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Abstract: Analyzing the impact of climate variables into the operational planning processes is
essential for the robust implementation of a sustainable power system. This paper deals with the
modeling of the run-of-river hydropower production based on climate variables on the European
scale. A better understanding of future run-of-river generation patterns has important implications
for power systems with increasing shares of solar and wind power. Run-of-river plants are less
intermittent than solar or wind but also less dispatchable than dams with storage capacity. However,
translating time series of climate data (precipitation and air temperature) into time series of run-
of-river-based hydropower generation is not an easy task as it is necessary to capture the complex
relationship between the availability of water and the generation of electricity. This task is also
more complex when performed for a large interconnected area. In this work, a model is built for
several European countries by using machine learning techniques. In particular, we compare the
accuracy of models based on the Random Forest algorithm and show that a more accurate model is
obtained when a finer spatial resolution of climate data is introduced. We then discuss the practical
applicability of a machine learning model for the medium term forecasts and show that some very
context specific but influential events are hard to capture.

Keywords: energy modeling; machine learning; hydropower generation

1. Introduction

The European community called for fully decarbonized power generation by 2050.
Achieving this goal means that 80% to 100% of the EU’s electricity will be produced by
renewable energy sources. Fortunately, as shown in several studies [1], the integration of
high levels of renewable energy in the existing power grid in many countries seems to be
technically and economically feasible. However, this growth of the renewables share in the
existing power systems will likely be driven by very intermittent solar and wind resources
and will require a more flexible and smarter electric power system management.

Among the renewable sources, hydropower has been identified as highly valuable for
climate mitigation due to its low carbon footprint, high generation efficiency, reliability,
and flexibility. For this reason, installed hydropower capacity continues to grow quickly
to empower the transition towards climate neutrality. During the year 2020, 21 GW of
hydroelectric capacity was put into operation worldwide (1.6% more than 2019). Hy-
dropower capacity rose by 3 GW in Europe [2], and continues being the European most
dominant source of renewable electrical energy. Table 1 reports the top fifteen European
countries by installed (run-of-river and reservoir) hydropower capacity, together with the
total hydropower generated in 2020.

Hydropower plants can have low hydraulic heads and small reservoir (RoR) or can
include large water reservoir with hydraulic heads up to several hundred meters (Res).
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In this second case, water recirculation between lower and higher levels can be possibly
implemented by pump-storage systems. Among these existing technologies, we focus on
the ‘pure’ run-of-river-based one, which is more directly affected by the daily patterns of
climate variables. RoR plants exist alongside rivers and do not contain large reservoirs
to store or regulate the flow of the adjacent river. Typically, they generate electricity
according to the water flow. This latter is defined by seasonal patterns of precipitation,
evaporation, drainage, and other characteristics, which all depend on the geography
and climate peculiarity of locations [3]. Although the seasonal patterns of wet and dry
seasons are relatively predictable, they are not guaranteed and can vary from one year to
another [4]. Within a given season, output of RoR plants can then be impacted by the daily
rivers discharge levels.

Table 1. Top fifteen EU countries by installed hydropower capacity in 2020 (excluding pumping
storage). We show in bold the countries considered in this study.

Country Total Installed Capacitity (RoR + Res) [MW] Total Generated [TWh]

Norway (NO) 29,334 (1149 + 28,185) 141.69

Spain (ES) 20,294 (1155 + 19,139) 33.34

France (FR) 16,947 (9759 + 7188) 64.84

Italy (IT) 14,900 (10,441 + 4459) 47.62

Austria (AT) 8160 (5724 + 2436) 42.52

Switzerland (CH) 6194 (606 + 5588) 40.62

Romania (RO) 6134 (2746 + 3388) 15.53

Germany (DE) 5117 (3819 + 1298) 24.75

Portugal (PT) 4372 (2857 + 1515) 13.96

Finland (FI) 3153 (3153 + -) 15.56

Greece (GE) 2702 (299 + 2403) 3.43

Serbia (RS) 2477 (2005 + 472) 9.66

Bulgaria (BG) 2347 (537 + 1810) 3.37

Croatia (HR) 1865 (1444 + 334) 3.40

Slovakia (SK) 1626 (1208 + 418) 4.67

RoR plants are generally not operated in compliance with the power system’s needs,
as is done for the conventional fossil fuel power plants, due to the variability of the ‘fuel’
supplying the hydropower generation. However, mathematical models can be introduced
for helping the analysis of the impact of climate variables on hydropower generation. In
particular, reliable models can be used to provide accurate forecasts of the hydropower
availability based on possible climate variable time series. This useful tool supports the
integration of the RoR hydropower generation into the scheduling planning process of
electricity generation.

