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Abstract

Reliable representation of reservoir operations in large-scale hy-
drological models remains challenging because reservoir releases are
shaped not only by highly variable hydrological conditions but also
by complex human operating objectives. While simplified rule-based
schemes are commonly used, they often struggle to reproduce ob-
served release behaviour across diverse reservoirs. This thesis eval-
uates whether recurrent machine learning models can reproduce his-
torical daily reservoir outflows across multiple reservoirs using recent
daily inflow, storage, and cyclical day-of-year information as dynamic
inputs. It further assesses whether conditioning these models on static
reservoir attributes, namely main use, broad climate group, and stor-
age capacity, improves their performance and generalisation.

Long short-term memory (LSTM) and gated recurrent unit (GRU)
models were trained to simulate historical reservoir outflow using these
dynamic inputs. Both standard and conditioned versions of each archi-
tecture were evaluated. The conditioned models used the static reser-
voir attributes to initialise the recurrent state. Two dataset versions
were used: a main dataset based on ResOpsUS, and an extra dataset
that additionally included Chinese reservoir records. For evaluation,
20 reservoirs were held out entirely to test generalisation to unseen
reservoirs, while the remaining reservoirs were split temporally into
training, validation, and in-sample test periods. Models were trained
by minimising MAE on normalised outflow, and hyperparameters were
selected using normalised validation MAE. Model performance was as-
sessed using MAE, RMSE, Nash—Sutcliffe efficiency, and Kling-Gupta
efficiency. Additional experiments tested the effect of lookback-window
length, with seven-, three- and one-day windows being investigated,
and assessed the models’ robustness to Gaussian noise.

The results show that recurrent models are suitable for the task ex-
amined in this thesis. Conditioned LSTM models achieved the strongest
validation and in-sample test performance, suggesting that static reser-
voir attributes help when predicting later periods for reservoirs repres-
ented during training. However, this improvement did not transfer
consistently to fully held-out reservoirs, indicating that generalisation
to unseen reservoirs remains challenging. The seven-day lookback win-
dow gave the best overall performance, while robustness testing showed
that perturbations to storage caused the largest reduction in perform-
ance. Compared with the rule-based baseline, the recurrent models
better reproduced the timing and variability of daily releases.

Overall, this thesis shows that recurrent machine learning models
are a promising approach for reproducing historical reservoir outflows.
Static conditioning can improve temporal generalisation, but further
work is needed to improve transferability to fully held-out reservoirs.



Popular Scientific Abstract

Reservoirs store water for uses like drinking water, farming and generating
electricity. For these uses, they decide when and how much water to release.
Rules for these releases are usually not available publicly, so can be difficult
to predict in large water models.

This thesis tests whether computer models can learn how reservoirs are
operated from historical data. They are given recent information about how
much water is entering the reservoir, how much water is already there, and
the time of year. Some models are also additionally given simple information
about the reservoirs, like its main purpose, the climate around it and its size.

We found that the computer models were better at this task than other
methods that are traditionally used. The models that were given the addi-
tional information had the best results for reservoirs that they had already
seen in training. However, predicting releases for completely new reservoirs
was still difficult, and the simpler models without the additional information
still did better on them.
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1 Introduction

Reservoirs are man-made water storage systems created by retaining rivers
or streams behind dams. They enable water to be stored and regulated for
uses such as irrigation, water supply, hydropower generation, flood control,
and navigation (Lehner et al., 2011; World Commission on Dams, 2000).

According to Wang et al. (2022), one of the most comprehensive global dam
datasets is the World Register of Dams, which reports around 62 362 dams
worldwide (International Commission on Large Dams, 2025). This shows
the extent of reservoir operations and the importance of being able to study
reservoir behaviour on a global scale. However, while inventories of dam
locations and characteristics are increasingly available, detailed information
on how reservoirs are actually operated often remains hidden.

This is particularly an issue in the case of hydrological models, where reser-
voir regulation is challenging to represent (Wada et al., 2017). Reservoir
releases are not determined by hydrological conditions alone, but also by
decisions taken by the reservoir operators. These decisions are affected by
the reservoir objectives, seasonal priorities, anticipated inflows, downstream
demand, and flood risk. Even under identical hydrological conditions, reser-
voirs that have different main uses may exhibit different release patterns.
Often, individual reservoirs have multiple purposes, which further complic-
ates the problem.

A large part of the reservoir operation literature has focused on optimisa-
tion, where operating rules and models are created to optimise reservoir
operation (Giuliani et al., 2021). In contrast, the focus of this thesis is
not on identifying optimal operation strategies, but on modelling historical
reservoir behaviour from observed data. The aim is therefore to reproduce
how reservoirs were actually operated, rather than how they should ideally
be operated.

Traditionally, reservoir releases are guided by operating rules, often ex-
pressed as rule curves or functions that describe how storage and release
decisions are expected to vary under different conditions (Hanasaki et al.,
2006). However, these rules do not always fully reflect historical reservoir be-
haviour. In practice, reservoir operation may change over time with changes
in demand, climate, objectives, or institutions. In addition, even when oper-
ating rules are known for a given reservoir, they may not capture the human
factor, where operators might choose to deviate from the recommended re-
leases.

For hydrological modelling, an additional difficulty lies in translating operat-
ing policies for single reservoirs into a form that can be applied consistently



across many systems. Even when operating rules are available for specific
reservoirs, collecting them and applying them to the correct reservoirs is a
very difficult task. This has contributed to the widespread use of simplified
reservoir representations in large-scale models, despite the limited ability of
such approaches to reproduce observed operations in detail (J. C. Steyaert
& Condon, 2024).

Data-driven methods, such as long short-term memory (LSTM) networks
and gated recurrent units (GRU), provide an alternative by predicting re-
lease behaviour directly from historical observations, without needing prior
knowledge of the reservoir-specific operating rules. This is particularly use-
ful for reservoir modelling over large scales, where detailed operating policies
are often unavailable, simplified, or may not fully reflect how releases are
performed in practice. Recurrent models are well suited to this task because
release decisions may depend not only on the conditions of a single day, but
also on the recent sequence of inflow and storage conditions. The addition of
static reservoir attributes such as main use, climate group, and capacity can
provide information that can help the model distinguish between reservoirs.
This is important in large-scale reservoir modelling because similar inflow
and storage conditions may lead to different release behaviour (Tran et al.,
2025).

Main use refers to the primary purpose of the reservoir, such as flood con-
trol, irrigation, hydroelectricity and water supply. For example, irrigation
and water-supply reservoirs are meant to store water during periods of over-
supply and release it during periods of demand, while hydropower reservoirs
are operated for electricity generation, which places additional constraints
on the releases. The addition of main use information is therefore, in the-
ory, critical for the model to be able to adapt to the large differences in
operations.

This thesis also examines the effect of input sequence length, since the
amount of recent history provided to the model may influence both per-
formance and applicability.

The literature shows a need to test whether data-driven recurrent models
can reproduce observed reservoir releases across diverse reservoirs, especially
where operating rules are unavailable or incomplete. While Tran et al.
(2025) applied a conditioned LSTM approach using ResOpsUS, a dataset of
historical reservoir operations in the contiguous United States (J. Steyaert
et al., 2021, 2022), it remains useful to evaluate whether this approach
remains effective with more data from another region, alternative recurrent
architectures, and different modelling assumptions. This thesis addresses
these gaps by comparing standard and conditioned LSTM and GRU models
on both the ResOpsUS dataset and an additional Chinese reservoir dataset.



It also assesses whether conditioning on static reservoir attributes, including
main use, climate group, and capacity, improves generalisation, while testing
the effect of lookback-window length and input perturbations.

The following research questions are addressed:

1. How well can recurrent machine learning models reproduce historical
daily reservoir outflows, and does conditioning them on static reservoir
attributes improve performance and generalisation to reservoirs not
seen during training?

2. How robust are the trained recurrent models to uncertainty in the
input variables and to the size of the lookback window?

3. How does the performance of the recurrent machine learning models
compare with a traditional reservoir operation baseline?

This thesis continues as follows:

Section 2 reviews approaches to modelling historical reservoir operations,
recurrent machine learning models, static conditioning, robustness testing,
and the role of sequence length. Section 3 describes the datasets and the
preparation steps applied before modelling. Section 4 describes the mod-
elling, training, and evaluation methodology used in this thesis. Section 5
presents the results of the model selection, baseline comparison, held-out
evaluation, lookback-window experiment, and robustness testing. Section 6
discusses the main findings, their implications, and the limitations of the
study. Section 7 summarises the conclusions of the thesis and suggests pos-
sible directions for future work.



2 Literature Review

These sections review the literature relevant to modelling historical reser-
voir operation using recurrent machine learning models. We first discuss
the main approaches that have been used to reconstruct reservoir opera-
tions, including rule-based schemes, optimisation methods, simplified large-
scale reservoir models, and data-driven approaches. We then introduce the
machine learning architectures used in this thesis, and how static reservoir
attributes can be used as inputs to them. The section also discusses robust-
ness to input perturbations, the role of sequence length, and the evaluation
metrics commonly used in hydrological modelling.

2.1 Reservoir operation modelling approaches

Reservoir operation modelling approaches are typically divided into two
types: predefined operating rules and data-driven policies. For hydrolo-
gical models, simplified reservoir operation schemes are often used, because
they can be applied across many reservoirs.

A common approach is to represent reservoir operation using predefined
operating rules. In these, releases are expressed as a function of variables
such as storage, inflow, demand, and time of year. Typical examples include
rule curves and operating functions. A major advantage of this class of
methods is that the resulting behaviour is easy to interpret and apply widely,
which is especially relevant in the context of hydrological models.

