution differs the need of two different algorithms is motivated. The
first method is based on the assumption of only having unimodal stress data
overlapping with the strength. The second method is based on a slightly
different approach. This method assumes the data to be multimodal and
applying a maximization expectation algorithm with a Gaussian mixture
model.
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6.3.1 Using maximum likelihood estimation for unimodal stress
data

A widely used method for parameter estimation in distribution fitting is the
maximum likelihood estimation (MLE). Let θ be a vector of parameters for
a specific distribution family denoted F . Each set of values of θ represent
a model in F with different probability densities to the observed data xi.
The likelihood function is defined as the probability of the observed data
as a function of θ. The objective is to find θ as close to the true value θ0
as possible or in other words: find a set of parameters who maximize the
probability defined by the likelihood function. Let f belong to the family F
and the likelihood function can be written as

L(θ) =
n∏
i=1

f(xi; θ). (9)

Often it is more convenient to work with natural logarithm of equation 9
and define the log-likelihood function

l(θ) = logL(θ) =
n∏
i=1

logf(xi; θ). (10)

Define the maximum-likelihood estimator θ̂0 of θ as the set of parame-
ters who maximizes the log-likelihood function [10]. In some special cases
it is possible to obtain the maximum-likelihood estimator by taking the
derivative of the log-likelihood and equate to zero. More likely, a standard
optimization routine is employed to find the maximum-likelihood estimator.

In order to apply several types of distributions and pick the distribution
with the best fit, some sort of error estimation is necessary. There are prob-
lems related to direct use of the function value from the likelihood function
since it will violate the concept of parsimony [10]. Using the maximum of
the likelihood function will favour more complex models with more param-
eters even if the fit between the data and the model isn’t necessary better.
Instead, the Akaike information criterion (AIC) can be used, which is based
on the maximum of the likelihood estimation but with a penalty term for
the number of estimated parameters. The AIC value for a model is defined
as

AIC = 2k − 2log(L). (11)

where L is the function value from the likelihood function and k is the
number of parameters.

The method consist of three major steps described below and showed in
figure 9.

24



1. Apply a KDE to the stress data with an optimal bandwidth. See figure
9(a).

2. Find the maximum of the KDE. If the stress data is unimodal there
will only be one mode. See figure 9(b).

3. Apply the MLE method with several distribution and rank the distri-
bution according to the AIC value. Pick the best fitting distribution.
See figure 9(c).
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Figure 9: Showing the three steps in the method for finding the best fitting
distribution to unimodal data.

Experience has shown the distributions in table 2 often corresponds to the
distributions with the best fit. Due to the time and scope of the thesis no
closer study is done to find the optimal.
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Table 2: Suggestion of distribution to consider if the stress data is unimodal.
No internal special order.

Distribution
name PDF Parameters

Nakagami 2mm
Γ(m)Ωmx

2m−1e−
m
Ω x

2
m ≤ 0.5,Ω > 0,

Γ(m) is the
gamma function

Birnbaum-
Saunders

√
x−µ
β

+
√

β
x−µ

2γ(x−µ) φ

√x−µ
β

+
√

β
x−µ

γ


x > µ, γ > 0,
β > 0, φ is the

normal
distribution

Rician x
σ2 e

−(x2+v2)
2σ2 I0

(
xv
σ2

) v ≥ 0, σ ≥ 0,
I0(m) is the

modified Bessel
function

Extreme
value

1
β e
−(z+e−z) where z = x−µ

β µ, β > 0

Gamma 1
Γ(k)θkx

k−1e−
x
θ

k > 0, θ > 0,
Γ(m) is the

gamma function

Generalized
extreme

value

1
σ t(x)ξ+1e−t(x) where

t(x) =


(
1 + x−µ

σ ξ
)−1/ξ

, if ξ 6= 0
e−(x−µ)/σ, if ξ = 0

µ, ξ ∈ R, σ > 0

Inverse
Gaussian

(
γ

2πx3

)1/2
e
−γ(x−µ)2

2µ2x γ > 0, µ > 0

t location-
scale

Γ( v+1
2 )

σ
√
vπΓ( v2 )

(
v+(x−µσ )2

v

)−( v+1
2 ) µ ∈ R, σ > 0, v >

0, Γ(m) is the
gamma function

Log-normal 1
xσ
√

2πe
− (ln(x)−µ)2

2σ2 µ ∈ R, σ > 0
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6.3.2 Mixture model and maximization expectation algorithm
for multimodal stress data

As shown in section 5.2 the stress data can often be multimodal. Trying
to fit an unimodal distribution to a multimodal will most likely result in a
poor fit as previously discussed. Instead of applying one single distribution
to a multimodal stress data one can use a mixture of distributions in the
data fit. This allows several modes and will likely result in a closer fit,
compared to the unimodal approach. Often the Expectation-Maximazation
(EM) algorithm is used to determine the parameters of the mixture model
[16].

