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Abstract

Global energy demand is growing rapidly. This leading to a greater focus
on renewable energy sources. Hydropower is an integral part of the global
renewable energy sector, which provides reliability, flexibility and storage ca-
pability in power generation. However, with growing market competition and
the integration of variable renewable energy sources, optimizing hydropower
scheduling has become a complex challenge. Traditional scheduling tech-
niques suffer from computational inefficiencies, making them less responsive
to real-time market conditions. In this research, we are using the application
of machine learning models, including recurrent neural networks (RNN) and
long-short-term memory (LSTM) networks, to better predict inflow, elec-
tricity prices, production and demand. The results indicate that the LSTM
model is better at predicting for long-term trends and seasonal changes, which
leads to more accurate forecasts and takes less time to calculate, based on
the evaluation of various performance metrics such as NSE, MAE, MSE,
RMSE and MAPE. These results support the integration of advanced ma-
chine learning methods for more economical and operationally efficient hy-
dropower management in competitive electricity markets.
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Chapter 1

Introduction

We start the chapter with some background information about hydropower
scheduling and our motivation for this project in Section 1.1. In Section 1.2
we define our research goal and research questions that can help achieve the
goal. The main contributions are listed in Section 1.3 and the structure of
the thesis is laid out in Section 1.4.

1.1 Background and Motivation

Hydropower is a method to generate electrical energy from flowing water and
is the most widely used energy source in Norway with 136.49 terawatt-hours
of yearly production out of a total of 156.1 terawatt-hours in a normal year
(NVE,2023), which is about 88 % of total power production in Norway from
hydropower [1]. Norway has a rich history in hydropower scheduling, and
the Norwegian professional community is a leader in this field [2]. Currently,
the EMPS model (Elektrisitetsforsyningens Forskningsinistitutt’s Multi-area
Power Market Simulator) is widely used as a decision support tool among
players in the Nordic power market due to its suitability for hydropower sys-
tems [3].

Hydropower scheduling is uncertain due to various factors, with reservoir
inflow being a primary contributor. Historical data serves as the foundation
for predicting future inflows, and access to extensive reservoir data, as is
the case in Norway, offers a significant advantage [4]. This large amount of
reliable data allows for more accurate predictions. However, managing and
processing large datasets alongside the inherent uncertainties in the system
presents computational challenges.

1



1.1. BACKGROUND AND MOTIVATION 2

Inflow volumes are strongly influenced by annual precipitation levels. As
illustrated in Figure 1.1.1, historical precipitation data is presented for NO.3
zone Norway, with yearly values expressed as a percentage deviation from the
average 2015-2023.

Figure 1.1.1: Comparison of precipitation levels in No.3 Zone as a percent-
age of the 2015-2023 average

As depicted in Figure 1.1.1, historical precipitation data for the No.3 zone
reveal an upward trend compared to the long-term average. Furthermore, the
figure highlights significant interannual variability, with pronounced devia-
tions from the average years. For example, the year 2018 stands out for
its dryness, while 2022 experienced a substantial surplus of rainfall. This
observed variability underscores the inherent difficulty in predicting precipi-
tation patterns and identifying a consistent annual trend. Consequently, hy-
dropower scheduling becomes a more complicated task due to the multitude
of potential inflow scenarios. This complexity emphasizes the importance of
considering a diverse range of scenarios during the scheduling process.

According to Koestler [5], Norwegian hydropower plants can expect in-
creased inflow volumes in the coming years. However, the projections also
indicate that year-to-year inflow patterns will remain unpredictable. Fig-
ure 1.1.2 illustrates a comparison between a typical annual inflow profile and
the corresponding power demand in Norway.

In Norway, typical seasonal variations influence reservoir inflow patterns.
The highest inflow volumes typically occur during the spring flood season,
coinciding with late spring and early summer. A secondary increase in inflow
is also observed during autumn due to increased precipitation levels. Con-
versely, the demand exhibits a more predictable pattern, primarily driven by
temperature fluctuations. Consequently, demand is generally higher during
winter season for heating purposes and lower during summer season [6].
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Figure 1.1.2: Inflow vs power demand for a typical year in Norway
[Source: Course syllabus]

This dynamic underscore the critical role of hydropower scheduling prob-
lem involves deciding when to utilize water resources for power generation
and when to save the water for future use. The goal of the problem is to
maximize profits by finding the optimal generation schedule, which specifies
how much water will be released for each time step in a planning horizon. To
decide future schedules operators, rely on uncertain forecasts about future
prices and how much water will flow into the reservoir. These anticipated
changes are likely to introduce greater complexity and computational de-
mands for achieving optimal hydropower scheduling strategies

Power prices are highly volatile and fluctuate hourly, offering opportuni-
ties for hydropower operators to achieve a higher realized price. As shown in
Figure 1.1.3, power prices in the first half of September 2022 varied widely,
ranging from below 30 EUR to over 500 EUR per unit. This volatility can
significantly impact the revenue of the operator, potentially by more than a
factor of 10. Consequently, choosing an optimal generation schedule can lead
to large increases in profit for the owner of the hydropower plant. Because
hydropower is such a large part of Norwegian power generation, increasing
the profits by a tiny factor can give large increases in profits.

The Nordic countries have a liberialised common market, in which hy-
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Figure 1.1.3: Power Price in September 2022
(Tronder Energi, 2022)

dropower constitutes about 50 % of total generation [7]. In Norway, hy-
dropower accounts for 99 % of the total power generation. Due to the high
fraction of hydro, market prices will depend on the hydrological situation,
and taking the stochasticity in inflow into account is therefore essential. As-
suming that the individual producers cannot influence the market price, it
is also necessary to model stochasticity in price. In this thesis, stochastic
models for price and inflow are developed in order to provide forecasts for
the long-term scheduling. Parameters for these models are computed based
on historical spot prices, forward and futures prices and historical inflow data
collected from Professor and Ph.D Candidate.

1.2 Goals and Research Questions

The main purpose of this thesis is to find methods from the field of Artificial
Intelligence that can be used to solve the hydropower scheduling problem.
Formulating clear research questions is the first step in structuring the study,
as these questions will guide the literature review, analysis, and overall di-
rection of the work.

To support this goal, the research questions were designed to identify and
review a wide range of relevant studies and data sources that highlight the
use of ML techniques in hydropower optimization.
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The following research questions have been developed for this thesis:

1. What are the state-of-the-art optimization and forecasting methods
used in long-term hydropower scheduling?

2. Which techniques exhibit the best fit for addressing the hydropower
scheduling problem?

3. What are the main expected benefits from applying machine learning
techniques?

1.3 Contributions

In this thesis, the conducted work extends existing approaches by integrating
a machine learning models into long term hydropower scheduling (LTHS).
The main contributions are as follows:

• A forecasting framework was developed using RNN and LSTM models
to improve prediction accuracy for inflow, electricity prices, production
and demand in the NO3 (Central Norway) region.

• The proposed framework related to the long-term scheduling problem,
allowing for data-driven decision support in reservoir operations and
energy bidding.

• The performance of the machine learning models was evaluated through
multiple case studies across different seasons and market conditions.

• The models were assessed using standard performance metrics and com-
pared with baseline methods to analyze their robustness and suitability
for practical application.

The entire model has been implemented and the results analyzed in Python,
with custom modifications for data integration and model training.

1.4 Thesis Structure

This thesis is structured as follows:

Chapter 1: Introduces the background and motivation for the project, de-
fines the problem, outlines the research objectives, and the thesis questions.
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The conducted work is also described in this section.

Chapter 2: Describes the relevant and established theory to this thesis
and discusses hydropower and its scheduling with a focus on Long-Term Hy-
dropower Scheduling (LTHS) and also describes the theory associated with
machine learning techniques and performance metrics. In this chapter also
a literature review on the application of machine learning in hydropower
scheduling and a description of the conducted work is done in this section.

Chapter 3: Details the methodological approach. This includes descriptions
of the different machine learning methods implemented.

Chapter 4: Provides an overview of the dataset and case study are described
in detail in this chapter. It also outlines the selected machine learning models
and the evaluation metrics used in this study.

Chapter 5: Presents the results obtained from the different case studies, pri-
marily on optimal Inflow, demand, scheduling accuracy, and computational
time.

Chapter 6: This chapter discusses the outcomes of the experimental anal-
ysis presented.

Chapter 7: Finally, we summarize the main points and answer our research
questions. We also discuss limitations and potential future work.



Chapter 2

Theory and Literature Review

This chapter outlines the relevant and established theory to this thesis and
discusses hydropower and its scheduling with a focus on Long-Term Hy-
dropower Scheduling (LTHS) and various scheduling approaches and de-
scribes the theory associated with machine learning techniques and perfor-
mance metrics. The chapter also literature review on the application of ma-
chine learning in hydropower scheduling and summarizes the work conducted
is done in this chapter.

2.1 Hydropower

In hydropower, the mechanical energy of flowing water is converted into
electrical energy via the use of a turbine. Water has potential energy because
it is pulled by gravity. The higher the elevation of the water and the more
mass of water, and more potential energy is stored.
There are different types of hydropower plants. The most common in Nor-
way is storage hydropower plants, which have a dam and a reservoir that can
accumulate water. In Figure 2.1.1 shows some of the components of a hy-
dropower dam. A reservoir can be released water into the penstock to drive
a turbine. A generator converts the movement of the turbine into electrical
energy, which is delivered to the power grid [8].

