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Abstract: In rural areas or in isolated communities in developing countries it is increasingly common
to install micro-renewable sources, such as photovoltaic (PV) systems, by residential consumers
without access to the utility distribution network. The reliability of the supply provided by these
stand-alone generators is a key issue when designing the PV system. The proper system sizing
for a minimum level of reliability avoids unacceptable continuity of supply (undersized system)
and unnecessary costs (oversized system). This paper presents a method for the accurate sizing
of stand-alone photovoltaic (SAPV) residential generation systems for a pre-established reliability
level. The proposed method is based on the application of a sequential random Monte Carlo
simulation to the system model. Uncertainties of solar radiation, energy demand, and component
failures are simultaneously considered. The results of the case study facilitate the sizing of the main
energy elements (solar panels and battery) depending on the required level of reliability, taking into
account the uncertainties that affect this type of facility. The analysis carried out demonstrates that
deterministic designs of SAPV systems based on average demand and radiation values or the average
number of consecutive cloudy days can lead to inadequate levels of continuity of supply.
Keywords: renewable energy; photovoltaic generation; battery storage; reliability evaluation;
Monte Carlo Simulation

1. Introduction
The need to reduce dependency in fossil fuels has promoted the use of renewable energy sources.
The appearance of renewable energy sources such as wind power, solar power, or small hydro plants
in the electrical market is increasing every day. Many of these renewable energy plants are customer
owned and have small unitary power.
These renewable microgeneration systems can be isolated from the distribution network (off-grid)
or connected to it exporting their energy surpluses [1–3]. In rural areas or in isolated communities
in developing countries it is increasingly common to install micro-renewables sources by residential
consumers without access to the utility distribution network (DN). In Spain these micro-renewables
are mainly off-grid photovoltaic (PV) systems for electrification of single residential households.
These stand-alone photovoltaic (SAPV) energy systems generally include batteries for energy storage [4–6].
The Spanish Administration has recently regulated self-consumption of electricity [7]. This regulation
was issued as an urgent measure for renewable energy promotion and consumer protection. It has reduced
the administrative hurdles suffered by small-scale energy plants and it allows collective self-consumption
for the first time.
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This new regulation defines the concept of “neighbor facility” in order to regulate collective
self-consumption and confirms the elimination of the charge to self-consumed energy. It creates
a simplified compensation mechanism to compensate self-consumers with surplus energy that export
to the network and facilitates the installation of energy storage elements without more requirements
than to comply with safety and industrial quality regulations. This regulation is expected to incentive
the installation of more SAPV generation systems for residential customers.
To design a SAPV system it is necessary to determine the PV panels’ rated power and battery
storage capacity. PV generation has uncertainty associated to its energy output which depends on
the irradiation level [8,9]. This irradiation level depends on the weather condition, varying widely
between sunny and cloudy days, in the short term (hour to hour) and in the long term (seasonal
variations) [10,11]. Even for a typical clear-sky day, fluctuations of PV power are caused by passing
clouds. Getting a good prediction of the reliability of a SAPV is mandatory in order to improve its
sustainability. A detailed analysis of the characteristics of solar radiation for the area where a SAPV
will be installed is convenient. Uncertainty associated to PV generation must be modelled to predict
average performance in the future. Time-series measurements of solar radiation data from near-site
weather stations are required to estimate expected generation [12–14].
Simultaneity between PV generation and energy consumption in residential households is limited.
PV generation is maximum at noon while for a typical residential customer the peak period occurs
in the evening. The battery system allows to storage PV energy surpluses produced during the day.
As long as the battery does not reach its maximum state of charge (SOC), the PV energy surpluses will
be used to charge the battery. Another option to improve self-sufficiency of PV systems is shifting the
consumption of deferrable loads by demand-side management to periods with PV-surpluses [15,16].
The creation of cooperative microgrids with different SAPV generators has also been proposed [17,18]
to address this problem.
To make a realistic design of the SAPV system an accurate model of load demand is required.
This is especially difficult for individual residential customers that usually have a variable load profile.
Residential load has a time-varying nature and it changes depending on the time of the day, day of the
week and season of the year. To simulate the energy flows between PV unit, battery and load, time
series data of PV generation and load demand with a high temporal resolution are required.
Many studies have been carried out to determine the feasibility of SAPV systems [19]. There are
some studies [20–23] that evaluate residential PV plants connected to the DN. In this way they can sell
energy surpluses to the utility and import energy from the DN when needed. Some other studies [24,25]
consider SAPV systems, autonomous and isolated from the DN. This is usually the only available
