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ABSTRACT With an increasing share of wind power generation, it is crucial to analyze its availability
and effect on the reliability of power systems, to maintain a high level of security of supply. Moreover,
since the annual generation can vary greatly, long term analysis is required. Thus, this study examined
two independent methods for determining the capacity credit of wind power, considering a long period
of 18 years. The first method was a time-period-based capacity credit which only considered wind power
generation, and the second one a risk-based method, which analyzed the complete power system and its level
of reliability. Moreover, with the risk-based method, the analysis considered different installed capacities for
wind power and possible hydrogen storage coupled to thewind power. The results from the time-period-based
capacity credit determined, that 8.8% and 3.1% of wind power capacity can be expected the be available with
90% and 98% confidence levels, respectively. In addition, with the risk-based method, the ratio between
additional load that a system can supply by including wind power and installed wind capacity, decreased
from 14.5% to 4.3% when the wind capacity was increased from 5.68 GW to 30 GW. Moreover, coupling an
energy storage to the wind power generation improved its utilization and simultaneously the capacity credit
by 2.6-4.6 percentage points. Furthermore, to obtain these results, wind power generation was modeled
from 2004 to 2021.

INDEX TERMS Capacity credit, effective load carrying capability, wind power, hydrogen storage, power
system reliability.

I. INTRODUCTION
In the pursuit of reducing greenhouse gas emissions of their
electricity generation, nations are promoting the increase
of renewable generation technologies. Moreover, especially
solar photovoltaic (PV) and onshore wind power are one of
the cheapest generation technologies inmost markets [1]. The
International Energy Agency predicts that the yearly installed
wind power capacity will increase from 108 GW to 167 GW
globally by 2028 [2]. Nationally these increases can be even
greater; for example, in Finland the wind power capacity is
predicted to increase, by the national transmission system
operator (TSO) [3], to 18-23 GW by 2030, in a power system
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with a historical peak load of 15.1 GW, whereas in 2022 it
was 5677 MW.

As the availability of wind power is determined by the
availability of wind, its generation is undispatchable by
nature. Thus, when the share of wind generation increases,
it is crucial to assess its impact on the power system, to guar-
antee a high level of security of power supply also in the
future.

One widely used method for analyzing this reliability of
generation, is capacity credit (CC). Several studies have uti-
lized it as a metric in their analysis, although the definitions
for it vary. However, these definitions of the capacity credit
can be divided into two categories. The first one is a statisti-
cal, time-period-based approach, which examines how large
share of the generation is available a certain amount of time.
Thus, giving a minimum power generation capacity from a
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power source, which can be expected to be available at any
given moment with a certain level of confidence.

This method of the time-period-based capacity credit of
wind power has been, and still is, widely used by TSOs in
several countries, due to its low computational complexity
and use of real historical data [4]. In addition, it has been
examined in several studies. In [5], this method was used to
evaluate the capacity credit between years from 2005 to 2008,
using hourly wind power data from Nordel, a previous
umbrella organization for the TSOs in the Nordic countries.
It evaluated the capacity credit with the 90% confidence
value, considering several time frames: high-load periods,
seasonal periods, and whole years. They obtained values for
capacity credit between January and February, a high load
period, which were between 3% and 11%. Moreover, this
methodology has been utilized by several TSOs; the Cali-
fornian independent system operator analyzed a three year
period, and found the capacity credit of wind to be between
15 and 30% during peak load months [6], the Southwest
power pool applied this to a monthly analysis and found a
capacity credit around 10%, whereas the New York system
operator calculated capacity credits for summer and winter,
which were 17% and 30% respectively [4].

The second type of methodology to analyze the capacity
credit of wind is a risk-based approach, where wind power’s
impact on the Loss of Load Probability (LOLP) is studied.
The capacity credit is then defined as the additional load that
a power system can supply, once wind power is added to
the system, while maintaining the same level of reliability.
This approach estimates the Effective Load-Carrying Capa-
bility (ELCC) of a resource, by studying its effect on the
power system as a whole [7]. Several studies have utilized
this methodology, or a similar probabilistic one based on
a different metric, to examine the capacity credit of wind
power. Study [8] compared different interpretations of this
method and concluded that the capacity credit was affected
by the power system LOLE, higher CC with higher LOLE,
and found that higher capacity credit was achieved with
lower installed wind capacity. Likewise [9] concluded that the
CC decreased with increased installed wind power capacity.
In addition, this methodology has been used in [10], where
the CC of wind was between 19.2% and 0.5% depending on
the installed capacity, whereas in [11] an analysis consisting
of two wind parks found the CC of wind power to be between
32.4% and 19.5% with a wind penetration level from 2% to
20%. Large variation in CC was found in [12] too, which
utilized data from seven years, where the average CC of
onshore and offshore wind power were 16% and 41%, respec-
tively. A very high CC for wind, 66.7-68.5%, was presented
in [13] for low installed capacity in a low reliability power
system. In [14], the capacity credit of independent wind farms
was found greater compared to dependent wind farms, and
in [15] that the CC of multiple wind farms greater than
individual ones. In [16] and [17] hybrid renewable systems
and their capacity credits were examined, where [16] found