First the algorithm need to be provided with the assumed number of compo-
nents in the mixture model. Further on, the EM algorithm proceeds using
following steps [16]:

1. For each observation in the stress data the algorithm computes poste-
rior probabilities of belonging to the components in the mixture model.
This is Expectation step in the algorithm.

2. Using the posterior probabilities as weights the algorithm estimates
means, variance and the mixing proportions by using the maximum
likelihood, compare to section 6.3.1. This is the Maximization step of
the algorithm.

The algorithm is iterative and proceed until convergence is reached. Pro-
viding the algorithm with the right number of components is crucial for
the overall behaviour of the algorithm, and again the mode-finding algo-
rithm discussed in section 6.2.3 can be used to provide the right number of
components.

Figure 10 shows an example where a Gaussian mixture model is used for
multimodal stress data. The KDE is first constructed, see figure 10(a).
The number of modes is identified from the KDE, see figure 10(b). In this
example the stress data consist of two modes which is used as an input
for the ME-algorithm. The ME-algorithms fits a two component Gaussian
mixture to the stress data, the result is shown in figure 10(c). By combining
the two components the complete mixture model can be constructed, see
figure 10(d).
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(a) KDE is constructed with the band-
width algorithm PI.
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(b) The number of modes are find by
counting the number of maximums in the
constructed KDE.
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(c) Using a Gaussian mixture model and
ME-algorithm the two components are
found.
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(d) The two components are combined.

Figure 10: Showing the principle of applying a Gausssian mixture model for
multimodal stress data.

There are problems related to convergence of the ME-algorithm since it can
converge towards a local optima instead of global, due to the time span
and scope of the thesis this was not studied in detail. During the thesis
work only Gaussian mixture models have been considered but the method
is applicable for any distribution.
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7 Pattern Recognition in Stress Data

One interesting aspect of not having unimodal data is the distance between
the modes, and if there are any patterns. If the distance between the modes
follows a clear pattern it would be of high interest to combine this knowledge
with the concept of having an overlap in between the stress and strength.
Three different pattern recognition attempts have been made.

The location of the modes is determined by the mode-finding algorithm,
described in section 6.2.3 using the same data as in the initial results. Fig-
ure 11 shows the principle of the three used pattern approaches. The first
approach shown in figure 11(a) calculates the distance to the next mode on
left hand side and the next mode on right hand side. The second approach
shown in 11(b) calculates the distance between the two dominating modes
i.e. the two modes with the largest probability density. The third approach
is shown in figure 11(c), and it calculates the distance between the rightmost
modes. This approach can be interesting since it is the overlapping part of
the stress distribution which determines the risk of flashover together with
the insulation strength.
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Figure 11: Showing the principle for the different pattern approaches.
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The disqualified nodes discussed in section 5.1 are still present in the figure
12-14 but marked completely blue. In figure 12 the results is presented for
the approach described in figure 11(a). The figure shows the voltage distance
between the modes as defined in figure 11(a) for each node. The color in the
figure indicate whether the voltage distance is likely or unlikely to observe.
For example the red box at node 12 indicate a high probability of observing
a voltage distance around 0.01.
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Figure 12: Shows the distance between the modes when the distance is
calculated as in 11(a). There are values greater than 0.046875 but they are
considered as outliers with no meaningful contribution to the results.

Figure 13 shows the result from the pattern approach calculating the dis-
tance between the modes with the greatest probability density described in
11(b).
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Figure 13: Shows the distance between the modes when the distance is
calculated as in 11(b).

Figure 14 shows the result from the pattern approach calculating the dis-
tance between the two rightmost modes described in 11(c).
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Figure 14: Shows the distance between the modes when the distance is
calculated as in 11(c). There are values greater than 0.046875 but they are
considered as outliers with no meaningful contribution to the results.
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7.1 Conclusions

It is important to keep in mind that the results shown are highly dependent
on how the bandwidth is chosen when the KDE is constructed. The most
interesting results among the presented pattern approaches is the one with
the distance between the two modes with highest probability density, see
figure 13. This approach is also less dependent on the bandwidth compared
to the other two. As shown in figure 7 a to large or small bandwidth will
likely catch the two dominating modes anyway. The other two pattern
approaches seems to catch many distances in the lower range, which can
indicate many narrow peaks in the KDE.

