
This is an electronic reprint of the original article.
This reprint may differ from the original in pagination and typographic detail.

Powered by TCPDF (www.tcpdf.org)

This material is protected by copyright and other intellectual property rights, and duplication or sale of all or 
part of any of the repository collections is not permitted, except that material may be duplicated by you for 
your research use or educational purposes in electronic or print form. You must obtain permission for any 
other use. Electronic or print copies may not be offered, whether for sale or otherwise to anyone who is not 
an authorised user.

Vehviläinen, Iivo
Joint assessment of generation adequacy with intermittent renewables and hydro storage: A
case study in Finland

Published in:
Electric Power Systems Research

DOI:
10.1016/j.epsr.2021.107385

Published: 01/10/2021

Document Version
Publisher's PDF, also known as Version of record

Published under the following license:
CC BY

Please cite the original version:
Vehviläinen, I. (2021). Joint assessment of generation adequacy with intermittent renewables and hydro storage:
A case study in Finland. Electric Power Systems Research, 199, [107385].
https://doi.org/10.1016/j.epsr.2021.107385

https://doi.org/10.1016/j.epsr.2021.107385
https://doi.org/10.1016/j.epsr.2021.107385


Electric Power Systems Research 199 (2021) 107385

Available online 28 May 2021
0378-7796/© 2021 The Author(s). Published by Elsevier B.V. This is an open access article under the CC BY license (http://creativecommons.org/licenses/by/4.0/).

Joint assessment of generation adequacy with intermittent renewables and 
hydro storage: A case study in Finland 

Iivo Vehviläinen a,b 
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A B S T R A C T   

Large-scale entry of intermittent renewables needs to be balanced with a source of flexibility to retain generation 
adequacy. Storage offers such flexibility but sufficient capacities are currently available only indirectly via hy-
dropower reservoirs. Yet hydropower is not insulated from adequacy concerns because reservoir levels also 
depend on the weather. This paper shows how to estimate the availability of intermittent renewables and long- 
term hydro storage from historic data with the use of modern regression techniques. The novelty of the paper is 
to introduce a robust methodology to add the estimated availability distributions directly to the computationally 
light and transparent recursive convolution approach; and the principles extend to other computational methods. 
An application to the Finnish power system makes it clear how both the short-term availability shocks from 
intermittent renewables and the long-term shocks from hydropower availability should be properly accounted 
for to avoid misguided generation adequacy estimates.   

1. Introduction 

One of the prominent ways to reduce greenhouse gases from power 
generation is the increase of renewables, solar and wind power in 
particular. An obvious source of counterbalance to the intermittency of 
such renewables is storage, in the future more in the form of batteries 
and other new technologies but currently available in large-scale ap-
plications as hydropower, see e.g. [1]. However, hydropower is not 
immune to availability problems of a different nature: While hydro is a 
flexible resource when there is water, droughts and other deviations 
from the expected inflows can lead to empty reservoirs that are of little 
use in the times of need. Indeed, evidence on the potential impacts of 
droughts to long-term generation adequacy is currently emerging [2–4]. 
As the importance of renewables in the power systems grows, it is time 
to revisit the following question: How should generation adequacy be 
measured in power systems with high shares of intermittent renewables 
and hydropower? 

The literature for calculating the effects of intermittent renewables to 
generation adequacy is well established (e.g. [5,6]), with three broad 
categories of approaches. First, the intermittent generation can be sub-
tracted from the load and the generation adequacy of the dispatchable 
units is measured against the residual load thus obtained [7], a practical 
approach but with potentially limited ability for statistical inference on 

the underlying distributions. The second approach is to determine a 
fixed capacity value for the resource [8,9]. This leads to decreasing 
capacity value for the intermittent generation as its amount in the sys-
tem increases, putting the burden of adequacy solely to the entrants, not 
the incumbents. The third approach is to use Monte Carlo simulations, 
an approach that is particularly suitable to handle the uncertainties of 
intermittent renewables (starting from [10], more modern takes are e.g. 
[11,12]). Simulation models are greatly improving, as in Tindemans and 
Strbac [13], but they may still appear as “black boxes” e.g. to regulators 
and they can be demanding to set up and operate in complex and rapidly 
evolving power systems; leading to a search for alternative approaches, 
e.g. [14]. 