In the literature, the impact of climate variability and change on hydroelectric produc-
tion is usually evaluated by using hydrological models, such as IHACRES [5], HBV M [6],
and GEOTRANSF [7]. The inputs to these models usually include time series of meteoro-
logical variables (e.g., precipitation, temperature, and solar radiation) and physiographic
information of the power plants locations (e.g., characteristics of surface water bodies, soil
type, and topography). For every location of interest, when all these data are available
and the model parameters are calibrated, hydrological models accurately represent the
rainfall–runoff relationship. Finally, the transformation from the river runoff to hydropower
production requires additional information about the power plants under investigation
(e.g., hydraulic head). When not all the required inputs are available for calibrating a
hydrological model, future hydropower projections are usually computed as the long-term
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mean over the past years. However, the link with observable climate variable is then lost.
Indeed, with more initiatives aiming at a greater availability of climate variable forecasts
for the next season, building such a model could not support the decision-making process.

For our work, we have the availability of the following data:

• time series of climate data (precipitation and temperature),
• time series of the hydropower production at level of a country, and
• hydropower yearly installed capacity.

With the above inputs, we aim at building a model able to catch the relationship
between climate variables and hydropower capacity factor (CF), that is, a fraction of the
produced power over the installed one. In this paper, we investigate the use of Machine
Learning (ML) techniques for building such a model. Differently from a hydrological
model, machine learning does not require a detailed knowledge of the technical design of
individual plants.

In the literature, it is shown that ML methods are well-suited to the domain of
wind speed and wind power prediction [8,9] as well as for solar radiation and solar
production [10]. ML techniques were also applied to the run-off forecast, see in [11] and
references therein, but at the best of our knowledge, a little attention is dedicated in the
literature to the prediction of run-of-river hydropower generation from climate data. The
reason for this lack could be due to the fact that, while the spatial-temporal relation between
wind speed–wind power generation (solar radiation-solar power) is local [12], the one
between climate variables, river run-off, and hydropower generation is much more com-
plex due to the coexistence of several spatial and temporal scale conditions. An example
is the determination of the temporal relation between the generation and weather event.
Indeed, the impact of the climate variables on the water flow, and the corresponding power
production, may occur with a certain delay, whose determination depends on physically-
based phenomena. For instance, the melting process of the snow at a high altitude requires
a certain amount of time, which depends on the local air temperature. Therefore, the
water flow increment due to the snowfall during the winter may occur only after many
months as the temperature increases. However, due to climate changes, such delay is not
easily predictable.

The recent paper [13] also applies ML for the modeling of hydropower CF based on
climate data. Although we share with that paper the aim and the ML algorithm used,
there are significant differences. The first is the selection of the climate dataset. We use a
dataset provided by Deutscher Wetterdienst (DWD) [14]. In [13], only the country average
of the climate data is considered. Instead, we show here that a better performance can be
obtained when climate data with a finer spatial resolution are included in the predictors for
the ML models. The authors also calibrated their ML on the full dataset and used the model
as a backcasting tool to generate past hydropower output time series. We focus instead
on daily predictions for the medium season. Our focus here is to better understand how
such models can provide useful insight to the power sector, or what we can learn from the
prediction errors. We thus discuss the prediction errors and some modeling challenges such
as country specific issues that make the prediction difficult. This finally leads us to evaluate
the limits and applicability of ML for operational forecast of the expected electricity output
for the next season or year.

The structure of the paper is as follows. In Section 2, we give details about the data
that feed the ML models. Section 3 is dedicated to the presentation of the procedure used
to build the three models considered in this paper. Models’ comparison and evaluation
are presented in Section 4. In that section, we also discuss the practical applicability of
the ML model when used for the prediction of the one-year ahead capacity factor. Finally,
conclusions and a few hints for future research are presented in the last section of the paper.
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2. Materials
2.1. Climate Input Data

Climate data include the time series of precipitation and near surface air temperature
with a spatial resolution in the atmosphere about 0.95◦ on Europe (50◦ N) and 95 vertical
levels reaching up into 80 km height. These data are produced by using a data assimilation
technique described in [15]. As mentioned, these data covering the period 1995–2019 are
provided by Deutscher Wetterdienst (DWD) [14]. Although the data are available in six-
hour temporal resolution, we use the daily resolution for this study. Forecasting aggregated
daily capacity factors is preferred to leave more flexibility to the intraday hourly dispatch.
Concerning the spatial resolution, we aggregate climate data to NUTS2 level (i.e., statistical
regions for the application of regional policies [16]) or to country level.