In figure 13 there is a certain overall trend among the nodes. The dis-
tance between the two dominating modes is located somewhere in between
0.015625 and 0.0625. The distance between the dominating modes in node
1, 8, 14 are clustered in more than one distance. For example, the distance
between the two dominating modes in node 1 is more likely to be located in
the figure around 0.01562, 0.046845, 0.07. There are also some nodes where
the distance is more concentrated to only one single value, for example node
4, 5, 6 and 12. Probably more data is necessary to draw any consistent
conclusions.
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8 Comparison to Strength Data

As seen in section 3.6 the risk integral is calculated from the overlapping
part of the stress and strength, and the integral limits are defined as [U50−
4Z Ut]. This means the stress data need to be correct described at least
to the left boundary of the integral range. By combining both stress and
strength in the same figure one can determine whether the entire stress
distribution need to be considered or only the tail.

With the distributing fitting methods in section 6 the stress distribution can
either be determined using a non-parametric KDE or parametric represen-
tation. In the examples shown in figure 15 KDE is used to estimate the
stress distribution. The strength distribution is represented by a Gaussian
cumulative distribution function and are determined by the mean U50, which
corresponds to the voltage where the probability of breakdown is 50%, and
the standard deviation Z. The strength distribution is calculated from the
minimum clearance distance in each node. Given the time span of the thesis
it was decided to use the strength of air gaps of VSC stations from vast
experience. This means the U50 is calculated from having switching impulse
withstand level (SIWL) corresponding to 2% probability of breakdown [4].

It is clear from the figure that the entire stress distribution need to be
described correct since the stress is located within the integral range [U50−
4Z Ut] for all examples shown. Due to the large amount of nodes and faults
the examples shown are chosen to be representative since it is impractical
to present all combinations. The associated risk integral is calculated for
each of the examples shown and presented together with the figure. Since
the stress is non-parametric described the trapezoidal rule

∫ b

a
f(x)dx ≈ b− a

2N

N∑
n=1

(f(xn) + f(xn+1)

= b− a
2N (f(x1) + 2f(x2) + ...+ 2f(xN ) + f(xN+1))

(12)

is used to approximate the risk integral.
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Figure 15: Shows the combined stress and strength distribution. For each
subfigure the associated risks are calculated.

8.1 Conclusions

The figures indicates that from this type of fault there is a risk of 0.2-0.5% of
flashover. The risk should be combined with the probability of the fault to
occur, to get a complete probabilistic methodology. Therefore, a future work
is required where a compilation or gathering of statistical data is necessary.

The examples shown in figure 15 should be seen as an useful tool to accom-
plish the insulation coordination. State-of-the-art insulation coordination
is based on only the maximum overvoltage, but instead of disregarding all
other data it can definitely serve as additional information.

To illustrate the benefits of combining the stress and strength one can think
of the case of having a very long stress tail. This means there are extremes
in the stress distribution making the probability of the maximum overvolt-
age very low. If the deterministic method is used, it will only consider the
maximum overvoltage. Adopting the insulation to the deterministic value
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will make the insulation withstand voltage associated with a very low prob-
ability. The resulting risk of flashover will also be very low. Ideally, the
insulation requirements can be reduced without a significant increase in risk
due to the long tail of the stress.

On the other hand, having a stress distribution with a steep tail can make
the risk of flashover be larger than expected. Having a steep tail means
the contribution at the right end of the risk integral range will be larger.
Using the deterministic method will probably give a coordination value cor-
responding to a larger risk of flashover compared to the case of having a long
tail. In this case an increase in the insulation may be necessary to meet the
expected risk of flashover.

The examples described represent two extremes where the deterministic
method is far from optimal in the sense of adopting a correct insulation
level to the HVDC system. Using a probabilistic method will give a greater
picture of the withstand coordination, making allowance for different types
of stress distributions with a maintained control over the insulation levels.
Figure 16 summarize the benefits of using a probabilistic method instead of
a deterministic using two constructed examples.
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Figure 16: Shows two constructed examples where the deterministic method
miss important properties of the stress distribution. In the first figure the
contribution to the risk integral will be much higher compared to the second
figure.
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9 Conclusion

The concepts of probabilistic approach to insulation coordination have been
investigated in the thesis. Despite the limited literature on the subject, the
work has shown some interesting potential. The concepts of probabilistic
withstand coordination from AC systems has been successfully implemented
with a VSC-HVDC model.

