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Abstract – Microgrids are being developed with higher 
penetration of renewable energy sources (RES) and utilization of 
power electronics. The functionality of microgrids is normally 
measured by two indices, stability and reliability, which are highly 
influenced by system configuration and generation/load mission 
profiles. Although system-level modeling approaches have been 
proposed to evaluate both the said indices for microgrids, they are 
still considered independently due to the mismatch in their 
timescales. To this end, it limits the derivation of a comprehensive 
risk framework to exploit the interdependencies between stability 
and reliability. Hence, this article addresses this gap for the first 
time in the realm of microgrids by proposing a probabilistic risk 
framework by considering stability and reliability simultaneously. 
Long-timescale reliability are basically decomposed into shorter-
timescale events, whereas stability is treated as probabilistic events 
to be integrated into the risk evaluation. This framework can 
quantify the operation risk of microgrids, thereby providing a 
more intuitive approach to the design of microgrids. To validate 
the ruggedness of the proposed framework, system stability and 
reliability are assessed and interpreted under experimental 
conditions. 

Index Terms – Power electronic systems, risk evaluation, AC 
Microgrids, stability, reliability. 

I. INTRODUCTION 

Microgrid systems are being developed to accommodate the 
modern distributed loads and the increasing penetration of 
renewable energy sources (RES) [1]. Power semiconductors 
with high controllability have been used in many converters and 
have enabled miscellaneous ways of implementing power 
conversion [2]. However, such flexibility of microgrid systems 
is not only leading to various possibilities for power 
applications, but also yields operational uncertainties that might 
be disadvantageous. Different from traditional power systems, 
the modern microgrid systems employing power electronics are 
vulnerable to more diverse mission profiles, and thus might lead 
to more frequent appearances of system abnormalities and/or 
failures [3]. 

To measure the functionality of microgrid systems, reliability 
is introduced as the ability of a system to operate as per the 
requirement without failures [4]. The unreliability of the system 
can basically be regarded as kind of operation risk. Considering 
parameter uncertainties or the variation or heterogeneity of 
mission profiles, the failure of systems is a probabilistic event, 
reflecting the accumulation of stresses on the devices as like 
events over time. In the literature, the failure mechanisms of 
power electronics have been investigated in correlation with the 
design and planning of system operation, such that the overall 
lifetime of systems can be prolonged [5], [6]. 

On the other hand, stability is also an important performance 
criterion in microgrids [7], [8]. Differently from reliability 
which is a long-term performance, the time scale of stability 
analysis is relatively shorter, where state-space-based [9] and 
impedance-based approaches [10], [11] are widely used for 
stability modeling and analysis. Conventionally, system 
uncertainties are considered by analyzing the worst case and the 
boundary parameter values, wherein probabilistic stability is 
then introduced to accommodate these uncertainties and 
mismatch in the plant-control parameters [12]. In existing 
literature, the uncertainties can be modeled by Monte-Carlo-
based methods, regression methods or neural networks, etc. 
[13], and probabilistic stability has been employed especially 
when quantifying the influences of parameter or mission profile 
uncertainties [14]-[16]. 
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Fig. 1. Different timescales of stability and reliability evaluation of microgrids 
[7], [8], [17], [19], [20]. 
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Meanwhile, it should be noted that stability is predominantly 

determined by the dynamic characteristic of a system, i.e., how 
the system instantly responds to a disturbance [17], instead of 
the accumulated damage. Thus, a system can be unstable, e.g., 
when there is a mismatch in the control and plant parameters, 
even if all devices are within lifetime [18]. Therefore, the 
reliability itself is not sufficient to represent the operation risk 
of a microgrid. In previous literature, the evaluation of stability 
and reliability is always implemented separately due to the large 
mismatch in their timescales, which is illustrated in Fig. 1. To 
this end, the system is assumed to be stable whilst evaluating its 
reliability [21], [22], and vice versa [9]-[11]. Nevertheless, both 
indices have collective impact on the performance of 
microgrids, wherein neither of them can be well reflected whilst 
the other is evaluated individually. They can also be coupling 
with each other when, e.g., parameter drift due to component 
degradation leads to instability, or harmonics due to parameter 
mismatch affect the stress on the components. Therefore, it 
should be more reasonable to consider both two indices 
simultaneously and determine a likely interdependency 
between them when evaluating the overall performance of 
microgrids, which is not addressed in existing literature. 