standalone systems to have a higher CC compared to grid
connected systems, and [17] that demand response improved
the CC.

In addition to the time period based method, [5] also
estimated the risk-based capacity credit for Finland, con-
sidering a 2000 MW wind power capacity. Three scenarios
were analyzed, considering the wind power capacity in other
Nordic countries, the availability of wind power in Finland,
and generation capacity of wind power. By the analysis the
risk-based CCwas found to be between 5% and 20%,whereas
the time-period-based CC was found to be between 3% and
11%. In addition, bothmethods were compared in [18], which
concluded that chronological methods are more useful for
system operators and probabilistic one for planning.

Furthermore, with the risk-based method there are studies
which have considered the combined capacity credit of wind
power and energy storage. For example, [19] found out that
coupling storage operations to wind power could increase
the capacity credit, whereas [20] found out that with stor-
age the capacity credit increased, and that the increasement
was greater with lower wind generation capacity. Moreover,
in [21] the combined capacity credit of wind, solar, and
energy storage was found to be greater than their individual
ones.

In summary, the capacity credit of wind power has been
studied by the time-period based method in [4], [5], and [6]
and with a risk-based method in [7], [8], [9], [10], [11],
[12], [13], [14], [15], [16], [17], including [12] with data
from seven years. Moreover, studies [5], with four-year data,
and [18] compared the two methodologies, and studies [19],
[20], [21] examined the combined CC of wind power and
a storage. However, to the authors’ knowledge, there are
no studies in current literature, which have analyzed the
capacity credit of wind power with a long time frame, while
considering the two different estimation approaches for the
CC. This is crucial to consider, as wind power generation
can have significant interannual variation in its generation,
affecting the CC, as later presented in the Results. Thus, the
novelty of this study is examining the capacity credit of wind
power for a period of 18 years, with two methodologies,
to provide robust results on the availability of wind power
and its effect on the power system’s reliability. In addition,
this study analyses the annual variation of the capacity credit
of wind powers, highlighting the necessity for research study-
ing a long time frame. Moreover, the effect of coupling an
energy storage to the wind power generation, and analyzing
their combined capacity credit is examined, considering the
same 18-year period, which furthers the knowledge in current
literature.

The rest of this study is formulated as follows. Section II
presents the materials and methods used to determine the
time-period-based and risk-based capacity credit evaluations,
as well as the storage analysis. Then, Section III will present
the results, and Section IV concludes the paper and discusses
the results.
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II. MATERIALS AND METHODS
A. WIND POWER MODEL
Electricity demand has been stagnant for the last twenty
years in Finland [22]. This means that a risk-based capac-
ity credit evaluation can be performed considering a static
wind power capacity through the years without losing tem-
poral consistency. Thus, this study focuses on the period
from 2004 to 2021.

To model the wind power generation, it is first necessary
to acquire the hourly wind speed data for locations that hold
significance from a wind power generation perspective. The
most relevant locations for wind power production are along
Finland’s west and south coast, where winds are usually
stronger and steadier [23], and where most of the exist-
ing wind power plants have been constructed. Hence, seven
coastal locations, to represent the wind generation close to
the largest wind farms in Finland, were chosen for the wind
speed measurements. From north to south, they were:

• Simo (65◦42’00‘‘N 25◦00’00’’E)
• Kalajoki (64◦18’00‘‘N 24◦12’00’’E)
• Kannus (64◦00’00‘‘N 24◦00’00’’E)
• Vaasa (63◦00’00‘‘N 22◦00’00’’E)
• Närpiö (62◦36’00‘‘N 21◦18’00’’E)
• Isojoki (62◦10’00‘‘N 21◦41’00’’E)
• Pori (61◦33’00‘‘N 21◦33’00’’E)
Moreover, an accurate model can only be constructed if

the wind speed datasets used are indicative of wind trends
at blade height. Most direct measurements of wind speed
are taken at around 10 meters above the ground, where the
interferences with the ground and nearby objects are large,
which results in inaccuracies when deriving the wind speeds
for typical wind turbine heights. Instead, Reanalysis datasets,
based on satellite observations and modelling data, were
utilized as they are generally more accurate compared to
extrapolation models [24], [25]. Several global reanalysis
and high-resolution models are available online. This article
used the Modern-Era Retrospective Analysis for Research
and Applications Version 2 (MERRA-2) [26] by NASA, one
of the most used in the industry.

From the Finnish Wind Power Association, data of every
installed wind turbine in Finland was available [27]. The
average hub height of the installed wind turbines, weighted
on their rated power, is 135 meters. The closest available
datasets provided hourly northward and eastward wind values
at 100 meters above the ground, from which it was possible
to derive the wind velocity (VW ) as:

VW =

√
V 2
E + V 2

N
̸ VW = arctan

(
VN
VE

)
(1)

Where (VE ) and (VN ) were the northward and eastward wind
values. With the wind speed data, an error function that
measured the difference between themodelled and real power
was created:

error = AVG

(√∑7

i=1
(xiP (Vi) − P22)2

)
(2)

Where (xi) represented the weighting coefficient and (vi) the
wind speeds for the seven locations, whereas (P22) was the
historical wind power generation during 2022. Starting from
equal weights xi = 1, a derivative-free, nonlinear program-
ming solver was used to minimize the mean squared error.
The solver produced a vector of weighting coefficients.

B. MODEL ASSESSMENT
This subsection evaluates the accuracy of the model. In Fig. 1
the duration curves of the modeled and actual wind gener-
ations during 2022 are presented. There it can be seen that
in the lower wind speed region, the modeled generation was
almost equal to the actual generation, while there was minor
error margin with higher wind speeds. In Fig. 2 and Fig. 3
the chronological output from the modeled and actual wind
generations are presented for two selected periods. In Fig. 2,
the model follows the actual generation well, whereas in
Fig. 3 the model’s trend is similar to the actual data, but with
an underestimation of the generated power. This difference is
due to the use of static weights in the model, which therefore
did not consider seasonal variations in the wind speeds. How-
ever, the error was mainly confined to the summer period and
thus, the effect on the risk-based capacity credit was minor.
Moreover, this uncertainty affected the risk-based capacity
credit more that the time-period-based, which was affected
negligibly, as its value is based on the analysis of the share
of low wind generation values of a selected period, which
accuracy was high, as presented in Fig. 1.

FIGURE 1. Duration curves for the modeled and real wind power
generation during 2022.

C. APPLICATION OF THE MODEL TO THE PERIOD OF
2004-2021
Since the model, formulated based on the year 2022, pro-
duced a reliable result, the seven weights found with the
derivative-free, nonlinear programming solver were used to
derive the power that would have been generated in the
period 2004-2021, if the 2022 wind turbine fleet had been
used. The average correlation between the real and modelled
wind generation was 91.2%, and the average RMSE 5.9%.
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FIGURE 2. Good correlation between predicted and real wind generation
data. For readability 400 hours were included.

FIGURE 3. Underestimations of wind speed and thus wind power
generation between predicted and real data, similar to [28]. For
readability 400 hours were included.

In addition, in Fig. 4 and Fig. 5 selected months from years
(2020 and 2018) are presented, where this good accuracy of
the modeled generation compared to the historical generation
is visualized. Note, that in the data presented in Fig. 4 and
Fig. 5, the generation capacity was adjusted to correspond to
the installed capacity of the respective year.

With the modeled wind power generation, the time-period-
based capacity credit could be evaluated for the years
from 2004 to 2021. The calculation method used to derive
the capacity credit in this chapter consists of finding the wind
power output that is exceeded 90%, 95%, 98% and 99% of the
time, and dividing it by the total installed wind capacity [5].

In this analysis, different capacity credit values were cal-
culated. Firstly, the capacity credit for the whole 18-year
period was calculated, in order to give a single summariz-
ing value for reference. To obtain it, the duration curve of
wind power generation over the total 18-year interval was
created. Then, the elements corresponding to 90%, 95%, 98%
and 99% of the total time were found, and divided by the
installed capacity at the end of 2022, which was 5677 MW,
as also the generation was modeled to correspond to this
capacity. Secondly, the capacity credit for winter periods

FIGURE 4. Real and modeled wind power output in December 2018.

