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Reliability Analysis of Power Systems Integrated
With High-Penetration of Power Converters
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Abstract—With the growing penetration of power electronic con-
verters in power systems, the issue of reliability becomes more crit-
ical than ever before. This paper proposes a hierarchical reliability
framework to evaluate the electric power system reliability from the
power electronic converter level to the overall system level. On the
converter level, the reliability model of a power electronic converter
is developed based on the power electronic devices it is composed
of, for which various hourly based input profiles and converter
topologies are considered. On the system level, reliability metrics
such as expected energy not served (EENS) and loss of load expecta-
tion (LOLE) are estimated through a non-sequential Monte Carlo
simulation. Machine learning regression models, such as support
vector regression (SVR), and random forests (RF) are implemented
to bridge the nonlinear reliability relationship between two levels.
The proposed framework is demonstrated through the modified
IEEE Reliability Test System (RTS) 24-bus network. Numerical
results show power converter reliability should be considered as
an important factor when evaluating overall system reliability
performance.

Index Terms—Power converters, power system reliability,
machine learning, power electronics.

NOMENCLATURE

A. Parameters

Pr Rated power of wind turbine generator
(MW)

Ppv Generated power of PV panels (MW)
Pmax Maximum power of PV panels (MW)
PWT _loss_IGBT IGBT power loss in WT system (MW)
PWT _loss_diode Diode power loss in WT system (MW)
PWT _loss_conv Converter power loss in WT system (MW)
Ppv_boost_IGBT IGBT power loss in PV boost converter

(MW)
Ppv_boost_diode Diode power loss in PV boost converter

(MW)
Ppv_boost_inductor Inductor power loss in PV boost converter

(MW)
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VP Primary side voltage of wind turbine (V)
VDC DC link voltage in wind turbine (V)
VCEO Threshold voltage drop on the IGBT (V)
VFO Threshold voltage drop on the diode (V)
f Grid frequency (Hz)
fsw Switching frequency (Hz)
rCE IGBT equivalent resistance (Ω)
rF Diode equivalent resistance (Ω)
res Main inductor equivalent resistance (Ω)
M Modulation ratio
S0 Maximum radiation of PV panels (W/m2)
ϕ Angle between voltage and current
Eon IGBT on-state energy losses (mJ)
Eoff IGBT off-state energy losses (mJ)
Erec Diode rated switching energy loss (mJ)
Tj Component junction temperature (***)
Rsa Thermal resistance from heat sink to ambi-

ent (K/kW)
Rjh Thermal resistance from junction to heat

sink (K/kW)
πT Thermal stress factor
λ Component failure rate (FIT)
γ0 Temperature coefficient
T0 Time span T0= 8760 hours

B. Variables

vt Actual wind speed at time t (m/s)
Tt Ambient temperature at time t (F)
St Solar radiance at time t (W/m2)

C. Acronyms

RES Renewable energy source
PV Photovoltaic
WT Wind turbine
CHP Combined heat and power units
FTA Fault tree analysis
MCM Markov chain modeling
PMSG Permanent magnet synchronous generator

I. INTRODUCTION

IN RECENT years, modern power system structures deployed
with local available renewable energy resources (RESs),

including solar photovoltaic (PV) generators, wind turbines
(WTs), and combined heat and power units (CHPs), have been
more favorable, compared to traditional centralized controlled
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Fig. 1. A prediction of the future power system structure.

power systems. Utilizing the power generated from RESs can
reduce the carbon emissions in the environment and significantly
increase system operation flexibility [1]. As illustrated in Fig. 1,
it is foreseeable that conventional generators will be replaced by
different RESs in the future and RESs with smaller capacity, such
as rooftop PVs will be widely implemented. As a result, however,
the entire system reliability will become more complicated.
Specifically, more power conversions will be inevitably required
between different energy levels. Whether the generated power
from RESs can be efficiently, desirably and reliably converted
to the load side is greatly dependent on the performance of the
connected power electronic interfaces. The penetration of power
electronic converters has brought a huge challenge to the existing
power system structure from a reliability point of view.

The main purpose of conducting reliability evaluation in
power systems is to provide quantitative analysis with various
indices for improving system operation and future planning [2].
Different methods have been applied for power system reliability
evaluation. Analytical methods, such as fault tree analysis (FTA)
[3] have been utilized for optimal transmission system planning.
The authors in [4] proposed a system evaluation method based
on the minimum path and calculated the reliability indicator
on various load points. Simulation methods, such as the Monte
Carlo method, have been used [5] to sample the component states
in a power system. In [6], an artificial neural network (ANN) was
implemented to predict the future reliability of a distribution
system through historical data.