The Hydropower plants can be classified into two distinct categories: Reservoir-
based and Run-of-river hydropower plants.

Reservoir-based hydropower plants feature huge storage facilities, enabling
them to retain considerable volumes of water. The storage capacity allows
the plant operators to schedule power generation at the most optimum pe-

7
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Figure 2.1.1: Hydropower plant
(Energy Information Administration, 2022)

riods. Reservoir-based hydropower plant creates electricity by capturing the
potential energy of the water contained in the reservoir from the height dif-
ference between the reservoir and the generator. This may be stated by the
following equation [9]:

P = η × ρ× g × h×Q (2.1)

Where P is the power output, η is the efficiency of the plant, ρ is the density
of water, g is the acceleration due to gravity, h is the height difference em-
ployed to create energy, and Q is the flow rate of water through the turbines.

On the other hand, run-of-river hydropower plants can’t store water. They
generally generate power from the river natural flow, as the name indicates.
Only some of the river water is used to provide electricity, and then it goes
back into the river. There is a notch in the weir that makes sure there is
enough flow in the river all year round. This is because the flow rates change
naturally. The turbines in these buildings transform the movement of the
water into power. This shift in kinetic energy occurs according to equation
[9]:

P =
1

2
× η × ρ× A× v2 (2.2)

Where P is the amount of electricity that comes out, η is the plant efficiency,
ρ is the water density, A is the stream cross-sectional area, and v is the speed
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at which the water flows.

A typical reservoir-based hydropower plant consists of five major compo-
nents: the reservoir, the tunnel, the turbine and generator, the discharge
tunnel, and the discharge pool.

The reservoir holds and stores the water that naturally flows into a region
[10]. The reservoir might take the shape of a natural pond, or an artificial
body produced by a dam. The geographical characteristics of the location
determine the choice of dam type and size. A regulation hatch is incorporated
to release the water for maintenance or emergencies. To prevent structural
damage to the dam, a spillway is commonly incorporated to discharge the
water safely in the event of overflow or spillage. Any overflow or spillage
from the reservoir results in the loss of potential energy and revenue for the
plant.

The hydropower plant main parts are the turbine and the generator. The
water potential energy is turned into electrical energy here [11]. The turbine
turns because of the water pressure, which turns the generator to produce
power. Depending on the height difference and the amount of water flow in
the plant, several kinds of turbines are employed. There are many kinds of
turbines for different height disparities. The efficiency of each turbine will
depend on the water that is present [12]. By using them together between
numerous pairs of turbines and generators, the difference in efficiency may
be kept to a minimum.

The discharge tunnel takes the water to the discharge pool after it has gone
through the turbine. The tunnel is lower than the reservoir so that a vacuum
does not form in the water tunnel, which would make the plant less efficient.
The discharge pool is the last part of the hydroelectric plant. It might be
another reservoir, an uncontrolled river, or a direct connection to the sea

The total efficiency of a hydro power plant is the sum of all losses in the
system, such as those that occur in the tunnel, the turbine, and any vacuum
that is produced. This can be represented by the following equation.

η = 1− ηtunnel − ηturbine − ηvacuum − · · · (2.3)
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Figure 2.1.2: Cross-sectional view of a typical hydropower plant

2.2 Hydropower scheduling

As with wind, solar, and thermal power, hydropower contributes to the en-
ergy production within the power system. The determination of a marginal
price for power generated from wind, solar, and thermal sources is a relatively
straightforward process [13]. The decisions made regarding the immediate
production of power from these sources may not necessarily influence the
future capacity of power production at a later stage [14].

In contrast, hydropower have a storage capability, involves decisions made at
one stage that impact reservoir levels in the future. Consequently, there is a
necessity for strategies to determine the marginal value of accessible water.
In addition to meeting immediate demand, future projections are signifi-
cantly influence present decision-making. For instance, if forecasts indicate
substantial inflow in the upcoming period, the typical course of action would
be to generate power to prevent flooding. Conversely, if predictions indicate
limited inflow, power production may be reduced to avoid future rationing
[13].

Hydropower scheduling presents several challenges highlighted below:

• System size and topology: A hydropower system may consist of multi-
ple modules with complicated topology, each regulated by distinct re-
strictions that increase to the total complexity. It also makes it much
harder to connect these modules to other areas of the power system.

• Scheduling horizon and time step: The scheduling horizon varies from
hourly intervals to several years, depending on the level of detail needed.
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While it is preferable to use small time steps for scheduling, doing so
over an extended horizon would be computationally infeasible.

• Uncertainty: Various uncertain parameters complicate the hydropower
scheduling process, with the primary factors being inflow, demand and
market prices.

Figure 2.2.1: Hydropower scheduling hierarchy
Source: [15]

As illustrated in Figure 2.2.1, there is a connection between the scheduling
horizons, and each of them plays a distinct role. Short-term scheduling is
crucial because it is directly connected to decisions related to power produc-
tion. Furthermore, it is influenced by the actual values of parameters such
as inflow and consumption and interacts with the power market [15]. In
contrast, LTHS serves as a reference point to guide seasonal and short-term
scheduling, thereby facilitating the long-term management of resources. For
hydropower companies, it is of great importance to have a comprehensive un-
derstanding of the future reservoir situation [15]. Seasonal scheduling serves
as a bridge between LTHS and short-term scheduling. The three scheduling
horizons in Figure 2.2.1, the focus of this thesis is only on LTHS.

2.2.1 Long-Term Hydropower Scheduling

The aim of LTHS is to achieve optimal hydropower production planning over
a long planning horizon. For the largest reservoirs, it can take several years
to fill up when they are empty [15]. Consequently, the decisions made at a
time step can have an impact on the reservoir levels years ahead. In LTHS,
forecasts of prices, demand, and inflow are of extremely importance. Due
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to the inherent uncertainty associated with these factors, LTHS is solved as
stochastic dynamic optimization problems (SDP) [15]. The dynamic nature
of the problem comes from the fact that a decision made at one time stage,
affects subsequent decisions. However, SDPs struggle with "the curse of di-
mensionality" [15]. As the number of inflow scenarios for a given time step
increases, the dimensionality of the optimization problem grows exponen-
tially [16]. Furthermore, the computational burden increases with smaller
time steps due to the increased complexity. In the context of LTHS extend-
ing over a year, the incorporation of numerous inflow scenarios results in an
excessively high number of potential states in the long term. Figure 2.2.2
illustrates the reservoir level with stochastic inflow.

Figure 2.2.2: Example of reservoir levels with n stochastic inflow scenarios

Let r0 be the reservoir level in time step κ. The inflows t1, t2, . . . , tn yield
n possible inflow scenarios, resulting in r1, r2, . . . , rn as the possible reser-
voir levels in time step κ + 1. Assuming each reservoir level at time step
κ + 1 leads to n new inflow scenarios, this process continues, resulting in
new reservoir levels at time step κ + 2. Considering an excessive number of
inflow scenarios per time step across all time steps in several years makes
LTHS computationally infeasible due to the vast number of potential states
to consider [15].

2.3 Model Framework

In LTHS with a disaggregated representation of the hydropower system, com-
putational complexity remains a significant challenge. The model used in this
thesis incorporates a machine learning-based framework designed to make
scheduling more computationally feasible. The following sections describe
the theory related to the structure and methods used in the framework.
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2.3.1 Machine Learning and Neural Networks

Machine learning (ML) is set of techniques used to extract knowledge from
data using computer force to learn relationships from datasets by iteration
[17]. Instead of using hand coded rules of “if” and “else” decisions to pro-
cess data, one feeds the data to algorithms that are constructed so that the
program learns from experience autonomously and with minimal human in-
teraction. By numerous iterations, the computer is tasked to find the most
optimal route from input to output. Machine learning is a field that combines
computer science and mathematics. It has a substantial portion of its the-
oretical core from probability theory and statistics as well as linear algebra
and calculus that are nested together in the form of algorithms. Constructed
to do different tasks such as finding the minimal error by gradient decent,
these algorithms rely on heavy computer hardware to process and find pat-
terns in large datasets. In geosciences, machine learning has been used for a
long time in remote sensing applications such as automatic classification of
landcover and geomorphology from satellite data, in weather forecasting and
in hydrology.

The terms "machine learning" and "Artificial Intelligence" (AI) are often
used interchangeably or in conjunction with one another. Today, artificial
intelligence is seen as a more general term that covers computer vision, op-
timisation, data mining, robots, remote sensing, and other areas. Machine
learning is a part or section of AI that focuses on using data to learn how to
solve difficult problems. It is seen as one of the most important skills for the
future of AI.

Remsan and Mathew’s 2015 book [18], "Data Driven Models in Hydrology,"
has many examples of how machine learning models can be used in hydro-
logical forecasting. Because of this, support vector machines and different
kinds of Artificial Neural Networks (ANN) are two of the most popular ways
to predict time series forecasting [18]. Models vary in how complicated and
adaptable they are. A lot of people use basic machine learning techniques,
like Support vector regression or K-nearest neighbours are popular models
in hydrological time series forecasting and they offer good predictability for
a lower computational cost than the deeper networks.