A representative example is presented in Hanasaki et al. (2006), in which
reservoir release is estimated using a generalised relationship between inflow,
storage and water availability at the start of the season. This simplified
scheme will be used as a benchmark for whether the machine learning models
improve on a simple rule-based representation of reservoir behaviour. The
Hanasaki non-irrigation reservoir operation scheme (HNIRS) is appropriate
for this comparison because it was designed for global applications like the
problem in this thesis.

Based on the literature reviewed, the earliest source to use machine learn-
ing techniques specifically for historical reservoir operation modelling recon-
struction is Ehsani et al. (2016). This paper specifically mentions the ap-
plication of machine learning models to reproduce reservoir release decisions
from historical data, rather than to derive an optimal operating policy. Sim-
ilarly to this thesis, they trained models to learn the relationship between
recent inflow, storage, and seasonal information and the subsequent reservoir
outflow. They also investigated whether the inclusion of static reservoir at-



tributes can improve performance across different reservoirs. However, they
used a feed-forward artificial neural network for this task. While these mod-
els include information from previous timesteps, each past value is provided
as a separate input variable. This means they do not process the temporal
inputs as an ordered sequence. As a result, feed-forward architectures are
theoretically less well suited to modelling temporal dependencies than re-
current models, such as those introduced in the following sections.

Another relevant data-driven approach is the Generic Data-driven Reservoir
Operation Model (GDROM) proposed by Chen et al. (2022). Their aim was
to create a model that is general and as effective as a machine learning model,
while remaining interpretable. The approach first uses a hidden Markov-
decision tree model to identify a small number of representative operation
modules for each reservoir. This creates and trains tree models, each of
which can be interpreted as a release rule. A classification and regression
tree model is then used to identify which module should be applied at which
time. This keeps much of the interpretability of decision-tree models, while
reducing their complexity by grouping operating behaviour into a limited
number of modules. Chen et al. (2022) found that only a few modules
were needed to represent the operation of the reservoirs tested, and that the
method performed better than traditional decision-tree models, particularly
for storage prediction. This thesis is related to Chen et al. (2022) through
its data-driven aim of learning reservoir operating behaviour from historical
inflow, storage, and release records across multiple reservoirs. However,
recurrent neural networks will be used to learn temporal release patterns
directly, rather than separating operation into explicit decision-tree modules.

A recent publication in the field which has heavily inspired this thesis is Tran
et al. (2025). In this publication, they developed the conditioned LSTM ap-
proach used for part of this thesis and applied it to the ResOpsUS and
Global Reservoir and Dam (GRanD) datasets. Their model included main
use, climate and maximum capacity along with the input time series. They
found that the conditioned LSTM generally achieved better performance
than both a non-conditioned LSTM and a policy-based approach. However,
they also found that the conditioned model did not improve performance in
every case, with the standard LSTM achieving better results for flood control
reservoirs, for example. These findings provide a useful basis for the present
thesis, which follows a similar conditioned LSTM framework but adds an-
other dataset, additional model architectures, different preprocessing, and
model inputs.



2.2 Machine learning models for time-series prediction

In this thesis, two machine learning model architectures were used. This
section gives an overview of the relevant literature, and how these models
operate.

Neural networks are a type of data-driven model, which learn relationships
between inputs and outputs directly from data, without requiring explicit
explanation of the physical or decision-making processes (Goodfellow et al.,
2016). They consist of layers of interconnected neurons, where each neuron
applies a nonlinear transformation to a weighted combination of its inputs.
By adjusting these weights during training, usually through propagating
errors in the output backwards through the network, neural networks can
approximate complex, nonlinear relationships.

Recurrent Neural Networks (RNNs) are types of neural networks which can
transmit information back into themselves. This is in contrast to other types
of neural networks such as Multi-Layer Perceptrons (MLPs) which take a
feed-forward approach, where information is always passed forward through
the network with no recurrence. RNNs use cycles that transmit information
back into themselves (Schmidt, 2019), allowing the network to take into
account not only the current input but also the timestep before. This is the
property which motivated their use in this thesis, as reservoir outflows do
not only depend on the state on the current day, but also on the previous
days.

Long short-term memory (LSTM) models are a type of RNN, which were in-
troduced to handle the vanishing or exploding gradient problem (Hochreiter
& Schmidhuber, 1997). The paper above introduces the concept of memory
cells and gate units, to store information across various timesteps. They
do this by introducing a memory cell, ¢;, and a hidden state, h;, which are
controlled by gates. At each timestep ¢, the LSTM receives the current
input z¢, the previous hidden state h;_1, and the previous cell state c;_1.
The flow of information through the LSTM is controlled by several gates.
The source above described two gates, input and output. The input gate
controls how much new information is written to the cell state, and the
output gate controls how much of the cell state is exposed as the hidden
state. Forget gates were later added to the structure of LSTMs by Gers
et al. (2000), with the purpose of controlling how much previous memory
is retained. This allows the network to reset itself at appropriate times,
removing useless information.
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Figure 1: Schematic representation of a long short-term memory cell. The
current input x;, previous hidden state h;_1, and previous cell state ¢;_; are
used to update the cell state ¢; and hidden state h;. Adapted from Love
(2024).
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where ;, f;, and o; are the input, forget, and output gates respectively, ¢;
is the candidate cell state, o is the sigmoid activation function, and ® is an
element-wise multiplication.

Figure 1 shows how the current input, previous hidden state, and previous
cell state are combined within the cell. The upper pathway represents the
cell state, which carries memory through time, while the gates below control
how much information is forgotten, added, and exposed as the new hidden
state.

Gated recurrent units (GRUs) are another gated RNN architecture, intro-
duced by Cho et al. (2014). They were designed for a similar purpose as
LSTMs, but with a simpler structure with fewer gates. Instead of having
both a cell state and hidden state, the GRU only updates a hidden state.
This is done using an update gate, which controls how much information
from the previous hidden state is brought forward, while the reset gate con-
trols how strongly past information is used. This allows the model to retain



useful information over time while discarding information that is no longer
relevant.

The GRU update can be written as:

2 = o(Woay + Ushyi—y +by), (7)
re = o(Wrxy + Uprhy—1 + by), (8)
hy = tanh(Wyay + Up(ry © hy—1) + bp), (9)
hi=(1—2)®hi1+ 206 h, (10)

where z; is the update gate, r; is the reset gate, and h; is the candidate
hidden state.

The GRU equations show that the architecture performs a similar gated
update to the LSTM, but without maintaining a separate cell state. This
simpler structure is illustrated in Figure 2. The reset gate controls how much
of the previous hidden state is used when computing the candidate hidden
state, while the update gate determines the balance between retaining past
information and replacing it with new information.

h; ¢ (.

~

:ht

Figure 2: Schematic representation of a gated recurrent unit cell. The cur-
rent input x; and previous hidden state h;_1 are used to compute the reset
gate r;, update gate z;, and candidate hidden state hi. The update gate
controls the balance between retaining the previous hidden state and using
the candidate hidden state to produce h;. Adapted from Love (2024).

Compared with LSTMs, GRUs therefore have fewer gates and fewer train-
able parameters. This can make them faster to train and less prone to
overfitting in some cases, while keeping the advantages of LSTMs. GRUs
have already been applied to a similar problem by Zhang et al. (2019), who
applied RNN, LSTM and GRU models to reservoir outflow prediction for
the Xiluodu reservoir. In this thesis, GRUs are therefore included as a sim-



pler alternative to LSTMs, to see if they can achieve similar performance
with smaller architectures.

2.3 Static attributes in recurrent models

The same time series inputs for different reservoirs can have different outputs
because of differences in static attributes. With the same recent inflow
and storage pattern, a flood-control reservoir may release water to maintain
storage space for possible incoming floods, whereas an irrigation reservoir
may retain that water for later demand. Climate is another relevant static
attribute, since reservoir operation is strongly influenced by the climate the
reservoir is in.

There are several ways to include static attributes in recurrent models. The
simplest is to concatenate the attributes to the time-series data at every
timestep, as considered by Kratzert et al. (2019). The recurrent layer in
this approach receives the same static attributes repeatedly, throughout the
length of the time-series inputs.

A more structured approach, as implemented in the Entity-Aware LSTM
of Kratzert et al. (2019), is to modify the memory cell architecture of the
LSTM directly. The standard time-varying input gate is replaced by a gate
derived from the static attributes, while the remaining recurrent updates
continue to depend on the time-series inputs.

Finally, another option is to use the static variables to initialise the recurrent
model. This is the approach implemented in cond rnn (Remy, 2020), and
used in Tran et al. (2025), as well as this thesis. In this approach, the
static attributes are first converted into the recurrent model’s initial internal
state, as shown in Figure 3. This is done using a simple trainable neural
network. The recurrent model therefore begins each input sequence with
information about the reservoir being simulated. The time-series inputs are
then processed as usual, but their interpretation is influenced by the static
attributes provided at the start.

The conditioning setup explained above allows the same time-series input
sequence to be interpreted differently depending on the static attributes
associated with it. This method is applied to both the LSTM and GRU
models.
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Figure 3: Schematic representation of the conditioned recurrent model.
Static conditioning inputs are transformed into state vectors, concatenated,
and mapped to the initial recurrent state §. This initial state is then used
by the recurrent model together with the time-series inputs to produce the
output sequence. Adapted from Remy (2020).
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2.4 Summary of modelling frameworks

Table 1 summarises the modelling frameworks discussed above in terms of
their applications, advantages, limitations, and key references.

2.5 Robustness to input perturbations

Reservoir operation modelling is strongly affected by uncertainty in the in-
put data. Observed inflow, storage and release records may contain meas-
urement errors, and when the model is used within a hydrological model
the uncertainties from other components can propagate through it. It is
therefore useful to assess whether the trained models remain stable when
there is additional noise in the inputs.