Many of the aforementioned methods have been refined to
accommodate the RES contingencies and diverse load demands
in power systems. However, failures caused by power converters
connected to RESs have been mostly considered as constant
or even ignored in most published research works. Authors in
[7] investigated the age-related failure of power transformers
and assumed 100% reliable for other units. In [8], the authors
proposed time-varying reliability models for generating units
under high penetration of wind power but didn’t consider the
potential failure of those connected converters. A reliability as-
sessment was conducted in [9] for components in large scale PV
systems, and the inverter failure rate was a constant throughout

a year. In addition, the reliability evaluation of power systems
is also dependent on various defined indicators. In addition,
the reliability evaluation of power systems is also dependent
on various defined indicators. Classic system reliability indices,
such as expected energy not supplied (EENS) and loss of load
expectation (LOLE), have been widely used for system reliabil-
ity evaluation [10]. In [11], a series of novel metrics is proposed
to understand system reliability performance from various per-
spectives, including resiliency and power planning. Meanwhile,
reliability metrics related to power electronic interfaces, such
as semiconductor failure rates and converters’ overall power
availability have not generated much attention.

That said, researchers in the power electronics field, have
concentrated on evaluating the reliability model from both the
semiconductor device level and the overall converter level for
years. The paper [12] provided a comprehensive review on the
reliability issues of semiconductor devices in power converters.
Authors in [13], [14] investigated the reliability of a DC-DC con-
verter where time-to-failure models of semiconductors such as
MOSFET and IGBT are included. In [15], the authors presented
a reliability comparison among three types of converters used
in the grid-connected wind turbines. Meanwhile, many papers
have investigated power converter reliability performance when
a system is connected to uncertain RES supplies [16]–[20].
In [16], [17], reliability and cost analyses of a DC-DC boost
converter connected to PV panels were conducted. Authors in
[18] proposed a back-to-back power converter for wind turbines
to improve the system reliability. Considering the thermal load-
ing and lifetime estimation, a reliability evaluation for critical
devices under a typical WT converter topology was performed
in [19]. In [20], converters connected to a hybrid PV-wind sys-
tem were evaluated from efficiency and reliability perspectives.
To mathematically estimate power converter reliability, several
quantitative methodologies were presented in [21], [22]. In [22],
novel or optimized converter designs were proposed to enhance
not only the device but also the RES reliability performance.
In summary, many papers mainly focus on whether the power
converter can reliably convert the input power to the grid when
faced with the fluctuation on the generation side; however,
efficient power conversion from RESs can only guarantee that
all the available energy from the environment is injected into the
power system. Whether the generated power can be successfully
delivered, and is sufficient enough to satisfy the load demand,
are still questionable.

Based on the above-mentioned surveys, it can be concluded
that many research works have investigated reliability from a
specific aspect either the power system or the power electron-
ics field. In terms of reliability assessment, power electronic
interfaces, namely power converters, play an increasingly im-
portant role in recent years with their foreseeable penetration in
modern power systems. Thus, the reliability modeling of power
converters is essential when evaluating the system reliability.
Meanwhile, the failure-related reliability of power converters is
greatly dependent on the semiconductor devices. The proposed
framework, therefore, builds a library of failure rates for different
semiconductor devices, and calculates all converters’ reliability
considering different converter topologies.
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Fig. 2. The proposed hierarchical power system reliability assessment framework.

The overall system reliability is greatly dependent on all
converters’ performance. However, there is a lack of research
regarding how the converter level reliability will affect the sys-
tem reliability, i.e., the reliability relationship between converter
and system level. Further, due to the increasing complexity of
modern power systems, this reliability impact from converter
to system level remains unknown and cannot be analytically
solved.

Thus, another purpose of this paper is to bridge this gap
between two levels by implementing machine learning (ML)
regression analysis. It is well known that regression analysis
can establish a relationship among input features and output
labels [23], so we consider applying this methodology for two
reasons. First, the reliability indicators of the device and system
level are all continuous instead of categorized variables. Second,
it is certain that the relationship between two levels is nonlinear.
Regression modeling has much better capability to build a
nonlinear relationship among input/output data compared with
using a look-up table [24]. Besides, the complexity of input
features increases when more power converters are considered
in a power system. The regression method can handle adding
any parameter as an input feature of the model, such that the
modeling scalability and flexibility are greatly improved.

In this paper, we propose a machine learning-based model for
the system reliability assessment. As shown in Fig. 2, in the de-
vice level, the failure rate model of component is employed under
given climate conditions. Several semiconductor devices such as
IGBT and diode are included. Then, in the converter level, based
on those components’ failure rates and converter topologies, we
consider modeling the reliability of different power electronic
converters connected to all RESs. After modeling all converters
reliability, the system reliability is generated and evaluated by
applying system reliability indicators. ML regression techniques
are integrated to explore the reliability relationship between

converter and system level. This comprehensive procedure is
explained in the following sections. The main contributions of
this paper can be summarized as follows.

1) The proposed hierarchical reliability framework consists
of three levels. We build a comprehensive library of failure
models of a wide range of semiconductor devices, consid-
ering their thermal/physical dynamics and environmental
conditions. Based on the power converter topology, we
apply a combination of device failure rates to build a
composite reliability model of each power converter.

2) Due to the proliferation of power converters in a modern
power system, their individual reliability indices greatly
affect the overall power system performance. There-
fore, the ability to generalize the reliability evaluation of
converter-dominated power systems is highly valuable and
could accelerate the deployment of new power electronics
technologies. This paper presents for the first time an
integrated three-layer framework to obtain a fundamen-
tal understanding of the inter-relationships among device
failure rates, power converter reliability, and power system
reliability.

