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Abstract: The ability to properly forecast the power generated by hydroelectric power units
have been gaining increasing interest in the literature, especially in Brazil, where hydropower
represents 58% of the power generation matrice. Several works in the literature have tried to
forecast the generation of hydropower, both in large and small hydroelectric power plants. The
atmospheric variables, specially the ones related to rainfall, are commonly used to forecast
hydropower. Additionally, there is a need to consider the uncertainties related to the covariates
and the final generation forecast. With this in mind, this work proposes a Bayesian Hierarchical
Model to forecast the Hydropower Generation of both larger and small plants. A Bayesian
approach is used given its ability to deal with uncertainties and missing data in the learning
process, as well as the forecast process. Several weather conditions are used as covariates to feed
the model. With data from 2020 and 2021, the generation from 2022 is predicted. Results shows
the effectiveness of the proposed work, especially in face of disturbance in the input variables,
since the forecast achieved a normalized mean squared error (NMSE) of less than 0.39 even in
an extremely disturbed scenario.
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1. INTRODUCTION

Over the past decades, the global shift towards cleaner
and renewable energy sources has been gaining momen-
tum (Obama, 2017). Notably, hydropower generation has
emerged as a promising alternative due to its high energy
efficiency, underscored by the substantial energy output
relative to input (Tagare, 2011). A distinguishing feature
of hydropower lies in its storage capabilities through water
reservoirs, enhancing operational flexibility and control.
(Haas et al., 2020)

While hydropower accounts for 15.2% of global electric-
ity generation (Statista, 2023), its significance is partic-
ularly pronounced in countries like Brazil, where Large
Hydroelectric Plants (LHP) contribute 58% and Small
Hydroelectric Plants (SHP) contribute 4% to the power
generation mix (Empresa de Pesquisa Energética, 2022).
The conjuncture foresees significant growth for SHPs, with
their installed capacity projected to increase from 6.8MW
to 7.4MW in the coming four years (Empresa de Pesquisa
Energética, 2022).

However, the renewable energy landscape is influenced by
weather and climatic variables, leading to uncertainty in
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electricity output from these sources. This dynamic and
unpredictable behavior poses challenges to power system
operations, as real-time load-demand matching relies on
accurate generation forecasts. Reducing this uncertainty
is pivotal for optimal generation scheduling and effective
investment planning, particularly for the growth of SHPs
within the renewable energy sector (Yan et al., 2022).

Previous research has delved into the forecasting of hy-
dropower generation, encompassing variables like spatial
and temporal precipitation distributions (Yang et al.,
2021a), water reservoir levels (Sapitang et al., 2020),
and uncertainties in covariates and output (Das et al.,
2016). The Bayesian approach has exhibited promise in
accounting for uncertainties and gaps within historical
records, while also incorporating pertinent climate covari-
ates (Ma et al., 2013a). The link between precipitation
and generation levels, accounting for temporal delays, has
been previously discussed (Yang et al., 2021b). Further-
more, authors have addressed forecasting challenges in
hybrid hydro-wind-photovoltaic systems through optimal
scheduling (Ding et al., 2021).

In terms of prior statistical models, a Bayesian approach
was applied to assess the impact of rainfall levels on
the reservoir level of a generation station (Ma et al.,
2013b). Another study employed a Bayesian network to
incorporate the influence of weekly, daily, and yearly
average rainfall levels on the final reservoir level (Das et al.,
2016). However, to the best of the authors’ knowledge, no
prior research has utilized a Bayesian hierarchical model
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with multiple covariates to directly forecast generation
levels within a hydropower unit.

In this context, we propose a Bayesian Hierarchical Model
for forecasting Hydropower Generation in both SHPs and
LHPs. This model leverages historical data on daily power
generation, reservoir flows, and volumes, supplemented by
climate covariates to enhance accuracy. Developed using
Python and the Stan library with No-U-Turn Sampler
(NUTS), our model is applied to real Brazilian LHPs
(Irapé and Sao Simao) and an SHP (Sao Lourenco). This
study contributes by presenting a novel Bayesian approach
tailored to address hydropower forecasting, capturing un-
certainties and climate-related factors. Our work stands
out in its integration of historical data, climate covari-
ates, and Bayesian modeling to enhance the accuracy of
hydropower generation forecasts. The paper is structured
as follows: Theory Background (Section 2), Modelling Hy-
dropower Generation (Section 3), Material and Methods
(Section 4), Results and Discussions (Section 5), and Con-
clusions (Section 6).