This was tested by adding Gaussian noise to the inputs of an already
trained model and measuring the resulting change in predictive perform-
ance. Kratzert et al. (2019) used this approach for their Entity-Aware LSTM
by adding Gaussian noise with increasing standard deviation to their static
attributes. Their results showed a gradual decrease in performance as the
noise level increased, suggesting that the model had learned the relation-
ships between the inputs and reservoir operation, rather than relying only
on exact attribute values.

In this thesis, Gaussian noise perturbation is used as a sensitivity test, rather
than as a full variable importance test. This means that the results show
how model performance changes when selected inputs have noise added, but
they do not provide a direct measure of how important each variable is to
the model. The results should also be interpreted with some limitations in
mind, since some of the inputs may contain overlapping information, and
large perturbations may move inputs outside realistic ranges. These are
discussed further in subsection 6.8.

2.6 Sequence length

The sequence length experiment is carried out to evaluate how much recent
information is useful for predicting reservoir releases. The term sequence
length, or lookback window, refers to how many previous timesteps are
provided as an input to the recurrent model. In this thesis, it defines how
many days of inflow and storage are given to the model. This is an import-
ant decision because reservoir releases may not depend solely on the current
day’s conditions. Giving information about the recent past therefore, the-
oretically, gives critical information that can help the model performance.

11



Table 1: Summary of modelling frameworks relevant to hydrological time-
series prediction and reservoir operation modelling.

Framework Application Advantages Limitations Key
references

Rule-based Predefined release Interpretable, May not capture  (Hanasaki et al.,

reservoir relationships widely applicable, unknown, 2006)

schemes using variables and useful as a changing, or

Feed-forward
neural networks

Decision-tree
and modular
models

Standard
recurrent
models

Conditioned
recurrent
models

such as inflow,
storage, demand,
and seasonality.

Data-driven
release prediction
from historical
hydrological and
seasonal inputs.

Identification of
operating schemes
from historical
behaviour.

Time-series
prediction using
recent inflow,
storage, and
seasonal
information.
Includes LSTM
and GRU models.

Recurrent models
trained across
multiple reservoirs
with static
reservoir
attributes.

baseline.

Can learn
nonlinear
relationships
without explicit
operating rules.

More
interpretable than
neural networks
and able to
represent different
operating modes.

Process ordered
sequences, SO
previous timesteps
can influence later
predictions.

Allow dynamic
inputs to be
interpreted in the
context of
reservoir
characteristics.

reservoir-specific
operating
behaviour.

Past timesteps are

supplied as
separate inputs
rather than
processed as an
ordered sequence.

Separate
behaviour into
explicit modules
rather than
learning temporal
patterns directly.

More
computationally
expensive and
performance
depends on the
selected lookback
window

The benefit
depends on

whether the static

attributes
describe
operational
differences well.

(Ehsani et al.,
2016)

(Chen et al.,
2022)

(Cho et al.,
2014; Fan et al.,
2023; Hochreiter
& Schmidhuber,
1997; Zhang
et al., 2019)

(Kratzert et al.,
2019; Remy,
2020; Tran

et al., 2025)

12



Recurrent architectures such as the ones used in this thesis are specific-
ally designed for time series data. Thanks to their architectures they can
extract information from timesteps and choose which to use or disregard.
Theoretically, longer input sequences are therefore ideal for these models.
However, they can lead to problems such as increasing the training time, and
overfitting where the model learns the individual samples rather than the
underlying patterns, which leads to poor generalisation performance. Smal-
ler lookback windows may also be easier to implement and more useful in
practical applications, since they require a shorter continuous input record.

A similar sensitivity to input sequence length has been investigated by Fan et
al. (2023), who treated the LSTM lookback window as a hyperparameter for
reservoir release prediction. They tested lag lengths from 1 to 15 days using
validation performance and found that for an example reservoir, increasing
the length of the lookback window increased performance until the window
was 7 days. After this point, they found that increasing the lookback window
length led to lower performance. They therefore chose to use 7 days as the
lookback window length for the rest of their analysis.

There is no single sequence length that is guaranteed to be optimal across all
reservoirs. This is because different reservoirs use different operating rules
that use various timescales, and reservoirs with different main uses may rely
on different parts of the recent attributes. For these reasons, the sequence
length experiment is used to evaluate how sensitive model performance is
to the chosen input window, and whether shorter windows can still achieve
good performance.

2.7 Evaluation metrics used in Hydrology

Multiple complementary metrics were used for model evaluation in this
thesis. This is because no single metric can capture all aspects of predictive
performance. Different metrics reflect different aspects of performance, such
as average error magnitude, sensitivity to large errors, and ability to repro-
duce the pattern of the time series. In hydrological modelling, it is common
to assess the model performance using error-based and efficiency-based met-
rics.

Error-based metrics such as Mean Absolute Error (MAE) and Root Mean
Squared Error (RMSE) are common in machine learning applications, and
measure differences between predicted and observed values. These metrics
are useful because they are directly related to prediction error, but they do
not fully describe whether the model reproduces the temporal dynamics of
the observed time series.

13



For this reason, many hydrological studies often also use efficiency metrics
such as the Nash—Sutcliffe Efficiency (NSE) and the Kling-Gupta Efficiency
(KGE). NSE compares the squared prediction error of the model with the
variability of the observed time series around its mean (Nash & Sutcliffe,
1970).

KGE was introduced as an alternative performance metric which separ-
ates performance into several components, correlation, variability, and bias
(Gupta et al., 2009). This makes it useful for finding whether the per-
formance of the model is due to reproduction of the magnitude of reservoir
release, timing, or variability. In this thesis, KGE and NSE are therefore
used alongside MAE and RMSE to evaluate both average prediction error
and hydrological time-series behaviour. These metrics are further described
in subsection 4.7.
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3 Data

The data for this thesis came from three databases. We first use ResOpsUS,
a dataset of historical reservoir operations in the contiguous United States
(J. Steyaert et al., 2021, 2022). Second, an additional confidential dataset
provides reservoir operation records for a separate set of dams in China.
Finally, GRanD (Global Dam Watch, 2019; Lehner et al., 2011) is used as
a lookup dataset providing static reservoir and dam attributes, which are
later used as static attributes and metadata.

3.1 Dataset summary

Table 2 summarises the two cleaned dataset versions used in this thesis. The
Main dataset corresponds to the ResOpsUS-only version, while the Extra
dataset adds the Chinese reservoir records.

The split was designed to evaluate two forms of generalisation. The temporal
in-sample split tests whether models can predict later periods for reservoirs
represented during training, while the held-out reservoir split tests whether
models can transfer to reservoirs not seen during training.

The main dataset contains 280 reservoirs before splitting, whereas the extra
dataset version contains 323 reservoirs after adding the Chinese records.
The training sets dominate the sample count because they cover the longest
time period, ending in 2014. The validation set is restricted to 2015, and
the in-sample test set covers 2016—2020. The held-out test set contains 20
randomly selected reservoirs in both dataset versions, but the number of
samples differs because the selected reservoirs and their record lengths are
different. The number of reservoirs also changes between the in-sample splits
because not all reservoirs have observations available for every time period.

In the following tables, in train, in val, and in test refer to the temporal
training, validation, and test splits for reservoirs included in the training set.
Out test refers to the fully held-out reservoir test set, containing reservoirs
excluded entirely from model training and selection.

Figure 4 shows the spatial distribution of the reservoirs used in the two
dataset versions. The main dataset contains only the ResOpsUS reservoirs,
therefore all its reservoirs are located in the continental United States. The
extra dataset adds 43 Chinese reservoirs that are not present in the main
version; these reservoirs are plotted separately to make the spatial extension
of the dataset explicit. In both panels, red outlines on the points indicate
reservoirs selected for the held-out test set, and the broad Képpen—Geiger
climate groups are shown as an overlay on the background. This shows that,
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although it was not strictly enforced, the randomly selected reservoirs are
well spread out spatially.

Figure 5 compares the composition of the in-sample and held-out reservoirs
for both dataset versions. In the main dataset, the in-sample and held-out
sets are both dominated by flood-control and irrigation reservoirs. In con-
trast, the held-out set contains more navigation, recreation, and unknown-
use samples, because the held-out set was required to include at least one
reservoir from each main-use category, as discussed in subsection 4.2. The
climate distribution is also broadly similar, but the held-out set has a larger
arid share and a slightly smaller temperate share.

The extra dataset version changes the composition of the held-out set more
noticeably. The in-sample portion remains dominated by flood-control and
irrigation reservoirs, but to a lesser extent, while the held-out set contains
a larger share of unknown-use, recreation, and water-supply samples. The
climate composition also changes: the held-out set in the extra dataset
version has a much larger cold-climate share and a smaller arid share than
the in-sample data.

Table 2: Sample and reservoir counts for the data splits used in training and
evaluation. The in-sample splits share reservoirs and are separated tempor-
ally, while out_test contains reservoirs held out entirely from training.

Dataset type  Split Samples  Reservoirs  Start year End year
Main in train 3,241,296 260 1900 2014
Main in_val 81,153 240 2015 2015
Main in_test 297,990 217 2016 2020
Main out_test 308,633 20 1941 2020
Extra in_train 3,333,671 263 1900 2014
Extra in val 81,814 243 2015 2015
Extra in_test 337,597 253 2016 2020
Extra out_test 217,050 20 1941 2020

3.2 Cleaning and preparation

Dams are assigned the same indices in both the ResOpsUS and GRanD
datasets, making matching those two datasets trivial. For the additional
dataset, reservoir records were harmonised before merging with the other
sources. Reservoir names were matched to GRanD using available reservoir,
dam, and alternative names, with a small number of manual matches where
automatic matching was insufficient. Storage values in this dataset were
converted from billions of cubic metres to millions of cubic metres to ensure
consistency with the GRanD capacity units.
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Spatial Coverage Of Retained Reservoirs
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(a) Location of reservoirs in this thesis from ResOpsUS.