This paper offers a tractable and computationally light approach to 
quantifying the simultaneous contribution of intermittent renewables 
and hydropower to generation adequacy. The emphasis is on the sound 
use of historic data as it is well-known that the precise form of distri-
bution used in the analysis can have significant impacts on the outcomes 
[15,16]. This new methodology is made possible because historic data 
from intermittent renewables starts to be available in statistically long 
enough time periods and also because modern estimation techinques, 
such as kernel estimation and regression discontinuity design, allow for 
the proper analysis of such highly nonlinear data. The approach uses 
recursive convolution approach for traditional generation units, a well 
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established approach since the early work in Baleriaux et al. [17], Booth 
[18], Bloom [19], Schenk et al. [20], but the novelty is to estimate the 
availability distributions of correlated renewable generation from data 
and include them directly to the convolution. The new ideas of esti-
mating conditional distributions for each type of renewable generation 
separately can be equally well used in other approaches, e.g. in Monte 
Carlo type simulations to reduce sampling times. 

The purpose of the paper is not a full treatment of the generation and 
transmission system reliability estimation (such as [21]), but to add to 
the understanding of how the stochasticity of renewables can be 
accounted for in adequacy estimates. The results from an application in 
Finland show that precise handling of uncertainty can reveal both pos-
itive and negative surprises in the estimates of the available generation, 
a finding that should be taken into account regardless of the exact 
methodology to calculate the adequacy measures. The Finnish case is 
also instructive because the share of renewables is already relatively 
high and because the continued delay in the construction of the Olki-
luoto 3 nuclear power plant has exposed the country to generation ad-
equacy concerns. 

2. Methodology 

2.1. Loss of Load Expectation 

Although there are several metrics for generation adequacy, one that 
is widely adopted in the determination of the system reserves is Loss Of 
Load Expectation (LOLE) that measures the expected time during a year 
in which the available generation is insufficient to meet demand. The 
exact definition of LOLE varies, but here we follow the definition from 
the UK [22]: “LOLE represents the number of hours per annum in which, 
over the long-term, it is statistically expected that supply will not meet 
demand”. In precise terms, such LOLE value for a given year is defined 
by the expectation 

LOLE = E

[
∑

t∈T

H(Lt − Gt)

]

(1)  

where Lt is load and Gt is the available generation in hour t, T are the 
hours in a year and H(x) is the Heaviside step function 

H(x) =
{

0 when x < 0
1 when x > 0. (2)  

Formally, load Lt and generation Gt are random variables defined by 
probability distributions in a probability space (Ω,F ,P). Here Ω is a set, 
F is a σ-algebra in Ω, and P is a probability measure defined on F that 
is used to calculate the expectations. Other reliability metrics can be 
obtained by changing the test function H(x). 

It is illustrative to start with the calculation of the LOLE value for 
conventional generation units: Take a set of generation units, i ∈ 1,…,m, 
with maximum generation capacities ki. At some given time, the output, 
qi ∈ [0,ki], from a generation unit i is defined by a cumulative distribu-
tion function Fi(x) as follows: 

Fi(x) = 1 − P[qi ≤ x] = P[qi > x],

i.e. the probability of output from plant i exceeding a capacity level x. 
Similarly, the joint distribution of available generation capacity for the 
whole fleet is given by 

F(x) = P

[
∑

i
qi > x

]

.

The tried and true Booth–Baleriaux approach uses a discrete 
approximation of F(x) in order to implement a computable algorithm for 
calculating the adequacy measures. The support of the discrete distri-
bution starts at capacity x = 0 MW and ends at the sum of all capacities 

ki with some freely selectable discretization interval, e.g. 1 MW. The 
recursive convolution computes an exact discrete equivalent to F(x), 
denoted by F̃(x), as follows: First the algorithm is initialized with 
F̃0(0) = 1 and F̃0(x> 0) = 0. Then all generating units i are added one 
by one using the formula 

F̃i(x) = πiF̃i− 1(x) + (1 − πi)F̃i− 1(x − ki),

where πi is the availability of the generating unit i to be added, ki is the 
capacity of the unit, and ̃Fi(x) then gives the joint availability of the units 
1,…,i. The units can be added in any order. After all the units have been 
convolved, the end results F̃m(x) = F̃(x) is exact discrete approximation 
of F(x), see [17,18]. 