2. THEORY BACKGROUND

Let’s demystify the intricate concept of Bayesian Inference
by relating it to problem-solving. Imagine we’re solving
a complex problem where different factors influence the
outcome. However, certain crucial factors are missing,
much like the uncertainty we encounter in forecasting
hydropower generation.

Our Bayesian Hierarchical Approach follows a step-by-step
problem-solving process. We begin with initial assump-
tions called the prior distribution. As we gather actual
data, such as rainfall levels, we refine these assumptions
using the likelihood function, which assesses how well the
factors align.

The outcome is the posterior distribution, an updated
understanding of how these factors contribute to the
final result. In our approach, each factor’s value isn’t a
fixed number but a range of possibilities represented by
a probability distribution curve. As we accumulate more
data, these curves evolve, providing a clearer picture of
the problem. In essence, Bayesian Inference is an iterative
process. With each new piece of data, the problem becomes
clearer, and our comprehension of factor contributions
sharpens. Grounded in solid mathematics, this approach
transforms uncertainty into valuable insights, making it a
potent tool for predicting hydropower generation.

Now, let’s introduce the equations for a deeper insight. The
prior distribution, denoted as P(6), captures our initial
assumptions. The likelihood function, L(D|6), evaluates
how well the factors fit the data. Combining these using
Bayes’ theorem yields the refined assumptions in the form
of the posterior distribution, P(6|D) (Rouder and Lu,
2005).

A Bayesian Hierarchical Model can be considered as a
multilevel structure, where the prior distribution of some
of the parameters depends on other parameters. Consider a
structure with a set of hyperparameters, where «; denotes
the hyperparameter on level i. Hyperparameters on level
i (c;—1) depends upon parameters on level i — 1 («;), and
thus the final prior distribution can be calculated as shown
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in Equation 1, for a Bayesian Hierarchical Model with a
total of k levels (Gelman and Pardoe, 2006).

P(Q) = /P(9|Ot1)P(O£1|042)...P(Oék_2|Oék_1)P(Oék_1)d0
(1)
3. HYDROPOWER GENERATION MODEL

The hydropower generation output (Py(t)) at a given time
t is given by Equation 2 (Tagare, 2011), where:

p is the water density;

q(t) discharge rate;

nre is the Trubine-Generator Efficiency;
h1(t) is the Headwater Level and

h2(t) is the Tailwater level

Py(t) =g-nrc - p- (ha(t) = ha(t)) - q(t) (2)
One of the main issues when forecasting hydropower
output is that both hy(t) and hs(t) are difficult to predict.
However, it is possible to predict flows and volumes, which
are related to these elements. By using a linear regression
as an approximation to these relationships, it is possible
to predict h1(t) with the reservoir useful volume z(t);
and h2(t) can be predicted by using the effluent flow (or
outflow) u(t). Both these linear regressions approximations
are shown in Equation 3 and 4. In this way, x(¢) and wu(?)
are used to estimate hq(t) and ho(t), which are ultimately
used in Equation 2 to forecast the hydropower output.

ha(t) = by + ax - 2(t) (3)
ho (t) =by+as- u(t) (4)

4. MATERIALS AND METHODS
4.1 Data Description

Data from three years (2020, 2021 and 2022) were collected
in order to train and test the proposed forecasting method.
Open data regarding hydropower generation were collected
from the Brazilian National Electrical System Operator
(ONS) available at https://dados.ons.org.br/. This
include the variables necessary to feed the Bayesian Hi-
erarchical Model: hy(t) and z(¢) (Equation 3); ha(t) and
u(t) (Equation 4); as well as ¢(t) and P,(t) (for Equation
2).

Several climactic covariates were collected from the Na-
tional Institute of Meteorology of Brazil (INMET), whose
data is open available at https://portal.inmet.gov.br/
dadoshistoricos. A total of 8 covariates were collected,
as described in Table 1 (8p to 7). Hydropower generation
is a variable whose climatic influence is long-term (e.g.,
monthly accumulated rainfall). Thus, given a specific day
to predict the generation, the average of the previous 30
days of each of the covariates was used to predict the
generation. The atmospheric covariates are presented in
Table 1.

The last two covariates added are the Stored Energy, that
represents the electrical energy that can be generated from
the power of water stored in the reservoirs of hydroelectric
plants; and the Affluent Natural Energy, which corre-
sponds to the amount of water that reaches the reservoir
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of a hydroelectric plant and that can be transformed into
energy. These variables are also represented in Table 1.
Since these variables are directly related to the ability of
the hydropower to generate energy in a particular time,
their daily values are used in the forecasting process.