option in many rural areas. Different solutions have been proposed for the design of such SAPV
systems. The main objective is to determine the most reliable and cost-effective configuration of PV
units for energy generation and batteries for energy storage.
Some authors propose analytical solutions based on energy balance equations [26]. Some of them
include statistical approaches to consider solar radiation fluctuations [12]. A review of SAPV systems
sizing methodologies can be found in [1,27].
The SAPV design considering reliability of involved systems requires a realistic model of the
energy resource, energy demand, and system components faults. Several studies usually consider
average solar irradiance levels for a broad area. These values are monthly averages obtained from
databases of meteorological services [28,29] In this study local hourly irradiance levels are measured
and included in the design process.
As previously stated, residential demand is highly variable between different users and different
days. The simplified approach of considering an average daily peak demand clearly underestimates
demand fluctuation [1]. This work considers actual demand data measured in an hourly basis from
average customers.
Another factor that influences the applicability of simulation results is the temporal resolution of
the PV generation and load demand. At least an hourly resolution is required to reflect the power
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balance between PV generation and energy demand [30–32]. Some authors [1] propose smaller
temporal resolutions (10-min sampled data) in order to evaluate energy flows between PV units,
batteries, and loads.
Several studies conclude that SAPV systems are an economic and profitable solution for residential
customers without access to the DN [33]. These studies show that the initial investments in PV panels,
batteries, and installation costs have an amortization period smaller than the PV plant useful life [20,34].
Therefore, for many residential customers the reliability of the electrical supply is the key factor
when planning the installation of a SAPV system, rather than the investment costs. Many individual
residential investors are willing to afford the investment costs of the PV generation system as far as
a satisfactory electrical supply reliability level is warranted [35].
SAPV design must take into account faults that unexpectedly occur in the system. Assuming
no component faults can result in an over-optimistic performance prediction and in the subsequent
infra-sizing of PV units and batteries [36].
Monte Carlo simulation (MCS) can be performed in a sequential or non-sequential manner [37].
In the sequential MCS the states of the components are sequentially sampled simulating the chronology
of the stochastic process of the system operation. For renewable-energy systems with energy storage,
the state of the system depends on previous states, i.e., battery SOC level. PV generation and residential
demand are not usually correlated. The complexity of this reliability analysis can better be dealt
with a sequential MCS. Other approaches as reliability evaluation based on analytical models or
Markov models require modeling simplifications that are not suitable for a realistic assessment of
SAPV systems [38].
This study addresses the evaluation of component faults using a sequential Monte Carlo simulation
methodology. The objective of the paper is to obtain an optimal sizing of the SAPV system from the
economical point of view, but imposing some constraints related to the desired reliability of the system.
The novelty of this work compared with existing studies is the consideration of actual PV generation
and load demand time series data, and the simultaneous evaluation of uncertainties associated to PV
generation, load demand, and system component faults. To the authors’ best knowledge this is the
first work where these three sources of uncertainty are simultaneously taken into account in the design
of SAPV systems. The objective is to guarantee a desired reliability in the continuity of the supply in
the design of a SAPV generation system.
To validate the results of the proposed method, the sizing of a SAPV system is firstly approached
using a deterministic worst case procedure. Then, a reliability evaluation method is used, considering
PV generation uncertainty, demand uncertainty and unexpected faults performing a sequential Monte
Carlo simulation. The results of both approaches are compared to extract relevant conclusions about
the design process of SAPV systems.
2. Materials and Methods
2.1. Stand-Alone Photovoltaic Energy System
Many residential households have installed PV renewable generation to satisfy its own energy
requirements. This generation is accompanied by batteries to storage energy when surpluses are
available and to supply energy when the PV output is insufficient. Figure 1 shows a scheme of the
installation of PV panels and batteries to supply a residential load without connection to the grid.
The battery has a regulator or battery controller (BC) to control the SOC and its maximum current,
both in charge and discharge operations. The BC decides the power flows between the PV panel array
and the battery.
The SAPV system has been divided into two sections:
•
•

The generation section: PV panel array, BC and batteries.
The load section: inverter and loads.
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The reliability analysis performed in this work will take into account the possible failures in the
PV panel array and the BC considering the failure rate per year of these elements (λc ). These failures
can be covered by the batteries, that also present a specific failure rate (λb ). The possible failures in the
inverter (λi ) cannot be supported by other elements in the proposed scheme. Therefore, to include
these failures in the analysis, this element should be considered in series with the generation section
and the overall reliability would be the product of the reliability of both systems.