The complexity level is crucial when choosing a model. More complex mod-
els are assumed to be better at simulating reality. This is certainly the case
in the training phase (good fit with lower bias and higher variance). But
less complex models may perform better when testing on unseen data. Less
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Figure 2.3.1: Relationship between Artificial Intelligence, Machine Learn-
ing, and Deep Learning

complex models can be more robust and generalize better, especially when
working with shorter data series. Remsan and Mathew [18] argue that these
issues are not adequately addressed in data driven hydrological modelling.
Further they admit that it is difficult to decide on which model to use. De-
cisions are often based on familiarity, but complexity, length and type of
data, computational resources and various other aspects should be consid-
ered when choosing a model.

In hydrological applications, machine learning has been widely applied to
tasks such as inflow prediction, weather forecasting, and remote sensing anal-
ysis. Among the most commonly used models are Artificial Neural Networks
(ANNs), including Recurrent Neural Networks (RNNs) and Long Short-Term
Memory (LSTM) networks. These models are computationally efficient and
suitable for shorter time series, while deeper architectures offer greater flex-
ibility but may risk overfitting.

Model selection in hydrology relies on factors like data size, complexity,
and computational resources. For training data, complex models work best,
but for smaller datasets, simpler models may be more effective for limited
datasets. Forward neural networks (ANN) are the most common type, con-
sisting of fully connected layers that flow data without loops. These networks
are structured with input layers, dense hidden layers, and output layers.
The number of layers and nodes varies depending on the application and
data complexity. They are in high demand due to their enhanced forecast-
ing capabilities and their capacity to integrate numerous data sources. This



2.3. MODEL FRAMEWORK 15

understanding sets the stage for more advanced architectures like Recurrent
Neural Networks (RNN) and Long Short-Term Memory networks, which are
discussed in the next sections.

Figure 2.3.2: Basic overview of a neural network

2.3.2 Recurrent Neural Network

Recurrent Neural Networks (RNN), introduced by Rumelhart et al.(1986)[19],
are a class of artificial neural networks designed to model sequential data with
internal ’self-loops’ that allow information from previous time steps to influ-
ence current predictions, making them suitable for time series analysis and
forecasting. The application of RNNs in hydrology began in the late 1990s.
The former conducted the research in a laboratory and demonstrated the
ability to use RNN for event-based applications. Hsu et al. (1997) [20] com-
pared the RNN against ANN and the models had about the same level of
predictability. One of the most compelling advantages of RNN in hydrologi-
cal modeling is their capacity for "internal memory," enabling the network to
learn temporal dependencies. However, a major drawback of the early RNN
was the phenomena with vanishing and exploding gradients in the backprop-
agation.

A simple RNN model is consists of a single cell that processes sequences
of time series data. They contain self-loops that allow them to carry in-
formation from previous time steps, making them suitable for time series
forecasting [20]. The cell is updated as each sequence is processed. In order
to backpropagate we unroll the network as seen in the figure below:
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Figure 2.3.3: When unrolled, each cell can be viewed as one dense layer.
Hence the network becomes analogous to a very deep artificial neural network

Source:[21]

2.3.3 Long Short Term Memory Network

Long Short-Term Memory (LSTM) networks, proposed by Hochreiter and
Schmidhuber (1997) [22]. Over the years it has become one of the most
famous RNN and are still a popular choice for tasks such as handwriting
recognition [23], music composition, traffic forecast [24] or other sequential
problems. In a paper written by researchers from Google (Jozefowicz, et al.,
2015) [25] the LSTM is forwarded as an extremely powerful and applicable
framework for a broad variety of machine learning tasks. The LSTM are
a refined version of RNN designed to overcome the limitations of standard
RNN, particularly the vanishing gradient problem. Long short-term mem-
ories (LSTM) include memory cells and gating mechanisms to control the
flow of data over time, allowing the networks to retain long-term dependen-
cies more effectively.

LSTM are also briefly described in the book by Remesan and Mathews (2015)
[18]. However, it is important to note that the majority of research articles
that are used as references for the more advanced forms of RNN, such as
LSTM or GRU in hydrology is published later. From 2015 the large tech
giants revealed that LSTM based networks were used in their technology.
For example, Google started using LSTM for speech recognition in 2015 on
Google Voice, and in 2016 they started using it for their translation sys-
tem reducing translation errors by 50% (Highfield, 2015) [26]. Similarly, in
2016 Apple and Amazon started using LSTM-based networks for transla-
tions, Quick type, and text-to-speech technology in their devices.

In the field of hydrology, LSTM are particularly well-suited for modeling the
complex relationships between the variables that are input, such as precipita-
tion, temperature, and other parameters, and the variables that are output,
such as inflow etc. Their ability to capture both daily and seasonal patterns
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is especially valuable for inflow forecasting and hydropower scheduling.

The drawing below shows the LSTM architecture unrolled over time. The
cell to the left is the LSTM cell at the previous time step while the one to the
right is the cell at one step into the future. The current time step is in the
middle. Three lines goes into the cell. In the bottom left corner, it receives
the input Xt and the output from the previous time step (the output from
the previous layer is in RNN called the hidden state abbreviated to ht−1).
The input Xt and the hidden state ht−1 are concatenated before it runs into
the four gates marked as yellow boxes in the drawing. The third input the
cell receives from the previous cell, runs as a straight arrow trough the upper
part of the cells. This is the cell state and enables the LSTM to remember
long term dependencies with a considerably smaller chance for the vanishing
and exploding gradient problems seen in traditional RNN.

Figure 2.3.4: Overview of the LSTM network
Source:[21]

2.3.4 Performance Metrics

The overarching goal of this study is to assess the potential of machine learn-
ing algorithms in long-term hydropower scheduling, thus reducing the over-
all time required. To effectively evaluate the efficiency of machine learning
techniques relative to traditional optimization methodologies, two principal
factors must be considered: the computational time and the accuracy of the
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program.

Computational time, denoting the duration a computer algorithm requires
to complete its task, provides an efficient and practical way of comparing
distinct algorithms [27]. The hardware setup will impact the performance of
computational time, it is, therefore, essential to run the algorithms on the
same or equal computers when comparing.

To objectively measure the efficacy of the machine learning model, various
performance metrics are employed, including the Nash–Sutcliffe Efficiency
(NSE), Mean Absolute Error (MAE), Mean Squared Error (MSE), Root
Mean Squared Error (RMSE), and mean absolute percentage error (MAPE).
This research will primarily utilize the first three metrics: MSE, RMSE, and
MAE. Using diverse evaluation techniques allows for a more comprehensive
analysis, considering each metric has unique strengths and limitations.

The Nash–Sutcliffe Efficiency (NSE) is a normalized statistic that de-
termines the relative magnitude of the residual variance compared to the
measured data variance. It is computed as follows[28]:

NSE = 1−
∑N

i=1(ri − r̂i)
2∑N

i=1(ri − r̄)2
(2.4)

where N is the total number of predicted values, r̂i is the predicted values,
ri are the actual values. NSE values range from [−∞ to 1], where a value of 1
corresponds to a perfect match between model predictions and observations.
An NSE of 0 indicates that the model predictions are as accurate as the
mean of the observed data, while values less than zero imply that the mean
observed value is a better predictor than the model.

The Mean Absolute Error (MAE) is computed as follows [29]:

MAE =
1

N

N∑
i=1

|ri − r̂i| (2.5)

where N is the total number of predicted values, r̂i is the predicted values,
ri are the actual values. MAE gives the mean absolute value between the
predicted values and the measured data without considering the direction of
the error.
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The Mean Squared Error (MSE) is computed as follows [30]:

MSE =
1

N

N∑
i=1

(r̂i − ri)
2 (2.6)

where N is the total number of predicted values, r̂i represents the predicted
values, and ri is the actual values. The MSE computes the average of the
squares of the errors, emphasizing larger errors due to the squaring operation.

The Root Mean Squared Error (RMSE), a derivative of MSE, is ex-
pressed as [31]:

RMSE =

√√√√ 1

N

N∑
i=1

(r̂i − ri)2 (2.7)

where N is the total number of predicted values, r̂i signifies the predicted
values, and ri represents the actual values. The RMSE is the square root
of the MSE, mitigating the heavy penalization of larger errors exhibited by
MSE, thus providing a more balanced measure of model performance.

The Mean Absolute Percentage Error (MAPE) can be calculated
through this equation:

MAPE =
100

N

N∑
i=1

∣∣∣∣ri − r̂i
ri

∣∣∣∣ (2.8)

where N is the total number of predicted values, r̂i is the predicted values, ri
signifies the actual values. MAPE gives the mean absolute percentage value
between the predicted values and the measured data without considering the
direction of the error.

2.4 Literature review

This master thesis aims to investigate the performance of machine learning as
a substitute for the optimization techniques used in long-term hydroelectric
power scheduling (LTHPS). As hydropower plays a vital role in global energy
systems, the need for robust and adaptive planning methods is growing due
to increased system complexity, market volatility, and climate uncertainty.
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The literature review for this thesis has three main goals:

1. To explore the state-of-the-art optimization techniques used in LTHPS.

2. To identify the machine learning methods currently applied to hy-
dropower forecasting and scheduling.

3. The comparative performance of two different machine learning tech-
niques against conventional optimization-based approaches.

To ensure the research is most relevant to the field, it is important to compare
the results of machine learning to the state-of-the-art LTHPS optimization
techniques while considering the main break throughs in LTHPS optimization
techniques. Different machine learning techniques have been used in the field;
therefore, it is important to ensure that the research in this thesis uses a new
technique or approach to further advance the research in the field.