2.2. Hydropower Production and Installed Capacity Data

Data of hydropower production aggregated at country level are from the ENTSO-E
Transparency Platform [17], where energy demand and generation data are systematically
collected at hourly time resolution starting from 1 January 2015 to the current days. Among
the fifteen countries listed in Table 1, we select the eleven for which data are available at
least from January 2016. These are indicated in bold in that table. In order to be consistent
with temporal scale of climate data, we compute the daily average value. From the same
platform, we also collect the value of the yearly hydropower installed capacity. With this
two kinds of information, we can compute the time series of the capacity factor, which
is defined as the percentage of hydropower generated over the installed one. Note that
for some country, such as Spain and Norway, data of the hydropower generation present
values larger than the installed capacity. For this reason, we set as the installed capacity
for this country and for the year when this event occurs equal to the peak of hydropower
production. Note that differently from the work in [13], we do not consider a fixed installed
capacity over all the years for computing the CF. We mention here that the CF is only
available at the level of a country.

3. Methodology
3.1. Machine Learning

Machine learning has been gaining more and more importance in many areas of
science, finance, and industry [18]. Typically, it is used to predict an outcome based on a
set of features. In the case of the present paper, the ML model is built to predict the daily
time series of the RoR capacity factor over the coming season based on future daily time
series of the climate variables.

The workflow of the ML procedure is given in Figure 1.

Figure 1. Machine learning workflow.
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The procedure starts by training a so-called (supervised) learner with a set of data,
including the observed outcome and feature measurements. This leads to building a model
that predicts the unobserved outcome based on a different set of input features of the
same kind used in the training phase. A good learner is one that accurately predicts such
an outcome. The features are often called predictors or inputs in the statistical literature,
whereas the outcomes are called responses or outputs. In this paper, we will make use
of all these terms. Based on evaluation metrics including the correlation coefficient, the
normalized mean absolute, and the normalized mean square errors, to be defined in
Section 3.3, we will compare three models to determine the one with the highest accuracy.

In [19], we performed a preliminary study for selecting the best ML technique for pre-
dicting hydropower production from climate data. We compared five regression methods
and showed that Random Forests (RF) [20] leads to the best results. Therefore, in this paper,
we compare the performance of this algorithm by considering several combinations of
predictors. The RF algorithm is based on an ensemble of decision trees. Random vectors are
used for growing each tree in the ensemble. A tree is grown by considering a random selec-
tion of the training set. Then each tree depends on the values of a random vector sampled
independently and with the same distribution for all trees in the forest. The RF algorithm
requires setting up some hyperparameters. In our experiments, we set the number of trees
equal to 500 and minimum leaf size equal to 5, and we select sampling over all variables.
Although theoretically a larger number of trees and a smaller minimum leaf size should
improve the accuracy of the model, preliminary tests have shown that the improvements
are not significant enough to justify a larger computational effort. The tuning of the rest of
the hyperparameters is implemented by the optimization procedure offered by MATLAB
Machine Learning toolbox 11.4 [21] along with the trial and error approach.

3.2. Choice of the Predictors

The experiments aim at formalizing the model with the best accuracy for predicting
the RoR hydropower daily capacity factor for the EU countries listed in bold in Table 1.

The first step in the ML workflow is the training phase. Let us indicate with
Ttrain = {t1, . . . , tj, . . . , tN} a given daily spaced time interval, where t1 and tN are,
respectively, the initial and final date. We assume that over the training period we collect
the data corresponding to

• air temperature, i.e., the time series AT = [ATt1 , . . . , ATtN ];
• precipitation, i.e., the time series TP = [TPt1 , . . . , TPtN ]; and
• capacity factor of hydropower generation, i.e., the time series y = [yt1 , . . . , ytN ].

As we explained above, the effects of the climate data on hydroelectricity generation
occur with a certain delay, which also depends on the location of the climate event. In
order to take this observation into account, we enrich the list of inputs by considering that
the hydropower generation at a day ti is also influenced by

• the air temperature at the preceding k1-th day with respect to ti, where k1 is com-
puted by considering the lag that maximizes the sample Pearson correlation [22]
between the time series of the hydropower generation y and of the air temperature
AT, say ρ(y, AT);

• the precipitation at the preceding k2-th day with respect to ti, where k2 is computed
similarly to k1 by considering ρ(y, TP); and

• the sum of precipitation in the last k3 days with respect to ti, with k2 defined as
explained above.

The above procedure is called optimal lags in [23]. In this paper, we show the effect
of introducing a finer spatial resolution for temperature and precipitation at NUTS2 level.
Therefore, different lags are defined for the different NUTS2 climate data. Moreover,
depending on the country, not all the above inputs are relevant for the prediction of the
hydropower CF. Then, in order to choose if a certain time series is used as input to the
RF algorithm, we compute the correlation, ρ, between the time series of each above input
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and the response over the training period [24]. Then, a time series is added to the list
of predictors if |ρ| is bigger than a certain threshold ρ̄. This choice was implemented
as we observed that adding inputs whose correlation with the response is lower than a
chosen threshold does not improve the prediction in terms of the evaluation criteria to be
presented below.