This article thereby proposes a framework to evaluate the 
operation risk comprehensively considering the analysis of both 
stability and reliability simultaneously for the first time in the 
realm of power electronics and microgrids. The long-timescale 
reliability can be decomposed into events with smaller time 
frames, and the system can be stable in a certain probability in 
terms of system uncertainties. The system can be risky when 
either stability or reliability cannot be ensured, and the long-
term risk is then evaluated by accumulating the small-time-
frame events. Moreover, the lifetime of microgrid systems is 
also generalized in this article to match the proposed risk 
evaluation framework. 

This article is organized as follows. Section II introduces the 
limitation of dissociating stability and reliability in microgrids. 
Section III further elaborates on the probability of stability and 
reliability in microgrid systems. Section IV proposes a 
comprehensive framework for system risk evaluation together 
with discussions on its applications. Experimental results are 
presented in Section V, demonstrating how stability and 
reliability are considered in the proposed framework. Finally, 
Section VI concludes the entire article. 

II. LIMITATION OF DISSOCIATING STABILITY AND RELIABILITY 
IN MICROGRIDS 

In this article, a three-phase AC microgrid system is selected 
as a study case, and it is shown in Fig. 2. The system consists 
of two DC-AC converters operating in parallel, and a resistive 
load is connected to the Point of Common Coupling (PCC). The 
power sharing between the two converters is implemented by 
P-f and Q-V droop controllers [23]. The key parameters of this 
system are listed in Table I. 

It has been mentioned in Section I that stability and reliability 
should be considered simultaneously in practice, which is, 
specifically, instability could occur in reliable cases, and 
failures could also appear in stabilized systems due to the wear-

out of components. Taking instability as an example, like in 
[17], several types of instability have been investigated based 
on the CIGRE low-voltage benchmark system, which could 
result from parameter mismatch, power inadequacy, or loss of 
synchronization, etc. A typical case is illustrated in Fig. 3. 
According to [9], a feed-forward gain F is normally adopted to 
the decoupling of grid-side current in cascaded voltage control 
loops of droop-based converters. In Fig. 3, the gain F of 
Converter 1 is decreased from 1 to 0.8, leading to frequency 
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Fig. 2. (a) Layout of an example AC microgrid system, and (b) a brief control 
scheme. For each converter, Lf and Cf denote the parameters of the LC filter, 
and Ll denotes the parameter of the line, which is regarded as an inductance. 

TABLE I 
KEY PARAMETERS OF THE TWO-CONVERTER SYSTEM 

Parameters Values 
Nominal AC voltage Vn 110 VRMS, 50 Hz 
Switching frequency fsw 10 kHz 

LC Filter inductance Lf1, Lf2 Lf1 = Lf2 = 2.0 mH 
LC Filter capacitance Cf1, Cf2 Cf1 = Cf2 = 10 μF 

Line inductance Ll1, Ll2 Ll1 = Ll2 = 0.5 mH 
Load resistance Rload 3 Ω (12 kW) 

Base value of the P–f droop coefficient mp0 9.4×10–5 [Hz/W] 
Base value of the Q–V droop coefficient nq0 1.3×10–3 [V/Var] 

Note: VRMS = Volts in Root-Mean-Square (RMS) value. 
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Fig. 3. Instability when the feedforward gain F for grid-side current decoupling 
in the cascaded double voltage loops of Converter 1 is decreased. 
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divergence and instability. As the feed-forward path 
counteracts the dynamics of the rest converters in the microgrid 
system, the decrease in F indicates stronger coupling between 
the two converters, but it has no impact on the power sharing 
relationship, and consequently no instant impact on the overall 
reliability due to the unaltered power flows. On the other hand, 
the triggered instability in Fig. 3 will still force a shutdown of 
the system as the divergence will eventually hit the threshold of 
system protection. Similar occasions could always happen 
when the system configuration changes over time, or the control 
parameters are modified to match the change of mission profiles. 