In general it is no longer true that the availability of generation is 
independent between the generating units: for example for a wind plant, 
the availability correlates strongly across localities (see e.g. [23,24]). 
Hence, for a set of generating units S whose availability is interde-
pendent, it is useful to first determine the joint availability distribution, 
denoted by FS (x). The joint distribution of all available generation can 
then be obtained through convolution of the discrete approximation 
F̃S (x) with the joint distribution of the traditional generation units ̃F(x). 
Exactly the same approach can be used for all generation technologies 
for which the available generation from individual plants is not inde-
pendent, such as solar and wind power or hydropower. The distribution 
of available renewable energy generation is something that can be 
estimated from data (like in this paper) or modeled through simulation 
(e.g. [25]). 

This paper extends the above convolution directly to other genera-
tion types, through systematic steps depicted in Fig. 1. In Step 1, data is 
used to estimate the distribution of load during peak periods. Step 2 is 
the convolution of the conventional generation assets using the Boot-
h–Baleriaux method, as described above. Steps 3 and 4 estimate the joint 
distributions of hydro and intermittent generation. As a result, the 
reliability measures can then be calculated from the distribution of load 
and the joint distribution of generation in Step 5. 

The exact implementation of the approach in Fig. 1 is bound to be 
dependent on the specifics of the power system in question. The 
remainder of the paper is used to demonstrate explicitly what assump-
tions will be needed for the practical implementation of the methodol-
ogy. There are two novel stages to be considered: First, how should the 
different generation technologies and load be modeled and second, how 
should the dependencies between the variables and the time dimen-
sionality be dealt with. 

2.2. Characterization of technologies 

Thermal plants are the traditional generation units whose contribu-
tion to generation availability is in the staple adequacy models consid-
ered to be dependent only on the plant being technically functional 
during peak times. Also here the use of convolution builds on an 
assumption of independence, i.e. the availability of generation from a 
unit i is independent on the availability of generation from a unit j ∕= i. 

It is however the case that the availabilities of the traditional gen-
eration units can be dependent on some underlying factors that break 
the independence assumption. Condensing power technologies, 
including nuclear power, have higher efficiency when the temperature 
of the cooling water is lower, and vice versa high temperatures can 
reduce the generation output. In addition, fuel availability can be a 
source of common shocks, for example through vulnerabilities in the gas 
infrastructure or logistics challenges in coal and oil transports during 
high demand. Such dependencies are ignored in the following, but the 
tools presented here can be extended to cover such eventualities, e.g. by 
conditioning the reliabilities on temperatures in a similar manner as 
elaborated below for the other technologies. 

For renewables and other directly weather dependent generation 
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technologies, the availability is affected by the following technology 
specific considerations:  

1. Intermittent solar and wind generation depend on the amount of 
solar radiation, temperatures, and wind which are dependent on the 
climatic conditions, captured by a vector of current weather variants, 
ωt. 

2. Availability of hydropower generation is dependent on the avail-
ability of water in the hydro reservoirs, a vector st , taking into ac-
count the possibility of the reservoir level being dependent on the 
season of the year. The amount of water stored in reservoirs affects 
generation availability as the low water levels reduce the head, i.e. 
the height of the fall from the reservoir to the turbine, and this re-
duces directly the available generation capacity.1 In addition, hy-
dropower generation from run-of-river type plants is based on the 
amount of current inflows that depend on the weather ωt. 

3. Available output from Combined Heat and Power (CHP) plants de-
pends on the heat load. In district heating CHP plants the heat load is 
further dependent on outside temperature or in more generality on 
the weather ωt . In industrial CHP units the heat load is determined by 
the underlying economic activity, αt. 

In all technologies the availability is further affected by planned and 
unplanned outages that occur with a technology and plant specific dis-
tributions. Here, the availabilities are modelled simply as either fully 
available or unavailable, but the method extends to inclusion of derated 
states. The availabilities are captured by a vector π. For example a value 
of πi = 0.99 means that the unit i is available with a 99% probability and 
thus the forced outage rate (FOR) is 1%. 

Load Lt is often characterized by relatively stable consumption pat-
terns over the course of a year, a week (workday vs. weekends and 
holidays), and a day (night vs. day). In addition, there is variation that 
results from changes in outside temperatures, and perhaps other 
weather variants, captured by ωt, and longer-term variation that is due 
to economic activity, all of these are captured by a vector αt. 