Once the predictors are selected, they are used for training a learner. The accuracy
of each model is assessed by performing a classical 5-fold cross-validation [18] and by
computing the values presented in the next section.

3.3. Model Validation

In this section, we describe the measure used in the validation phase. We call
Ttest = {τ1, . . . , τM} this daily spaced time interval, and we indicate with ȳ = [ȳτ1 , . . . , ȳτM ]
the time series of the observed CF over this testing period. Note that we set the lags
ki, i = 1, 2, 3 to the values computed in the training phase. The main difference here is that
the input list does not include the time series of the hydropower CF, which instead will be
the output of this phase.

From now on, we will use the term ‘modeled’ instead of ‘predicted’ output for the
results of the ML process, which we indicate as ŷ = [ŷτ1 , . . . , ŷτM ]. It is important to
highlight that the testing period is distinct from Ttrain and that ȳ is not used as input to the
model, but it will be used only for purpose of comparison.

For the performance evaluation of the models used in this paper, we consider the
following measures:

• Correlation coefficient (R)

R =
cov(ȳ, ŷ)

σȳσŷ
,

where cov is the covariance, and σȳ and σŷ are the standard deviation of ȳ and ŷ,
respectively. It is a measure of the strength and direction of the linear relationship
between the observed and the modeled variables.

• Normalized Mean Absolute Error (nMAE)

nMAE =
∑M

i=1 |ŷi − ȳi|
∑M

i=1 ȳi
.

Note that the normalized version of MAE is preferred in this case as the actual CF may
include also zero or close to zero values, then the classical mean absolute percentage
error would lead to large error values.

• Normalized Root Mean Square Error (RMSE)

nRMSE =
RMSE

1/M ∑M
i=1 ȳi

,

where RMSE =
√

1
M ∑M

i=1(ŷi − ȳi)2.

4. Results

This section first describes the ML models considered in this paper. Then a classical
5-fold cross validation is used to select the model providing the best performace. As further
validation for the model selection, we also perform a leave one year out validation. Then
the model showing the best performance in those validation procedures is used for the
prediction of the one-year-ahead capacity factor. Finally, we discuss how to extract practical
information for the ML model’s error to be integrated in an energy system model.
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4.1. Model Selection

Table 2 shows the list of features considered in this paper. The definition of each model
is based on the selection of the inputs passed to the RF algorithm.

Table 2. Model definition via predictors’ selection.

Predictors M1
(avg)

M2
(NUTS2)

M3
(avg + NUTS2)

Temperature
sync X X X
lagged (opt) X X X

Precipitation
sync X X X
lagged (opt) X X X
accum (opt) X X X

Climate data are averaged at country level in model M1 and at NUTS2 level in model
M2. A combination of these two types of inputs is implemented in model M3.

The selection of the lags for the climate time series in M1 is similar to that proposed
in [23] where only an average aggregation is considered. As explained in Section 3.2,
for the other models, we select only a subset of the NUTS2 climate time series based on
their correlation with the response over Ttrain. Our numerical experiments indicate that
a threshold correlation ρ̄ = 0.5 seems to be a good compromise between the number
of selected predictors and the accuracy of the solution. Figure 2 reports the values of
the optimal lags selected for the predictors in the ML models computed considering the
maximum correlation between each climate and energy time series over the period 2015 to
2019. When NUTS2 data are used, as in M2 and M3, an optimal lag for each NUTS2 time
series is computed. For matter of space, in Figure 2b, we only show the average lag values.
More details are reported in Table A1 in Appendix A.1.

Figure 3 shows the values of the metrics presented in Section 3.3 obtained by im-
plementing a 5-fold cross-validation [18]. We can observe that a more accurate model is
obtained for all countries when only selected NUTS2 climate time series are chosen. This
shows that a significant improvement is achieved when climate data with a finer spatial
resolution are used.

As there is still some information in the average climate data which could improve the
accuracy, we implemented M3 combining these two types of inputs. Note that the average
and a subset of NUTS2 climate data are not truly redundant, and their simultaneous use as
inputs can improve the model accuracy [24]. Indeed, the results in Figure 3 confirm this
conjecture. Therefore, we select model M3 and evaluate the accuracy of the out-of-bag
5-fold cross-validation values.