3) A modern power system usually involves a large number
of components and sub-systems. A fundamental under-
standing of the reliability impacts from converter failure
to the overall system performance is still an unsolved
puzzle. Conventional approaches are reliant on human-
expert prior knowledge that may not be quantitative. To
collectively solve these challenges, this paper leverages
modern machine learning (ML) techniques to provide a
baseline tool that can capture the dependence structure for
a large group of components and evaluate the reliability
indices of converter-dominated power system at scale. The
knowledge obtained from ML can provide theoretically
sound yet easy-to-implement guidelines for power system
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operators to mitigate eventual failures. It is worth noting
that it is not our focus to deliver a commercial-grade ML
tool. The goal is, rather, to provide a baseline platform
to the research society so that interested users can further
study the reliability performance of converter-dominated
power systems by incorporating more advanced ML
algorithms.

The rest of the paper is organized as follows. First the basic
reliability concepts in power systems and power electronics are
presented in Section II. Section III presents the formulation of
power converter reliability. The Monte Carlo simulation and
a system overview are provided in Section IV. Information
about ML and multiple regression models is presented in Sec-
tion V. Reliability performance of the system under the modified
IEEE-RTS 24 bus network is analyzed in Section VI. Finally,
Section VII summarizes the conclusions and future works.

II. RELIABILITY CONCEPTS

Reliability is a specific measurement and an inherent char-
acteristic of a device or system which describes its ability to
perform its intended function within a period of time [1]. Ac-
cording to this definition, a device/system is considered reliable
if its regular performance can be retained during a specified time
interval. On the contrary, if failures happen during the interval
and the performance cannot meet the pre-defined requirement,
the device/system is considered unreliable, and maintenance is
required to improve its reliability. To quantitatively measure the
reliability of a device or system, different reliability indicators
have been developed. Furthermore, if a system is composed of
several sub-systems, its reliability evaluation becomes compli-
cated because each sub-system should be evaluated first with
corresponding reliability indicators.

An electric power system is a typical complex system that
consists of various components and sub-systems. The system
function that is, meeting the power demand on all load points
should be guaranteed at all times. As a result, classic indices
such as EENS and LOLE were developed to evaluate system
reliability from energy and load loss perspectives. A system with
a high value of EENS/LOLE is considered an unreliable system.
For an ideal power system, the power generation is sufficient and
the load demand is satisfied all the time, such that both EENS and
LOLE can reach zero; however, contingencies and failures can
happen at any component during any time under a modern power
system, resulting in an increase on those indices. Components,
including generators, transmission lines, and load points, can fail
due to random outages or aging issues. Moreover, with the devel-
opment of renewable energy technology, RESs such as WTs and
PV systems are replacing traditional diesel generators in today’s
power systems. Their power generations are largely dependent
on time-variant ambient conditions, though, which introduces
more uncertainty into power systems and may ultimately affect
system reliability. Thus, evaluating the components reliability is
essential when assessing the reliability performance of a power
system.

As one of components in a power system, the power electronic
converter has not garnered much attention when evaluating

system reliability performance. However, accompanied by
increasing RES implementation in modern power systems,
the power electronic converter is necessarily equipped as an
interface to deal with power conversion. The generated power
from a WT or PV source can be successfully injected into the
grid only if the power converter operates correctly at all times.
Thus, the reliability of power converters is of great importance
as it may affect the entire system’s reliability. In addition,
a power converter is composed of various semi-conductor
devices. For each of these devices, the device failure rate is
usually used as one of the reliability indices to evaluate its
reliability. Furthermore, the time-varying operating condition
and thermal stress on a device will greatly affect its failure rate.
In conclusion, the reliability of a power converter should be
modeled based on its critical devices and should be taken into
consideration when evaluating power system reliability.

Therefore, with the increased penetration of RESs and power
converters in modern power systems, reliability can be mod-
eled hierarchically with two levels. First, the WT/PV converter
reliability modeling is built based on various devices consid-
ering thermal effects and operating conditions. The converter
topologies are also considered to determine the total number of
devices. Then, together with other components’ reliability, the
converter reliability is incorporated into the system level analysis
and the system reliability indices, including EENS and LOLE
are estimated. The detailed reliability modeling for the converter
level is described in the next section.

III. CONVERTER RELIABILITY FORMULATION

First, the reliability of each power converter connected to a
RES (WT or PV system) should be practically quantified. As in
equation (1), the reliability value R(t) is traditionally calculated
from the failure rate λ, where λ is independent of time and treated
as a constant value [10].

R (t) = e−λt (1)

However, surveys show that the values of failure rates are
greatly affected by various factors, including ambient variations
and device thermal loading [11]. To consider those factors
which have potential reliability impact on a power converter,
the general FIDES model is used in this paper, and expressed in
the following equation (2) [25], where ΠPM is the contribution
from quality and technical control over manufacturing of the
component. ΠProcess consists of all processes, from specifica-
tion to field operation and maintenance. These two parameters
are assumed to be one in the proposed modeling process.