FIGURE 5. Real and modeled wind power output in December 2020.

was determined, as they are the most interesting periods to
investigate, to assess generation adequacy. The winter period
was considered to be each year from 1st of December to 28th
of February. In addition, as both the two previous calcula-
tions considered the average capacity credit over the 18-year
period, from 2004 to 2021, the capacity credit for each year
was also calculated, to observe its annual variation. Finally,
the top load hours were considered, namely the top 24 (day),
168 (week), 720 (month) and 1000 hours for every year,
of which the average was computed.

D. EFFECTIVE LOAD-CARRYING CAPABILITY EVALUATION
This subsection will present the methods implemented to cal-
culate loss of load probability, LOLP, loss of load expected,
LOLE, and finally Effective load-carrying capability, ELCC.
These metrics were utilized to determine the risk-based
capacity credit of wind power.

In addition, data of the power plants operating in the power
system were required. The Finnish Energy Authority [29]
provides a list of every power plant in operation in Fin-
land, which were used to construct the available generation
capacity. For each power plant category, the summed rated
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capacities, forced outage rates (FORs), and average duration
when unavailable [30] are presented in Table 1. In addition,
in Table 1 the same parameters are presented for the available
interconnection lines to neighboring countries.

TABLE 1. Total generation capacity and the forced outage rates, FORs,
by generation technology and interconnection lines in Finland [29], [30].

Unlike fossil-fueled and nuclear power plants, hydropower
plants must consider the availability of their primary
source, reservoir limitations, and the requirements for water
flow downstream from the plants. In Finland 45% of the
hydropower is run-of-river (ROR) hydro, which must be
operated directly according to the water inflow [31]. Thus,
45% of the water inflow to hydropower plants was utilized
for ROR hydropower and 55% to flexible hydropower con-
nected to reservoirs. For the total inflow, a median value
from 1978 to 2014 was utilized, with an annual energy of
11.3 TWh [32]. Moreover, for mitigating the computational
burden related to the available capacity from hydropower, the
water inflow to RORhydro, and consequently the RORgener-
ation, wasmodeledwith three states in this study, namely 405,
1350 and 2100 MW, as presented in Fig. 6. Furthermore, for
the same periods, the maximum capacity of hydropower was
based on historical generation data between years 2010 and
2021, as 2541, 2445, and 2502 MW [33]. The flexible capac-
ity of hydro power was thus the difference between the total
and ROR capacity. In addition, for each hour the flexible
hydropower was operated either at its maximum capacity or
zero. This is visualized in Fig. 6, where the water inflow to
ROR and flexible hydro, modeled water inflow and modeled
ROR generation, and total hydropower capacity are presented
for a year.

The operation of the flexible hydropower was adapted
from [34], and optimized as in Eq. 3-9.

Min
∑T

t=1
Pdeficitt +

(∑T

t=1

Pexcesst

Pdemandt

)
ε (3)

s.t

Pdemandt = Pfixedt + Phydroflext + Pdeficitt − Pexcesst (4)

Phydroflext = Phydroflexcapacityt · bt (5)

SoChydro
t = SoChydrostart

t , t = 1 (6)

SoChydro
t = SoChydro

t−1 + Inflowhydroflext − Phydroflext , t > 1
(7)

FIGURE 6. The median water inflow to ROR hydropower, modeled water
inflow to ROR hydro, and total hydro power capacity [31], [32], [33], [34].

0.05 · SoChydromax
≤ SoChydro

t ≤ SoChydromax (8)

0.99 · SoChydromax
≤ SoChydro

t ≤ 1.01 · SoChydromax , t = T
(9)

where in the objective function the first term minimized the
power deficit, (Pdeficitt ), after all other available generators,
and the second term allocated the possible excess generation
from flexible hydropower to high demand hours. In addition,
(Pfixedt ) in Eq. 4 represented the thermal andRORhydropower
generation capacity, as well as wind power generation when it
was included. Eq. 5 used a binary variable bt to limit the flex-
ible hydro power, (Phydroflext ), to either its maximum or zero.
In Eq. 6 to 9 the hydropower reservoir, (SoChydro

t ), utilization
was constrained between its minimum andmaximum, and the
final reservoir level to within 1% of its starting value.