2.4.1 Hydro power scheduling

Hydropower scheduling is a crucial role in the efficient operation of power sys-
tems, particularly in areas with substantial hydro resources. The objective is
to determine the optimal release of water over time to maximize revenue or
meet demand, while also considering operational, environmental, and mar-
ket constraints. In long-term planning, this issue becomes more complicated
because of the unpredictability of reservoir inflows and fluctuating electricity
market prices.

One of the foundational concepts in hydropower scheduling is the value of
water, which represents the opportunity cost of using water for power gen-
eration now versus storing it for future use. This principle allows hydro
operators to strategically allocate water resources across time. Early models
focused on calculating the water value based on reservoir levels and inflow
probabilities. Traditional hydropower scheduling methods, such as Stochas-
tic Dynamic Programming (SDP), Stochastic Dual Dynamic Programming
(SDDP), and Mixed-Integer Linear Programming (MILP), have long been
employed for long-term energy planning. These techniques help in model-
ing uncertainties in inflow and market conditions and optimizing water usage
across multiple time steps [32, 33]. Despite their effectiveness, these methods
can become computationally expensive when applied to systems with several
reservoirs or fine-grained time resolutions. Additionally, the issue becomes
more complex due to the need for scenario-based modelling, which makes
real-time implementation challenging [34]. These limitations have prompted
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the exploration of machine learning-based forecasting and optimization mod-
els, including the Simple RNN and LSTM-based approach investigated in this
thesis.

2.4.2 Machine Learning in Hydro power scheduling

Machine learning (ML) techniques have been included into hydropower schedul-
ing frameworks due to the rising complexity of power network, as well as the
fluctuating electricity prices and unpredictable inflows. ML leverages his-
torical data to discover patterns and makes predictions based on past data.
In long-term hydropower scheduling (LTHPS), machine learning (ML) tech-
niques are useful for forecasting reservoir inflows and market prices. Early
applications used Artificial Neural Networks (ANN) for inflow prediction.
While effective at capturing nonlinear relationships, ANNs and feedforward
networks lack the ability to model temporal dependencies [35]. Recurrent
Neural Networks (RNN) improved their performance by incorporating mem-
ory through internal states, which is suitable for time series forecasting. How-
ever, traditional Simple RNN suffer from vanishing gradient problems [36].
The development of Long Short-Term Memory (LSTM) networks was imple-
mented in order to overcome these constraints. LSTM use memory cells and
gating mechanisms to retain information over longer sequences, making them
ideal for hydrological and price forecasting [37]. In hydropower scheduling,
LSTM models forecast future inflows and prices, which are then used in sim-
plified optimization models. These hybrid systems improve scalability and
adaptability, especially in competitive electricity markets [38].

2.4.3 Conclusion of the Literature review

The literature highlights two machine learning models used in hydropower
scheduling. Here can it be seen that Simple RNN and LSTM were two of the
most used machine learning technique for hydropower scheduling. Simple
RNN did not perform well in this field, but LSTM networks have demon-
strated more promising results due to their ability to capture long-term de-
pendencies. Therefore, the LSTM model is considered the most suitable
choice for this master’s thesis. To the best of the author’s knowledge, LSTM
networks have been applied only to a limited extent in hydropower schedul-
ing, making their use in this thesis.

In the next chapter, the methodology and corresponding mathematical mod-
els will be presented, and further details will be given for the different pa-
rameters and variables of the real-world equivalent.



Chapter 3

Methods

This chapter outlines the methodology of the thesis. It starts by detailing the
data used in the project and the preprocessing techniques applied. Then, it
covers the feature engineering steps and the model development process for
the recurrent neural network (RNN) and long-short-term memory (LSTM)
architectures. This chapter also presents the mathematical formulation of
both models and explains the criteria used for selecting the best model (in-
cluding error metrics like NSE, MAE, RMSE etc). Finally, it outlines the
approach used to evaluate the selected model and provides details on the
software and hardware tools used for the implementation. Results from the
preprocessing and training process are presented in this chapter, while the
results directly related to the research questions are presented in Chapter 5.

3.1 Feature Engineering

Before training the models, the NVE dataset undergoes several pre-processing
and feature engineering steps to make it suitable for machine learning. First,
data cleaning was performed; any missing values or obvious outliers in the
time series were addressed (by imputation using neighboring values or re-
moving faulty entries) to ensure consistency. Next, all characteristic variables
were standardized to have a zero mean and unit standard deviation; this scal-
ing was applied to meteorological inputs (temperature, precipitation, etc.),
operational inputs (such as past production, consumption, and price), and
also to target outputs. Standardizing the inputs helps the neural network
models train more effectively by ensuring that features are on a comparable
scale and speeding up the convergence of gradient-based optimization. In
addition to scaling, new features were derived to help the models capture
important patterns.

22
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Figure 3.1.1: Flow Chart

Temporal features: We created time-related features like month or sea-
son indicators (e.g., specifying the month of the year). These can allow the
model to consider seasonal effects that are not obviously present in the con-
tinuous input variables. Lag features: Because both RNN and LSTM learn
from sequential data, we prepared the training data as sequences of past ob-
servations. For each day in the dataset, we constructed an input sequence
consisting of the previous N days of characteristics (e.g. N = 7 days or N = 30
days, depending on what gave the best results during the experimentation).
These lagged sequences allow the models to learn temporal dependencies. In
practice, this meant that for each target prediction (say, forecasting the next
day’s inflow, price, or production), we included features like temperature,
precipitation, etc., from the prior N days as part of the model input. We also
considered aggregated features such as rolling averages or accumulated values
(e.g., cumulative rainfall over the past week, average temperature over the
past month). Such features can smooth out short-term noise and emphasize
longer-term trends that could be relevant for long-term hydropower schedul-
ing decisions. Feature selection was another aspect of our preparation. Given
the number of potential input variables (multiple weather variables, lagged
versions of each, past outputs like yesterday’s price or production, etc.), not
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all features may be equally informative. We used a step-by-step process to
pick the best features by training the initial models with different groups of
features and checking how well they performed (mainly using metrices as a
measurement, which we explain later in Section 3.2.2). This helped iden-
tify a set of the most predictive features without choosing the ones that add
noise or redundancy. The final feature set included the main weather factors
(temperature, precipitation, evaporation, and wind speed) and relevant op-
erational factors (past inflow, past production/consumption, and past price)
along with select engineered features such as lagged values and seasonal in-
dicators. At the conclusion of this feature engineering process, we had the
model.

3.2 Model Development and Training Process

In this thesis, two types of neural network models were developed for predict-
ing hydropower-related outcomes: a Simple RNN and an LSTM network. All
models were trained, validated [39], and tested on subsets of the data from
2015 to 2023. In this section, we introduce the models and explain the gen-
eral training process, including how data was split and how hyperparameters
were chosen. Figure 3.2.1 provides a high-level flowchart of the modeling
process, from data preprocessing to model training and evaluation.

Figure 3.2.1: Flow chart showing the steps and data used during training,
model evaluation and model selection

As illustrated in Figure 3.2.1, the workflow began with the raw data ob-
tained from NVE and other sources, followed by preprocessing and feature
engineering (as described in Section 3.1). After preparing the data, we split
the dataset into training, validation, and test sets in chronological order. A
typical split used in our experiments allocated the earliest portion of the time-
line to training, an intermediate period to validation, and the most recent
portion to testing. For example, one split scenario used data from 2015–2023
for training, 2021–2022 for validation (used during model tuning), and the
final year 2023 as a hold-out test set for final evaluation. This chronological
splitting strategy preserves the temporal order of events (ensuring that we
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always predict “future” data from the perspective of the model training) and
avoids information leakage from the future into the past After splitting the
data, we trained the two model architectures on the training set:

• Basic RNN model: a simple recurrent neural network with one or more
recurrent layers (using tanh or ReLU activations) to serve as a baseline
for sequence modeling.

• LSTM model: an advanced RNN variant incorporating LSTM layers,
which include gating mechanisms to better capture long-term depen-
dencies.

Figure 3.2.2: The framework of scenario reduction for long-term hy-
dropower scheduling and validation process

During the model development, we construct the model with various set-
ting for both type of architecture, such as the number of hidden layers, the
number of units (neurons) in each layer, the sequence length (input time steps
N), the learning rate for the optimizer, and the regularization techniques (like
dropout rates) to prevent overfitting. We utilized the Adam optimizer for
training these neural networks, as it generally provides fast convergence for
time-series tasks. The loss function employed for training was the mean
squared error (MSE), which is standard for regression problems – although
we monitored mean absolute error (MAE) as well due to its interpretability
in the context of our targets. Each model was trained for a fixed number of
epochs, but we also implemented early stopping based on validation loss; if
the validation lossess did not improve for a certain number of epochs, train-
ing was stopped to prevent overfitting to the training data.
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Throughout training, the performance on the validation set was tracked.
The basic RNN model training served as a baseline; once trained, we evalu-
ated its validation error and noted its strengths and weaknesses (for example,
we observed whether it could capture seasonal patterns or if it lagged during
sudden changes in the data). Then, the LSTM model was trained under
similar conditions. We expected the LSTM, with its memory cell and gates,
to outperform the basic RNN especially on longer-term patterns, and we
indeed found that the LSTM typically yielded lower validation error in our
trials. The outcome of this stage was two trained model candidates (RNN
and LSTM), each with tuned hyperparameters gleaned through the valida-
tion process. We next proceeded to a formal model selection phase to decide
which architecture and configuration would be used for final testing.