In Figure 4, we report quality measures for evaluating the performance of the selected
model for reproducing the observed time series of the CF. In particular, we show the values
of the variance and the quantiles of the corresponding time series. From this figure, we can
see that M3 can well reproduce the observed time series variance for all countries, but, in
general, it tends to overestimate minimum values and underestimate the maximum. As a
result, the range of values spanned by the modeled CF is narrower than the observed one.
On the other hand, we can observe that the values of 25%, 50%, and 75% quantiles are well
reproduced by M3. The numerical values of these measures are also given in Table A2 in
the Appendix A.2.
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(a)

(b)

Figure 2. Optimal lag and corresponding maximum value of correlation for each country. (a) Predictors’ agrregation at
country level. (b) Predictors’ agrregation at NUTS2 level.
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(a)

(b)

(c)

Figure 3. Models comparison via 5-fold cross-validation: (a) correlation coefficient, (b) normalized
mean absolute error, and (c) normalized root mean square error.
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(a) AT (b) CH (c) DE

(d) ES (e) FI (f) FR

(g) IT (h) NO (i) PT

(j) RO (k) SK

Figure 4. Time series quality measures.

Finally, in Figure 5, we report the scatter plot of the out-of-bag 5-fold cross-validation
output of M3 and the observed CF. In those figures, we indicate with blues dots the CF
values in the period December–January–February (DJF), with orange circles the values
in the period March–April–May (MAM), with red dots for June–July–August (JJA) and,
finally, with green circles for September–October–November (SON). We can see that the
modeled CF is, in general, quite close to the observed data. For countries with a relevant
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installed capacity (>9 GW), such as Italy and France, we obtain a correlation coefficient
equal to 0.96 and 0.95, respectively. Note that these values drop to 0.88 and 0.86 when
only the mean values of the climate data are used as predictors. The worst fit (R = 0.72) is
obtained for Switzerland, which is interestingly the country with the smallest RoR installed
capacity among the ones considered in this paper. Note also that the hydropower data
for CH were collected starting from 2016, that is, a smaller training period is available.
Moreover, in Figure 5, we can observe a cloud of red points corresponding to high values
of CF in the summer period of 2019. This occurrence was not observed in the past years
and, for this reason, it could not be ‘learned’ by our model.

(a) AT (b) CH (c) DE

(d) ES (e) FI (f) FR

(g) IT (h) NO (i) PT

(j) RO (k) SK

Figure 5. Scatter plot of the modeled and observed capacity factors. We indicate with blue dots the
values in the period December–January–February (DJF), with orange circles the values in the period
March–April–May (MAM), with red dots for June–July–August (JJA) and, finally, with green circles
for September–October–November (SON).
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As a further comparison, we evaluate the performance of the three models in predict-
ing a one-year time series by training and testing over different time slices. Each row in
Table 3 shows the data used in the training and testing phases for each model, amounting
to 80% and 20%, respectively. For instance, the first row says that we train each of the three
models over the period 2016 to 2019, and we use the year 2015 for testing. We train and
test the RF algorithm five times for each model, and, as a result, we obtain a time series of
the modeled CF covering the five years considered, and all being ‘out-of-sample’ data.

Table 3. Implementation of the routine for comparing the performance of the ML models. Training
(pink) and testing (blue) intervals.

2015 2016 2017 2018 2019

As shown in Figure 6, the performance of all models is lower in this case. This was
expected as the RF algorithm tends to perform better on the out-of-bag k-fold validation [25].
However, these results confirm the trend observed before. Indeed, by comparing the
values of R, nMAE, and nRMSE corresponding to M1 and M3, we can observe that the
contemporary use of the mean value and a selected subset of NUTS2 climate time series
leads to an increase of 7% of the average correlation coefficient, and a decrease of 7% and
10% in nMAE and nRMSE, respectively.

4.2. Accuracy of Prediction

The main goal of the ML model formalized in this work is to be used to perform
medium term predictions. This means that we predict daily time series of the hydropower
CF one year ahead of the most recent observation of the predictors. With this in mind, in
what follows, we assume to train model M3 over the interval 2015 to 2018, and perform
a ‘prediction’ over 2019. The following evaluation of this model comes as an example to
present possible issues that could be met when this kind of models are used for performing
future predictions.

4.2.1. Modeling Challenge: Representativeness of the Training Set

In Figure 7, for each country, in the leftmost panels, we compare the distribution of the
observed CF in 2019 (blue) and the distribution of observed CF over the interval 2015–2018.
This figure allows understanding the difficulties in predicting the values of CF in 2019
as the values spanned by the CF in the training and testing intervals are quite different,
see, for instance, the cases of Austria, Germany, and Finland. In the rightmost panels, we
compare the total distribution of modeled and observed time series over the year 2019. As
already mentioned above, our model tends to estimate a narrow range of CF values. For
this reason, we observe a higher density in the intermediate values for the modeled CF.