In light of this, it is henceforth vital to take both stability and 
reliability into consideration simultaneously in order to achieve 
a more intuitive evaluation on the performance of a microgrid. 
Though the two indices are inconsistent in terms of timescales, 
the approach could be formalized by decomposing the long-
timescale reliability into events with smaller time frames, where 
the probabilistic stability is a feasible tool to integrate the 
concept of stability into reliability analysis. 

III. PROBABILITY OF STABILITY AND RELIABILITY IN 
MICROGRID SYSTEMS 

A. Probabilistic Stability of Microgrid Systems 
Stability of a microgrid system measures how robust the 

system is in response to disturbances, and the system 
configurations make much difference herein [17]. To 
characterize the stability under certain system configurations, 
state-space-based and impedance-based modeling approaches 
are mostly employed [24]. 

In this article, the question is defined within controller-
induced converter stability [7], [8], which is typical for droop-
dominated microgrids. Hence, the example system is modeled 
by the state-space method that is similar to [9]. The dynamics 
of the double voltage loops and DC-link control loops are 
neglected for simplicity, and the small-signal state vector of the 
system can be obtained as Δxconv

(k): 

 ( ) ( ) ( ) ( ) ( ) ( ) ( )
conv s o o

Tk k k k k k kP Q i v iδ ∆ = ∆  x  (1) 

where, k is 1 or 2 indicating the indices of converters, for each 
converter, δ is the phase angle for Park transformation, is and io 
are the current flowing through the filter inductor Lf and the line 
Ll, respectively, and vo is the output voltage at the filter 
capacitor Cf. The load current is the sum of io1 and io2 according 
to the Kirchhoff's law, so the voltage at PCC (or the load voltage) 
is determined accordingly. 

The state space model of the system can be obtained as: 

 conv1 conv1
MG

conv2 conv2

d
dt

∆ ∆   =   ∆ ∆   
x xAx x  (2) 

where, AMG is the state matrix. 
Based on the parameters in Table I, the eigenvalues of the 

state matrix AMG can then be calculated as listed in Table II, 
where the droop gain is varied to identify the critical modes. In 
the state-space-based stability modeling, RHP eigenvalues will 
lead to system instability. It is shown in Table II that the 

conjugate eigenvalues λ11 and λ12 are located closest to the 
imaginary axis among the eigenvalues, which are sensitive to 
the parameter variation. Thus, it is reasonable to conclude that 
λ11 and λ12 are the critical modes in this case, which will be 
focused on in the rest of this section. 

In conventional stability analysis, microgrid systems are 
conventionally modeled in deterministic approaches. The 
system performances are evaluated based on specific scenarios, 
and the system variables are assumed to be deterministic, or in 
certain cases, time-invariant. However, in practice, it is always 
reasonable to take the system uncertainties into consideration, 
which may lead to the worst case of instability. This is 
especially critical when there is a small stability margin. 

According to [12], the stability of microgrids may 
unexpectedly vary due to the uncertainty of operational 
conditions and disturbances. Operational conditions (variables) 
are typically the system internal configurations or parameters, 
while disturbances could be related to the external events, such 
as the mission profiles of RES. Mathematically, these variables 
can follow different probabilistic distributions (e.g., Gaussian 
distribution for the instantaneous load or power generation, and 
Poisson distribution for the fault incidents [12]), and the Monte-
Carlo method can be a general approach to deal with most of 
those probabilistic distribution patterns. With this, only the 
probabilistic distributions of filter and line parameters are 
considered in this article without loss of generality, which are 
classified as operational variables, whereas the conclusions can 
be generalized by similarly applying Monte-Carlo method to 
other types of uncertainties that may cause instability as well. 

In this article, the parameters of passive components in Fig. 
2 (including the inductances and parasitic resistances of filter 
inductors and lines, and the capacitances of filter capacitors) are 
assumed to follow the Gaussian distribution, of which the 
Probability Density Function (PDF) can be expressed as: 

 ( )
2

par

parpar

1 1exp
22π

X
f X

µ
σσ

  −
 = ⋅ − ⋅     

 (3) 

where, X is an arbitrary parameter among the mentioned ones, 
μpar is the mean value (or the nominal value) of the 
corresponding parameter, and σpar is the standard deviation (the 
parameter error or uncertainty generally follows the 3-σ rule). 
It can also be denoted as N (μpar, σpar

2). 