Covariate index Covariate Description

Bo Total Rainfall (mm)

51 Atmospheric Pressure (mB)

B2 Daily Maximum Atmospheric Pressure (mB)
B3 Daily Minimum Atmospheric Pressure (mB)
Ba Global Radiation (Kj/m"{2})

Bs Air Temperature - Dry Bulb (°C)

Bs Relative Air Humidity, Hourly (%)

Bz Wind, Hourly Speed (m/s)

Bs Stored Energy (MW - month)

By Affluent Natural Energy (MW - month)

Table 1. Covariates used in the proposed fore-
cast method. For atmospheric covariates (5o
to 7, the mean from the last 30 days of each
covariate is used. For other covariates (from fs
onwards), the daily value is used. All covariates
are added to the final equation related to the
hydropower generation (Equation 10)

4.2 Bayesian Hierarchical Model

The Bayesian Hierarchical Model used to forecast the
hydropower generation is based upon the Equations de-
scribed in Section 3. The first step is to adapt the linear
regressions that model hy and hs. To do so, all the coef-
ficients of the linear regressions are considered as random
variables that follows a normal distribution, whose prioris
are presented in 5. A non-informative prior is used, allow-
ing for the coefficients to be evaluated upon the available
data.

The parameters h; and hy are also considered as random
variables modelled by normal distribution, whose means
(wh, and pp,) are evaluated through linear regression,
as shown in Equation 8 and 9. Additionally, the power
generated by the hydropower (P,) is also modelled through
a normal random variable, as shown in Equation 10. In
this case, J is the number of covariables to be modelled,
and each covariable (j € J) have a individual coefficient
Bj. x;(t) represents the value of the covariable j at time
t. A noninformative prior is assigned for each individual
covariable coefficient (53;), as shown in Equation 6. Finally,
the variances for hy, hy and Py (op,, o, and op,, respec-
tively) are modelled with a non-informative priori, shown
in Equation 7.

al,ag,bl,bg ~ N(O,lOO) (5)
Bj ~ N(0,100),Vj € J (6)
Ohy s Ohys Ogp ~ exponential (1) (7)

hi(t) ~ N(ayz(t) + by, o, ),V € 1,2,., T (8)

hg(t)NN(agu(t)+b2,ah2),Vt€1,2,...,T (9)
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Py(t) ~ N(g-nrg - p- (ha(t) — ha(t)) - q(t)

+ intercept + Z Bz, 00p)¥t € 1,2,....T (10)
jeg

Additionally, as highlighted in the Introduction, SHP
usually can’t rely on all data at a given time. Both hy ()
and hs(t), for example, are not publicly available. With
this in mind, a different model for the predicted generated
power is designed, which is presented in Equation 11. In
this case, the difference between h(t) and ho(t) is omitted
here, and only the covariates are used to model the final
generated output.

Py(t) ~ N(intercethrZﬂj i, 0qp)Vt € 1,2,..,T (11)
JjeJ

The Python 3 Language (Van Rossum and Drake, 2009)
was used to model the full hierarchical model. The PyStan
library (Riddell et al., 2021), a Python interface to Stan
- which is a package for Bayesian Inferece - was used.
The sampler choosed to The No-U-Turn Sampler (NUTS),
which is internally available in the PyStan library. The
parameters for the sampling process are: 10000 warmup
samples; thin of 10 (the samples are taken for each 10
iterations); 4 chains and 1000 total samples.

In the Bayesian Hierarchical Model, parameters are
treated as random variables with individual probability
distributions, including coefficients for linear regression
and covariables. Each parameter possesses its own credible
interval, indicating the probability that the true, unknown
value falls within the interval given observed data evi-
dence. A 95% credible interval is employed here, used
to determine covariable relevance for the linear regression
model. If the 95% interval encompasses 0, the covariable
is considered irrelevant and removed during forecasting.

Adapting a set of probability distributions to a single
forecasted value, such as hydropower generation, necessi-
tates the posterior mean technique. This technique, widely
recognized in Bayesian inference, minimizes the quadratic
loss function. In our work, with each parameter’s posterior
distribution approximated through sampling (NUTS), in-
dividual samples are generated. The posterior mean is de-
rived by calculating the mean of these generated samples.
This approach ensures a single scalar value for hydropower
generation forecasts.