4.2.2. Modeling Challenge: insights on country specific issues

France: Autumn’s heavy rainfall
When we use the routine shown in Table 3 for predicting the CF over one entire year,

we collect the values of R, nMAE, and nRMSE corresponding to each of the five years
considered. The best fit we obtained for the year 2018 with R = 0.9, nMAE = 0.17, and
nRMSE = 0.2, whereas for 2019 we observed a drop in the accuracy with a correlation
coefficient R = 0.44, nMAE = 0.22, and nRMSE = 0.28. In this section, we explore a possible
reason for such a discrepancy in the prediction performance.
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(a)

(b)

(c)

Figure 6. Models comparison via validation as in Table 3: (a) correlation coefficient, (b) normalized
mean absolute error, and (c) normalized root mean square error.
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Figure 8a reports the time series of the observed CF (blue line) and the modeled CF
(red line). As said, the overall accuracy of the modeled CF is low and in particular, model
M3 could not predict the CF corresponding to the last part of the year. To explain that, we
looked at the deviation of the monthly average of the precipitation (at country level) over
2019 with respect to the monthly average over the past years. As we can see in Figure 8b,
October and December 2019 in France registered an exceptional amount of precipitation
if compared with average of the four previous years (https://surfobs.climate.copernicus.
eu/stateoftheclimate/october2019.php, accessed on 1 November 2019). This yielded a fast
increase of the RoR CF, which was not ’seen’ by the ML model. Although model M3 has
shown to perform quite well for France, so as displayed in Figures 3 and 6, the prediction
ability is limited to events which are included in the training set.

Portugal: trans-boundary challenge
We point out here that an accurate model for the RoR hydropower CF for the Iberian

Peninsula, particularly for Portugal, is quite hard to build. Indeed, Spain and Portugal share
three of the largest rivers in the Iberian Peninsula, and, being upstream, Spain generates
70% of the annual water resources of these rivers. In order to regulate the water sharing, in
1998 these two countries signed the Albufeira Convention. This Convention establishes
the minimum volume of water that Spain must release to Portugal, which is 2700 hm3

in each hydrological year. However, in the hydrological year 2018/2019, Spain did not
honor the agreements and only shared a third of the agreed river flow with Portugal. That,
of course, impacted the Portuguese RoR hydropower generation and altered the climate
dependency. The modeled CF in Figure 9 shows an underestimation after November and
an overestimation before September which could be linked to the combination of lower
than average precipitations and the water sharing issue.

Finland: is there any hydropeaking effect?
As illustrated by Figure 10, model M3 performs poorly for Finland (R = 0.48, nMAE = 0.25,

nRMSE = 0.32). The comparison of the available training data (i.e., daily value in the in-
terval 2015 to 2018) shows that this could be explained by the fact that there is no clear
tendency, and that only 2018 exhibits a low CF capacity factor in August and September.
A second peculiarity of the observed CF in Finland (right panel) is the evidence of im-
portant daily variations. A possible explanation for such behavior could be the issue of
hydropeaking, which is discussed more precisely in [26]. The mechanism at play will then
be the occurrence of very irregular river flows due to sudden variations in the output of
upstream hydropower reservoirs to balance the system. Reservoir refers in Finland mostly
to ‘pondage’ and smaller reservoir for RoR plants. By working with daily capacity factors,
we account for the possibility of intraday variation. Cascading of plants here refers to
several RoR dams on a single river.

In this paper, the ML models are built assuming that we deal with ’pure’ run-of-river
plants. However, as explained above, this assumption may be too restrictive for some
specific countries. For this reason, we include the time series of the country average
electricity demand as a further input and define M4. Although a slight improvement in
the evaluation metrics is obtained (R = 0.56, nMAE = 0.24, nRMSE = 0.31) the modeled CF
cannot reproduce the hydropeaking effect.

The demand may not be the only cause of hydropeacking. In fact, further analysis
shows that a source of ’unseen’ occurrence in training data may be linked also to the change
in the energy mix of this country. As shown in Figure 11, between 2015 and 2018 for the
month of August, RoR plants are increasingly operated to compensate the fluctuation of
wind power (installed wind capacity was 496 MW in 2015 and increased to 1908 MW in
2018). The balance also incidentally shows that wind replaced more hydropower than
coal or natural gas during this episode, pointing potentially to a minimum ‘must run
level’ that requires further investigation. As this change happened in 2018, but not in the
previous years, then our interpretation is that it makes it more difficult for the ML model to
automatically learn. Then, when we test over 2019 (that was not included in the training),
the ML model does not perform well.

https://surfobs.climate.copernicus.eu/stateoftheclimate/october2019.php
https://surfobs.climate.copernicus.eu/stateoftheclimate/october2019.php
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(a) AT (b) CH (c) DE

(d) ES (e) FI (f) FR

(g) IT (h) NO (i) PT

(j) RO (k) SK

Figure 7. Leftmost panels: Distribution of the observed capacity factor (blue bars) compared with the distribution of the
observed CF over the training period (yellow bars). The gray shade indicates the intersection of the two distributions.
Rightmost panels: Distribution of the modeled time series (pink bars) compared with the observed distribution (blue bars).
The violet shade indicates the intersection of the two distributions.