Figure 1. Stand-alone photovoltaic (SAPV) system electric scheme.

To model a typical household energy demand, the authors of this study have registered time
series of data with a temporal resolution of an hour. Figure 2 shows typical values of the daily demand
from a residential customer in different seasons.

Figure 2. Daily load profile for residential customers and hourly generation curve in different seasons.

PV generation used in this work is based in the actual measurements obtained in the laboratory of
Distributed Energy Resources (LABDER) at the Institute for Energy Engineering of the Universitat
Politècnica de València, Spain [39]. This laboratory enables the assembly of Hybrid Renewable
Energy Systems (HRES) combining different renewable sources: photovoltaic, biogas, wind power and
hydrogen fuel cells, interconnected by a controlled microgrid that supplies a specific load. Additionally,
the laboratory includes the capability to store energy, both in batteries and hydrogen, to cover most of
the possible HRES configurations [40].
All the systems are working in the 10 kW range. Specifically, the photovoltaic generator in the
LABDER is made up of monocrystalline and polycrystalline silicon modules mounted on the roof of
the laboratory, facing south with tilt angle of 30 degrees to produce maximum annual energy. The total
power of the photovoltaic generator now installed in this lab is 2.1 kWp and the panels are connected
to a single phase grid inverter.
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The operating point of the panels and the inverter, currents, voltages, power and energy injected
to the grid are also monitored using a power meter installed at the AC output of the inverter and
a data logger to storage the data. This information enables the management system to check the correct
operation of the system and to know the energy produced at any time.
The registered power produced during a year has been used to obtain the PV power generation in
this work, as depicted in Figure 2. This register allows to use actual data and to obtain reliable values
in the different simulations performed later.
To provide a deterministic design (DD) of the size of the SAPV system, the average demand
recorded in this study, Pd (t), at the most unfavorable time of the year (winter) is considered. The average
daily energy consumption in this period Ed (Wh/day) will be:
24

Z
Ed =

0

Pd (t)dt.

(1)

This energy is obtained from the PV array. The output power of the PV system depends on the
irradiance level. This fact introduces uncertainty in the energy resource.
The battery must be designed to secure the energy supply to the loads when the PV output is not
enough (at nights and in cloudy days). From the values of the instantaneous PV energy generation
PS (t) and the energy demand Pd (t) the useful energy contributed by the battery in one day is obtained,
as depicted in Figure 3.

Figure 3. Useful energy contributed by the battery in one day.

As shown in Figure 3, the power produced by the array on a sunny day, PS (t), must exceed the
demand during the time interval t1–t2. Then, the energy available to be stored in the battery, E1 , will be:
Z
E1 =

t2
t1

(Ps (t) − Pd (t))dt when PS (t) > Pd (t).

(2)
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To keep the system stable, the energy that the battery can return in a daily discharge cycle, Eb
will be computed according to Equation (3), where ηc and ηd are the battery charge and discharge
performance and ηb the overall efficiency of the energy storage and recovery process.
Eb = (ηc ·ηd )·E1 = ηb ·E1 .

(3)

From the adjustment to the balance of the previous data, Equation (4) must be fulfilled:
24

Z
0

Ps (t)dt = Ed + E1 ·(1 − ηb ).

(4)

The minimum rated power required for the PV array (PVpeak ) is then obtained from Equation (4).
For a set of nc cloudy days, the energy production would be much less than the theoretical one
with good weather. For example, admitting that 15% of the theoretical value is obtained, since the
irradiance can be between 10% and 20% of a sunny day [41], it would result:
24

Z
nc · Ed − 0.15·
Qb =

0

!
Ps (t)dt = E0b ,

E0b ·100
ηd ·(100 − SOCmin )

(5)