2.3. Conditional independence 

In theory, supply deficiency can occur at any time of the year, but in 
practice the power system specific conditions usually define a more 
constrained period of potential scarcity when the demand can be ex-
pected to be the highest. Typically in colder climates it is the winter-time 

heating that sets the peak load, whereas in warm climates it is the 
cooling needs of the summer. For the purposes of measuring the gen-
eration adequacy, it is therefore sufficient to consider the expectation in 
Eq. (1) conditional only to the Peak Load period. However, here we 
depart from the general analysis of the different contingencies that may 
affect the overall reliability of the power system outside the Peak Load 
periods in ways that the straightforward generation adequacy measure 
cannot capture. 

Given the above technology specific characterizations, the explicit 
form of the generation is given by 

Gt = g(πt,ωt, st, αt, t)

where πt is a vector of the plant and technology specific probabilities of 
outages, ωt is a vector of weather variants, st is a vector of hydropower 
reservoir levels, αt captures the industrial and consumer activity, and 
time t any left-over seasonal effects. Similarly, for load 

Lt = l(ωt,αt, t).

Combining the above functional forms for the load and generation 
with the definition of LOLE in Eq. (1) gives 

LOLE = E[H(l(ωt,αt) − g(ωt, st, αt, πt))|t = peak] (3) 

It is the expectation in Eq. (3) that is computed through the convo-
lution approach shown in Fig. 1. The key requirement for being able to 
separately estimate traditional units, hydropower, and intermittent 
generation is that the availability distributions are independent, and 
thereby the generation from each technology doesn’t depend on the 
same input variants. Because the expectations are taken conditional to it 
being a peak period, this requirement is less stringent than it would be in 
general. Following considerations provide a general guideline on the 
two broad categories of assumptions that can be made. 

First, if the peak load is driven by temperatures, then generation 
adequacy can be conditioned for the extreme temperatures. In partic-
ular, the same weather patterns that control temperatures may well 
affect solar and wind generation. The extreme temperatures may also in 
some cases affect the outage rates of the power plants, in which case the 
peak load specific rates should be used. A more technology specific note 
is that the dependencies between CHP generation and load are some-
what redundant in cold climates where district heating CHP is mostly 
used. When the load peaks because of cold weather then the heating 
needs for district heating CHP are also the greatest. 

Second, the peak load periods can often be timed to a specific season. 
For example, in the Nordic countries the peak load always coincides 
with a cold spell that can only occur during the winter. Similarly, in 
California and many other U.S. states the peak load always occurs during 
a heat wave in the summer. The season of the peak load period can be 
used to condition the availability of other generation types, taking into 

Fig. 1. High level flow diagram of the key steps and data used in the methodology. Symbol “C” denotes convolution both between the individual power plants in Step 
2 and between the results from Steps 2–4. The order of Steps 2–4 doesn’t matter for the outcome. Additional independent distributions can be convolved after Step 4, 
for example solar and wind could be based on two different distributions. 

1 See e.g. [26] for an excellent early discussion. There may be additional 
effects in a river system with cascading hydropower stations, where the low 
storage levels may reduce the flexibility to operate the combined output from 
the plants. 
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account e.g. maintenance patterns, other seasonal variation, and in the 
case of hydro storage, the availability of water in the reservoirs that is 
dependent on the season of the year. 

These assumptions are sufficient to guarantee the independence of 
the intermittent renewables, hydropower, and traditional thermal gen-
eration units, conditional to the Peak Load period. It is thereby possible 
to convolve the joint distributions of intermittent renewables and hy-
dropower to the result from the convolution of thermal units. The 
approach is next demonstrated in the Finnish context for wind power 
and hydropower, but the same steps could be carried out e.g. in Cali-
fornia with solar, wind, and hydropower. 

3. Application 

3.1. Conditioning on the Peak Load 

Finnish consumption is driven by temperature dependent electric 
heating, industrial load, and strongly time dependent other load. Peak 
Loads occur during daytime in weekdays when the temperature is at its 
lowest (see Fig. 2). Note that the dependency of load to temperatures 
weakens in very cold temperatures, this may be due to some heating 
load running at maximum capacity already earlier and the use of sup-
plementary heat sources, such as wood stoves that are common in de-
tached housing. Also, the load here includes all demand response that 
may be in effect. 