Clean Technol. 2021, 3 873

(a) (b)

Figure 8. (a) Time series of the observed and modeled capacity factor over the test year 2019, with training set over
2015–2018. (b) Deviation of the monthly average precipitation in 2019 from the monthly average precipitation in the four
previous years.

Figure 9. Time series of the observed and modeled capacity factor over the test year 2019, with
training set over 2015–2018. (Figure 9 was modified according to the reviewers’comments).

This observation seems to lead to the conclusion that for some countries the list of
predictors should be enriched with more specific information, such as shares of energy,
installed capacity, etc. This is left as a subject for future research.
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(a) FI (b) FI

Figure 10. (a) Time series of the observed CF. (b) Time series of the observed CF (blue line) along
with the time series of CF obtained by models M3 (red line) and M4 (violet line) over the year 2019.

(a) 2015 (b) 2016

(c) 2017 (d) 2018

Figure 11. Comparison of the energy mix in Finland in August.

4.2.3. Relevance for Operational Use

To build an estimator of electricity generation from RoR installations for a large geo-
graphical area such as the interconnected EU power system, ML techniques undoubtedly
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provide a very practical alternative to a full set of more precise hydrological models at
individual plants level. The previous sections however showed that while an ML model
can capture the overall rainfall dependency trend, several factors of operational importance
may be hard to generalize with the current set of available time series. We also recall
here a methodological point of caution (as discussed in Section 4.2), which is that while
cross-validation approaches are important to confirm the choice of a model type, their
performance can be misleading as they usually perform better than the models built for
predictive purposes. Figure 12 depicts how ML for RoR could theoretically be integrated
as useful step in a larger process. We argue here that, as more data become available, an
iterative process will improve the performance of the pipeline. In turn, better ML-based
tools will be a strong incentive to more systematically explore singular events which might
not be labeled as extremes but sufficiently significant to still have a high operational value.

Figure 12. Post-processing applied to the ML model predictions.

As standalone tools, the tested ML models for RoR output prediction on large geo-
graphical areas are not yet precise enough to provide decisive operational insights, but
including additional information could improve its usability. We test here a very simple
approach which interprets the observed performances during the training phase as plau-
sible systematic error. Concretely, knowing the relative error on the training data set for
each past year gives a time series of error that we apply to the ML output. As depicted by
Figure 13, the information provided is then the ML output and a corresponding min and
max range. The width of the shaded area is season and country dependent, and it reflects
the explanatory capacity of the training set.

The cumulative effect of these national modeling attempts can then be assessed by
accounting for the installed capacity in each country. Indeed, errors in regions with
larger installed capacity will have higher operational impact. As shown in Figure 14, the
aggregated forecast error between M3 and the observed output could reach 5 GW. We also
distinguished a first range of error accounting for potential cancellation of errors between
countries (light blue) and a more conservative range that sums the maximum error for
each country (grey). Thus, despite important challenges and a lack of longer time series,
we believe that complementing the output from ML with indications about the scale of
prediction errors and their possible sources is critical to provide useful insight for seasonal
to year ahead forecasts.
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(a) AT (b) CH (c) DE

(d) ES (e) FI (f) FR

(g) IT (h) NO (i) PT

(j) RO (k) SK

Figure 13. Observed capacity factor (blue line), M3 model prediction (red line), and maximum and minimum error envelops
computed over the training set (black lines).
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Figure 14. Total power generated by the eleven countries: observed (blue line) and modeled (red
line). The gray shade is the interval of confidence computed by considering the errors over the
training set.

5. Discussion and Conclusions

Europe is expected to strongly expand its wind and solar power capacity by 2050 to
meet its climate goals. In an interconnected system, balancing these highly intermittent
sources by hydropower will also involve a European-wide evaluation of the variability of
hydropower generation for future climatic conditions.

The methodological framework described in this paper aims to contribute to this issue
by translating time series of climate variables into time series of hydropower capacity
factor. In this paper, we use the potential of machine learning to obtain such a model. Two
main reasons justify the relevance of using this methodology.