Use of statistical information from the stress distributions and combine it
with strength, can reveal the associated risk with the chosen insulation
strength. The main contribution is the conclusion of not having unimodal
stress data, and how to properly modelled it. Even if the results shown here
are from one single simulation model other simulation models has shown
comparable results during the thesis work.

Several methods for estimating the PDF to the stress has been proposed,
both parametric and non-parametric. Using KDE to get an estimate of the
stress distribution has been shown to be useful. The procedure is flexible
both in terms of number of modes, but also the ability to handle skewness
of individual modes. The restriction is the non-parametric representation,
which requires numerical integration methods to be able to evaluate the risk
integral, and the overall sensitivity caused by inappropriate bandwidth.

The probabilistic approach doesn’t necessary need to imply that the insu-
lation is reduced for all nodes. Instead it should be seen as an analysis
tool where each node can be studied and associated with a risk. This could
for example mean that the insulation can be reduced without a significant
increased risk in some nodes. For example, very long tails in the stress
distribution can contribute to large insulation margins if the deterministic
approach is used. With a probabilistic methodology this could be avoided
by studying the risk integral. Ideally, one can show how the insulation can
be reduced but with maintained low risk of flashover. Reversely, on stress
distributions with steep tails the insulation need to be increased to meet the
set requirements.

An attempt to reveal patterns between the modes in the stress data has
also been performed. The results indicates that the distance between the
two dominating modes is not totally random. To be able to perform an
exhaustive study more data is required and some deeper analysis in terms
of approximations and assumptions are necessary.
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9.1 Recommendation for further work

In order to ensure a safe, economic and reliable operation of an HVDC-
system the insulation coordination need to be properly addressed. Moving
towards a probabilistic approach of VSC-HVDC is one of the natural steps
to evolve the technology. This work should be seen as a base and starting
point for further studies to develop the probabilistic insulation concepts for
VSC-HVDC.

In the thesis several important key parts has been pointed out and studied.
As previously mentioned, the concepts for probabilistic insulation coordi-
nation are far from fully outlined. To ensure a safe transition with the
definition of insulation coordination maintained a number of proposed im-
provements and extensions are given in following sections.

9.1.1 Combining the risk of flashover with the probability of a
certain fault to occur

The probability of flashover assumes occurrence of the specific fault. To get
a complete probabilistic description the occurrence of each fault should be
associated with a probability. These probabilities can at the moment only
be collected from statistical information on operating HVDC links around
the world. Due to the ongoing development of VSC-HVDC there are a
limited amount of operating HVDC-links. The available operating HVDC-
links often differs in system details like topology, transmission lines and
power ratings.

9.1.2 Detailed comparison of the proposed distribution fitting
methods

One of the key parts in the probabilistic approach to insulation coordination
is a correct description of the stress data. A couple of methods have been
proposed and implemented. Although, the field of distribution fitting is
rather complex with several aspects that need to be taking into account. As
previously mentioned, using KDE has shown some interesting potential due
to flexibility. The critical part of the KDE is the bandwidth selection and in
the thesis the PI-method has been used. There are other bandwidth selec-
tion methods and approaches, e.g. the family of cross-validation methods.
Fortunately, the area of selecting the bandwidth is well documented and
several implementations are available. A more detailed study between the
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bandwidth selection methods adopted to overvoltage data will be of great
value.

In the thesis work a Gaussian kernel has been used in the KDE. The draw-
back of using a Gaussian kernel is the infinite support. Implementation of a
kernel with finite support e.g. the Epanechnikov kernel can also be included
in the proposed study, for the sake of completeness.

9.1.3 Simulation model

In the thesis each fault is inserted 200 times at different fault insertion times
resulting in 200 potential overvoltages. This is a rather sparse number, and
a higher precision will of course increase the accuracy of the distribution
fitting. Especially when dealing with long tails and extremes where the
observations are sparse. The computational errors resulting in disqualified
node data can hopefully be removed by tuning the model or post smoothing
of the data. Rerun the simulation with higher precision and without com-
putational errors will hopefully give a more detailed and correct description
of the overvoltages.

Due to the complexity of HVDC-systems several parameters can be varied
during the simulation to see if they change the behaviour of the overvoltages,
e.g. energization closing angle, time of pre-insertion of resistors, trapped
charges and different operation modes. Including other topologies and even
LCC-HVDC will also be interesting since the overall system behaviour will
be completely different.
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