While it is possible for generation adequacy problems to arise during 
other times of the year, these are much more unlikely. In Finland, con-
ditioning the Peak Load period as the time of the year when temperature 
at some point in history has been below − 18∘ Celsius,2 the potential 
effect from times outside so defined Peak Load period to generation 
adequacy is negligible, see Fig. 3 for an illustration. The historical peak 
load thus far is 15,149 MWh/h. The highest demand outside the Peak 
Load period has been 14,155 MWh/h in 2010–2018 (the period for 
which there is comprehensive hourly data). During the same years, there 
are 30 days in the Peak Load periods where the demand has been on a 
higher level. The peak load used in the LOLE calculations is determined 
using a linear relationship between temperature and load that is esti-
mated from data where temperature is below − 10∘ Celsius and the 
historic temperature data from 1981–2010, i.e. what is commonly used 
as the long-term average climate. 

The methodological assumption when generation adequacy is 
measured against load is that the consumption patterns do not change in 

times of scarcity. In practice, market prices will increase during peak 
times and new technologies may make the load more price dependent. 
Indeed, demand response and battery storage are an often cited remedy 
for the intermittency of renewables. A common assumption would be 
that market price steering should direct the use of these resources to the 
times of scarcity so that they can alleviate the adequacy issues. However, 
the remedies that these technologies may bring are so far constrained to 
the short-term as shifting energy over days or weeks is still prohibitively 
expensive with current technologies. 

3.2. Wind power 

Output from wind power is dependent on the prevailing climatic 
conditions, but in a way that is highly nonlinear. Fig. 4 shows wind 
output measured in capacity ratios, i.e. the amount of wind generation at 
a given time divided by the capacity built at that time, as a function of 
temperature. The amount of wind power capacity has increased mark-
edly during the data period; in the beginning of 2010 Finland had 141 
MW of wind power that grew to 634 MW by the end of 2014 and then at 
a faster pace to 2049 MW by the end of 2018. As a result, also the mean 
capacity ratios increase over time: Newer wind power plants are taller 
and equipped with better technology, this leads to more stable wind 
conditions and higher capacity utilization. Importantly, the installed 
wind power fleet becomes also geographically more dispersed as new 
capacity is installed to new locations, again resulting as a higher 
nationwide capacity ratio. Using only raw wind output data would not 
allow to disentangle such effects. Note also that capacity ratios thus 
obtained include the effect of unavailabilities due to forced outages. 

Fig. 2. Peak hourly load during each day as a function of mean daily tem-
perature. Data from 01/2010–12/2018, excluding Sundays and holidays. 
Temperature here and throughout is measured simply in the capital, Helsinki 
[27,28]. 

Fig. 3. The upper tail of the histogram of daily peak loads during Peak Load 
period (Peak = TRUE) and other times (Peak = FALSE). Daily data (excl. 
Sundays and holidays) in 2010–2018 [28]. 

Fig. 4. Capacity ratio measures the share of wind output from installed ca-
pacity. The smoothed lines are the mean ratios as a function of temperature 
from two data periods, 2010–2014 (bottom line) and 2015–2018 (upper line) 
(Data from [28,29]). 2 This has occurred between weeks 51–8 at some point in 1959–2018. 
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The interest here lies in the distribution of wind output during the 
highest demand, i.e. the lowest temperatures. Because the availability of 
wind is increasing in temperatures below zero, the average effect of 
wind to generation adequacy cannot be lower outside the peak period 
than within the peak times. Fig. 5 shows the estimated cumulative dis-
tribution function for wind power output during the cold period.3 Mean 
capacity ratio is 19.6%, and the 95% confidence interval for the capacity 
ratio is [0.02,0.61]. Notably, the mean capacity ratio has increased from 
15% in 2010–2014 to 22% in 2015–2018. Because the time periods are 
still relatively short, a part of the effect may come from variation in local 
wind conditions over the years, i.e. some years being more windy than 
others, that is not controlled. 

3.3. Hydropower 

Hydropower generation can be run-of-river type or the inflows can 
be controllable by dams. The controllable part of hydropower genera-
tion is dependent on how much water is available in the reservoirs that 
supply hydroelectric plants. If the reservoir level is close to the minimum 
level, output becomes restricted either because the reservoir becomes 
truly empty or the water level gets close to the limits set by environ-
mental regulation. Also, head, i.e. the vertical drop from the surface of 
the reservoir, is reduced when there is less water, affecting output. The 
availability of hydropower is therefore conditional on the available 
storage, on top of which there is random variation from the run-of-river 
plants and other factors. 