With the power plant capacities and forced outage rates,
a discrete numerical convolution process could be utilized,
which was adapted from [35]. By this process, a capacity out-
age probability table (COPT) was possible to be formulated,
which determines the probabilities to each generation outage
state, i.e., defines the probabilities that a certain capacity in
MW is on outage in a power system. Similar to [35], and
assuming an already initialized COPT, let

• P(X) = Cumulative probability of X MW or more on
outage for the existing table;

• P’(X) = Cumulative probability of X MW or more on
outage for the new table;

• q = Forced outage rate of the new power plant;
• p = Availability of the new power plant (1-q);
• C = Capacity of the new power plant.
Then, the cumulative probability of having XMW or more

on outage after the addition of a new power plant with capac-
ity C is [35]:

P′
= p · P (X) + q · P (X − C) (10)

The formula was initialized considering that there are
always at least 0 MW on outage [35]:

P (0) = P (< 0) = 1 (11)

For every other MW value, the outage probability was
initialized to 0 and then units are convolved using Eq. 10
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recursively, with a 1 MW step size. Moreover, each power
plant unit was assumed to operate by two-states.

This method yields to a Capacity Outage Probability Table,
which defines the probability of X MW or more on outage
at any given time. To compute the loss of load probabil-
ity, LOLP, for a given hour i, it is sufficient to find the
value corresponding to (Gi − Di) MW, where Gi and Di are
total generation and demand, respectively. Once the LOLP is
computed for every hour, the loss of load expected, LOLE,
is defined as the sum of LOLP for each time instant.

The effective load-carrying capacity, ELCC, of wind power
generation was found by carrying out these calculations
twice: first, by considering every power plant, except wind
power, and secondly considering all power generation plants,
including wind power as the generation time-series formu-
lated in the previous Section. The inclusion of the wind
power plants in the second calculationmade the power system
more reliable, by reducing the total Loss of Load Expectation
for the period under analysis. The ELCC was computed by
increasing the hourly load until the LOLE of the power sys-
tem with wind power equaled the LOLE of the power system
without wind power. The additional load that achieved this,
was the Effective Load Carrying Capability. Moreover, often
it is defined in relative terms, as was in this study, dividing the
additional load by the installed capacity of the wind power
plants.

Three reliability levels were studied with this method: two
cases with either maximum or zero interconnection capacity,
respectively. In addition, a realistic case was included where
the reliability of the system, defined with the LOLE, was
2.1 hours per year, by limiting the interconnection capacity,
in accordance with the government target [36].

E. FUTURE POWER SYSTEM
In the previous subsection, the capacity credit was defined
considering the power generation as it was at the end of 2022.
However, in the future it is likely that the generation capacity
of wind power is increased to even greater levels, and its share
of the power generation is increased. Moreover, this increase
could influence the reliability of the power system. Thus, the
capacity credit of wind power generation with increased gen-
eration capacities was further examined here. Furthermore,
to mitigate the challenges related to the intermittent nature
of wind generation and improve generation supply reliability,
an energy storage was additionally included in the analysis,
in combination with wind power.

Here the analysis considered a power system which, with-
out wind power generation and storage, had a LOLE of
2.1 h/year, representing a realistic system reliability. The
power system included the generation capacities as pre-
sented in Table 1. However, the interconnection capacity
was reduced to 63.5%, 2412 MW, of the rated capacity,
to obtain this realistic system reliability. The future con-
siderations aimed then to match this reliability with the
added wind generation, storage and load. The capacity credit

was defined and calculated similarly as in the previous
Section II-D, and considered the load and wind power gen-
eration from 2004 to 2021, as previously.

Firstly, only the capacity of installed wind power gen-
eration was increased. The selected increased capacity lev-
els were: 5677 MW (2022 capacity), 7000 MW (roughly
the 2023 capacity), 10000 MW, 15000 MW, 20000 MW,
30000 MW. The new generation profiles were obtained by
scaling the modeled wind power generation in Section II-C,
with a corresponding linear scaling factor. As the capacity
was increased the additional load, which was possible to
be supplied, maintaining the same LOLE of 2.1 h/year, and
the corresponding capacity credit were calculated for every
increase of wind power capacity, as in Section II-D.