Spatial Coverage Of Extra Reservoirs
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(b) Location of the additional reservoirs from the extra dataset.

Figure 4: Spatial coverage and broad Koppen—Geiger climate grouping of
the reservoir datasets used in this thesis. The semi-transparent background
overlay shows the broad climate group. Panel (a) shows the main cleaned
ResOpsUS dataset. Panel (b) shows only the additional reservoirs intro-
duced by the extra Chinese dataset. Held-out reservoirs are marked with
red outlines in both panels.

17
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The Koppen-Geiger climate classification is a widely used global classific-
ation of climate zones. The locations of the dams were extracted from
GRanD, and kgcpy version 1.1.8, which is based on the classification maps
of Rubel et al. (2017), was used to translate these to Koppen-Geiger codes.
This is then reduced to a broad, one-hot encoded climate group: Tropical,
Arid, Temperate, Cold, Polar, or Other. The purpose of the addition of the
climate group as a static attribute is because it provides information about
the climatic setting of each reservoir. For example, cold-climate reservoirs
may be influenced by snow accumulation and spring snowmelt, while arid
reservoirs may be more affected by a high rate of evaporation and long peri-
ods with no inflow. These differences can affect how storage is maintained
and the timing of releases. The reservoir main use from GRanD is also
one-hot encoded.

Two cyclical inputs representing the position within the year were added to
the dataset using sine and cosine transformations of the day of year:

. 27t 27t
doyg, = sin 365 ) doy..s = COs 365

For each reservoir, the 80th percentile inflow was computed and used to scale
the inflow and outflow. Reservoirs were retained only when both this inflow
scaling factor and the GRanD storage capacity were available and posit-
ive. After this cleaning step, an effective storage capacity was selected for
each reservoir. This was set to the GRanD capacity when it was consistent
with the cleaned storage record, but when the observed storage range was
clearly inconsistent with the reported capacity, the 99th percentile of the
cleaned storage series was used instead. This was done to improve consist-
ency between the reported static capacity and the storage time-series used
for modelling. The storage series for each reservoir was then normalised by
dividing by this effective capacity, so that storage was expressed as a frac-
tion of the reservoir’s usable maximum storage. As a result, a value close to
1 indicates storage near the effective maximum capacity, while values near
0 indicate relatively low storage.

Before being passed to the models, the static reservoir capacity input was
normalised separately from the storage series. For each reservoir, the effect-
ive maximum capacity in million cubic metres was first transformed using

Ci =log(1 + Cj), (11)
where Cj is the raw effective maximum capacity of reservoir .

Although reservoirs with non-positive reported GRanD capacities were re-
moved during preprocessing, log(C;) can still produce large negative values
when the effective capacity C; is small. Therefore, one was added to the
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capacity during the logarithmic transformation to reduce this sensitivity.
This has little effect for large reservoirs, where log(1 + C;) ~ log(C}).

The transformed capacity was then standardised using the mean and stand-
ard deviation estimated from the training metadata only,

. O —

Ci==EC, (12)

acC

where o and o¢ are the mean and standard deviation of log(14C') over the
training reservoirs. The same fitted scaling parameters were then applied
to the validation and test reservoirs. This was done to reduce the large
differences in scale between reservoirs caused by the raw storage capacity,
while also avoiding information leakage from the validation or test sets.

Table 3 summarises the variables retained after cleaning and feature con-
struction. The dynamic inputs are available for each day within the 7-day
window, while the static variables describe fixed reservoir characteristics
used by the conditional models. The target variable is the outflow on the
following day.
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Table 3: Variables used to construct the datasets. Dynamic variables are
available for each day in the 7-day input window, while static variables are
fixed for each reservoir.

Variable Type Source Description
inflow Dynamic in- ResOpsUS / Daily reservoir inflow, scaled by
put extra dataset the reservoir-specific 80th per-
centile inflow before being passed
to the model.
storage Dynamic in- ResOpsUS / Daily reservoir storage, conver-
put extra dataset ted to million cubic metres where
needed and then normalised by
the effective reservoir capacity.
outflow Target ResOpsUS / Daily reservoir outflow. The pre-
extra dataset diction target is next-day out-
flow, scaled by the reservoir-
specific 80th percentile inflow.
doy_sin, Dynamic in- Derived Cyclical encoding of the day of
doy_cos put year.
CAP_MCM Static input GRanD Reservoir storage capacity in mil-
lion cubic metres. When the
GRanD capacity was inconsistent
with the cleaned observed stor-
age range, the 99th percentile of
cleaned storage was used as an ef-
fective capacity.
MAIN_USE Static  cat- GRanD Primary reservoir purpose, one-
egorical hot encoded.
input
CLIMATE GROUP Static cat- Derived from Broad climate group derived
egorical GRanD loca- from the reservoir coordinates us-
input tion ing the Képpen—Geiger classifica-

tion, one-hot encoded.
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4 Methods

This section details the methodology followed to obtain the results of this
thesis. Firstly, the creation of samples from the datasets discussed in sec-
tion 3 is presented in subsection 4.1, followed by the hold-out and splitting
methodology in subsection 4.2. The rule-based baseline is described in sub-
section 4.3. The model inputs are then discussed in subsection 4.4, after
which the model architectures and training strategy are presented in sub-
section 4.5. The model selection strategy and evaluation metrics are then
described in subsection 4.6 and subsection 4.7 respectively. Finally, the
lookback-window experiment and the sensitivity of the trained models to
noise in selected inputs are described in subsection 4.8 and subsection 4.9.

4.1 Sample creation

The time series cleaned in section 3 are split into uninterrupted runs of
length L. Each sample contained L consecutive input days and one target
outflow value on the following day. Here, L is the lookback window for the
models, meaning the number of previous timesteps available to the model to
make one prediction. In the main model experiments, this was seven days.
This was selected based on the results from Fan et al. (2023). The effect
of this choice was later tested in the lookback-window experiment described
in subsection 4.8, where models were trained and evaluated with seven-,
three-, or one-day lookback windows. The days are reused such that, for
longer continuous sequences, all possible valid runs are extracted, even if
this results in overlap with previously used samples.

A storage spike filter is applied to the storage time series, to remove spikes
in storage which might be created by measurement errors or documentation
typos as identified by Li et al. (2024). This is done by identifying large
outliers which are immediately followed by a reversal of the opposite sign
and a similar magnitude. Days which are flagged are treated as unusable
and removed from the dataset.

4.2 Dataset splitting

The training data is then split into in-sample and held-out reservoirs. This
is done to keep a representative sample of reservoirs entirely separate from
the data that the models are trained on. The held-out sample is then used as
a measure of the generalisation performance of the final models on reservoirs
not seen during training. Twenty reservoirs are randomly chosen to be fully
held-out, and it is ensured that these include examples from each main use
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category and climate group. When running with the extra dataset, it is also
ensured that this held-out set includes reservoirs from both datasets.

The in-sample reservoirs are further divided into training, validation and
testing, which are defined temporally. Samples from the beginning of the
dataset through 2014 are used for training, samples from 2015 for validation,
and samples from 2016 onward for testing. The training set was used to fit
model parameters, the validation set was used for model selection and early
stopping, and the test set provided an estimate of performance on unseen
time periods. This also reduces temporal leakage when compared with a
random split, as the latter would mix nearby days and provide an inflated
result when compared with reality.

4.3 Rule-based baseline

The Hanasaki et al. (2006) simplified reservoir operation scheme, also presen-
ted in Han et al. (2020), was used as a baseline to compare the models to.
This was originally formulated with separate formulas for the irrigation and
non-irrigation main-use reservoirs. However, the irrigation formula requires
downstream water demand data, which were not available in this thesis. For
this reason, only the non-irrigation part was used, which was therefore ap-
plied to hydropower and flood control reservoirs. The Hanasaki et al. (2006)
scheme was also originally developed using a monthly time increment. Its
application to daily release prediction in this thesis should therefore be in-
terpreted as a simplified adaptation.

The release is computed from the mean inflow, the current inflow, and the
initial storage on the first day of the hydrological season, in this case the
first of May. Following the notation in Han et al. (2020), the capacity-inflow
coefficient ¢ and the release coefficient k are defined as

_ Srnax k— Sﬁrst
Qin,avg ’ 0-85Smax ’

where Spax is the reservoir storage capacity, Qin avg is the long-term average
inflow, and Sge is the storage at the beginning of the hydrological season.
The release is then given by

c (13)

inn,avga ¢ > 0.5,

Qout =
(%)2 inn,avg + [1 - (%)2} Qin, c¢<0.5.

(14)

Here, Qout is the simulated release and Qj, is the inflow at the current
timestep.
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This baseline was used as a simple point of comparison, rather than as a
complete representation of the state-of-the-art in rule-based reservoir oper-
ation modelling. Compared with the machine learning models implemented
in this thesis, it uses substantially less input information and has only a
small number of fixed parameters. The HNIRS baseline was therefore only
used as a simple, interpretable rule-based benchmark to test whether the re-
current machine learning models could improve on a generic representation
of reservoir operation.

4.4 Machine learning model inputs

There are two types of inputs used in this thesis, sequential and static. The
non-conditional models use the sequential inputs only, while the conditional
models use both sequential and static inputs.

The sequential inputs are given as a three-dimensional tensor with shape
(n, L,4), where n is the number of samples and L is the lookback window
length. The lookback window length was chosen as discussed in subsec-
tion 4.8. The four features in the final tensor dimension correspond to the
sequential inputs, namely normalised inflow, normalised storage, and the
sine and cosine representations of the day of year. The inflow and storage
are the observed values, as reported by the dam operators, representing the
water input into the reservoirs and the current water volume in the reservoir
respectively.