λ = ΠPM ΠProcessλPhy (2)

λPhy is of paramount importance in this equation which takes
all component states into account, and is calculated by:

λPhy =
States∑

i

[
tannual

T

]
i

Πiλi (3)

where tannual is the duration of the ith state throughout the time
span T. Πi is the induced overstress electrical factor which is
defined by the user and are specific to each component [22]. λi
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Fig. 3. Typical wind power system.

Fig. 4. PV system with dc-dc boost converter and dc-ac inverter.

is calculated depended on the specific component and is used to
estimate its final component failure rate. The detailed process is
presented below.

A. Reliability Model of WT Converters

A typical wind power system is considered, consisting of a
permanent magnet synchronous generator (PMSG), a generator-
side inverter, a dc link, and a grid-side inverter, as shown in
Fig. 3. The WT output power varies with the wind speed and
angle. This results in the variation of device power losses, and
ultimately affects the device failure rate. Thus, hourly based
wind speed data is collected to determine the output powerPwt,t

at hour t which is estimated in equation (4), where vt is the wind
speed, Prated represents the rated capacity, vci, vr, and vco are
the cut-in, rated, and cut-out wind speeds of the WT system,
respectively. Thus, hourly based wind speed data is collected to
determine the output power Pwt,t at hour t [26].

Pwt,t =

⎧⎪⎪⎨
⎪⎪⎩

0,(
A+Bvt + Cv2t

)
Prated,

Prated,
0,

0 ≤ vt ≤ vci
vci ≤ vt ≤ vr
vr ≤ vt ≤ vco

vt ≥ vco

(4)

As shown in equation (4), a second-order function is applied
to estimate this non-linear function where vt is the wind speed,
Prated represents the rated capacity, vci, vr, and vco are the cut-
in, rated, and cut-out wind speeds of the WT system, respectively
[27].

Then, the power losses of power electronic devices in the
WT can be estimated. Critical semiconductors considered here
are diodes and IGBTs. The total device power losses consist of
conduction loss and switching loss. Both losses are determined
by various parameters. For example, the diode/IGBT conduction
loss is related to its resistance and voltage drop, while switching

loss is related to the switching frequency [19].

PWTIGBTcon
= Iwt VCEO

(
1

2π
+

Mcosϕ

8

)

+ Iwt
2rCE

(
1

8
+

M

3π
cosϕ

)
(5)

PWTdiodecon
= Iwt VF0

(
1

2π
− Mcosϕ

8

)

+ Iwt
2rF

(
1

8
− M

3π
cosϕ

)
(6)

Equations (5) and (6) express the calculation of the conduction
loss of a diode and an IGBT, respectively, where Iwt repre-
sents the peak phase current and can be calculated from Pwt;
VCEO, VF0 are the threshold voltage drops on the IGBT and
diode respectively; rCE , rF denotes the resistances of the IGBT
and diode; M represents the modulation ratio; and ϕ is the angle
between the voltage and current.

PWT _IGBT _sw =
1

π
fsw (Eon + Eoff )

IwtVDC

Vref_IGBT Iref_IGBT

(7)

PWT _diode_sw =
1

π
fswErec

IwtVDC

Vref_diodeIref_diode
(8)

The switching loss can be calculated as in (7) and (8), where
Eon and Eoff are the IGBT energy losses of the ON and OFF
state; Vref_IGBT and Iref_IGBT are the reference commutation
voltage and current of the IGBT; Vref_diode and Iref_diode are
the reference commutation voltage and current of the diode; and
Erec is the rated switching energy loss of the diode.

The total power loss of a diode/IGBT can be derived by
adding its conduction loss and switching loss, shown in (9)
and (10), where the subscript cd stands for the conduction loss,
and sw indicates the switching loss. The detailed equations for
calculating PIGBT _cd, PIGBT _sw, Pdiode_cd and Pdiode_sw are
provided below.

Ploss_IGBT = PIGBT _cd + PIGBT _sw (9)

Ploss_diode = Pdiode_cd + Pdiode_sw (10)

There are two converters in this WT system, namely the
generator-side inverter and the grid-side inverter. Based on the
converter topology shown in Fig. 3, the number of diode/IGBT
can be determined. All components are connected in series from
a reliability point of view. Thus, the total power loss on these
two converters PWT _conv_loss can be estimated by the power
loss of all diodes and IGBTs:

PWT _conv_loss =

nD∑
n=1

Ploss_IGBT +

nG∑
n = 1

Ploss_diode (11)

where nD and nG represent the total number of diode and IGBT,
respectively.

Since the thermal behavior is one of the important factors
that has an influence on the device failure rate, the calculated
PWT _conv_loss and hourly based ambient temperature data are
applied to estimate the junction temperature and the thermal
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stress factor of a diode and of an IGBT. The thermal resistance
and the temperature cycling factor for each diode and IGBT are
also considered.

TjIGBT
= TC +RsaIGBT

PWTlossconv

+Rjh_IGBTPWT _loss_IGBT (12)

Tjdiode = TC +Rsadiode
PWTlossconv

+Rjh_diodePWT _loss_diode (13)

Equation (12) and (13) calculate the junction temperature of
a diode and an IGBT, where TC is the ambient temperature,
and Rsa and Rjh are the thermal resistances from heat sink to
ambient/from junction to heat sink, respectively.