(6)

where E0b is the energy contributed by the battery the nc cloudy days (it has been assumed that Pd (t) >
0.15·PS (t) during all the time those days), SOCmin is the minimum admissible value of SOC after those
nc days (for example 15%) and Qb is the value of the necessary battery capacity.
After these days it is necessary to recover the normal state of charge in the batteries in a not very
long period, for this reason it is necessary to oversize the value PVpeak (for example 20%).
In this way, the batteries are designed for a sufficient capacity to supply the load for nc cloudy days.
2.2. Reliability Assessment Methodology
To evaluate the reliability of the SAPV system two questions must be addressed. An interruption
of supply will occur if the instant power provided by the PV arrays plus the energy stored in the
batteries is not enough to satisfy the demand. The second cause for an interruption of supply is when
unexpected faults occur in the system.
The reliability model of a PV plant is a complex issue [42–44]. For the objectives of this paper
an aggregated reliability model of the PV plant (panels and BC) is used (λc ). The reliability model of the
PV plant is assumed to be a two state model, with total power output in the up state and zero power
output in the down state (Figure 4). Faults in the batteries are not considered as they are assumed to be
maintained and substituted before ending its useful life period (so it is considered λb = 0).

Figure 4. Up and down sequence for the photovoltaic (PV) generation unit.

Time to failure (TTF) of the PV plant is modeled using an exponential distribution and the mean
time to repair (TTR) is modeled following a Rayleigh distribution [45]. TTF and TTR are randomly
generated using the inverse transform method [46].
The PV generation curve is combined with the sequence of failures obtained, making it zero when
there is a PV panel array or BC failure. In this way the generating capacity sequence (GCS) is obtained.
The SOC of the battery is then calculated by combining the GCS with the demand sequence.
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Considering the instantaneous power demand Pd (t) and GCS(t), SOC (t) is obtained from
Equation (7):
SOC(t) = SOC(t − 1) + α(GCS(t) − Pd (t))·∆t,
(7)
where α = ηc , if GCS(t) − Pd (t) > 0 and α = 1/ηd , if GCS(t) − Pd (t) < 0.
An interruption of supply due to generation inadequacy occurs when:
SOC(t) ≤ SOCmin and GCS(t) < Pd(t).

(8)

With Equations (7) and (8) during PV failure periods, the energy provided by the battery is
evaluated to reduce the failure time totally or partially until the battery is discharged to SOCmin .
If a state in which Pd cannot be supplied is reached, the frequency of interruptions (FOI in number
of interruptions/yr) is increased and the loss of energy expectation (LOEE in Wh/yr), i.e., energy not
supplied expectation, is evaluated as indicated in the description of the reliability analysis method.
If SOC(t) = SOCmax and GCS(t) > Pd (t) there is an energy production capacity that cannot be used.
This energy will correspond to energy not used (ENU).
To apply the analysis method numerically, variables Ps (t), and Pd (t) must be discretized. For each
hour h of the year, the energy produced by the PV array is calculated and its value is assigned to the
discrete variable Ps (h). Since its value corresponds to the average hourly power it can be expressed
both in kW or in kWh equivalently. The GCS(t) is automatically discretized as GCS(h) if it is calculated
with the discrete values of Ps (h). Similarly, the energy demanded in each hour is assigned to the
discrete variable Pd (h).
Description of the Reliability Analysis Method
A sequential Monte Carlo Simulation (MCS) is performed where the hourly behavior of the
system for a series of years is simulated (400 years in this work). The randomized irradiance level for
every hour of the day for every month of the year is considered, together with the hourly demand to
construct chronological generation and demand random sequences.
The reliability evaluation method is performed as follows (Figure 5):
•
•

BEGIN: Initialize counter: n = 1 (number of years). Obtain initial system parameters.
FOR n = 1 to 400 DO//Consider a possible convergence criterion (*).
◦

◦
◦
◦
◦
◦

Initialize counters: h = 1 (number of simulated hours of the year); i = 0 (counter of
interruptions); H = 0 (hours of interruption); LOEE = 0; ENU = 0, SOC = 80% (battery state
of charge).
Simulate TTF and TTR consecutively to generate the annual failure sequence.
Obtain randomized hourly PV generation time series data Ps (h) from the historical record.
Generate the hourly chronological curve of annual demand Pd (h) from the historical record.
Combine Ps (h) and the annual failure sequence to get the generating capacity sequence
GCS(h) for the simulated year.
FOR h = 1 to 8760 DO:





◦
◦
◦

Using GCS(h) and Pd (h), obtain SOC(h) with Equation (7).
Update the number of interruptions i and evaluate the duration in hours of each
interruption Hi
If SOC = SOCmin and GCS(h)<Pd (h), update LOEE: LOEE = LOEE+Pd(h)-GCS(h)
If SOC = SOCmax and GCS(h)>Pd (h), update ENU: ENU = ENU+GCS(h)−Pd (h)

Evaluate FOI index: FOI = i.
P
Evaluate the loss of load expectation (LOLE) index: LOLE = Hi (h/yr).
Evaluate the loss of load probability (LOLP) index: LOLP = 100·LOLE/8760.
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Calculate average values of the indices for the n simulated years//Consider a possible
convergence criterion (*).