Secondly, energy storage was considered, as a hydrogen
storage with a round-trip efficiency of 50% (from power to
power) [37], [38]. The energy capacity of the storage was
defined such that a larger storage would not have provided
any additional benefits, and such the operation was not lim-
ited by the storage capacity. That is, the energy capacity of the
storage was just enough to supply the required energy without
depleting the storage. The energy storage was coupled to
the wind power generation and was operated by a heuristic
algorithm, which functioned as follows; when the load at a
time instant was lower than the mean load, the excess wind
generation could be utilized to charge the storage, whereas
with load greater than the mean load the energy storage could
supply power to the grid. Thus, the energy storage aimed
to lower the difference between the load and wind power
generation, to increase the utilization of wind power and
hence improve the capacity credit.

Moreover, as the resulting energy capacity requirements
for the energy storagewere rather high, two cases with limited
energy storage capacities were also examined. In them, the
energy capacity of the storage was limited to 67% and 33% of
the capacities in the unrestricted case, for each increasement
of wind power generation. Thus, the additional load was
then recalculated to bring the LOLE of the power system to
2.1 h/year, and the capacity credit was determined.

III. RESULTS
This Section present the results of the capacity credit of wind
power calculated with the time-period-based method and the
risk-based method. Moreover, for the risk-based method a
combined capacity credit of wind power coupled to a hydro-
gen energy storage is presented.

A. TIME-PERIOD-BASED CAPACITY CREDIT
The time-period-based capacity credit considered solely the
wind power generation, and thus, the analysis was neither
affected by the rest of the power system, nor the load. With
this method, the capacity credit determined the share of
generation capacity which was available a certain share of
time. Several time-horizons were analyzed, to determine the
capacity credit in different situations. In addition, the time-
period-based capacity credit was analyzed during high load
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periods. First, the capacity credits for wind power for the
total 18-year period was found, considering the confidence
levels of 90%, 95%, 98%, and 99%, which are presented in
Table 2. This is a summary value for the total period, and thus
represents an average during the18 years.

TABLE 2. Time-period-based capacity credit for the total 18-year period
from 2004 to 2021.

As presented in Table 2, the capacity credit of wind power
during the total 18-year period, with the selected confidence
levels, was between 8.8% and 2%, meaning that 90% of
time, the wind power generation was greater than 8.8% of
its installed capacity, and 1% of the time the generation was
at most 2.0% of its installed capacity.

In addition, the capacity credit of wind power was exam-
ined for each year between 2004 and 2021, which are
presented in Table 3, to observe the yearly variations. Apart
from an unusually windy 2020, the annual variation from the
average, was always within ±20%. The average values are
slightly different compared to the analysis for the complete
period in Table 2, since they were calculated as the mean of
the capacity credit for every year, instead of values for the
whole period.

TABLE 3. Time-period-based capacity credit values for each year
from 2004 to 2021. In each column, the highest and lowest values are
highlighted.

Moreover, the same procedure was then carried out for
each winter, from December 1st to 28th of February, as it
represents the most critical period for the power system,
as then the load is the highest. The capacity credit values
during these periods are presented in Table 4, for the years
from 2005 to 2021, as for 2004 the data for winter period was
not complete.

There, two interesting notions were observed. Firstly, the
average values were notably higher compared to the annual
capacity credit values, especially the 95% and 98% ones,
where the relative increase was close to 50%. The posi-
tive correlation between the high demand, and low ambient
temperature, time-period and wind power generation can be
attributed to the increased density of cold air and the smoother
surface of snow-covered or frozen ground, permitting the
buildup of stronger winds [39]. Secondly, considering the
winter period, the annual variation from the average was
greater, as for some years it exceeded ±50%. Partly this was
affected by the inclusion of only three months for each year,
as random variations carried more weight. Nonetheless, this
showed that during some years wind production can be much
lower during winter, and then the electricity system could be
severely challenged, and further increasing the risk of load
shedding and increased price of electricity.

TABLE 4. Time-period-based capacity credit for wind power, for each
winter period between 2005 and 2021, from Dec. 1st to Feb. 28th. Values
for 2004 were not presented, as only part of the period would have been
included. In each column, the highest and lowest values are highlighted.

Lastly, an analysis of the top load hours was done, which
considered the wind generation during the selected hours,
based on the load during those hours. In other words, for
example the ‘Top 24 hours’, reflects the individual 24 hours
during which the load was the highest during the year. Then,
the wind generation corresponding to these hours was consid-
ered for the analysis. The same consideration was repeated
for 168, 720, and 1000 highest load hours, and the results
are presented in Table 5. Moreover, the consecutive time
period with the highest load was further analyzed for 24 and
168 hours, which are presented as ‘Top day’ and ‘Top week’
respectively, in Table 5. The values in Table 5, present the
mean values during the years between 2004 and 2021.