3.2.1 Mathematical Modeling of RNN and LSTM

Recurrent neural networks are designed for sequential data processing and
forecasting. In a Simple RNN, at each time step t, the model takes an input
vector xt, combines it with the previous hidden state ht−1, and produces an
updated hidden state ht. The hidden state update can be described by the
equation:

ht = tanh
(
Wxh xt +Whh ht−1 + bh

)
(3.1)

where Wxh is the weight matrix connecting input to the hidden state,
Whh is the recurrent weight matrix from the previous hidden state to the
new hidden state, and bh is a bias vector. The tanh(·) is the activation func-
tion provides non-linearity and constraints on the value of the hidden state.
The RNN produces an output yt (for example, a prediction of the target
variable at time t) based on the hidden state:

yt = Why ht + by (3.2)

where Why maps the hidden state to the output and by is an output bias.
In hydropower scheduling, yt could represent a predicted value such as next
day inflow, price, or production, and xt would include features like recent ob-
servations of weather and other variables. Simple RNN, however, are known
to struggle with learning long-term dependencies in sequences. Over long
time periods, gradients tend to vanish or explode during backpropagation
through time, making it difficult for the RNN to learn relationships that
span more than a short number of time steps.
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LSTM networks were introduced to address these limitations by providing a
more complex memory structure. An LSTM unit at time t carries not only
a hidden state ht but also a cell state Ct that acts as a long-term memory.
The LSTM uses gating mechanisms to control the flow of information into
and out of this cell state. The equations governing an LSTM operation are
as follows. First, the forget gate ft decides how much of the previous cell
state Ct−1 to retain:

ft = σ
(
Wf xt + Uf ht−1 + bf

)
(3.3)

where σ(·) is the sigmoid activation function that squashes values between
0 and 1. Next, the input gate it determines how much new information to
write to the cell, and the candidate cell state C̃t computes a new candidate
value to potentially add to the cell state:

it = σ
(
Wi xt + Ui ht−1 + bi

)
(3.4)

C̃t = tanh
(
Wc xt + Uc h+ bc

)
(3.5)

where W and U are weight matrices for the input and recurrent connec-
tions of the respective gates (forget, input, candidate), and bc are biases. The
cell state is then updated by combining with the old cell content (scaled by
ft) with the new candidate content (scaled by it):

Ct = ft ⊙ Ct−1 + it ⊙ C̃t (3.6)

Ct = ft ⊙ Ct−1 + it ⊙ C̃t

where ⊙ denotes element wise multiplication. This equation shows that when
ft is near 1 and it is near 0, the old cell state is mostly preserved (long-term
memory maintained), whereas when ft is small and it is large, the cell state
is over written with new information. Finally, the output gate ot decides how
much of the cell state to expose to the hidden state, and the hidden state is
updated as:

ot = σ
(
Wo xt + Uo ht−1 + bo

)
(3.7)

ht = ot ⊙ tanh(Ct) (3.8)

In short, the LSTM cell state Ct can carry information across many time
steps, and the gating mechanisms (ft, it, ot) learn to protect or expose that
information as needed. This architecture enables LSTM models to preserve
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long-term dependencies far better than simple RNNs. In our experiments,
this means an LSTM is more capable of learning relationships such as “a
dry winter (low precipitation and low inflow) can lead to high prices or low
reservoir levels several months later” patterns that a basic RNN might fail to
capture if the gap in time is large. The mathematical formulation provided
above guided our implementation of the models using modern deep learning
libraries, which have built in optimized routines for RNN and LSTM layers.

3.2.2 Model Selection

Once the Simple RNN and LSTM models were trained and tuned in the
validation set, we carried out a model selection process to choose the final
model for testing. Up to this point, the validation dataset had been used to
iteratively assess performance during development. For the final selection,
we considered different evaluation matrices to ensure that the chosen model
was robust. During the feature selection and hyperparameter tuning phase,
we focused on Nash-Sutcliffe Efficiency (NSE) and Root Mean Squared Er-
ror (RMSE) because they are important for evaluating both model accuracy
and reliability in hydrological applications. Nash-Sutcliffe Efficiency (NSE)
measures the predictive power of a model by comparing the predicted values
to the mean of observed data. An NSE value close to 1, show that the model
performance is good, but values below zero indicate poor model performance.
RMSE, on the other hand, quantifies the standard deviation of prediction er-
rors, providing insight into how much the model deviates from actual values,
particularly penalizing larger errors. Although we also considered additional
metrics like MAE, MSE, and MAPE for model evaluation, NSE and RMSE
gave us the clearest view of overall accuracy and stability. In our experiments,
the LSTM consistently achieved higher NSE values and lower MAE, MSE,
and RMSE, than the Simple RNN, showing a better fit and less error vari-
ation. It also resulted in a lower MAPE, showing better percentage accuracy.

3.3 Software and hardware

The experimental part of this thesis was conducted using Python 3.11.13
within the Jupyter Notebook, an interactive development environment ideal
for data exploration and iterative model prototyping. A Jupyter notebook
service with access to free computing resources, including standard CPU, as
well as accelerated GPU and TPU runtimes. It is connected to the Google
Drive data storage service, which ensures convenient input and output files
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exchange. The most crucial Python libraries, from the thesis point of view,
are listed in Table 3.3.1, including information about their versions used in
the project.

Library Version

TensorFlow 2.18.0
Keras 3.8.0
scikit-learn 1.6.1
pandas 2.2.2
NumPy 2.0.2
statsmodels 0.14.4
matplotlib 3.10.0
seaborn 0.13.2

Table 3.3.1: Python libraries used in the project



Chapter 4

Case Studies

This chapter outlines the data and case study used to develop and test the
machine learning models for long-term hydropower scheduling. Section 4.1
describes the key datasets, including discharge, temperature, precipitation,
wind speed, hydropower production, electricity consumption, and electricity
price. Section 4.2 presents the Bratsberg hydropower plant as the case study
for model application. The data and case study ensure practical relevance
and support effective training, evaluation, and validation of the proposed
models. This chapter ends with a summary.

4.1 Data

For this project, a combination of weather forecast data and observational
data has been used as input in the machine learning models. These inputs
include meteorological features such as temperature, precipitation, evapora-
tion, and wind speed. In contrast, the model responses consist of inflow,
electricity price, and hydropower production data. Daily data has been col-
lected from 2015 to 2023 for hydropower plants in the Trondheim region.
The data used in this research were sourced from both public and private
repositories:

• Inflow and Weather Data: Daily inflow (discharge) volumes and mete-
orological parameters such as precipitation and temperature were ob-
tained from the Norwegian Water Resources and Energy Directorate
(NVE) with assistance from a PhD student.

• Production and Market Price Data: Daily records of electricity pro-
duction and market prices specific to the NO3 region were provided by
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the professor. This data includes real-time pricing from Nord Pool and
associated reservoir operation schedules.

Norway is divided into five electricity bidding zones. The target study area
for this thesis is the NO3 zone, located in central Norway. This region con-
tains several major hydropower reservoirs and generation facilities, making
it an ideal focus for evaluating long-term hydropower scheduling strategies.
The geographic diversity and high reservoir density of NO3 offer a repre-
sentative environment for applying machine learning-based forecasting and
scheduling models. Figure shows the location of the NO3 bidding zone (high-
lighted in central Norway), which serves as the study area for this work (map
courtesy of Statnett/NVE).

Figure 4.1.1: NO3 Bidding Zone and Target Area
(Source: Statnett/NVE)

4.1.1 Discharge

As shown in Figure 4.1.2, the discharge data analysis from 2015 to 2023
shows that how water flows, which is essential for the efficiency of hydropower
operations in the Norway NO3 region. The time series shows significant sea-
sonal fluctuations, with peak flow rates (60-90 m³/s) occurring during spring
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snowmelt (April-June) and autumn precipitation (September-November), cor-
responding to increased turbine utilization periods, while lower values (50–150
m³/s) coincide with winter freeze (December-February) and summer dry
spells, requiring careful reservoir management. These patterns indicate the
high responsiveness of hydropower production to climatic factors. Interan-
nual trends also exhibit variability, as evident from wetter years such as
2021–2022, which sustained high flows, versus the abrupt declines observed
in 2020, which can be characteristic of either drought or operational changes.
These trends need to be understood in order to enhance machine learning
models applied in inflow forecasting and reservoir scheduling and hence fa-
cilitate efficient energy production and grid stability. The data underscores
the value of considering both seasonal cycles and extreme weather events in
long-term hydropower planning.