Fig. 6 depicts the peak output of the aggregated hydropower gen-
eration in Finland as a function of the storage level during the Peak Load 
period based on the 2010–2018 data. Because the total hydropower 
stock is divided to many small reservoirs, the availability of hydropower 
may become constrained relatively early if one only looks at the 
aggregate level data. A regression discontinuity analysis suggests that 
low reservoirs affect the hydropower generation up to a cutoff point at 
around 2980 GWh. Notice also that the estimation from data will result 
in a capacity value that incorporates the unavailabilities of the plants. 

Table 1 documents the effect of storage to peak hydro output on both 
sides of the cutoff from the historical data. Below the threshold an in-
crease of storage by 100 MWh yields an increase of 36 MWh/h in the 
available peak hydropower output capacity. Above the cutoff point 
there is no significant increase in maximum hydro output even if 

reservoir levels increase. 
The relationship between reservoir level and peak hydro output 

enables formation of a storage dependent distribution for the peak hy-
dropower output. Fig. 7 shows the estimated distribution of the peak 
hydropower based on the regression model in Table 1 and historical 
storage data from 2001–2018. Because the output from run-of-river type 
plants is stochastic for any given storage level, the distribution includes 
a sample of normally distributed deviants around the mean outputs. 
Note that the probability distribution includes the average effect of 
unavailabilities due to technical outages. 

3.4. Other power plants and interconnections 

The disposition of thermal generation here is standard, but a few 

Fig. 5. Cumulative distribution function of wind power capacity ratio from the 
kernel estimate (smooth line), and the cumulative distributions from data in 
2010–2014 (left step graph) and in 2015–2018 (right step graph). 

Fig. 6. Aggregated weekly peak hydro output against aggregated storage level 
in 2010–2018. Storage is measured as the energy content of the water stored in 
the reservoir (Data from [28,30], storage values are further based on a hy-
drological model by the Finnish Environmental Institute). 

Table 1 
Regression of hydropower below threshold limit in column (1) and above limit 
in column (2). Data from 2010–2018.   

(1) (2) 
Storage 0.36∗∗∗ (0.07)  0.04 (0.05) 
Constant 1316.13∗∗∗ (177.06)  2330.74∗∗∗ (182.81)  
Observations 29 60 
R2  0.47 0.01 

Adjusted R2  0.46 0.01 

F Statistic 24.41∗∗∗ (df = 1; 27)  0.67 (df = 1; 58) 

Note: ∗p < 0.1; ∗∗p < 0.05; ∗∗∗p < 0.01. 

Fig. 7. The estimated distribution of peak hydropower output (solid line) based 
on the storage level during the Peak Load period in 2001–2018, and the cu-
mulative distribution from data 2010–2018 (step graph). 

3 To increase the statistical robustness, the cold period data includes all ob-
servations below − 10∘ Celsius. The estimation results are not statistically 
different from those obtained by using only the data from the Peak Load period 
( − 18 ∘C). 
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remarks are in order to clarify how the handling of the dispatchable 
units is different from the renewables. First, the availability of renew-
ables is driven by variation in weather. Because the marginal costs of 
renewables are lower than the cost of dispatchable units, during Peak 
Load they can be expected to be fully utilized to the extent possible, and 
their contribution to generation adequacy can be readily estimated from 
data. In contrast, thermal units are dispatched against market prices, 
and it is almost always the case that the prices are insufficient to have 
the whole fleet wanting to enter the market. Hence, the availability of 
thermal units cannot be estimated solely from the historic production 
data as it was the case for renewables. This is particularly true for 
condensing power. Compared to other generation forms, conventional 
coal, gas, or bio fired condensing power plants have higher degree of 
flexibility in choosing when to operate. The decisions are made on the 
basis of market prices and out of pocket costs, constrained only by the 
technical availability of the plants. 