B. RISK-BASED CAPACITY CREDIT
The risk-based capacity credit was analyzed as presented in
Section II-C, and it determined how much additional load a
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TABLE 5. Time-period-based, capacity credit values for top load hours.
The analysis was carried out for every year, and the average is shown
here.

power system can supply, when including wind power, while
retaining the same level of reliability, which was measured as
the loss of load probability, LOLE, of the system. Then, the
value of the capacity credit was the additional load divided
by the installed capacity of wind power. Thus, the risk-based
capacity credit considers the complete power system, that is,
the probability that the power plants are in operation and the
varying system load. The examination was first conducted
with the same wind capacity as in 2022, and then considering
increased generation capacities for the future, and possible
energy storage. All analyses considered the 18-year period.

1) EXISTING POWER SYSTEM
Considering the installed capacity of wind during 2022,
5677 MW, three cases were studied here: one where the
rated interconnection capacity with neighboring countries
was assumed to be available, one with no interconnection
capacity, and one where the interconnection capacity was
limited to 63.5%of the rated capacity, to 2412MW, in order to
reach a LOLE of 2.1 h/year, which represents a power system
with a targeted reliability level.

The first analysis considered 3800 MW of interconnection
with neighboring countries, limited only by the possibility
of line faults, as in Table 1. With such a high generation
and interconnection capacity, the LOLE in the Finnish power
system, would be 0.37 hours per year, which is an extremely
strong and reliable power system. Then, the capacity credit of
wind power was 12.4%.

In the other extreme, where import capacity from abroad
was null, the generation system would be in great difficulty.
By this assumption, the LOLE rose to 19.5 hours per year, and
thus wind power would contribute more to the system relia-
bility, with a capacity credit of 15.8%. Lastly, considering the
restricted interconnection capacity to 2412 MW, resulted in a
power system with a LOLE of 2.1 hours per year. With this
interconnection capacity the capacity credit of wind power
became 14.5%.

These results are generally higher than the time-period-
based ones. This indicates a positive correlation between
wind power generation and load, as already seen for example
in [40] and [41].

2) FUTURE POWER SYSTEM
As presented in Section II-E, here the value of the capac-
ity credit of wind power was analyzed with increased

capacity levels, to examine future power system scenarios.
In addition, the coupling of an energy storage with wind
power was analyzed and their combined capacity credit
determined.

Here the power systemwas assumed to included 2412MW
of interconnection capacity to neighboring countries, which
results in a LOLE of 2.1 h/year, without wind power and
storage, with the historical load. As with previously, when
the wind power generation, and later storage, was included,
the load was increased to obtain a new power system with
a LOLE value of 2.1 h/year, to match the same level of
reliability. In Table 6, the impact of the generation capacity of
wind power on its capacity credit is presented. There it can be
noted that as the installed capacity of wind power increased,
the capacity credit of it decreased.

TABLE 6. Wind power capacity credit and the related additional load by
installed wind power capacity. In the Additional load column, the
percentage value in brackets is with respect to the peak load (15.1 GW).

Moreover, the combined capacity credit of wind power
and a hydrogen energy storage, which was coupled to the
operation of wind power, as presented in Section II-E, was
analyzed, which results are presented in Table 7. Then, the
capacity credit was defined as the share between the addi-
tional load possible to be supplied by the power system
and the summed capacity of wind power and storage output
power. The output power of the storage was the amount the
storage could supply power to the grid. Again, the reliability
of the power system with and without wind and storage was
2.1 h/year. Comparing the capacity credits with the hydrogen
storage coupled to wind power, it is clear that the storage
was able to increase the availability of wind power genera-
tion, as the capacity credit increased, when compared to the
respective amount of wind power, as in Table 6. However, the
trend was the same as with only wind power; with increased
amount of wind power generation capacity, the capacity
credit decreased. Moreover, with increased amount of wind
generation, the required capacity of the hydrogen storage
is greatly decreased, as wind generation was significantly
higher.

As presented in Table 7, when the capacity of the hydrogen
storage was not limited, but assumed such large that an addi-
tional capacity would not have provided additional benefits,
its size became rather large. Thus, two cases where the energy
capacity of the hydrogen storage was limited to 67% and
33% of the unrestricted capacities presented in Table 7 were
studied. The results, with these storage capacities, of the
combined capacity credit of wind generation and hydrogen
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TABLE 7. Capacity credit of wind power and unrestricted hydrogen
storage capacity. The system LOLE was 2.1 h/year.