TABLE II 
EIGENVALUES OF THE SYSTEM IN FIG. 2 

Index Eigenvalues in default case Eigenvalues when mp1 = 2mp0 
1, 2 –35.38 ± j16125 –35.38 ± j16125 
3, 4 –34.60 ± j15497 –34.60 ± j15497 
5, 6 –4735 ± j14527 –4735 ± j14527 
7, 8 –4734 ± j13898 –4734 ± j13898 

9, 10 –2740 ± j308.62 –2740 ± j308.62 
11, 12 –1.17 ± j315.44 –1.10 ± j315.23 

13 –0.32 –0.30 
14 –61.29 –51.20 ± j5.68 15 –41.11 
16 –30.95 –31.10 
17 –31.41 –31.41 
18 –39.50 –39.50 
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To simplify the analysis, it is also assumed that the 
uncertainties of all parameters are equal in per-unit value. In 
other words, the ratios of each standard deviation σpar with 
respect to the corresponding mean value μpar are assumed to be 
equal. Under this scenario, an example is first given with a 
parameter uncertainty of ±10%, where the standard deviation 
σpar is 3.33% of μpar. As the state matrix of the system is already 
constructed in (2), the probability distribution of the real part of 
critical modes can be obtained by repetitively calculating the 
eigenvalues with arbitrary parameter inputs, namely the Monte-
Carlo method. The procedure is illustrated in Fig. 4. 

Remark 1: In this article, the parameters are assumed to be 
independent from each other. If, otherwise, certain parameters 
are supposed to be correlative, then the Monte-Carlo method 
can be conducted by sampling the variables in compatible 
groups instead. 

Remark 2: Generally, if there are k eigenvalues in total, all 
of them should be located in LHP to ensure system stability: 

 ( ) { }{ }
1

Re 0
k

j
j

P stable P λ
=

 
= ≤ 

 


 (4) 

As the real parts should be negative for uncritical modes, the 
analysis on critical modes is the simplified form of (4), as: 

 ( ) { }( ) ( )
0

11,12Re 0 dP stable P fλ σ σ
−∞

= ≤ = ∫  (5) 

where f is the PDF of the real part of the critical modes. But if 
there are multiple critical modes with different real parts, or the 
critical modes vary over time, the simplification should be 
modified to include all critical modes accordingly. 

The probability density of the real part of the critical modes 
is plotted in Fig. 5. In this case, the real part of the critical modes 
follows the Gaussian distribution as well, which can be fitted 
by a Gaussian PDF as illustrated in Fig. 5. Most data fall into 
the 3σ region, namely the region of [μeig–3σeig, μeig+3σeig], where 
μeig and σeig are respectively the mean value and standard 
deviation fit from Monte-Carlo validations. By excluding RHP 
eigenvalues which lead to system instability, the probability of 
system stability should be the area surrounded by the Gaussian 
density curve and the horizontal axis in the left-half plane 
(LHP), as highlighted in Fig. 5. 

Accordingly, it can be discussed how the conventional 
deterministic stability analysis should be mapped to the case 
with system uncertainties. The influences of control parameters 
(droop gains) and parameter uncertainties on the real part of the 
critical modes are demonstrated in Fig. 6, also by Monte-Carlo 
method and Gaussian fitting. In Fig. 6(a), the variation of 
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control parameters leads to a horizontal shift of the probability 
distribution curve, where the mean value of the real part of the 
critical modes changes. In Fig. 6(b), the parameter uncertainty 
contributes to an increase of the standard deviation of the 
eigenvalues, and thus, the probability of stability changes 
accordingly. 

Remark 3: Differently from the conventional stability 
analysis where the uncertainty is zero, the probability of 
stability indicates that the system can still be unstable even if 
the mean value of the real part is negative. 

Remark 4: The probability of stability changes more 
significantly when the mean value is close to zero, or more 
specifically, when the vertical axis (zero) locates within the 
aforementioned 3σ region. 