Calculate frequency histograms for the reliability indices per year.

(*) A possible convergence criterion is to stop the process if for 10 consecutive years, for example,
the average values of the indices vary less than a fixed value.

Figure 5. Flowchart of the reliability evaluation method for the SAPV system.

3. Results
In this section, the reliability of supply is evaluated for a real SAPV system, using the
proposed methodology.
On the one hand, using the registered demand data of a real consumer during a whole year,
a deterministic design (DD) using equations (1) to (6) provides a design of PVpeak = 4 kW. Assuming
nc = 4 days, it results in Qb = 35 kWh (Table 1). The selected case study developed corresponds to
a dwelling, but the proposed method can be applied to larger SAPV systems.
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Table 1. Generation and demand data.
Method

Variable

Value

Comments

DD
DD
DD
DD
DD
DD
MCS
MCS

Pd (peak)
ηc , ηd
nc
SOCmin
PVpeak
Qb
Failure rate λc
Repair time

3 kW
0.9
4
15%
4 kW
35 kWh
2 f/yr
24 h

Maximum demanded power
Efficiency of Li-ion battery (charge and discharge)
Consecutive cloudy days
SOC min considered
Obtained rated power in PV panels (24 m2 )
Obtained battery capacity
Exponential distribution
Rayleigh distribution

On the other hand, using the MCS proposed several situations have been evaluated and different
cases are obtained for the considered system.
First, depending on the load demand, PV generation and battery capacity, some days present
a generation surplus, as represented in Figure 6a. The PV generation capacity exceeds the load demand
and the SOC of the battery has reached SOCmax . This results in surplus power not used (PNU), due to
a lack of energy storage capacity in the batteries, that would lead to surplus ENU.
Secondly, there are days when PV generation is low and the battery capacity is exhausted resulting
in load curtailments and interruptions of supply to the user, as depicted in Figure 6b. These events
result in a loss of energy expectation, or its instantaneous equivalent loss of power expectation (LOPE).
Lastly, in addition to the variability in PV generation, unexpected faults occur in the system
that cause PV energy generation interruptions. These faults may result in interruptions of supply
depending on the duration of the power interruption, the energy demand during that time and the
energy stored in the battery (SOC). Figure 6c shows an example where the fault is successfully covered
by the batteries and Figure 6d shows an example where the fault is not covered by the batteries.
The proposed MCS method enables the evaluation of reliability indices taking into account the
uncertainty associated to variable PV generation, variable load demand and unexpected failures.
The computed LOLE is shown in Figure 7 with an average value of 791.6 h/yr. This continuity of
supply corresponds to an average LOLP of 9% and supposes that LOEE equals 450 kWh/yr (Figure 8).
ENU is 1634 kWh/yr occurring during 1065 h when there is surplus non-used PV generation.

Figure 6. Cont.
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Figure 6. (a) (15/4/2018) Day without failures and surplus energy not used (ENU) (ENU > 0);
(b) (12/11/2018) Day without failures with an interruption due to a deficit of generation which is not
supplied by the battery (state of charge (SOC) < SOCmin and LOEE > 0); (c) (20/4/2018) day with
a failure that is supplied by the battery (SOC > SOCmin and LOEE = 0); (d) (11/11/2018) day with
a failure which is not covered by the battery (SOC < SOCmin and LOEE > 0).

Figure 7. Evolution of average loss of load expectation (LOLE) along 400 simulations.

Figure 8. Evolution of average loss of energy expectation (LOEE) along 400 simulations.

This MCS method provides not only long-term average values but also the reliability indices
distribution, useful to determine possible extreme values. Figure 9—(a) shows the yearly histograms
of the number of failures in the generation system, (b) FOI due to a deficit of PV generation and energy
storage, including the effect of the system failures, (c) LOLE and (d) ENU.
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Figure 9. (a) Histograms of the number of failures in the generation system, (b) number of supply
interruptions, (c) LOLE and (d) ENU.