The flowchart presented in Figure 1 shows the main phases
of the proposed work.

4.8 Adding disturbance

As detailed in Section 3, the prediction of z(¢) and u(t) are
out of the scope of this work. However, the big challenge
lays in the fact that these variables themselves may be hard
to be predicted beforehand. However, it is crucial to verify
the resilience of the proposed forecast methodology when
these input variables are subject to uncertainties arising
from the prediction process. Therefore, disturbances may
be artificially added to the data, according to the equations
12 - 14, where k, is the disturbance coefficient; and uq(¢)
is the value of the variable u(t) after the disturbance (the
same applies to gq(t) and z4(¢)).
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Using data
and NUTS to
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Hydroelectric
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and u(t)
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95% credible
interval?

Climatic variables
from year-2:

Ij(t)V] €

Discard the
coefficient

Variables to estimate
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Phase 1 - Learning from last year data

Climatic variables Estimating
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e ey UMD B e
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~—
Phase 2 - Forecasting Hydropower
Generation for current year

Figure 1. Flowchart of the proposed work. The main goal is to use data from the previous year to estimate the
coefficients of the Bayesian hierarchial model (Phase 1). Then, climatic and hydropower data from current year is
used to estimate the hydropower generation (Phase 2). The Bayesian hierarchical model allows for the discard of
coefficientes where zero is in the credible interval. the variable year-1 is one year before the current year; year-2 is

two years before the current year.

In the disturbance process, we essentially draw a sample
from a normal distribution. The mean of this distribution
remains the original value without any disturbance, while
its variance is a certain percentage of the original value.
In our study, we set the maximum value of this variance,
denoted as k, = 0.5, which is notably high. This signifies
that the variance for the normal distribution is half of the
original undisturbed value.

It’s worth noting that in an ideal real-world scenario, a
disturbance coefficient of 0 would be optimal, indicating
no error in the measurement of input variables. However,
practical situations don’t always align with this ideal, and
the model isn’t precisely aware of the coefficient value.
As the degree of uncertainties in measurements is beyond
the scope of this work and is an external issue related to
measurement theory, we employ an extremely high value
of k; = 0.5. This choice allows us to effectively assess
the proposed approach’s capability to handle environments
with significant uncertainties. Leveraging the strengths
of a Bayesian hierarchical approach, which employs the
maximum a posteriori technique in its prediction process,
is particularly advantageous in such contexts.

uq(t) = N(ua(t), wa(t) - ko) (12)
qa(t) = N(qa(t), qa(t) - ko) (13)
wa(t) = N(za(t), za(t) - k) (14)

5. RESULTS AND DISCUSSION
5.1 Large FElectric Power Plants

Figure 2 illustrates the final forecast for LHPs, Irapé, and
Sao Simao. Utilizing data from 2021 and 2020 for model
input, the figure presents the prediction for 2022, consider-
ing two distinct disturbance coefficient values, k, = 0 and
ks = 0.5. The focus here is on the weekly average, assessing
the model’s capacity to forecast hydropower output over
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a 7-day span, and displaying both Maximum a Posteriori
(MAP) predictions and real data.

In Figure 2 a) and ¢), a disturbance coefficient of k, = 0
showcases the model’s successful weekly prediction for
hydropower generation. Sdo Simao demonstrates consis-
tent generation between 600 and 1600 MW, while Irapé
exhibits diverse generation patterns, including a prolonged
low period from days 100 to 180. The model’s adeptness
in predicting energy generation for both scenarios under-
scores the Bayesian model’s data-driven learning capacity.

In Figure 2 b), even with a high disturbance coefficient,
the forecasting model performs well. Despite substantial
data uncertainty, the model accurately detects the energy
generation drop between days 100 and 200, demonstrating
its potential for decision support. Operators could leverage
this foresight to proactively address impending low energy
generation scenarios, enhancing operational efficiency.

In Figure 2 d), it is possible to observe that the model from
Sao Simao is more sensitive to disturbances if compared
to the model From Irape. This can be explained by the
fact that the Sao Simao hydroelectric plant has a more
homogeneous behavior, without major variations in gen-
eration values throughout the year (especially when com-
pared to Irapé). At this point, the hierarchical Bayesian
model may have placed a greater sensitivity for some
covariates, so that the addition of disturbance in them
causes a considerable error in the value to be predicted.
This type of problem is common in Bayesian models, and
can be improved by using more informative priors (based
on expert knowledge) or by using a larger amount of data
(from previous years, in this case).