Furthermore, the comprehensive influence of the droop gain 
and parameter uncertainty on the probability of system stability 
can be summarized in Fig. 7. The probability of stability is the 
short-term operation risk of the system. It decreases 
consecutively with larger droop gains, where the conventional 
zero-uncertainty stable region corresponds to a 50% probability 
of stability. This results from the symmetry of the Gaussian 
distribution, and thus, it should be noted that the shape of these 
curves could change as the uncertainties increase with different 
probabilistic distribution patterns. 

B. Reliability of Microgrid Systems 
On the other hand, the reliability of a microgrid is assessed 

using a relatively long-term performance index, which also 
measures the functionality of the microgrid system. A system is 
reliable when it can perform its intended function without 
failure for a certain period, and the failures normally result from 
the degradation of components. Therefore, power 
semiconductors and capacitors among the most fragile 
components in power converters are the major focus in 
reliability analysis [25]. 

A cycle-based lifetime model of power semiconductors is 
given in (6) [26]. The average junction temperature Tjm and the 

swing of the junction temperature ΔTj are the most decisive 
factors affecting the overall lifetime. 

 1
f j on

jm

expN A T t
T

α γβ 
= ⋅ ∆ ⋅ ⋅  

 
 (6) 

where, A, α, β1 and γ are the coefficients obtained by conducting 
the power-cycling tests like [27]. 

Remark 5: This lifetime model is the most commonly used 
for power semiconductors, while it is also addressed in [28] that 
its accuracy is limited for cases with small ΔTj. Nevertheless, 
this will not influence the validity of the basic idea of this article. 

The lifetime of capacitors is calculated from its loading 
voltage V and temperature T [29]: 

 
20

1
0

0

2
nT T

n VL L
V

−−  
= ⋅ ⋅ 

 
 (7) 

where, L0 is the rated lifetime when the voltage is V0 and the 
temperature is T0. n1 and n2 are constant coefficients. 

According to the Miner’s rule [30], the accumulated damages 
of power semiconductors and capacitors are calculated by: 

 
( )

( )sw
f

i

i
i

nD
N

= ∑  (8) 

 
( )

( )cap

i

i
i

tD
L

∆
= ∑  (9) 

where, (i) is used to denote the i-th time interval. In (8), n and 
Nf are, respectively, the number of power cycles obtained by 
rainflow counting and the expected cycles-to-failure. In (9), in 
the i-th time interval with duration Δt(i), the corresponding rated 
lifetime is L(i). The accumulated damage reaches 1 when the 
device is at its end of life (EOL), namely the entire lifetime. 

For either a power semiconductor or a capacitor, its time-to-
failure data follows the Weibull distribution over time, of which 
the Cumulative Density Function (CDF) is: 

 ( ) exp tR t
β

η

  
= −  

   
 (10) 

where, β is the shaping parameter, and η is the characteristic 
lifetime. (8) and (9) basically yield the B10 lifetime, where there 
is an expectation of 10% of the device population that will fail 
to operate, or the time t when R(t) equals 90%. 

If there is no parallel path in the reliability block diagram [21], 
the reliability of a converter Rconv is the multiplication of all 
components inside. If there is no other fragile part and all 
converters are supposed to function well, the reliability of a 
microgrid RMG is the multiplication of all converters inside. 
Those two relationships can be described as: 

 
( )

conv sw or cap
j

j

R R= ∏  (11) 
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Fig. 7. Comprehensive influence of the droop gain and parameter uncertainty 
on the probability of system stability. 
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Accordingly, the entire procedure is illustrated in Fig. 8. 
When there is an uncertainty of component parameters, the 
Monte-Carlo method can be similarly employed. The reliability 
is also describing the operation risk of the system, but physical 
failure mechanisms are considered here more than the 
mathematical mismatch of parameters. 

In this article, the DC dynamics are not considered in the 
example system, and thus, only the degradation of power 
semiconductors is considered. The analysis procedure should 
be similar if the DC-link capacitors are also considered. For the 
case study, the types of power semiconductors in Converters 1 
and 2 are chosen as Infineon FS25R12KT3 and FS35R12KT3, 
respectively, and then, the system-level reliability of the study 
case can be evaluated in Fig. 9. The power sharing between the 
two converters makes difference when the two converters are 
degrading at different rates. The unreliability reaches 1 by EOL, 
but the B10 lifetime is more critical for safe operation. 