The static inputs are the reservoir main-use, climate group and maximum
capacity. The main-use and climate-group variables are one-hot encoded,
while the maximum capacity is given as a normalised scalar value as dis-
cussed in subsection 3.2. These provide context to the machine learning
model about attributes of the reservoir, with the aim of allowing a single
model to be able to accurately model the outflows of many different types
of reservoirs.

The non-conditional models were trained with the sequential inputs, with
the target being the normalised outflow on day t+1.

For the conditional models, the sequential and static inputs are both given,
and the target is also the normalised outflow on day t+1. In order to
incorporate static reservoir attributes alongside time-series data, the ap-
proach taken by Tran et al. (2025) was used. This was implemented using
the ConditionalRecurrent wrapper from the cond_rnn GitHub repository
(Remy, 2020). The wrapper uses the static inputs to initialise the recurrent
state of the network as discussed in subsection 2.3.
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4.5 Model training

Both architectures consisted of a single recurrent layer followed by a dense
output layer with one neuron, which produced the next-day normalised out-
flow prediction. Figure 6 shows one input sample passing through these
architectures. Each sample contains L daily input vectors, where L is the
lookback-window length. The recurrent layer is applied sequentially across
these L timesteps, with the hidden state passed forward from one timestep
to the next.

The number of recurrent units, denoted here by dj,, controls the length of the
hidden state vector. This means the number of values that are stored in the
model’s hidden state at each timestep. After the final timestep, the hidden
state is passed to a dense output layer with one neuron, which predicts the
next-day normalised outflow. For the conditioned models only, the static
reservoir attributes are first transformed and used to initialise the recurrent
state of the model.

L input timesteps

Xt—L+1 Xt—L+2 L Xt
4 features 4 features 4 features

,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,,

initial state | LST]\/I/GRU LSTI\I/GRU o LSTN[/GRU : Dense(l) Ytt1
zeros or static ) h € Rin h € Rin final h¢ | outflow

one recurrent layer, hidden size dj,

[conditioning network}

conditioned models only

Figure 6: Architecture of the recurrent reservoir-release models. Each
sample contains L daily input vectors, where each vector contains inflow,
storage, and cyclical day-of-year variables. The LSTM or GRU layer is ap-
plied across these timesteps, passing the hidden state forward through the
sequence. The hidden size dj, controls the width of the hidden state at each
timestep. The final hidden state is passed to a dense layer to predict next-
day normalised outflow.

All models were trained to minimise MAFE on the normalised target variable.
MAE is calculated as follows:

1 & X
MAE = EZ\% — i (15)
=1

where y; represents the observed values, ¢; the predicted values, and n the
number of observations. The Adam optimiser was used, with the learn-
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ing rate treated as a model-selection hyperparameter. During training,
the training split was shuffled and batched, while the validation split was
batched without shuffling. The training pipeline used prefetching so that
data loading and model computation could overlap where supported by the
hardware.

Early stopping was applied during training by monitoring validation MAE
after each epoch. For each model, training was terminated when validation
loss failed to improve for the specified patience period, and the weights from
the epoch with the lowest validation loss were restored. This follows the
approach detailed in Prechelt (2002), with the aim of stopping the model
when the neural network has had time to learn the problem, but before
significant overfitting takes place. Early stopping can also improve training
efficiency by avoiding unnecessary epochs once validation performance no
longer improves.

Model predictions were first produced in the same normalised units as the
training target. This is beneficial for neural networks because it places the
model inputs on a comparable scale, leading to more stable optimisation and
faster training (Lecun et al., 2002). The reservoir-specific scaling quantities
used are stored, so that the metrics computed can later be denormalised to
physical units, for interpretation and integration with hydrological models.
MAE and RMSE were calculated over all samples in the evaluated split after
denormalisation. KGE, its components, and NSE were calculated separately
for each reservoir using the time-ordered predictions, and the median value
across reservoirs was reported. This reservoir-wise aggregation was used so
that reservoirs with many valid samples would not dominate the hydrological
efficiency metrics. The model-selection script also saved the configuration,
training history, trained model, aggregate metrics, and per-reservoir met-
rics for each run, allowing the same trained models to be reused for later
robustness and feature-importance experiments.

4.6 Model selection

The validation set was used to compare candidate model architectures and
hyperparameter settings through a model selection procedure. Each config-
uration was first trained once in an initial screening stage, and the completed
runs were ranked according to their performance on the validation set, with
the validation MAE as a metric. The five best performing models and hyper-
parameter combinations were then rerun with two additional random seeds
in a finalist stage. This was done to make sure the results obtained were
not due to random initialisation. The in-sample test set was used only for
these finalist checks, while the held-out reservoir test set was excluded from
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the model selection procedure and reserved for final evaluation.

The model classes evaluated were the standard LSTM, conditioned LSTM,
standard GRU, and conditioned GRU. For each model class, the following
hyperparameter grid was evaluated:

units € {64, 128}, dropout € {0.00,0.05},
learning rate € {10733 x 107%}

all trained with the screening seed 42.

Each model was trained for up to 300 epochs using the Adam optimiser.
Training used early stopping with a patience of 30 epochs and a minimum
improvement threshold of 10~4. This resulted in 32 screening configurations.

The units hyperparameter controls the number of neurons in the recurrent
hidden layer. A larger value gives the LSTM or GRU more capacity to store
information from the previous input days, but also increases the number of
trainable parameters and therefore the risk of overfitting.

The dropout hyperparameter applies regularisation within the recurrent
layer by randomly removing a small fraction of the neuron connections dur-
ing training.

The learning rate controls the step size used by the Adam optimiser. A
higher value can make training faster but may be less stable and overshoot
good solutions. A lower learning rate usually makes training slower but can
theoretically reach a more precise solution.

The batch size controls how many samples are used for each gradient update.
A batch size of 1024 was used throughout to make training efficient on the
available hardware while keeping the optimisation stable for the large sample
set.

4.7 Evaluation metrics

KGE, its components, and NSE were calculated separately for each reservoir,
and the median value across reservoirs was reported. This reservoir-wise
aggregation was used so that reservoirs with longer valid records did not
dominate the hydrological efficiency metrics.

4.7.1 Mean Absolute Error (MAE)

MAE, defined in Equation 15, measures the average magnitude of the errors
between predicted and observed values without considering their direction.
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In the evaluation stage, MAE was calculated after denormalising predictions
and observations to physical units.

MAE provides the error in the same units as the variable being measured,
which helps with interpretability. MAE is also relatively insensitive to out-
liers compared to squared-error metrics, since it does not disproportionately
penalise large errors. This can also be a disadvantage, as MAE treats all
errors equally, meaning that large deviations are not emphasised. Models
trained on MAE therefore tend to prefer overall performance more, with less
sensitivity to outliers when compared to RMSE and other metrics.

4.7.2 Root Mean Squared Error (RMSE)

The Root Mean Squared Error (RMSE) quantifies the square root of the
average squared differences between predicted and observed values:

n

1 2
MSE = | — i — i 1
RMSE = | =3 (= ) (16)

RMSE penalises larger errors more strongly due to the square term, making
it more sensitive to outliers. Good performance with this metric therefore
means the outliers are being accurately predicted. This sensitivity can be
useful in reservoir-release modelling, since large errors may correspond to
poorly reproduced high-release events or operational extremes. However,
RMSE can therefore be strongly influenced by a small number of large errors,
potentially giving a misleading impression of model performance. RMSE is
therefore a useful complementary metric to MAE.

4.7.3 Nash—Sutcliffe Efficiency (NSE)

According to Nash and Sutcliffe (1970), NSE is defined as:

n N2
NSEZl—M (17)

S wi— )’

where y; represents the observed values, y; the predicted values, iy the mean
of the observed values, and n the number of observations. For each evaluated
split, NSE was first calculated independently for each reservoir, and the
median reservoir NSE was then used as the reported summary value.

An NSE value of 1 indicates a perfect match between predictions and ob-
servations, while 0 means that the model could have performed equally well
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using the mean value as the prediction. Negative NSE values indicate that
the model performs worse than this.

Because NSE is based on squared errors, it is sensitive to large errors and out-
liers. This means that a small number of badly predicted events can strongly
reduce the NSE value. For this reason, NSE was interpreted together with
MAE, RMSE, and KGE rather than used as the only performance measure.
For the same reason, we also calculated the NSE per reservoir and reported
the median value.

4.7.4 Kling—Gupta Efficiency (KGE)

Kling-Gupta Efficiency (KGE) (Gupta et al., 2009) is used as a goodness-of-
fit indicator, and for comparison with other publications as it is commonly
used in hydrological sciences. In this thesis, KGE and its components were
calculated using the KGE objective function from the hydroeval Python
package (Hallouin, 2021).

It is defined as:
KGE=1—-/(r—12+ (B8 —-1)2+ (a—1)2 (18)

where r is the Pearson correlation coefficient between observed and simu-
lated outflow, 5 = Z—z is the bias ratio, and o = % is the variability ratio.
In these expressions, u, and p; are the means of the observed and predicted
outflows respectively, while o, and oy are their standard deviations. KGE
values closer to 1 indicate good performance, with 1 being a perfect model.
For each evaluated split, KGE and its components were calculated inde-
pendently for each reservoir, and their median reservoir values were then

used as the reported summary value.

KGE complements NSE by separating performance into interpretable com-
ponents, making it easier to identify whether poor performance is due to
timing issues, too much or too little variability, or a consistent bias where
the model is systematically predicting too high or too low releases. How-
ever, similar KGE values can arise from different combinations of component
errors, meaning that models with different behaviours may appear equally
good (Knoben et al., 2025). Therefore, KGE was interpreted together with
the other metrics to reduce this effect.