A second observation is that at the same time when renewables have 
increased, the thermal capacities have declined, as shown in Finland in 
Fig. 8. Generation availability from thermal units is obviously deter-
mined based on how many unit are in use in actuality. For example in 
the Finnish case, although the regulator maintains a power plant reg-
istry, it may be the case that the plants on the list are no longer in day-to- 
day operational condition. Without any further source of private infor-
mation on the condition of the plants, the LOLE estimation of this paper 
uses the latest registry data from the regulator. The unavailabilities of 
the plants are set based on engineering estimates that depend on the type 
of fuel used, from 2.2% for e.g. industrial process residuals and peat to 
4.2% for coal and waste [31]. 

The Finnish power system is not an island but heavily connected to 
the neighbouring regions. Available interconnection capacity is depen-
dent on the technical availability of transmission lines and on the 
simultaneous availability of capacity on the other end of the trans-
mission line. The technical availabilities of cable connections are on a 
high level, for land-based lines 99.9% and for the more sensitive sea 
cables 96.2%.4 Then the constraining factor for transmission availability 
comes from the generation adequacy in the exporting regions. These are 
set based on engineering estimates that range from 2% to 6%, depending 
on the cable [32]. 

3.5. LOLE estimates 

The final step in building up the generation adequacy measure is to 
form the joint probability distribution that is needed to calculate the 
LOLE estimate in Eq. (3). Because wind power, hydropower and thermal 
generation are assumed to be independent, their respective availability 

distributions can be added up by convolution. Fig. 9 shows the impact of 
steps to the probability of available peak capacity. The shape of the 
hydropower distribution is relatively similar to the fleet of thermal 
generators and the addition to available peak capacity is almost the 
same across the range. On the other hand, high wind output is relatively 
unlikely which leads to a larger change in the distribution at low 
probabilities and smaller impact at high probabilities. 

Table 2 demonstrates the differences that the choice of methodology 
and assumptions can make to LOLE estimates. All models include the 
thermal plants and interconnections with the estimated capacity values; 
the models vary depending on how hydro and wind power are included. 
Column (1) shows the LOLE estimate if hydro capacity is assigned a 
certain capacity at peak time and wind power has a capacity value of 
6%. In Column (2), hydropower is included using the estimated distri-
bution (see Fig. 7). In Column (3), wind power is included using the 
estimated distribution (see Fig. 5). The effect of improved capacity ratio 
of wind power is sizable: If the uncertain wind distribution is estimated 
only from 2010–2014 data, the LOLE value is 2.54 h, close to the 6% 
benchmark above. However, with more recent data from 2015–2018 the 
LOLE value would drop to 1.12 h. 

For comparison, the LOLE estimate made in 2016 for the Finnish 
Energy Authority is 0.36 h for the year 2019 [32]. The Energy Authority 
estimate beyond 2018 assumes the completion of Olkiluoto 3, which has 
not occurred in 2019, but if completed will reduce the LOLE estimates 
markedly. With calibration of model parameters to correspond the En-
ergy Authority report to the extent possible and using their more 
restricted time period for data (2006–2015), the comparable LOLE value 
using the approach presented here would be 0.21 h. 

4. Conclusions 

This paper presents a data-driven approach for the integration of 
intermittent renewable energy and hydropower to the traditional gen-
eration adequacy calculations. The approach is both transparent in its 
implementation and robust in its theoretical foundations; the model 
parameters are estimated directly from data and focusing on the 
essential characteristics of the adequacy problem allows for key 
simplifying assumptions. The method can be used to make practicable 
estimates on how changes in generation and load patterns impact gen-
eration adequacy, as measured by Loss of Load Expectation, with results 
that are comparable to the previously used approaches once the as-
sumptions are aligned. 

Rapid pace of energy transition is reshuffling the available genera-
tion mix with intermittent renewables taking the place of dispatchable 
fossil units. As the large-scale of entry of renewables to the power sys-
tems is bound to happen, it is the regulators and power system planners 
who stand in guard against weakening the system security too much 
during the transition. The generation adequacy methodology developed 
in this paper should offer prudent advice to help keep the lights on even 

Fig. 8. The maximum output by technology during each year.  

Fig. 9. The derated capacities for the thermal fleet (including in-
terconnections), and the impact of adding hydropower and wind power. 

4 Based on the market unavailability notices (UMMs) by the market operator 
Nord Pool in 05/2013–05/2016. 
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if the available technical savvy with those drafting the renewable sce-
narios is limited and full-scale analyses for every potential outcome are 
not practicable, as too often is the case even in power systems with well- 
established institutions. 
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