IV. RISK EVALUATION CONSIDERING PROBABILITY OF 
STABILITY AND RELIABILITY 

The concept of risk in power systems is normally specified 
together with security. In [31], the risk is introduced as the 
probabilistic impact of unstable events, while in [32] and [33], 
a secure system without operation risk is required to be able to 
survive contingencies without service interruption. Similarly, 
both stability and reliability are considered in this article to 
include the abnormal events more comprehensively. 

Different probabilistic relationships between stability and 
reliability are illustrated in Fig. 10 when analyzing the two 
indices. Fig. 10(a) and Fig. 10(b) represent the cases where one 
of the indices is constraining the other, which mathematically 
refers to conditional probability, but in terms of the operation 
risk of microgrids, instability and unreliability are functioning 
individually and jointly result in system failures, as shown in 
Fig. 10(c). Safe operation therein requires the intersection of 
stability and reliability. 
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Fig. 10. Probabilistic relationship between stability and reliability analysis, 
which includes (a) reliability-constrained stability, (b) stability-constrained 
reliability, and (c) joint performance. The system configuration can basically 
include the topology and parameters of the studied system. 

Accordingly, the probabilistic risk in this article is defined as: 
Definition: The probabilistic risk is the probability that a 

microgrid system cannot operate both stably and reliably to 
fulfil its expected function. The system is secure when the risk 
probability is sufficiently low. 

According to the definition, the risk should be calculated 
considering the probability of stability and reliability, and either 
unstable or unreliable events could lead to a nonzero risk. 
Therefore, the system operation risk can be calculated by the 
following probabilistic expression: 

 ( )1Risk P stable reliable= −   (13) 

For the study case discussed in Sections II and III, the 
stability and reliability are mathematically independent for a 
certain system configuration Γ, namely: 

 ( ) ( )1Risk P stable P reliable
Γ Γ Γ

= − ⋅  (14) 

Based on (13) and (14), the framework of the operation risk 
in a microgrid system can be formalized as shown in Fig. 11. 
The system uncertainties influence the probability of stability, 
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Fig. 8. Evaluation of the reliability in a three-phase DC-AC converter system. 
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Fig. 9. System-level reliability evaluation of the example microgrid system 
when the power sharing between the two converters changes. 
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while the mission profiles are the major concern of device 
degradation. Both stability and reliability are contributing to the 
overall risk.  

Remark 6: In the study case, the uncertainties in stability 
analysis do not affect the evaluation of system reliability, which 
is based on the mission profiles and failure mechanisms, and 
vice versa. In other cases, the stability and reliability may not 
be independent from each other, and the overall operation risk 
should be the collection of all possible conditions. Monte-Carlo 
methods can be a practical approach to conduct the analysis. 

Remark 7: In this article, it is also assumed that the 
probability of stability does not change over time. For example, 
if the degradation of passive components has much influence 
on system eigenvalues, the system risk may need to be 
discussed in a piecewise way, where the probability of stability 
is a Markov variable dependent on instantaneous system 
configurations. 

Based on Fig. 11, the long-term operation risk of the example 
system is demonstrated in Fig. 12. Compared with the reliability 
curves in Fig. 9, the risk considering both stability and 
reliability is higher from the beginning, indicating a non-zero 
risk due to the parameter uncertainties. Besides, when the droop 
parameters are varied to implement a power sharing 
relationship with higher system-level reliability, the probability 
of stability might contrarily decrease the overall operation risk. 
Therefore, it is of significance to seek for a trade-off between 

stability and reliability and the overall optimal operation point 
in the design and planning of microgrids. 

In reliability analysis, there is a concept of B10 lifetime which 
denotes the time span when the system can operate highly 
safely. In Fig. 12, however, if we generalize the B10 lifetime to 
the time span where the system risk is below 10%, the lifetime 
will be shorter due to the consideration of stability. There are 
also cases (e.g., Curve #8) where the lifetime equals zero, or the 
current design cannot ensure an operation risk below 10%. 