4.8 Lookback window testing

As discussed in subsection 2.6, the number of days of inputs given to the
model is variable and can be adjusted to suit the needs of the problem. To

29



evaluate the sensitivity of the models to this choice, the dataset creation
procedure was repeated using three different lookback windows:

Le{1,3,71}

For each value of L, the sequential input tensor was trimmed so that each
sample contained L consecutive input days and one target outflow value on
the following day. The target was therefore kept unchanged as the next-day
normalised outflow, while only the number of previous input days available
to the model was varied. The static inputs used by the conditioned models,
namely main use, climate group, and maximum capacity, were not changed
between lookback-window experiments.

The same temporal and reservoir-based splits described in subsection 4.2
were used for all lookback-window settings. This ensured that differences in
performance were due to the input sequence length rather than to a different
train-validation-test split.

For the lookback window length experiment, models were trained across the
same grid as the full model selection experiment. For each lookback-window
length, recurrent models were trained across the tested architecture and
hyperparameter combinations. They were trained using the same training
objective, optimiser, and evaluation metrics described in subsection 4.5 and
subsection 4.6. The only difference was in the early-stopping patience, which
was reduced to fifteen epochs to improve computational efficiency. This
setting was applied consistently across all lookback-window lengths, so the
comparison between sequence lengths remained internally consistent. The
resulting models were then compared using validation and test-set MAE,
RMSE, KGE, KGE components, and NSE.

4.9 Robustness testing implementation

Robustness to input uncertainty was evaluated by adding Gaussian noise to
the inputs of already trained models and measuring the resulting change in
performance. The approach used was adapted from the robustness test in
Kratzert et al. (2019). The trained model weights were kept fixed during
this test. This is so that the experiment measures the sensitivity of the fitted
models to input perturbations, rather than their ability to adapt through
retraining. The validation set was used for this task. The robustness testing
was performed for the top performing hyperparameter configurations from
the model selection, for each of the model architectures.

For an input variable x, the perturbed input was defined as

F=xz+e¢  e~N(0,0%), (19)
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where o is the standard deviation of the added noise. The tested noise levels
were
0 €{0.1,02,...,1.0}.

Since the perturbed variables were already normalised before being passed
to the models, the noise is added in an equal way regardless of the reservoirs.

For the dynamic inputs, noise was applied to normalised inflow and norm-
alised storage, both separately and together. With the conditional models,
noise was also applied to the normalised capacity. Additionally, all three
inputs were perturbed at the same time, to provide an overall measure of
input robustness.

Noise was not added to the seasonality variables or to the one-hot encoded
static variables, such as main use and climate group. This was because
Gaussian noise would break the encoding of these variables in a way which
does not make sense. The robustness test should therefore be interpreted as
a sensitivity analysis for the inputs to which noise was added.

For each noise level, the perturbation was repeated 50 times, and model
performance was recalculated. The change in performance in MAE, RMSE,
KGE, KGE components, and NSE, relative to the baseline with no additional
noise was then used as a measure of sensitivity. The repeated perturbation
results were then aggregated by input group and noise level. For each com-
bination, the mean and standard deviation of the performance change across
repeats were calculated. This gives information about both the average re-
duction in model performance and the variability caused by different noise
initialisation.
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5 Results

5.1 Model selection

The 32 candidate models were ranked using normalised validation MAE,
while the in-sample test set was used only for the finalist runs. The full
distribution of screening and finalist model-selection runs is shown in Fig-
ure A5, with the selected models highlighted. Below, in Table 4, the top five
finalist runs are presented for the main and extra dataset model-selection
runs.

Model selection first tested the performance of the trained models on the in-
sample validation and test sets. These correspond to the task of predicting
releases in additional time periods for the reservoirs already present in the
training set. For these sets, the conditioned models dominated the validation
ranking. In both the main and extra datasets, the best configuration was a
conditioned LSTM with 128 units, no dropout, a learning rate of 1073,

The model-selection results show that conditioning recurrent models with
static reservoir attributes was useful for predicting later time periods for
reservoirs already represented during training. Across both the main and
extra datasets, the strongest configurations were dominated by conditioned
recurrent models, with conditioned LSTMs occupying nearly all the highest-
ranked positions. This pattern suggests that the additional static inputs
improved the recurrent model performance when predicting the outflow.

The consistency of the best configuration is an interesting result. In both
dataset versions, the conditioned LSTM with 128 recurrent units, no dro-
pout, and a learning rate of 10~3 ranked first during screening and remained
the best model after the finalist reruns. For the main dataset, this model ob-
tained the lowest finalist validation MAE and the highest median validation
KGE, and it also performed best on the in-sample test period. The same
configuration was again strongest for the extra dataset, where it achieved
the best validation and in-sample test performance among the finalist mod-
els. The agreement between the two dataset versions indicates that the
selected configuration was not only favoured by one particular dataset com-
position, although it is important to keep in mind that the two datasets
have significant overlap.

The finalist runs also support the stability of the screening model-selection
ranking. The top conditioned LSTM remained the best performing model
when retrained with additional random seeds, suggesting that its perform-
ance was not due to favourable initialisation. Within the tested hyperpara-
meter range, larger recurrent layers were generally preferred, while adding
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dropout did not improve the best-performing models. The learning rate
of 1073 was also favoured for the leading configuration, although the lower
learning rate of 3 x 10~% remained competitive for some 128-unit conditioned
LSTM runs. Overall, the model-selection experiment points to the condi-
tioned LSTM with 128 units, no dropout, and a learning rate of 1072 as
the strongest configuration for in-sample temporal prediction. This result
supports the usefulness of static conditioning during model selection, while
the separate held-out reservoir evaluation is still needed to assess whether
this advantage transfers to reservoirs not seen during training.

To further inspect the selected models, reservoir-wise in_test KGE values
were grouped by climate group and main reservoir use in Figure 7. Across
climate groups, arid and cold reservoirs had the highest typical performance
in both dataset versions, with group medians above the overall medians.
Temperate reservoirs showed lower and more variable performance, espe-
cially in the extra dataset. All climate groups still contained some poorly
predicted reservoirs, as shown by the long lower tails and off-scale markers.

The main-use comparison shows clearer differences between reservoir cat-
egories. Irrigation and water-supply reservoirs had consistently high group
medians in both dataset versions. The performance on flood-control reser-
voirs was slightly lower, with lower medians. Hydroelectric reservoirs per-
formed well in the main dataset but showed weaker and more variable per-
formance in the extra dataset. Navigation, recreation, and unknown-use
groups should be interpreted more cautiously because these categories con-
tain fewer reservoirs. Overall, the grouped KGE distributions show that the
high overall in_test performance hides differences between reservoir types,
especially between irrigation and water-supply reservoirs and flood-control
or temperate reservoirs.

5.2 Rule-based baseline

The Hanasaki non-irrigation rule-based baseline was applied and evaluated
on hydroelectricity and flood control main use reservoirs. It showed mixed
performance across both dataset versions, with its relative performance de-
pending strongly on the metric considered (Table 5). Median KGE and NSE
values were negative for all splits, indicating that the rule-based baseline did
not reproduce reservoir-level release dynamics well. However, the KGE com-
ponent breakdown gives more detail on the source of this poor performance.
For KGE, the ideal value of each component is one: r = 1 indicates perfect
temporal correlation, o = 1 indicates the correct variability, and 8 = 1 indic-
ates the correct mean bias. The results show that the main source of error is
not primarily the bias term, since 3 is generally closer to one than the other
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Figure 7: Reservoir-wise in_test KGE distributions for the main and extra
datasets, grouped by climate group and main reservoir use. Filled points
show group medians, while the dashed and dash-dotted horizontal lines show
the overall median KGE values for the main and extra datasets respectively.
Triangles indicate reservoirs with KGE values outside the plotted range.
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components, especially for the in_val and in_test splits. Instead, the very
low « values show that the baseline captures only a small fraction of the
observed variability in releases. This suggests that the baseline predictions
are too smooth and do not reproduce the magnitude of observed release
fluctuations. The low r values also show that the timing of the predicted
variations is poor, meaning that peaks and low-flow periods are often not
placed correctly. This contrasts with the relatively good MAE and RMSE
values obtained by the baseline, which further suggests that the baseline can
approximate average release magnitudes reasonably well, but struggles with
the magnitude and timing of fluctuations.

The similar values across the splits suggest that the rule-based baseline per-
formance does not reduce when applied to new reservoirs. This is expected
because the baseline is not fitted to the training reservoirs in the same way
as the machine-learning models. Performance was similar between the main
and extra datasets, although the extra dataset gave slightly improved me-
dian KGE and NSE on the in_test and out_test splits. The large RMSE
values in the in val and in_test splits, particularly compared with the
lower out_test RMSE values, suggest that a small number of high-error
samples strongly affected those metrics. Overall, the baseline provides a
useful reference point, but its consistently negative reservoir-level efficiency
scores show that a fixed non-irrigation baseline is too simple to capture the
observed release behaviour across the reservoirs.

Table 5: Hanasaki non-irrigation rule-based baseline on the main and extra
datasets. MAE and RMSE are sample-mean errors in normalised units.
KGE, its components, and NSE are calculated per reservoir and shown as
medians.

Run Split MAEnorm  RMSEnorm KGE T e’ B NSE
Main in_val 0.633 1.611 -0.400 0.177 0.049 0.708 -0.181
Main in_test 0.654 2.954 -0.347 0.113 0.091 0.749 -0.085
Main  out_test 0.921 2.701 -0.403 0.068 0.078 0.369 -0.036
Extra in_val 0.637 1.658 -0.398 0.229 0.049 0.707 -0.182
Extra in_test 0.558 2.620 -0.260 0.219 0.157 0.782 -0.033
Extra out_test 0.598 1.249 -0.311 0.288 0.078 0.669 -0.046

5.3 Held-out evaluation

The best screening-stage run from each architecture was also evaluated on
the fully held-out out_test reservoirs. These were previously unseen by the
model; therefore, this evaluates how well the models’ performance general-
ises to other reservoirs that were not present in the training set. Figure 8
shows the reservoir-wise KGE distributions for the main and extra datasets,
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while the corresponding summary metrics are shown in Table 6. Across
both datasets, the highest median KGE values on the held-out test reser-
voirs were obtained by the unconditioned GRU and LSTM models. In the
main dataset, the GRU and LSTM both reached a median out_test KGE
of 0.543, while the conditioned LSTM reached 0.433 and the conditioned
GRU only 0.080. A similar pattern was seen in the extra dataset, where
the GRU obtained the highest median KGE of 0.604, followed by the LSTM
with 0.569. The conditioned models again performed worse on the held-out
reservoirs, with median KGE values of 0.382 for the conditioned GRU and
0.408 for the conditioned LSTM.