Figure 4.1.2: Discharge data (m3/s)

4.1.2 Temperature

As shown in the figure 4.1.3, the temperature time series reveals critical ther-
mal patterns influencing NO3 hydropower operations, showing distinct sea-
sonal fluctuations between winter lows (often below 0°C) and summer peaks
(exceeding 15°C). These variations directly affect hydrological processes; win-
ter freeze periods reduce inflow through ice formation, while summer warmth
accelerates snowmelt, generating discharge peaks. These fluctuations di-
rectly influence hydrological processes; winter freeze periods diminish input
due to ice formation, while summer warmth expedites snowmelt, resulting
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in discharge peaks. The data demonstrates significant interannual variabil-
ity, with warmer years (e.g., 2020) indicating heightened evaporation losses
and modified melt timing, in contrast to cold years requiring the conserva-
tion of winter reservoirs. The 2022-2023 timeframe exhibits an abnormal
temperature increase that presumably affects glacier retreat rates and sea-
sonal water supply. Hydropower scheduling requires adaptive solutions, such
as temperature-correlated inflow forecasting and climate-resilient reservoir
management, to sustain generating efficiency in the context of Norway rising
climate. The evident thermal cyclicity further substantiates the efficacy of
integrating temperature indicators as essential predictors in machine learning
models for optimizing energy

Figure 4.1.3: Temperature (°C)

4.1.3 Precipitation

The precipitation data from 2015-2023 indicate significant fluctuation in pre-
cipitation amounts and having a direct impact on the water availability for
hydropower generation in the NO3 zone. From Figure 4.1.4, the monthly
precipitation totals (mm) time series indicate the occurrence of high and
low precipitation in alternate succession. There are greatly wet years (2018)
where there was above-normal rainfall, potentially causing problems such as
reservoir overflow, and dry years (2020) with water shortage problems for
power generation. There is a clear seasonal pattern; rainfall rises in au-
tumnal months, combined with springtime snowmelt, creating a two-peaked
inflow regime necessary for reservoir release scheduling. According to the
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dataset, extreme events and interannual variability have increased recently.
For instance, late 2022 had high rainfalls, and this suggests the necessity for
efficient forecasting given that weather climate change has the potential to
be rendering rainfall behavior high unpredictable. Such precipitation trends,
especially when integrated with temperature and discharge records, provide
critical information on optimizing reservoir management. Periods of over-
and under-rainfall directly relate to generating capacity for power, so our
simulations must become capable of anticipating such based on historical
trends. Figure 4.1.4 presents the fluctuations in rain, further establishing
that there is a demand for advanced forecast models that can handle such
fluctuations in hydrology input data.

Figure 4.1.4: Precipitation (mm)

4.1.4 Wind Speed

Also under analysis were wind speed observations in the NO3 region, as in-
dicated by Figure 4.1.5. Wind speed is an indirect driver of hydropower; it
is relevant in the broader energy system context and can indirectly affect
market conditions. Wind time series exhibits strong seasonality with the
higher winds usually in winter months (frequently greater than 8–10 m/s
during storms) and lower winds during summer (occasionally less than 4
m/s). Clear interannual tendencies are apparent: 2018 and 2022 stand out
as particularly windy years, with more highwind days, which would have
boosted wind power production in the region, whereas 2020 had long spells
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of low wind. The NO3 area has a winter-dominated wind regime that is com-
plementary to hydropower – in times of low winter inflows (frozen months),
there is high wind power available as an alternative power source. The records
also reflect greater wind variability in recent years, which can be related
to evolving weather patterns. The NO3 area has a winter-dominated wind
regime that supplements the hydropower in the context that during low win-
ter inflow (frozen), the wind power would be at its maximum, and it can be
utilized as a back-up power source. The records also show heightened wind
variability in the recent past, which may be a result of changing weather
patterns. For our purposes, wind speed was included as a feature to capture
these external influences on the power system. Although our model focuses
on hydropower scheduling, considering wind availability can be important for
anticipating market price fluctuations (e.g., abundant wind can reduce power
prices). Figure 4.1.5 shows the wind speed trends and variability over the
years, highlighting why integrated renewable resource data can be valuable
in a comprehensive energy scheduling model.

Figure 4.1.5: Wind Speed (m/s)

4.1.5 Hydropower Production

Hydropower generation in NO3 region from 2015 to 2023 shows clear an-
nual variability, ranging from about 2,000 to 4,500 MW. Production peaks
usually occur in spring and autumn, driven by snowmelt and rainfall, while
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winter shows lower output due to frozen inflows and reservoir conservation.
Production instability in hydropower production increased after 2020 due to
shifting weather patterns and market turbulence. The system reliance on
water availability led to high production in 2018 and low production in 2020.
The clear correlation between annual production levels and hydrological con-
ditions validates the need for integrated forecasting systems that combine
weather predictions, market signals, and reservoir analytics to optimize NO3
hydropower.

Figure 4.1.6: Production (MW)

4.1.6 Electricity Consumption

The electricity consumption in NO3 region between 2015 and 2023 shows
the seasonal and interannual variability, with demand ranging between 2,000
and 4,000 MW. Peaks in winter often exceed 3,500 MW because of the in-
creased demand for heating, while summer consumption ranges around an
average of 2,500 MW. Some interesting trends include a decline in demand
in 2020 because of the COVID-19 pandemic, followed by a rise and signs of
rising demand after 2021 because more homes will have electricity. Changes
in consumption patterns and extreme weather conditions after 2020 contrast
with the relatively stable consumption patterns of 2015-2019. The load vari-
ability demands changes to the hydropower dispatch plan, and such changes
necessitate the need for proper reservoir management in winter peak-demand
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seasons. The variability in load underlines the importance of demand fore-
casting in hydropower scheduling and emphasises the demand side.

Figure 4.1.7: Consumption (MW)

4.1.7 Electricity Price

Electricity prices in the NO3 zone from 2015 to 2023 display hydrology and
energy-driven volatility. Figure 4.1.8 illustrates low prices and sharp spikes.
Prices rise in winter from higher demand and lower hydroelectric intakes, and
fall in summer from surplus supply and lower demand. The statistics high-
light two different periods. Between 2015 and 2019, there were stable prices
as a result of normal hydrology and a balanced Nordic market. From 2020
and especially 2021 and 2022, the prices were extremely volatile with record
highs from low reservoir levels, increasing European electricity prices, and
increasing integration with the European market. Late 2022 recorded price
peaks, highlighting NO3 increasing vulnerability to external shocks despite
its hydropower dependence. These changes impact generation scheduling.
Higher prices bring more production, and lower costs conserve water. Price
spikes and drought highlight the value of merging market predictions and
hydrological forecasts. Price is used as a forecast target in the model and in-
cludes past prices for making assumptions regarding the future. Figure 4.1.8
illustrates the impact of price changes on hydropower scheduling.



4.2. CASE STUDY: BRATSBERG HYDROPOWER PLANT 38

Figure 4.1.8: Price (EUR/MWh)

4.2 Case study: Bratsberg hydropower plant

To be able to test our model, we have found data online from the NVE web-
site for the Bratsberg hydropower plant, a facility owned and operated by
the integrated electric utility company Statkraft. Apart from sharing the
relevant characteristics of the plant, NVE has also provided us with histori-
cal time series for inflow and production. The Bratsberg Hydropower Plant
is a medium-sized and is located in the NO3 area in Central Norway. The
plant is supplied by a single reservoir, Selbusjøen, which allows for controlled
discharge operations with two Francis turbines and maximum discharge of
each turbine is 60 m3/s. The main inflow to the reservoir comes from the
Nea River (Neaelva), which originates from the Nea Valley and the Tydal
mountains, receiving runoff from snowmelt, rainfall, and lakes. The outflow
from Selbusjøen continues through the Nidelva River toward Trondheim with
an average hydraulic head of 147 meters. The plant’s operation is subject to
physical reservoir constraints and local summertime regulatory restrictions,
making it a representative case for studying long-term hydropower schedul-
ing with real-world limitations. In Table 4.2.1, we have listed the physical
boundaries of the reservoirs. The hydropower plant is by-passing a rather
long section of the original river, and an environmental flow in this bypass
reach is maintained at 30.0 m3/s, adding to the outlet flow from Bratsberg
providing the flow in the lower parts in the river. So, when the Bratsberg
power plant is shut down, there is still 30.0 m3/s in the river according to
the new technology article [40].
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Figure 4.2.1: Bratsberg Hydropower plant

Characteristic Value

Installed Capacity 124 MW
Annual Production 650 GWh
Water Source Selbusjøen Reservoir
Gross Head 147 m
Number of Turbines 2 × Francis turbines
Tunnel Length 12 km
Max Turbine Discharge 60 m³/s per turbine
Reservoir Water Height 155.0 m

Table 4.2.1: Characteristics of Bratsberg Hydropower plant

4.3 Machine learning models

After going through the relevant literature review, a Long short-term mem-
ory (LSTM) neural network was chosen as the best fit to be tested for imple-
mentation into the LTHPS. This ML technique was, as far as the author of
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this thesis knows, LSTM has not yet been applied specifically to hydropower
scheduling. However, other neural network models, such as Recurrent Neural
Networks (RNN), have shown promising results, but LSTM might give good
results for this case study. The performance of the machine learning model
is evaluated using NSE, MSE, MAE, RMSE and MAPE metrics.

4.4 Conclusion of Case study

In this chapter, the case study is presented. In addition, the method for
generating data has been discussed to increase the dataset. The chapter
ended with a discussion on which machine learning models are going to be
used in this thesis and how it is are going to be evaluated. In the next
chapter, the results will be presented.



Chapter 5

Results

In this chapter, we start by showing our experimental plan to answer our
third research question on the effectiveness of machine learning techniques
for long-term hydropower scheduling. We focus on four key forecasting tasks:
inflow, production, consumption, and electricity price. For each task, we
compare the performance of a simple RNN and an LSTM model highlighting
their accuracy, efficiency, and comparative strengths. Model performance
is evaluated using metrics such as NSE, MAE, MSE, RMSE, and MAPE,
providing a comprehensive view of accuracy and consistency. The results are
analyzed through tables and visualizations, highlighting the strengths and
weaknesses of each model.