In Fig. 13, such lifetime is calculated and summarized in 
terms of the droop gain mp1 and system uncertainty. All curves 
appear within the stable region same as Fig. 7, indicating that 
the stability of the system is the preliminary boundary of the 
safety operation. By identifying the local maximum in the 
Curves #1-4, the theoretical maximum generalized B10 lifetime 
under different scenarios and the corresponding optimal power 
sharing can be achieved, which is practical in the system design. 

Similar to Fig. 12, it should also be noted that, the operation 
risk of the system can sometimes be above the 10% limit, like 
Curve #5 in Fig. 13, such that the variation of control 
parameters makes no difference. This should be specially noted 
in system design to avoid potential system failures. 
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Fig. 11. Comprehensive framework of operation risk evaluation in a microgrid 
system considering both stability and reliability. 
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Fig. 12. Long-term operation risk of the example microgrid system in Fig. 2. 
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Fig. 13. Influence of control parameters and system uncertainties on the low-
risk (less than 10%) time span of the example microgrid system. 
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V. VALIDATIONS WITH RESULTS 

In this section, tests are performed to demonstrate how 
stability and reliability are reflected in the proposed framework. 
The experimental setup is shown in Fig. 14, of which the 
topology is similar to that in Fig. 2. Two 7-kW DC-AC 
converters are connected in parallel, and inductors are used as 
the line impedances. In the experiments, the load is downscaled 
to 57 Ω due to the available hardware, and the parameter 
uncertainty is simulated by varying the inductors in Filters 1 
and 2, but long-term analysis is conducted by assuming a 12-
kW load as mentioned in Table I, corresponding to the selected 
types of power semiconductors and without loss of generality. 
Other parameters are the same as those listed in Table I. 

A. Stability Consideration in the Proposed Framework 
A basic case is illustrated with equal inductance in Filters 1 

and 2. Based on the available hardware, the filter inductors are 
changed from 1.0 mH/40 mΩ to 0.86 mH/27.1 mΩ and 0.6 
mH/21.6 mΩ to emulate a parameter uncertainty (14% and 40%, 
respectively, compared to the initial value), and 1.2 mH/39.6 
mΩ and 1.5 mH/47 mΩ as supplementary illustrations for stable 
cases. Experimental results are then shown in Fig. 15. In Fig. 
15(b), an increase in harmonics can be observed, while in Fig. 
15(c), the harmonics turn into serious loss of stability with 
current distortion. Though the load voltage is not influenced 
significantly in this case, such distortion is more likely to grow 
into a system failure when there are heterogeneous controllers 
and dynamics in a larger multi-converter microgrid. 

The proposed risk evaluation is then performed with regard 
to this case, and the results are presented in Table III. The 
decrease in inductance has led to less stability in the 
experimental results, and meanwhile, it accords with the 
decrease in probability of stability in Table III. Similarly, both 
the estimated 10%- and 20%- risk lifetimes decrease 

significantly when the system is less likely to be stable, and the 
instability plays a more decisive role herein. Therefore, it can 
be concluded that system stability has been considered in the 
proposed framework. 

Besides, the experimental results in Fig. 15 have also shown 
that, the system can be unstable even if there is no component 
failure, or when the system is reliable: the instability is only 
caused by parameter mismatch and the system is restorable. 
This conclusion also emphasizes the significance of designing 
and planning the operation of microgrid systems with both 
stability and reliability considered. 

B. Reliability Consideration in the Proposed Framework 
To validate the reliability consideration in the proposed 

framework, the droop gain of Converter 1 mp1 is varied from 
mp0 up to 10mp0, and the types of power semiconductors accord 
with those mentioned in Section III-B. With the load being 12 
kW, the power sharing between the two converters will change 
as listed in Table IV, subsequently achieving different lifetime 
expectation and reliability performance. 
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Fig. 14. Configuration of the experimental setup. Two three-phase DC-AC 
converters are installed in each converter rack. 
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Fig. 15. Experimental results when there is a variation in both two filter 
inductors, with the value of (a) 1.0 mH/40 mΩ, (b) 0.86 mH/27.1 mΩ, (c) 0.6 
mH/21.6 mΩ, (d) 1.2 mH/39.6 mΩ, and (e) 1.5 mH/47 mΩ. The cases (a)-(c) 
are analyzed in details to emulate a parameter uncertainty. 
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TABLE III 
SYSTEM RISK EVALUATION UNDER THE EXAMPLE CONDITIONS 