First in this analysis, we are not interested in providing detailed results in terms
of local hydropower production, but our objective is to model the climate dependency
of run-of-river hydropower production at the more aggregated country, then EU levels.
Second, machine learning offers the great advantage of extracting useful information
without explicitly modeling the phenomenon (e.g., location, hydraulic head, and potentially
cascading plants) involved and thus requires fewer data.

We investigated the performance of several models based on the classical Random
Forest algorithm. Recent works showed that this algorithm lends itself well for modeling
the hydropower capacity factor from climate data. Our experiments showed that a more
accurate model is obtained for our dataset when we introduce a finer spatial resolution for
the inputs. The performance varies greatly across countries and seasons. Using this model,
we then discussed the applicability of the ML output for year ahead forecast. We observed
that the current level of accuracy of the ML outputs for all the countries is likely not precise
enough to give a strong operational advantage. However, trying to understand the reasons
for poor performance for specific countries outlined the length of existing time series and
the influence of singular events as plausible explanations. On one side, machine learning
does not require numerous diverse inputs for building a model between climate variables
and hydropower production, on the other hand, more historical data would be necessary
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for opportunely training the learners and improve the model accuracy and response to
extreme or singular events that have a better probability to be incorporated as the training
dataset improves. Although this is an important issue now, it may be naturally fixed with
time, and the methodology used in this paper will still hold and earn more value.
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Appendix A

Appendix A.1. Optimal Lags in Model Training

In Table A1, we report the values of the optimal lags used in the ML models for the
time series of temperature (AT), precipitation (TP), and accumulation of precipitation (Acc
TP). The computation is performed by considering climate and energy daily time series
data over the period from 2015 to 2019. When the climate data are aggregated at NUTS2
level, an optimal lag for each of the time series is computed. In the first set of columns,
titled ‘NUTS2 features’, we report the minimum (min), average (avg), and maximum (max)
values of the optimal lags of these NUTS2 time-series. Note the wide range of optimal lags
selected for different NUTS time series, highlighting the distinct contribution provided by
climate data in different country areas. The second set of columns, named ‘avg features’,
shows the optimal lags when climate data are aggregate at country level.

Table A1. Optimal lags (in day) used in the ML models.

NUTS2 Features Avg Features

Country AT TP Acc TP AT TP Acc TPMin Avg Max Min Avg Max Min Avg Max

AT 126 126.66 128 1 1 1 18 19.11 23 127 1 18
CH 1 1 1 67 104.71 198 71 78 89 1 198 75
DE 143 143.63 144 1 54.78 156 40 133.15 200 144 10 104
ES 9 38 46 2 38.94 102 23 111.35 200 44 4 101
FI 52 68.50 85 1 46.50 91 36 119.25 147 85 90 147
FR 44 58.59 79 1 11.40 103 20 83.59 154 59 1 53
IT 140 154.76 161 1 55.14 198 23 87.90 200 155 3 74
NO 174 176.71 184 1 57.42 198 5 104 200 174 1 10
PT 18 28.80 35 4 24.40 103 113 123.60 131 35 5 117
RO 96 96.87 97 1 1.87 2 17 22.25 32 97 2 22
SK 65 65 65 1 46 63 19 127.75 176 65 100 159

https://esgf.dwd.de/search/clim2power/
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Appendix A.2. Time Series Quality Measures

Table A2. Time series quality measures.

Observations M3

Var 0% 25% 50% 75% 100% Var 0% 25% 50% 75% 100%

AT 0.03 0.19 0.38 0.50 0.64 0.94 0.03 0.24 0.42 0.50 0.61 0.87
CH 0.02 0.11 0.25 0.38 0.49 0.85 0.01 0.18 0.31 0.38 0.45 0.74
DE 0.01 0.19 0.36 0.42 0.49 0.71 0.01 0.25 0.36 0.42 0.49 0.69
ES 0.04 0.17 0.35 0.48 0.64 0.98 0.04 0.19 0.35 0.48 0.63 0.95
FI 0.01 0.14 0.41 0.50 0.58 0.74 0.01 0.23 0.42 0.50 0.55 0.71
FR 0.02 0.15 0.31 0.43 0.55 0.70 0.02 0.17 0.32 0.43 0.53 0.67
IT 0.02 0.12 0.25 0.32 0.43 0.66 0.02 0.16 0.26 0.32 0.42 0.63
NO 0.02 0.31 0.51 0.61 0.71 0.99 0.02 0.36 0.54 0.60 0.70 0.87
PT 0.04 0.01 0.12 0.19 0.31 0.86 0.03 0.04 0.13 0.19 0.30 0.77
RO 0.02 0.08 0.31 0.43 0.56 0.84 0.01 0.22 0.35 0.44 0.54 0.71
SK 0.02 0.00 0.24 0.34 0.43 0.84 0.01 0.13 0.28 0.34 0.41 0.70
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