5.1 Inflow Forecasting

Inflow forecasting is essential for effective hydropower scheduling because
reservoir levels and turbine operations directly depend on anticipated water
availability. To evaluate the performance of the machine learning model for
this task, both a Simple Recurrent Neural Network (RNN) and a Long Short-
Term Memory (LSTM) network were trained to predict inflow volumes over
the planning horizon. To performance of these models on the test dataset is
summarized in Table 5.1.1, using key evaluation metrics.

Model NSE MAE MSE RMSE MAPE
Simple RNN 0.5696 0.5201 0.6684 0.8175 90.97%
LSTM 0.6988 0.4389 0.4677 0.6839 88.11%

Table 5.1.1: Evaluation of RNN vs. LSTM for Inflow Forecasting

41



5.1. INFLOW FORECASTING 42

As shown in Table 5.1.1, the LSTM model performed better than the RNN
in all the evaluation metrics. The LSTM achieved a higher Nash–Sutcliffe
Efficiency (NSE = 0.6988), indicating that it explains a greater proportion
of the variance in the inflow data relative to the mean inflow baseline. This
implies a stronger alignment between the LSTM predictions and the actual
observed inflows.

In terms of error metrics, LSTM also recorded a lower Mean Absolute Er-
ror (MAE = 0.4389) and Root Mean Squared Error (RMSE = 0.6839), sug-
gesting that the deviations between its predictions and true values were both
smaller and less variable. The Mean Absolute Percentage Error (MAPE)
was also lower for the LSTM is 88.11% than the RNN is 90.97%, indicating
predictions closer to the actual inflow values.

Figure 5.1.1: illustrates the predicted vs. actual inflows across different
seasons.

The enhanced performance of the LSTM is a function of its design, which
incorporates memory gates that are specifically designed to preserve infor-
mation over longer sequences. Hydrological inflows typically exhibit strong
seasonality patterns; such as snowmelt in spring or high autumn rainfall,
which require the model to capture long-term dependencies. While RNNs
may struggle with vanishing gradients over long sequences, the LSTM gated
mechanisms allow it to preserve and utilize information from earlier time
steps more effectively.
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5.2 Production Forecasting

In table 5.2.1 the evaluation results for predicting the production in the No3
region are presented. This shows the Nash–Sutcliffe Efficiency (NSE), the
mean square error (MSE), the mean average error (MAE), the root mean
square error (RMSE), and the mean average percentage error (MAPE) for
the two different machine learning techniques, RNN and LSTM in predicting
hydropower generation across seasonal timeframes. MAPE is expressed as
an percentage, while the other metrics are shown as decimal values.

Model NSE MAE MSE RMSE MAPE
Simple RNN 0.8882 0.0450 0.0033 0.0576 31.62%
LSTM 0.8949 0.0444 0.0031 0.0558 31.58%

Table 5.2.1: Evaluation of RNN vs. LSTM for Production Forecasting

As shown in table 5.2.1, the LSTM model is better than the RNN across
all evaluation metrics. The Nash–Sutcliffe Efficiency (NSE) for LSTM was
0.8949, slightly higher than the RNN value is 0.8882, indicating that LSTM
explained more variance in the actual production data. Both models demon-
strated strong predictive ability, but the LSTM provided slightly tighter
agreement with observed generation values.

In terms of error metrics result, The LSTM model achieved a marginally
lower MAE (0.0444) and RMSE (0.0558) compared to the RNN, suggesting
that its predictions were both more accurate on average and exhibited fewer
large deviations. The MAPE for both models was around 31.6%, but the
LSTM still showed a modest edge in minimizing percentage errors.

The seasonal performance figure 5.2.1 illustrate the alignment between
actual and predicted production values for both models in winter, spring,
summer, and autumn. Both models follow production trends well for winter
and autumn but notice slightly greater deviations in summer that can re-
sult from variable inflow conditions along with greater variability in demand.
Despite these seasonal fluctuations, both models maintain high predictive
accuracy, with LSTM consistently delivering smoother and more accurate
forecasts. These results confirm the performance and suitability of LSTM
for real-world hydropower generation forecasting scenarios.
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Figure 5.2.1: illustrates the predicted vs. actual production across different
seasons.

5.3 Consumption Forecasting

In table 5.3.1 can the evaluation results for predicting the demand in the
No3 region are presented. This shows the Nash–Sutcliffe Efficiency (NSE),
the mean square error (MSE), the mean average error (MAE), the root mean
square error (RMSE) and the mean average percentage error (MAPE) for
the two different machine learning techniques, RNN and LSTM in predicting
electricity consumption across seasonal timeframes. MAPE is expressed as
an percentage, while the other metrics are shown as decimal values.

Model NSE MAE MSE RMSE MAPE
Simple RNN 0.9049 0.0468 0.0031 0.0554 41.14%
LSTM 0.9107 0.0413 0.0029 0.0537 38.65%

Table 5.3.1: Evaluation of RNN vs. LSTM for Consumption Forecasting

As shown in table 5.3.1, the LSTM model is better than the RNN model
across all evaluation metrics. The Nash–Sutcliffe Efficiency (NSE) for LSTM
was 0.9107, slightly higher than the RNN value is 0.9049 and a lower Mean
Absolute Percentage Error (MAPE) of 38.65%, compared to the Simple RNN
value of NSE is 0.9049 and MAPE of 41.14%. These results highlight LSTM
enhanced ability to model complex temporal patterns in consumption data
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with greater precision. The MAPE dropped from 41.14% with Simple RNN
to 38.65% with LSTM, highlighting a notable improvement in percentage-
based accuracy.

Figure 5.3.1: illustrates the predicted vs. actual consumption across dif-
ferent seasons

Figure 5.3.1 illustrate the seasonal consumption forecasts produced by
both models compared with actual values. Both models follow the actual
trends closely across seasons, though LSTM predictions tend to align more
closely with observed peaks and troughs. During winter and autumn, the
models capture strong seasonal demand increases, while summer and spring
show more variability. LSTM consistently provides smoother and more stable
forecasts, especially during periods of high fluctuation. These results con-
firm the effectiveness of LSTM in long-term electricity consumption forecast-
ing, making it a valuable tool for hydropower system planning and decision-
making.

5.4 Price Forecasting

In table 5.4.1 can the evaluation results for predicting electricity prices in the
NO3 region are presented. This shows the Nash–Sutcliffe Efficiency (NSE),
the mean square error (MSE), the mean average error (MAE), the root mean
square error (RMSE) and the mean average percentage error (MAPE) for
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the two different machine learning techniques, RNN and LSTM in predict
electricity prices across different seasons using historical price data.MAPE
is expressed as an percentage, while the other metrics are shown as decimal
values.

Model NSE MAE MSE RMSE MAPE
Simple RNN 0.5315 0.0467 0.0062 0.0785 87.76%
LSTM 0.6553 0.0454 0.0045 0.0665 55.58%

Table 5.4.1: Evaluation of RNN vs. LSTM for Price Forecasting

As shown in table 5.4.1, the LSTM model is better than the RNN model
across all evaluation metrics, with a higher NSE of 0.6553 compared to the
NSE value of RNN is 0.5315. The LSTM also recorded reduced MAE (0.0454
vs. 0.0467) and RMSE (0.0665 vs. 0.0785). The MAPE value for LSTM are
55.58% is represents a substantial improvement over RNN is 87.76%, which
reflecting a notable gain in relative forecasting accuracy. This improvement
is particularly relevant in the energy markets, where even minor price mis-
predictions can lead to significant financial consequences.

Figure 5.4.1: illustrates the predicted vs. actual price across different
seasons.

Figure 5.4.1 illustrates the actual and predicted electricity prices across all
four seasons of 2021. The plots show that electricity prices show significant
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seasonal variability, especially in winter and autumn, often driven by demand
surges and market dynamics. While both models generally follow seasonal
price trends,the LSTM model showed a more precise tracking of price spikes
and dips, particularly in colder months when price volatility was higher. RNN
model tended to lag slightly in reacting to sudden changes. These findings
underscore the pros of LSTM memory-based structure in dealing with the
unpredictable and seasonal nature of electricity price data. Thus, LSTM is
the more reliable model for this forecasting task, supporting more informed
and profitable scheduling strategies.

5.5 Summary of Results

The experimental evaluation indicates that for long-term hydropower schedul-
ing purposes, LSTM-based models offer superior forecasting accuracy for in-
flows, prices, and power production/ consumption. They capture temporal
dependencies more effectively and thereby provide more reliable predictions,
which is critical for optimizing operations. The RNN models, while faster and
simpler, consistently underperformed in accuracy, making them less suitable
as primary forecasting tools in this context. Going forward, the slight reduc-
tion in efficiency with LSTM is a reasonable trade-off for the gains in forecast
precision. These findings support the recommendation to use LSTM (or sim-
ilarly advanced recurrent architectures) in practical hydropower scheduling
systems to improve decision making and overall system performance.

In the next chapter, the results will be discussed the optimization of schedul-
ing decisions informed by these improved forecasts and potential ways to
further enhance model efficiency without sacrificing accuracy.