In table 2, the Normalized Mean Squared Error (NMSE)
was calculated for both LHP, while varying the disturbance
coefficient (k,) and considering both the daily and weekly
forecast. The NMSE of the daily forecast is higher than the
weekly, which is expected, since in a large time horizon, the
model can better explore the influence of the covariates.
Furthermore, the small variations between one day and
another are masked when the weekly average is considered.
Even so, even in the worst prediction scenario (daily
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Figure 2. Forecasting results for two large hydroelectric power plants: Irapé and Sao Simao. The generation for the year
of 2022 was predicted while varying the disturbance coefficient (k,). The weekly moving average is presented.

forecast, with k, = 0.5) the NMSE was less than 0.4
for both hydroelectric plants considered, which shows the
efficiency of the method even in extreme cases.

Hydroelectric Disturbance NMSE NMSE
Power Plant  coefficient (ko) (daily) (weekly)
Irapé 0 0.006782  0.004331
0.1 0.028043  0.005717
0.3 0.193933  0.033950
0.5 0.388524  0.050985
Sao Simao 0 0.002632  0.001069
0.1 0.015548  0.002911
0.3 0.123517  0.014278
0.5 0.264794  0.038141

Table 2. Normalized Mean Squared Error
(NMSE) for the prediction of Large Electric
Power Plants (Irapé and S&o Sim&o).

5.2 Small Powerplant

The final results pertain to a SHP unit, illustrated in
Figure 3. Figure a) displays daily generation output, while
Figure b) shows the weekly moving average. Although the
model’s year-long generation prediction may appear less
distinct in Figure 3 a), its capability becomes clearer when
viewing the weekly horizon in Figure 3 b). Here, it success-
fully forecasts the general behavior of the hydroelectric
plant with a slight margin of error, capturing the early
high generation period followed by a decline and accurately
identifying the peak energy generation between the 40th
and 70th days of the year.
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It’s important to note that the model applied to the
SHP unit (Equation 11) is a simplified version of the
original, necessitated by limited publicly available data for
this type of plant. However, smaller plants with relevant
data can potentially employ the original forecast model
(Equation 10), which yielded satisfactory results for larger
hydroelectric plants.

A disturbance coefficient of 0.5 was used to account for
uncertainties and measurement errors in small hydropower
units. The sporadic occurrence of negative generation
predictions is noteworthy. While not practically feasible,
this underscores the need for incorporating constraints
directly into the model for future research. Focusing on
Figure 3: In Figure a), daily generation output is shown,
while Figure b) depicts the weekly moving average. Daily
predictions might seem less clear (Figure 3 a), but a
weekly view (Figure 3 b) reveals the model’s ability to
forecast the plant’s general behavior, albeit with some
error. It captures the elevated generation early on, followed
by a decline, and accurately predicts the peak energy
generation between the 40th and 70th days of the year.

6. CONCLUSIONS

In this work, a Bayesian Hierarchical Model was developed
with the main goal of forecast the hydropower generation.
Historical data from different hydroelectric units (large
and small), as well as atmospheric covariates were con-
sidered, and data from the years 2020 and 2021 were used
to feed the model. The hydropower generation for the year
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S&o Lourenco, daily hydropower generation
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Figure 3. Forecasting results for the small hydroelectric
power plant of Sdo Lourenco. The generation for the
year of 2022 was predicted while varying the distur-
bance coefficient (k,). In a), the daily generation is
presented. In b), the weekly moving average is shown.

of 2022 was forecasted, and the output was compared to
real data. The ability of the model to deal with distur-
bances in the data was also considered. Results shown the
effectiveness of the proposed work, where the normalized
mean squared error (NMSE) stayed below 0.4 even in a
highly disturbed data.

It is also important to highlight that energy generation is
usually the result of political and bureaucratic operations
related to opening or not the gates of hydroelectric plants.
However, SHPs have greater freedom in the process of
opening and closing the gates, so they could use a predic-
tion model to help control the energy flow. Additionally,
LHPs can use the prediction model not necessarily to
verify the value of power generated in a certain period,
but rather to verify the change in behavior of their plant
in face of changes in covariates (especially considering
extreme atmospheric events). Future work should extend
the proposed model to add more layers to the Bayesian Hi-
erarchical Model. Additionally, the model should be tested
in other hydroelectric power plants, and the model should
be compared with other forecasting techniques presented
in the literature.
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