Inductance 
of LC filters 

[mH] 

Inductance 
deviation 

[% of μpar] 

Probability 
of stability 
P(stable) 

Estimated 
10%-risk 
lifetime 

[months] 

Estimated 
20%-risk 
lifetime 

[months] 
1.0 mH 0% 100% 194 259 

0.86 mH 14% 88.57% 0 191 
0.6 mH 40% 66.09% 0 0 

 

TABLE IV 
POWER SHARING UNDER THE EXAMPLE CONDITIONS 

Ratio of the 
droop gains 

[mp1/mp2] 

Loading of 
Converter 1 

[kW] 

Loading of 
Converter 2 

[kW] 
1 5.79 5.79 
2 5.53 6.05 
5 5.26 6.31 

10 5.14 6.43 
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Based on this, the unreliability curve is plotted in Fig. 16, 

which also accords with Fig. 9. Since the power semiconductors 
in Converter 2 has higher power rating, the system reliability 
can be improved, and the lifetime is accordingly extended. 
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Fig. 16. Unreliability curve and the overall operation risk of the system under 
different droop gains. 

Meanwhile, the system risk is also evaluated based on the 
parameter variation, as also shown in Fig. 16, and the results are 
summarized in Table V, supposing that a 10% uncertainty is 
assumed for evaluating the probability of stability. The 
estimated 10%- and 20%- risk lifetimes accord with the B10 
lifetime when system uncertainty is zero, which shows that 
reliability is also well considered in the proposed framework. 

TABLE V 
SYSTEM RISK EVALUATION UNDER THE EXAMPLE CONDITIONS 

Ratio of 
the droop 

gains 
[mp1/mp2] 

B10 lifetime w/o 
considering 

uncertainties 
[months] 

Probability 
of stability 
with 10% 

uncertainty 

Estimated 
10%-risk 
lifetime 

[months] 

Estimated 
20%-risk 
lifetime 

[months] 
1 120 96.33% 101 149 
2 194 95.01% 150 234 
5 314 91.45% 152 344 

10 383 80.14% 0 79 
 

However, the increase in droop gains makes difference not 
only in power distribution, but also in the probability of stability. 
When the droop gain mp1 is further increased to 10mp0, the 
stability will play a dominant role in the system risk. Such case 
cannot be easily discovered through conventional reliability 
evaluation, yet the proposed framework could still reveal this 
issue, and appears more comprehensive and instructive in the 
system design. 

VI. CONCLUSIONS AND FUTURE SCOPE OF WORK 

In this article, a comprehensive framework for operation risk 
evaluation in microgrid systems is proposed for the first time, 
incorporating probabilistic methods for simultaneous 
assessment of stability and reliability. Both stability and 
reliability imply on a significant difference in the performance 
of microgrid systems, and the proposed framework combines 
the two performances mathematically by decomposing the 
long-timescale reliability into shorter-timescale events and 

integrating stability by probabilistic approaches. Accordingly, 
the concept of lifetime can be generalized and used to help 
identify the optimal operation point and design of the system. 
The proposed framework is tested under different test cases to 
highlight the risk modeling integrity and probabilistic 
estimation to anticipate stability and reliability risks during 
network expansion of microgrids. 

In practice, taking both stability and reliability into 
consideration can provide a more encyclopedic insight of 
operation risk of microgrid systems, which is not fully focused 
on in existing research. The generalized lifetime can also 
describe the operation risk more intuitively for microgrid 
systems. In the future, to extend the scope of this article, there 
can be more centered discussion in terms of the assumptions 
applied, e.g., the probabilistic stability related to component 
degradation and parameter variation, and the systems with 
multiple critical modes. It should also be pragmatic that the 
probabilistic relationship between stability and reliability can 
further be formalized based on the Bayesian inference and 
accordingly characterized with machine-learning tools. 
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