The thermal stress factor πT for a diode or an IGBT can be
derived in (14) and (15).

πT _IGBT = exp

[
1925

(
1

298
− 1

Tj_IGBT + 273

)]
(14)

πT _diode = exp

[
3091

(
1

298
− 1

Tj_diode + 273

)]
(15)

The temperature cycling factor πTC for a diode or an IGBT
can be expressed by (16).

πTCi = γ

(
12Ns

t (i)

)
f (ΔTb)

× exp

[
1414

(
1

313
− 1

Tb_max + 273

)]
(16)

where γ and f(ΔTb) have a specific value/expression for a diode
or an IGBT, and their values can be found in [22].

Then, the failure rate model for a semiconductor can be
derived, by utilizing all the calculated results from above and
the method in [22], where the above-mentioned factors that
potentially affect the reliability performance for the compo-
nent failure rate estimation are considered. Other factors such
as radiation, heat and electrical stresses, wear-out effect, and
production quality are also included. The failure rate models of
a diode or an IGBT are expressed in (17):

λj,t =

Ns∑
i

(
λ0ThπT j,t + λ0TCπTCj,t

)
πInπPmπPr (17)

where λj,t represents the failure rate of component j at time t,Ns

is the number of component states; λ0Th and λ0TC are two base
failure rate elements of a component, respectively; πT j,t and
πTCj,t are the thermal stress factor and the temperature cycling
factor of component j at time t, respectively; πln is the overstress
factor used to represent the overstress contribution, determined
by the coefficient sensitivity to overstress and the component ap-
plication field; πPm represents the factor of component quality;
and πPr is the factor of reliability control reflecting the aging
status in the component’s life cycle.

RWTconv
(t) = e

−
(

Nj∑
j=1

λj,t

)
t

(18)

Finally, the failure rate of the WT converter can be derived
and the converter reliability can be expressed as in (18), where
Nj represents the total number of devices.

B. Reliability Model of PV Converters

As shown in Fig. 4, a typical PV system, as considered in this
paper consists of a PV array, a dc-dc boost converter, and a dc-ac
inverter.

Similar to a WT system, the output power of the PV system
has a close relationship with the device failure rate. Thus,
hourly based input data, such as solar radiance and ambient
temperature are collected. Assuming a maximum power point
tracking (MPPT) mechanism, the power produced by PV panels
is calculated in equation (19), wherePpv,t is the power generated
by the PV panels at time t;St is the input solar radiation intensity;
S0 represents the maximum radiation; Pmax is the maximum
power under standard test conditions; γ is the temperature co-
efficient; Tt is the input ambient temperature, and T0 represents
the standard temperature.

Ppv,t =
St

S0
Pmax [1 + γ0 (Tt − T0)] (19)

Converters considered in this PV system include a boost,
and a dc-ac inverter. Three components, namely a diode, an
IGBT and an inductor, are considered in the PV boost converter.
The components power losses in the dc-dc boost converter,
including conduction loss and switching loss, are calculated
similarly compared to WT converter modeling and are presented
in (20)-(22), where RDS(on) is the resistance between the drain
and source when the switch is on; fs is the switching frequency;
rF is the equivalent resistance of the diode; VF is the forward
voltage drop; and res is the equivalent resistance for the main
inductor.

PpvboostIGBT
= RDS(on) I

2
in +

1

2
VoutIin (Eon + Eoff ) fs

(20)

Ppv_boost_diode = I2out rF + IpvVF0 (21)

Ppv_boost_inductor = I2in res (22)

The operating temperature of the main inductor is determined
by equations (23)–(24), where THS is the hot spot temperature
of the inductor, which is a function of its power dissipation and
radiating surface area A. TC represents the case temperature.

THS = TC + 1.1ΔT (23)

ΔT = 125Ppv_boost_inductor/A (24)

The reliability of PV converter is then presented in (25),
where Nm represents the total number of devices used in the
PV converter, and λm,t is the failure rate of component m at
time t.

RPVconv
(t) = e

−
(

Nm∑
j=1

λm,t

)
t

(25)

IV. SYSTEM LEVEL NON-SEQUENTIAL SAMPLING

AND OVERVIEW

In the proposed power system network, the system-level
reliability modeling is realized through a non-sequential Monte
Carlo sampling method, which requires less computational time
and memory compared with a sequential sampling method [28],
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Fig. 5. The flowchart of the proposed power system reliability assessment.

[29]. For each hour, the entire system state is determined through
sampling the probability of all components’ states. It is assumed
that the WT/PV generators have multi states depending on their
power output level, and other component has two states: up and
down, and that the components are independent from each other.
It is worth noting that the components are assumed to be inde-
pendent because our main focus is to investigate the reliability
effect from a power converter perspective. Partially dependent
scenarios, such as a cascading failure, are not considered in this
paper.

Since the failure rate is calculated through hourly based data,
each component i has a failure rate λi,t at hour t. The repair
rate μi is relatively stable and considered as a constant. Each
component’s up and down state probability can be calculated
using (26) and (27).