This is surprising, as it is a reversal of the trend seen during the model selec-
tion, where the conditioned models obtained the best results. However, this
advantage did not carry over to the fully held-out reservoirs. This suggests
that the conditioning information helped the model fit the in-sample reser-
voirs better, even on unseen time samples, but did not necessarily improve
transfer to reservoirs outside the training set.

The error-based metrics show a similar but less consistent pattern. For the
main dataset, the unconditioned GRU and LSTM both had a lower out_test
MAE than the conditioned LSTM. The conditioned GRU performed partic-
ularly poorly, with a very large out_test MAE and RMSE, suggesting that
this error came from one or a few held-out reservoirs which had very bad
performance. For the extra dataset, GRU again had the lowest out_test
MAE, while the conditioned LSTM and conditioned GRU were worse ac-
cording to MAE. However, the conditioned models had lower RMSE than
the unconditioned ones in the extra dataset, which suggests they performed
better on the reservoirs which had large errors.

The reservoir-level behaviour behind these summary metrics is illustrated
by two representative held-out simulations in Figure A6 and Figure A7. The
first figure shows a high-performing held-out reservoir for which the LSTM
reproduces the observed release pattern well. The second figure shows the
lowest-KGE held-out reservoir, where the LSTM severely overestimates the
observed variability and mean releases.

Overall, the held-out evaluation indicates that good validation performance
on the in-sample reservoirs does not always translate to the best perform-
ance on unseen reservoirs. The conditioned LSTM remained the best model
during validation, but the unconditioned GRU and LSTM generalised better
to the held-out reservoirs in terms of median KGE.
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stage GRU, LSTM, conditioned GRU, and conditioned LSTM runs. Results
are shown separately for the main and extra datasets. Diamonds show me-
dian reservoir KGE, circles show individual reservoirs, and triangles indicate

reservoirs with KGE values outside the plotted range.
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5.4 Lookback window

The lookback window experiment results in Table 7 show that using seven
input days gives the best overall performance in both datasets. In the main
dataset, reducing the length of the window from seven to three days in-
creased the validation normalised MAE from 0.872 to 1.000, which corres-
ponds to a reduction in performance of 14.7%. When only one input day
was used, the performance is much weaker, with the validation normalised
MAE increasing by 122.4% when compared with the seven-day model. A
very similar pattern is seen in KGE and NSE, however, in those metrics,
the difference between 7 and the other two lookback lengths is larger when
compared to the normalised MAE and RMSE.

The extra model selection run confirms the same trend, although the differ-
ence between the seven- and three-day windows is smaller. The normalised
validation MAE increased from 0.908 with seven days to 0.963 with three
days, corresponding to a 6.1% increase. However, the one-day model again
performed worse, with a normalised validation MAE 114.3% higher than the
seven-day model. Again, the difference in the MAE and RMSE performance
for the 7- and 3-day lookback length is smaller than the difference in the
KGE and NSE metrics.

The in-sample test results generally support the validation results. In both
model selection runs, the seven-day models obtain the lowest test MAE and
RMSE;, as well as the highest median KGE and NSE. The three-day models
remain usable but are consistently worse than the seven-day models, while
the one-day models show a large loss of performance across all metrics. This
suggests that one day of inflow, storage and seasonal information is insuf-
ficient for the recurrent models to represent reservoir operation behaviour
effectively.

Overall, these results indicate that the models benefit from having access to
several previous days of information. Based on these results, the seven-day
lookback window was retained for the main modelling experiments.

5.5 Gaussian noise robustness

In the figures below, the results of the Gaussian robustness runs can be seen
on the best performing screening stage run for each model architecture. The
results for the unconditioned models and conditioned models for the main
dataset are shown in Figure 9 and Figure 10 respectively. The results on
the extra dataset can be found in Appendix A. As expected, in every case,
KGE values decrease with increasing amounts of Gaussian noise.
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At the smallest perturbation level, 0.1c0, the effect of input noise differed
between architectures and dataset versions. The unconditioned LSTM and
conditioned GRU showed the smallest reductions in median KGE, while
the conditioned LSTM showed a larger decrease even at 0.1¢. In the extra
dataset, the difference between conditioned and unconditioned models was
clearer. The unconditioned GRU and LSTM showed smaller KGE decreases
at 0.1, while the conditioned GRU was more sensitive and the conditioned
LSTM was again the most sensitive.

Storage created the largest drops in performance over the four plots, with
inflow and capacity creating much smaller changes. The aggregate perturb-
ations that included storage also caused large performance decreases, al-
though, interestingly, the decrease was sometimes smaller than when noise
was applied only to storage. This means adding noise to storage and to
the other inputs simultaneously does not degrade performance as much as
adding noise to storage on its own. This is not because the noise gets split
between the inputs, as the combined measure is created by adding the same
level of noise to each input.

The same overall behaviour was observed for the extra dataset, with the full
robustness curves shown in Appendix A.
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Figure 9: KGE robustness curves for the best unconditioned GRU and
LSTM screening-stage runs from the main dataset.
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6 Discussion

6.1 Recurrent models for reproducing historical reservoir
outflows

The first part of research question one asked whether recurrent machine
learning models are suitable for the task of modelling historical daily reser-
voir outflows. The results in this thesis show that LSTM and GRU models
did learn useful relationships using the inputs provided to predict the next-
day outflow. The strong validation and in-sample test results also show
that the recurrent models generalise well to unseen time periods for reser-
voirs that are already present in the training set.

These results suggest that recurrent models are appropriate for this problem
because reservoir releases are not only based on the conditions of a single day.
Reservoir releases are likely to depend on multiple days of recent changes in
inflow and storage. The recurrent structure of LSTMs and GRUs is therefore
useful because it allows the model to use information from a sequence of
previous days rather than treating each day independently.

This agrees with previous studies showing that recurrent architectures are
suitable for reservoir-release prediction. Zhang et al. (2019) compared RNN,
LSTM and GRU models for the Xiluodu reservoir and found that all three
recurrent architectures could predict reservoir outflow effectively. Fan et
al. (2023) also reported strong LSTM performance for reservoir releases
in the Upper Colorado River Basin, with NSE values above 0.69 for the
reservoirs considered. Compared with these studies, this thesis tests a more
general task, since a single model is trained across many reservoirs and is
also evaluated on held-out reservoirs as well as time periods. Therefore,
the strong in-sample results are consistent with previous studies that use
recurrent models, while the weaker held-out results show that generalisation
to held-out reservoirs remains more difficult than temporal prediction for
already seen reservoirs.

The model selection results suggest that model capacity affects performance
within the hyperparameters tested. Large recurrent layers seem to have
helped with modelling complex release behaviour, especially for reservoirs
already present in the training data. At the same time, the large recur-
rent layers could be part of the reduction in performance on the held-out
set, as the additional capacity could have allowed overfitting to happen.
The result should therefore be interpreted as evidence that 128 units was
preferable within the tested range, rather than as evidence for an optimal
architecture more generally. However, the finding that model capacity af-
fects performance is consistent with previous recurrent reservoir-operation
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work. In Zhang et al. (2019), model settings such as the number of hidden
nodes and training iterations were found to have the largest influence on
model prediction.

The best performing model using no dropout may be due to the model se-
lection using the validation set. Since this set did not contain any reservoirs
unseen during training, the model selection favoured temporal generalisa-
tion. It is therefore possible that dropout could have been useful if the
selection strategy focused more directly on unseen reservoir performance.

Overall, the results support the use of recurrent machine learning models
for reproducing historical reservoir outflows, especially when the reservoirs
being evaluated are represented in the training data. The models were able
to reproduce both the magnitude and dynamics of daily releases better than
would be expected from a purely static or single-day relationship. However,
the held-out reservoir results show that good performance on unseen time
periods does not automatically transfer to reservoirs that were not seen
during training.

6.2 Effect of static conditioning

The conditioning of recurrent models with static reservoir attributes is a
central part of this thesis. In the second part of research question one, this
thesis asked whether this conditioning improved model performance and
generalisation to unseen reservoirs.

The improved performance of the conditioned models on the in-sample test
set suggests that main use, climate group, and capacity contain useful in-
formation about reservoir operating behaviour. This also suggests that the
conditioning method used in this thesis allowed the models to use this in-
formation to some extent.

The conditioning, however, seemed to primarily improve the results on reser-
voirs already represented in the training set. On the fully held-out reser-
voirs, conditioned models performed worse than non-conditioned models.
This indicates that, in this experiment, static conditioning improved tem-
poral generalisation but reduced the models’ ability to generalise to entirely
unseen reservoirs.

A possible explanation for this behaviour is that the conditioned models
may have relied more strongly on reservoir-specific patterns in the training
set. The static attributes may also have been too coarse to describe the
full range of operating rules across unseen reservoirs. For example, main
use does not fully capture the multi-purpose nature of reservoir operation,
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while climate group is only a broad descriptor of hydroclimatic setting. As
a result, the conditioning variables may have helped the models distinguish
between reservoirs already seen during training, but may not have provided
enough information for transfer to entirely unseen reservoirs. By contrast,
the non-conditioned models may have been forced to rely more on general
relationships between the dynamic input variables and reservoir behaviour,
which transferred better to the out_test reservoirs.