TABLE 8. Capacity credit of wind power and hydrogen storage with
limited storage energy capacity. The system LOLE was 2.1 h/year.

storage by installed wind capacity are presented in Table 8.
As previously, the LOLE of the power system was 2.1 hour
per year.

With the limited energy capacities of the hydrogen storage,
the combined capacity credit of wind power and the hydrogen
storage decreased, compared to values with the unrestricted
storage in Table 7. However, these decreases were not huge,
and as they were achieved with notably smaller storage sizes,
limiting the storage could be beneficial.

Moreover, on a general level, when interpreting the results
for the risk-based capacity credit, it can be noted that the
additional load that the power system can adopt when adding
wind power was relatively small compared to the installed
capacity of wind power. Furthermore, as the installed capac-
ity of wind power increased, the share of additional load
that could be added decreased, as noted with the decreased
capacity credit. Including an energy storage coupled to the
wind power increased the capacity credit, i.e., the share
of the additional load that could be added to the sys-
tem, compared to the installed capacity of wind power and
energy storage output capacity. Moreover, it is good to note
that with the storage included, also the generation capac-
ity increased as the output power capacity of the energy
storage was able to supply power. However, the combined

capacity credit of wind and storage considered this, and
the capacity credit increased compared to not including a
storage.

IV. CONCLUSION AND DISCUSSION
In this study the capacity credit of wind power was examined
by two methodologies, the time-period-based and the risk-
based ones, considering data from 18 years from Finland.
Moreover, the effect of hydrogen energy storage coupled to
the wind power was analyzed.

With the time-period-based methodology, which only con-
sidered the wind power generation, the capacity credit of
wind power was 8.8%with a confidence level of 90% and 2%
with a confidence level of 99%. That is, 90% of time the wind
generation was greater than 8.8% of the installed capacity.
In addition, the capacity credit was analyzed for all years
separately, during the 18-year period, which presented that
the annual difference in the CC was at most 64% from year
to year, although between most years the variation was lower.
Nevertheless, this highlights the importance of considering a
long period for the analysis. Moreover, it was found that the
capacity credit was higher for winter period, i.e., the high load
period, compared to the complete years. This indicated that
there is a negative correlation between the wind generation
and ambient temperature.

For determining the risk-based capacity credit, the com-
plete power systemwas considered, including different power
plants and their forced outage rates, the power system load,
and the wind generation output. Then the capacity credit
was defined as the ratio between the additional load that the
system could supply and installed wind capacity, by adding
wind power generation, while maintaining the same level of
reliability as without the wind power and additional load,
measured by the LOLE. It was found that with the genera-
tion capacity in 2022, 5.68 GW, the capacity credit of wind
power was 14.5 %, with a system LOLE of 2.1 h/year. And
when the wind capacity was increased to 30 GW, the CC
decreased to 4.3%. This trend was similar as found in the pre-
vious studies presented in Section I. Moreover, the combined
capacity credit of a hydrogen energy storage coupled to the
wind power generation was also modeled. It was found that
including the storage improved the capacity credit, and with
a larger storage size the improvement was greater. However,
even with a reasonable storage size of 45 GWh, and 5.68 GW
of wind, the capacity credit increased from 14.5% to 16.1%
when including the storage.

Comparing the two methodologies, it can be noted that
their capacity credit values were somewhat different. How-
ever, as they were defined differently, this was anticipated.
Thus, instead of comparing them, they should be interpreted
to describe their results as they were defined; the time-period-
based as the share of generation capacity from wind power
that can be expected to be available a certain amount of time,
and the risk-based one as the additional load that can be
supplied by the power systemwhen including the wind power
generation. In addition, the risk-based CC decreased as the
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installed wind capacity increased and approached the values
obtained for the time-period-based capacity credit.

This study utilized modeled wind generation data based
on wind speed data from the Reanalysis dataset MERRA-2
as presented in Section II-A. Although the generation was
verified to correspond well to the historical generation, pre-
sented in Section II-B, including experimental measurement
data would provide further knowledge on the capacity credit.
In this study the scope was to obtain results from a long
time period for which the modeled wind generation was best
suited. However, the reader is directed to studies [5] and [21]
for further reading on the capacity credit with measured wind
generation data.
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