PU (i, t) =
μi

λi,t + μi
(26)

PD (i, t) =
λi,t

λi,t + μi
(27)

Thus, when conducting a non-sequential sampling each hour,
each component state can be sampled independently, and the
entire system state is determined by the combination of all com-
ponents’ states. Then, DC load flow based linear programming is
adopted each hour to calculate the power flows, with the advan-
tages of easy implementation and relatively low computational
cost. Repeat the sampling procedure for a number of simulations
until the stopping rule is satisfied. Finally, the estimated system
reliability indicators, such as EENS and LOLE are calculated
for system analysis.

In Fig. 5, an overview of the proposed framework is presented.
First, we collect the hourly-based input data including wind
speed, wind angle, solar radiance, and ambient temperature, to

estimate the generation power of the WT/PV system throughout
one year. Since the power converter consists of various devices,
each component’s power loss and thermal stress are calculated
to derive the time-variant failure rate for each component. Af-
terwards, the number of each component used in a WT/PV con-
verter is determined based on the converter topology such that all
components failure rates are accumulated and the converter reli-
ability can be predicted. Then, we also consider other reliability
data to estimate all component states in the power system. As
shown in Fig. 5, other system components include, but are not
limited to, diesel generators, transformers, transmission lines,
and load demand. The failure rates of other system components
are assumed to be constant. Thus, after estimating the hourly
failure rates of all power converters, all components availabil-
ity/unavailability can be calculated through the equation (26)
and (27). After determining all component states, we conduct
the DC power flow to check the balance of power supply and
demand. DC power flow method is a widely used tool for power
system analysis which substantially save the computational cost.
If part of the load demand is not satisfied, the energy loss will
be converted and added onto the system reliability indicators
(EENS, LOLE). The reliability mapping between the device
and system level is realized through ML regression techniques,
which are introduced in the next section.

V. RELIABILITY MAPPING THROUGH REGRESSION

TECHNIQUES

The development of data science has introduced more ap-
plications of artificial intelligence (AI), and ML techniques in
diverse fields in recent years [30]. In this paper, ML regression
techniques are implemented for converter level and system level
reliability due to the following reasons. First, to examine the
potential effect on system reliability from a power converter
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perspective, the relationship between power converters and the
overall system reliability data are worth investigating; however,
due to the high system complexity, this kind of relationship is
usually nonlinear such that it is difficult to derive an analytical
expression. The ML method is capable of dealing with the non-
linear data relationship, though, because one of the impressive
ML capabilities is to approximate the input/output data relation-
ship with arbitrary precision [31]. Second, the relationship may
vary as more converters are considered in the power system
reliability analysis. ML provides the flexibility for additional
parameters to be embedded as another input feature such that
the nonlinear relationship can be generalized [32]. Third, system
reliability indicators such as EENS and LOLE are considered as
the system output labels and they are all continuous. In this
work, regression models are preferable compared to classifica-
tion techniques where the output variable is usually discrete.
In this section, basic fundamentals of ML regression and the
proposed reliability mapping model are presented.

A. Theory

From a statistic perspective, the relationship mapping between
device and system level reliability data can be modeled as a
regression problem. The system reliability indicators are usually
treated as system outputs and the reliability of each power con-
verter is considered as one of the input features. The regression
logic is described as follows.

Assume that there are n pairs of training data in a set
{(xk, yk), k = 1, 2, . . . , n}, where xk is the input feature
vector. xk usually contains an array of data where all data are
surrounding a target sample point [28]. The value of this target
sample point is calculated from xk during the testing procedure,
and is compared with yk (yk is continuous), the true value
of this sample point. Thus, accuracy is achieved through this
comparison. The mapping between input features and output
labels is used to investigate an appropriate function from x to y
such that when xk is known, the value of yk can be predicted.
In the proposed RTS network, all converters reliability data
are considered as the input features which are injected into a
regression model, and the system reliability indicators are the
output labels. The selected ML regression methods are support
vector regression (SVR) and random forests (RF). It is worth
noting that there are other ML algorithms and they may have
comparative performance. The purpose of this paper is not to
find the optimal regression model, but to provide a potential
reliability mapping from the device level to the system level
through ML techniques.

B. Support Vector Regression

SVR has mainly been developed for handling nonlinear re-
gression problems. This algorithm is adapted from the ML clas-
sification paradigm, namely the support vector machine (SVM)
which is operated by maximizing the margin of the decision
boundary [33]. In SVR, the first step is to map the input features
x = {x1, x2, . . . , xn} (with n power converters considered,
for example) into an n-dimensional kernel-induced feature space

Algorithm 1: Reliability Mapping Through ML Regression
Techniques.

Input: Calculated power converter reliability data x, system
reliability indices y.

Output: Predicted system reliability indices
Training:
1 A data set is created where vector x denotes all power

converter reliability at hour t and y stands for the
system reliability index (i.e., EENS, LOLE).