Although average values of 2 failures per year, 83 energy deficit events, 790 h of LOLE and
1634 kWh of ENU are estimated, more extreme values are not unlikely.
4. Discussion
Results displayed in Figure 6 show that several factors interplay to determine supply interruptions
in the system. Insufficient PV generation can lead to power interruptions when the battery energy
is exhausted (Figure 6b). Component faults unexpectedly occur that can lead to an interruption of
supply depending in the outage duration and the SOC of the battery (Figure 6c,d). The uncertainty
associated to solar radiation, demand and component faults and the dependency on previous states of
the system (battery SOC) to determine power outages make the evaluation of the system’s expected
reliability indices complex.
A method based on sequential MCS is then convenient as proposed in this work. Figures 7 and 8
show that when the number of simulations increases, the reliability indices converge to a steady
state value.
One advantage of the proposed method is that the distribution of the reliability indices can be
easily obtained (Figure 9). These distributions allow considering extreme values in the design of the
SAPV system that are unlikely to happen.
A sensitivity analysis is performed to evaluate the impact of different parameters of the SAPV
generation system in the reliability indices. The average failure tax and repair time will affect the
number and duration of the interruptions. The capacity of the batteries and the installed peak power
of the PV panels will affect the reliability indices experienced by the user in stand-alone installations.
The continuity of supply depends on the failure tax of the system. Figure 10a,b show, respectively,
how the LOLP and LOEE indices increase linearly when the failure rate λc increases from 0.1 f/yr to
20 f/yr for a fixed average repair time of 24 h.
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Figure 10. (a) loss of load probability (LOLP) and (b) LOEE evolution when λc varies from 0.1 to 20 f/yr.

In the proposed method system failures are just one of the three different sources of uncertainty
considered (PV generation, power demand, and component faults). In fact, the main contribution to the
outage time is due to deficits in the energy balance. As shown in Figure 10 for negligible failure rates,
resulting in years with no faults in the PV components, power interruptions occur due to insufficient
PV generation and stored energy in the batteries. Reliability indices for years with no component faults
are LOLP = 9% and LOLE = 440 kWh for the installed PV power and battery storage resulting from the
deterministic design. These results show that the design method based on worst case scenarios can
lead to inadequate continuity of supply levels.
The average repair time after any failure also affects the reliability indices. Figure 11a,b show,
respectively, how the LOLP and LOEE indices increase linearly when the average TTR increases from
6 h to 7 days for a fixed failure tax of 2 f/yr.

Figure 11. LOLP (a) and LOEE (b) evolution when time to repair (TTR) varies from 6 h to 7 days.

Higher installed peak power (PVpeak ) in the PV panels will suppose increased self-sufficiency
of the SAPV system. A sensitivity analysis is performed for variable PVpeak with fixed failure rate
(2 f/yr), repair time (24 h) and for several values of Qb , from 10 to 50 kWh. Figure 12 shows how
increasing PVpeak from 1 kWp to 8 kWp improves exponentially the LOLP, while further increases
result in marginal improvements. The same can be said about the LOEE.
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Figure 12. LOLP evolution when PVpeak varies from 1 to 8 kWp for several values of Qb .

Another sensitivity analysis is performed for variable Qb and fixed λc (2 f/yr), repair time (24 h)
and varying PVpeak from 4 to 10 kW. Figure 13 shows how increasing Qb from 1 kWh to 25 kWh
improves exponentially the LOLP, while further increases result in a much slower decrease. The same
can be said about the LOEE. Similarly, the ENU is reduced as Qb increases up to the same limit of
Qb = 25 kWh where further reductions are marginal.

Figure 13. LOLP evolution when Qb varies from 1 to 95 kWh for several values of PVpeak .

The results shown demonstrate the usefulness of reliability analysis based on MCS to improve
the design of SAPV systems. It is observed that the optimal values of Qb are between 20 and 30 kWh,
while higher values provide very little improvements to the system. Likewise, it is observed that the
installed power PVpeak must be increased to values between 6 and 8 kW in order to obtain a LOLP
around 2%. Comparing to the initial deterministic design (PVpeak = 4 kW and Qb = 35 kWh are shown
as circled points in Figures 12 and 13), this means that it is more convenient to increase PVpeak and
slightly reduce Qb (to a value of 25–30 kWh). This type of design is the only one that can guarantee
continuity in the supply, based on statistical values.
The main contributions of this work are:
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Development and implementation of a reliability evaluation method in an SAPV generation
system with energy storage.
Consideration of the uncertainty associated with the generation, demand and system
failures simultaneously.
Parametric analysis of the influence of TTF and TTR on the operation of the system.
Use of a local weather model of PV generation and demand for each day of the year, to achieve
realistic results.
Demonstration of the advantages offered by the sequential Monte Carlo simulation versus
deterministic methods to achieve a design of an SAPV generation system with energy storage
based on required continuity of supply values.
Although the case study has been carried out for a domestic residence, the method is directly
applicable to any other installation if adequate generation and consumption data are available.
As an example, it could be applied to small residential communities, agricultural facilities or others.