Chapter 6

Discussion

This chapter discusses the results of the experimental analysis presented in
chapter 5, providing a critical discussion of the forecasting inflow, electric-
ity price, hydropower production, and consumption. The discussion relates
these findings to the research questions and objectives, and specifies how
the machine learning algorithms; Simple RNN and LSTM, have been able to
perform in the context of long-term hydropower planning. It also evaluates
the broader implications of the results for the energy sector and outlines the
strengths and limitations of the model in practical applications.

6.1 Interpretation of Key Findings

The evaluation of forecasting performance shows that LSTM consistently
performs better than the RNN model across all four forecasting tasks. In
inflow forecasting, LSTM provided greater accuracy and better recognition
of seasonal patterns, making it more suitable for hydrological time series
with long-term dependencies. For energy price forecasts, where volatility
and sharp changes are common, LSTM has captured trends and fluctuations
more effectively, thereby reducing the risk of misjudging market behavior.
Both in production forecasts and consumption forecasts, LSTM has again
provided superior performance, especially in adapting to predicted and ob-
served peak events.

These results confirm the assumption that models with memory capa-
bilities (like LSTM) are more suitable for complicated and time-dependent
datasets in hydroelectric systems. The consistent improvements in NSE,
MAPE, and RMSE optimizations in all the scenarios indicate that the ca-
pability of LSTMs to learn long-term dependency is converted into practical
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benefits in forecast accuracy. This supports its integration into hydroelectric
energy planning operation procedures.

6.2 Evaluation of the Model’s Strengths

The main strength of the LSTM model lies in its long-term memory mech-
anism, which effectively handles for long-term dependencies in time series
data. This was particularly advantageous for influx and price predictions,
where trends extend over weeks or months. The model also showed resilience
to sudden changes and seasonal variations, which led to a reduction in per-
centage errors across all activities.

From a practical point of view, the accuracy of LSTM improves decision-
making in watershed management and energy market operations. It provides
a better understanding for turbine planning, water discharges, and bidding
strategies. Moreover, both models; RNN and LSTM were able to learn with
relatively modest data sets and data processing resources, which suggests
their adaptability to other regions or hydroelectric plants with similar data
limitations.

6.3 Limitations of the Results

Despite the promising performance of the models, some limitations can be
mentioned. First, the models were trained on historical data for a Norwe-
gian region (NO3), and generalization to other geographic locations or market
conditions may require to be further testing. Secondly, although the daily
resolution of the data was sufficient for long-term planning, an increased tem-
poral resolution (e.g., daily) could reveal further insights, but also increase
the model complexity and computational costs.

A limitation is that exogenous externalities like policy changes, random
power outages, or severe weather conditions have not been modeled explic-
itly but affect the forecast reliability. Also, while the LSTM model was more
precise than the RNN model, it was slower to train and required more pa-
rameters to tune, which may be a shortcoming for real-time applications.
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6.4 Unanticipated Findings

While the primary aim was to evaluate the forecasting accuracy of RNN and
LSTM models, there were some surprising discoveries through experimen-
tation. One of these was the Simple RNN relatively good performance in
predicting consumption, particularly at time intervals with steady seasonal
patterns. Although overall it was worse than LSTM, it was unexpectedly
competitive under low-variance conditions. This implies that for some less
volatile stable time series, simpler models can still yield satisfactory accuracy
and conserve computational time.

The other surprise result was the relative stability of the training time
of the LSTM model across different forecasting applications despite the var-
ious volatility and complexity of the data. This implies that once calibrated,
LSTM models possess stable performance across different domains and hence
can be useful tools even beyond hydropower scheduling.

Finally, the error analysis showed that both models occasionally struggled
with predicting extreme events (e.g., sudden inflow spikes due to storms or
sudden price jumps). This points to the value of exploring hybrid or ensem-
ble models that will better capture rare but significant events.

6.5 Broader Impact on Energy Policy and Sus-
tainability

The results of this thesis hold significant implications for sustainability and
energy policy. Better long-term prediction of hydropower inflows, electricity
prices, production, and demand allows hydropower resources to be more suit-
able and optimally scheduled. By improving the precision of these forecasts,
utility operators can reduce on fossil fuel backup systems, contributing to a
more sustainable and decarbonized energy mix.

Moreover, the findings support integrating machine learning into the oper-
ating systems of grid management and market planning. This is all within the
broader trend of smart energy systems, where data-driven decision-making
enhances the efficiency, robustness, and environmental sustainability of power
systems.
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From a policy perspective, improved forecasting supports better manage-
ment of water resources, especially in Regions No.3, where hydropower is
a major contributor to electricity supply. It also enhances transparency in
market pricing, potentially informing regulatory strategies and helping pre-
vent price manipulation.



Chapter 7

Conclusions

This master’s thesis presented an overview of hydropower scheduling and ma-
chine learning through an extensive theory chapter, a literature review, an
in-depth model presentation, and a case study containing a hydropower plant
with one reservoirs. The literature review gilded the state-of-the-art long-
term hydropower scheduling and a possible machine learning to test the opti-
mization model. The case study used real life data provided by professor for
a hydropower plant with 1 reservoirs. Using real-world data from the Norwe-
gian NO3 bidding zone (2015–2023) from NVE, the study demonstrated the
feasibility and benefits of applying deep learning models to support decision-
making in renewable energy systems. The case study was conducted using
two machine learning techniques: Recurrent Neural Networks (RNN) and
Long Short-Term Memory (LSTM) models to the forecasting tasks critical
for long-term hydropower scheduling. This included inflow prediction, elec-
tricity price forecasting, and the estimation of both hydropower production
and consumption.

Among the models evaluated, LSTM consistently outstanding perfor-
mance than the simple RNN architecture across all forecasting tasks. LSTM
models achieved higher predictive accuracy (as evidenced by better NSE,
lower MAE, MSE, RMSE, and MAPE), particularly in datasets characterized
by long-term dependencies or high volatility—such as river inflows and elec-
tricity market prices. While RNN were faster to train and more lightweight,
their performance suffered from limitations in memory retention and diffi-
culty learning from long sequences.

In conclusion, this master thesis confirms that machine learning models,
in this case, LSTM networks can be applied as effective optimization tech-
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niques in long-term hydropower scheduling. Their ability to deliver more
reliable forecasts can lead to substantial benefits in the operation of hy-
dropower system. Such benefits are enhanced reservoir management, im-
proved electricity generation planning, and more profitable market partici-
pation. The results validate the integration of LSTM-based models into hy-
dropower scheduling systems and prove the pivotal role of data-driven tools
in the management of renewable energy.

7.1 Future work

This chapter will discuss the areas of this master’s thesis, several directions
for further research and enhancement are recommended:

• Model Sensitivity Analysis: Future work should investigate the sen-
sitivity of forecasting models to key input variables such as precipita-
tion, temperature, and previous inflow. Understanding which features
most strongly influence the accuracy of the model can guide improved
data collection strategies and model refinement.

• Direct Integration into Hydropower Scheduling: Although this
study focused on forecasting tasks, an important next step is to directly
integrate these forecasts into real-time hydropower scheduling frame-
works. This would involve combining predictive models with reservoir
optimization systems to inform decisions on water, storage manage-
ment, and electricity generation decisions.

• Forecast Accuracy Improvements: Accuracy is also improved by
trying ensemble learning methods (e.g., combining multiple LSTM or
hybrid models together), season model tuning (e.g., creating separate
models for winter and summer), or including external variables such as
energy market signals and climate indices.

• Explainability and Interpretability: Improving the transparency
of ML models through explainable AI techniques can support trust and
adoption among hydropower operators and policymakers.

• Application to Multiple Reservoirs: The current framework can be
extended to more complex hydropower systems involving multiple in-
terconnected reservoirs. This would allow for more realistic simulations
of cascading water systems and upstream-downstream dependencies.
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• Multiple Power Stations and Geographic Transferability: To
assess generalizability, the models should be tested in different power
plants located in various regions with different hydrological and climatic
patterns. This would validate the robustness of the approach under
diverse operating conditions and inform a wider deployment.

Final Remarks: This thesis demonstrated the strong potential of machine
learning to improve the forecasting and planning of hydro power system.
With careful selection of model, data handling, and integration into oper-
ational workflows, these tools can significantly contribute to smarter, more
sustainable energy systems. As energy systems become more data-driven and
reliant on renewable sources, tools such as LSTM will play a central role in
bridging the gap between data and optimized operations.
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Appendices

Table A: Descriptive Statistics of Input Features

Feature Count Mean Std Min 25% 50% 75% Max

Discharge 3287.0 7.6556 9.8076 0.1609 1.7484 3.6827 9.4701 92.7194
Evaporation 3287.0 41.8873 1616.2535 0.2000 0.5000 1.1000 2.5000 65535.0000
Precipitation 3287.0 2.7987 5.1685 0.0000 0.0000 0.3000 3.5000 52.6000
Temperature 3287.0 5.1762 7.1165 -17.3000 0.2000 4.7000 10.7000 25.2000
Wind speed 3287.0 2.5151 1.1485 0.5000 1.7000 2.2000 3.0000 9.2000
Price 3287.0 36.4498 30.0427 1.0900 21.5200 30.5500 44.1500 443.7400
Production 3287.0 3003.8748 543.8285 1743.5400 2612.9800 2968.4600 3448.8150 4431.5800
Consumption 3287.0 2998.3915 482.1379 1756.7500 2608.8750 2954.8300 3384.6250 4368.6700
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