2 Create two ML regression models:
3 f̂SV R = SVR ()
4 f̂RF = RandomForestRegression ()
5 Input all the x and y pairs to each model for training

The ratio of training to testing data is 8:2.
Testing:
6 The trained models are applied to the remaining x data

and derive the prediction of ŷ.
7 Use typical indices, such as RMSE and R-squared, to

evaluate the mapping models

through a fixed mapping method where they are linearly cor-
related with the output labels. Thus, the SVR model can be
described by the following notation:

f (x) =
n∑

k=1

ŷkgk (x) + b (28)

where ŷk is the predicted system reliability value, gk(x) denotes
the nonlinear transformation, and b stands for the predicted bias
value. A cost function is required for the SVR formulation. A
robust ε-insensitive loss function is adopted. Detailed mathe-
matical information can be found in [33].

C. Random Forests

RF is an ensemble learning method developed for im-
proving classification and regression trees through combin-
ing a large set of decision trees [34]. Each individual tree
is built based on a random subset of the input variables and
the predicted output value depends on the average prediction
of all aggregated trees. Specifically, an input vector x =
{x1, x2, . . . , xn} is given to build the forest. A set of m trees
{T1(x), T2(x), . . . , Tm(x)} is created and all trees predict the
output { ŷ1 = T1 (x), . . . , ŷm = Tm (x)}. To derive the final
result, all trees’ predictions are aggregated, and the average value
is calculated as in (29). The growing procedure of each tree can
be found in [35].

f̂ (x) =
1

m

m∑
k = 1

ŷk (x) (29)

The main steps of the proposed regression mapping are
provided in Algorithm 1. The root-mean-square error (RMSE)
and R-squared are used to evaluate the performance of both
regression models. RMSE is a standard measure of error when
a model predicts quantitative data [32]. The lower RMSE value
is, the better prediction is indicated in this regression model. On
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Fig. 6. The illustration of RES/power converter penetration in the RTS network. Generators are all conventional in scenario I. Several RESs and connected power
converters are implemented in scenario II. More RESs, including rooftop PVs, and power converters are considered in scenario III.

the other hand, R-squared is a statistical measure that indicates
how much a variation of a dependent variable is explained and it
ranges from 0 to 1. In general, if the R-squared value reaches 1,
it represents that the implemented regression model is well fitted
to the input/output data set. On the contrary, when the R-squared
reaches 0, it indicates that the regression model does not fit the
data at all.

VI. NUMERICAL ANALYSIS

The proposed framework was validated on a system with the
following configuration: Intel(R) Core(TM) 16 GB 2.30 GHz.
The non-sequential MC simulation was performed in Matlab
2019b, and ML regression models were implemented through
Python scikit-learn. The collected hourly based data, such as
wind speed, solar radiance, and ambient temperature, are pro-
vided in [36].

A. System Description

In this paper, a modified IEEE RTS-24 bus network as shown
in Fig. 6, is used as the test system. To investigate the penetration
of RESs and power electronic converters, three scenarios are
considered to reflect converter penetration in a power system:

1) Scenario I: In this scenario, the original RTS is applied as
shown on the left side of Fig. 6, where all generators are
conventional (e.g., diesel, thermal). Thus, traditional gen-
erators dominate the power system generation in this case,
and the system reliability is evaluated without considering
the RESs and power converters. Other components such
as transmission lines and load points are equipped with
constant failure rates. The detailed reliability data and load
model are provided in [36].

2) Scenario II: This scenario mimics the proliferation of
RESs in an RTS network that renewable technology has
been developing rapidly in recent years. Specifically, two
WT and seven PV systems are implemented to replace
conventional generators on different buses, as shown in
the middle of Fig. 6. The WT and PV converter reliability
models were presented in Section III with a small rated
capacity, such as 2 MW and 0.5 MW, respectively. Thus,
the reliability model of each power converter implemented
in this scenario can be obtained by combining the relia-
bility of each individual WT/PV converter. For instance,
the reliability of a 25.9 MW PV on bus 1 can be obtained
by combining 52 small converter reliability models where
each has a capacity of 0.5 MW.

3) Scenario III: This scenario assumes that renewable
technologies are sufficiently developed for indus-
trial/residential use in the future, as presented on the right
side of Fig. 6. Two more WT systems are considered on
buses 17 and 23, respectively. Furthermore, six rooftop PV
systems with smaller capacities (around 9 to 12 MW) are
implemented, which results in the total number of power
converters considered in this scenario reaching 17. Similar
to the previous scenario, a converter reliability with a large
capacity can be derived from several converter reliability
models where each has a small capacity.

B. Importance of Considering Converter Reliability

To highlight the importance of considering power converters
when evaluating system reliability, traditional system indicators
are calculated for all three scenarios, including EENS, and
LOLE. Fig. 7 illustrates the accumulated EENS and LOLE for
all three scenarios, respectively. The annual values of EENS
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Fig. 7. Accumulated EENS of all three scenarios.

TABLE I
RELIABILITY INDICATORS UNDER ALL SCENARIOS

TABLE II
TOTAL NUMBER OF DEVICES USED IN DIFFERENT CONVERTER TOPOLOGIES

and LOLE are also summarized in Table I. In Fig. 7, the EENS
and LOLE increase quickly in the last two scenarios while they
are maintained at relatively low values in scenario I. This is
because of the uncertainty of WT and PV systems, and the power
converter failures being introduced in the last two scenarios.
Additionally, the EENS in scenario I finally reaches 695.74
MWh/year and LOLE reaches 1.94 days, which are 17.1% and
17.9%, respectively, compared with scenario II, and 3.9% and
8.6% compared with scenario III. This shows that the power
converter has a non-negligible effect on system reliability. As
the number of power converters considered in the power system
increases, both EENS and LOLE reach a relatively high value
which indicates the system becoming unreliable.