5. Conclusions
The application of the developed probabilistic method enables the evaluation of reliability indices
according to the system parameters. From the experimental results it can be concluded that, as one
would expect, the values of loss of load probability (LOLP) or loss of energy expectation (LOEE)
indices increase as the average failure rate per year and the average repair time increase. However,
this increase is very small for moderate increases in the failure rate in the panels and battery controller
(between 1 failure every 10 years and 3 failures per year) and in the average time to repair (between
6 and 24 h). This analysis makes it possible to evaluate the utilization of solar panels with greater
robustness and an assistance service with a limited response time.
From the sensitivity analysis carried out in the presented case study, it is concluded that using
a standard deterministic method based in worst case scenarios, as stated in Section 2, for the initial
design of the installed power of photovoltaic panels and the battery capacity criteria results in
inadequate levels of reliability. The developed method allows the determination of the expected
continuity of supply values based on the energy parameters of the installation and the probability
distributions associated with failure and repair times. It is concluded that the deterministic design
results in an undersized installed power in PV panels and an oversized battery capacity.
The reliability assessment method proposed by the authors in Section 3 enables an optimal design
of the installed power and the energy storage for the desired reliability in the system supply (a LOLP
around 2%).
The use of renewable energy sources, such as solar energy, is one of the keys to improving energy
sustainability. However, the intermittent nature of these sources and their difficult management
are great disadvantages for their use. To improve these aspects, energy storage systems are used.
As demonstrated in this paper, if the design of renewable energy facilities is not carried out with
appropriate criteria, supply interruption periods may be inadmissible. Very few consumers would
be willing to rely on energy systems that cause frequent interruptions. The article demonstrates that
a design based on reliability parameters is possible, providing higher security to users and improving
their confidence in these sustainable energy systems.
The obtained results can also be useful to guide the design of new installations in the same
geographical area. In addition, the presented analysis method enables to draw conclusions about the
modifications needed in a facility in which the admissible reliability criteria are not met. The results
prove which measures will be more effective to improve reliability: increase batteries capacity, installed
peak power or both at once. Without this kind of analysis, some extensions of facilities could be
ineffective, have a very low impact or represent a very high and unjustified cost.
The presented case study and the discussion of the results show that in this type of stand-alone
systems there are situations of lack of energy as well as moments with ENU due to an excess of
generation. The diversity of consumers and their energy systems suggests studying the creation of
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small microgrids formed by several facilities such as the one described in this paper, interconnected by
the grid, so that these facilities can be supported by energy transfers between them. Reliability analysis
of these small communities linked in microgrids is now an objective for future research of the authors.
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Abbreviations
AC
BC
DC
DN
Eb
Ed
E1
ENU
FOI
GCS
HRES
LOEE
LOLP
LOLE
LOPE
MCS
nc
Pd (t)
Pd(peak)
PNU
PVpeak
PS (t)
PV
Qb
SAPV
SOC
SOCmax
SOCmin
TTF
TTR
λb
λc
λi
ηb
ηc
ηd

alternating current
battery controller
direct current
distribution network
energy contributed by the battery
daily energy consumption
excess energy produced by the photovoltaic panels
energy not used
frequency of interruptions
generating capacity sequence
hybrid renewable energy systems
loss of energy expectation index
loss of load probability index
loss of load expectation index
loss of power expectation index
Monte Carlo simulation
consecutive cloudy days
instantaneous power demand
maximum demanded power
power not used
rated power installed in the photovoltaic panels
power produced by the photovoltaic array
photovoltaic array generation system
battery capacity
stand-alone photovoltaic system
state of charge of battery
maximum admissible value of SOC
minimum admissible value of SOC
time to failure
time to repair
battery failure rate per year
photovoltaic panel array and battery controller failure rate per year
inverter failure rate per year
li-ion battery efficiency
battery charging efficiency
battery discharging efficiency
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