C. The Reliability Effect of Converter Topologies

The converter topology not only determines how many power
electronic devices are used but also reveals how they are con-
nected with each other. Consequently, converter reliability per-
formance can be greatly affected by the choice of converter
topology. Thus, only scenario II and III are considered. Three
typical converter topologies for high-power WTs and PVs are
selected: a three-level cascaded H-bridge (CHB), a neutral
point clamped (NPC), and a flying capacitor converter (FCC)
[37], [38]. The total number of various devices used in these
topologies are summarized in Table II. NPC is also known as
diode-clamped and more diodes are applied in this topology
compared with in the other two topologies. The three-level FCC
needs a minimum of four independent capacitors, i.e., a total of

TABLE III
ML REGRESSION RESULTS OF SVR AND RF

Fig. 8. Scenario II EENS under three converter topologies.

two auxiliary capacitors per phase leg in addition to two main
dc bus capacitors [37]. The detailed topology information of all
three converter topologies can be reviewed in [38].

Fig. 8 illustrates the system EENS while three topologies
are applied in scenario II and III, respectively, where the blue
dotted line represents CHB, the red dash-dot line is NPC, and
the green solid line depicts the FCC topology. The EENS value
among all three topologies grow steadily and finally reaches
4070.38 MWh (CHB), 4164.07 MWh (NPC), and 4315.58 MWh
(FCC) in Fig. 8, which indicates that the converter topologies
do have an influence on system reliability, though, this influence
is not very critical. Notably, in scenario III, the system EENS
with FCC topology grows rapidly during 3000 to 5000 hours
(summertime) and then slows down, which indicates an outage is
more likely to happen during the summer and more maintenance
may be required.

There are other power converter topologies that can be con-
nected with RESs and implemented in a power system. It is to
be noted, however, that the purpose of this case is not to find
the optimal converter topology for power converters/system re-
liability performance, but to investigate system reliability when
different converter topologies are applied.

D. The Regression Mapping Between Two Levels

To investigate the hidden relationship between device level
and system level reliability, SVR and RF regression models are
implemented. In general, 80% of the device/system reliability
data is used for training as input variables to the model for
intrinsic parameters selection. The remaining 20% is used for
testing. The computational time of SVR and RF are 42.78 s and
45.64 s, respectively. Two statistical measurements: Root Mean
Square Error (RMSE), and R-squared, are used to evaluate the
effectiveness of the implemented regression methods.

In the numerical analysis, the RMSE values under scenario
II are all lower than those values in scenario III. This is due to

Authorized licensed use limited to: Universitat Kiel. Downloaded on May 30,2021 at 07:20:59 UTC from IEEE Xplore.  Restrictions apply. 



2008 IEEE TRANSACTIONS ON POWER SYSTEMS, VOL. 36, NO. 3, MAY 2021

Fig. 9. Comparison of the predicted and the actual EENS.

the system complexity, i.e., fewer number of power converters
is considered in scenario II. On the other hand, both R-squared
values of SVR and RF methods reach above 0.9 in scenario II
and 0.88 in scenario III, respectively. As shown in Fig. 9, 60
samples of testing data are collected to compare the predicted
EENS and the corresponding actual value. The difference be-
tween the predicted and actual value is also shown in the same
figure. In general, the predicted EENS follows the actual EENS
pattern across all samples, and the maximum difference only
reaches 4.31(absolute value). This indicates that it is possible to
implement a reliability mapping between the power converter
and system level through ML techniques.

VII. CONCLUSION

This paper proposes a two-level reliability framework to
bridge the gap between power converters and power systems.
The reliability performance of a power system is evaluated
considering the impact of power converters’ reliability. The
reliability model of each converter is built from the device
level, where critical semi-conductor devices are included. Each
converter reliability is used as one of the input features and
the system reliability indicators are defined to be the outputs.
Furthermore, to investigate the relationship between converter
and system reliability, ML regression techniques are used as it is
a useful tool to determine nonlinear relationships. The numerical
results show that the converter reliability has a non-negligible
effect on the modern power system performance, and a nonlinear
relationship between multiple power converters and overall sys-
tem reliability can be built using regression techniques. Future
works will focus on investigating the applications of parallel
computing to speed up the proposed reliability analysis. The
reliability impact of power converters’ internal connections in
a RES is also worth investigating. The influence on the power
system network changes (i.e., different network topologies) will
change the power flow and ultimately affect the system reliability
performance. Once the real-world or synthetic transmission
networks become available for reliability analysis, one will be
able to investigate the scalability of the proposed reliability
assessment framework. Moreover, since ML encapsulates the
relationship and acts like a ‘black box’, the integration of
ML interpreting methods will be investigated to improve the
reliability explanation and provide useful information for system

operators. Appropriate reliability requirements on the converter
level, and corresponding system maintenance strategies could
be investigated.
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