This result differs from Tran et al. (2025), who found that the conditioned
LSTM improved generalisation to out-of-sample reservoirs. In their study,
the conditioned LSTM achieved higher median KGE than the standard
LSTM for several reservoir-use groups, including hydroelectricity, water sup-
ply, irrigation and recreation reservoirs, and they interpreted this as evidence
that reservoir attributes improved transfer to unseen reservoirs. They also
reported that LSTM performance dropped more strongly than conditioned
LSTM performance when moving from in-sample to out-sample reservoirs.

There are several possible reasons for the difference between their results and
those found in this thesis. The datasets, preprocessing and splitting are not
identical between the two. Tran et al. (2025) used 143 in-sample reservoirs
and 20 out-sample reservoirs, whereas this thesis used a larger number of
reservoirs from ResOpsUS and, in the extra version, also included additional
Chinese reservoirs. Differences in which reservoirs are held out can strongly
affect the result, especially when only 20 reservoirs are used for the fully
unseen test set. Second, the preprocessing and model-selection procedure
differ, including the use of different cleaned storage capacities and additional
architectures. This may have selected models that were particularly strong
for in-sample temporal generalisation, but not necessarily for spatial transfer
to new reservoirs. Regarding architectures, the models selected in this thesis
contained many more hidden units than the ones selected in Tran et al.
(2025).

Overall, conditioning did improve model performance, and generalisation to
new time periods for seen reservoirs, but not the performance on unseen
reservoirs. This suggests that the benefit of static conditioning is sensitive
to the dataset, the reservoir split, and the architectures used.

6.3 Robustness to input noise

Reservoir operation datasets contain several sources of input uncertainty,
such as measurement errors and errors due to derived measurements. It is
therefore important to test how sensitive the trained models are to perturb-
ations in the inputs, which is the focus of the first part of research question
two.
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This sensitivity can be interpreted as a measure of how errors in the inputs
propagate through the model and affect the predictions, instead of a meas-
ure of feature importance. The fact that perturbing storage produced the
strongest degradation in performance suggests that accurate storage inform-
ation is especially important for historical outflow predictions. This result
is also consistent hydrologically, since storage represents the current state of
the reservoir and directly affects release decisions.

This also agrees with Fan et al. (2023), who found in their model evalu-
ation that storage and inflow were more influential than precipitation and
temperature for LSTM-based reservoir-release prediction. In fact, they also
found from a shapley additive explanations analysis that inflow is the dom-
inant factor for small reservoirs, while storage is dominant for larger ones.
Since the robustness experiment conducted in this thesis is not separated by
reservoir size, it cannot determine whether this effect also appears here.

One possible explanation for the combined perturbations involving stor-
age sometimes performing better than storage-only perturbations is that it
changed the model response in a different way. When several inputs were
uncertain at the same time, the model might make more conservative pre-
dictions. This interpretation is speculative, but the result indicates that the
model response to input uncertainty was not simply additive across vari-
ables.

The stronger response of the conditioned models to small perturbations sug-
gests that static conditioning did not make the recurrent models more robust
to input uncertainty. In particular, the conditioned LSTM appeared more
sensitive than the other architectures, even at small perturbations. This
suggests that the conditioned models, and especially the conditioned LSTM,
relied more strongly on precise input values. This is important for opera-
tional use, because even small storage errors could reduce the performance
of some architectures substantially.

The robustness experiment only tests the inputs to which Gaussian noise
was added, and the results may also be influenced by correlations between
variables. However, the consistently larger performance degradation under
storage perturbations provides evidence that storage contains information
that is particularly important for the fitted models.

The interpretation of the perturbation results is also complicated by the
physical link between some variables. Inflow and storage are physically con-
nected through the water balance equation of the reservoir, so information
lost by perturbing one input may still be available through the other. There-
fore, the individual perturbation results should be interpreted as the model
response to noise in each input group separately, rather than as a measure
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of each variable’s full importance.

6.4 Effect of lookback-window length

The length of the input sequence given to the models was varied in an
experiment in order to answer the second part of research question two.
The results suggest that when given seven days, the models can learn to
interpret the temporal dynamics of the reservoir outflow better, while three
days is sufficient for low average absolute error. A lookback window of
one day is clearly insufficient and strongly reduced performance across all
metrics. This is to be expected, as one day provides no sequence information,
which completely removes the value of a recurrent model. This result is
consistent with Fan et al. (2023), who treated the LSTM lookback length as
a hyperparameter and found that performance improved up to a seven-day
window.

There is also a practical trade-off between performance and ease of use.
Longer lookback windows require longer uninterrupted sequences of input
data, which may be more difficult to obtain in operational applications or in
datasets with missing values. Although the seven-day window gave the best
overall performance, the three-day window still produced competitive MAE
and RMSE values. Therefore, in settings where data continuity is limited or
ease of application is important, a three-day lookback may be a reasonable
compromise.

6.5 Comparison with the rule-based baseline

Research question three asked how the recurrent models compared with
the Hanasaki non-irrigation rule-based baseline. The results show that the
baseline had competitive MAE and RMSE, but very poor median KGE and
NSE when compared to the machine learning models. This suggests that
it is better at predicting average release magnitudes for extreme examples,
but struggles with the dynamics of these releases. This is also supported by
the low a values in the KGE components, which indicate that the baseline
underestimates the variability of the observed releases. The underestimated
variability may be partly due to the rule-based baseline being designed for
monthly simulations, but applied here at a daily timescale.

It is also important to consider that model choice when implementing a hy-
drological model is not based only on predictive performance. Hydrological
modellers might prefer the rule-based baseline because its behaviour is trans-
parent and directly linked to established operating practice. Unlike machine

48



learning models, which have much lower interpretability, the baseline uses
a simple and explainable relationship between hydrological inputs and re-
lease decisions. This can make it easier to justify decisions and diagnose
unexpected behaviour.

Model performance depends heavily on the metric used. As discussed in
subsection 4.7, each metric captures different aspects of performance. This
explains why the rule-based baseline performs well in terms of MAE and
RMSE, but not in terms of KGE and NSE. Overall, machine learning models
reproduce dynamic release behaviour better, even when the baseline appears
competitive in MAE and RMSE.

6.6 Influence of the extra dataset

The conclusions for the main and extra datasets were generally similar. For
both datasets, in their training, validation and in-sample test sets, con-
ditioned LSTM was the top performing model. On the held-out test set,
however, the best performance for both datasets is achieved by the uncondi-
tioned GRU or LSTM models, while the conditioned models perform worse.

This consistency between the two datasets is encouraging, because it sug-
gests the findings in this thesis are not specific to the dataset used. This
suggests that the method described is not only applicable to the continental
United States and may be successfully applied to other geographical loca-
tions. These results should, however, be interpreted with caution because
there is substantial overlap between the datasets, since the extra dataset
also includes a majority of ResOpsUS reservoirs. In addition, the reservoirs
in the extra dataset may not contribute equally across all data splits, due
to differences in record length.

6.7 Influence of adding GRU models

The addition of GRU models provided a useful comparison with the LSTM-
based architectures used in the main model selection. Overall, the GRU
models did not outperform the LSTM models in most parts of the analysis.
The best model-selection results for both dataset versions were still obtained
by conditioned LSTM models. This suggests that the additional gating
structure and cell state of the LSTM were useful for reproducing historical
reservoir outflows in the in-sample setting.

However, the GRU models remained competitive in several evaluations, des-
pite using a simpler recurrent structure. This agrees with Zhang et al.
(2019), who found that RNN, LSTM and GRU architectures could all be
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used effectively for reservoir outflow prediction. The relatively strong per-
formance of the GRU models is important because GRUs have fewer gates
and fewer trainable parameters than LSTMs, which is an advantage due
to the lower model complexity and computational cost. The results there-
fore suggest that GRUs should not be dismissed only because they were not
usually the best-performing architecture, but can be used as an alternative
when computational efficiency is needed. This could be especially relevant
for large-scale hydrological modelling, where models may need to be trained
or applied across many reservoirs.

6.8 Limitations and future directions

6.8.1 Data quality, reservoir attributes and held out set repres-
entativeness

A first limitation concerns the dataset. The reservoir operation datasets
can contain measurement errors, inconsistencies between the inputs or in-
consistencies in reporting between the reservoirs. For example, reporting
practices may vary between reservoir operators, regions, or the two data
sources, meaning that variables such as storage, inflow and outflow may not
always be recorded or processed in a fully consistent way. Since the models
are trained directly on these observed time series, such issues may affect both
the learned relationships and the evaluation of model performance. Errors
or inconsistencies in variables such as storage, inflow and outflow can also
lead to situations where the reservoir mass balance equation is not respec-
ted. As a result, part of the model error may be caused by limitations in
the underlying data rather than only limitations of the modelling approach.

Related to this, another limitation is that the storage capacity used for the
static conditioning and for normalisation had to be adjusted in some cases.
This was done when the storage time series clearly differed from the storage
capacity reservoir attribute reported in the GRanD dataset. The correction
was applied to reduce clear errors, but remains an approximation that is
important to mention.

A further data-related limitation is that the main use reservoir attribute
does not reflect the multiple objectives that are present in many reservoirs.
This simplification means that reservoirs with multiple purposes are repres-
ented by a single category. This could therefore limit the model’s ability
to distinguish between reservoirs with the same primary use but different
secondary objectives. Similarly, the climate group is broad and may not
describe the local hydrological regime or management context in enough
detail.
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Another limitation is that the static attributes are treated as constant
through time, even though they may change in practice. Attributes such
as main use, storage capacity, and even the broader management context of
a reservoir can change over long historical periods. This is especially relevant
because the dataset is split temporally. If the static attributes describe the
recent state of the reservoir better than its historical state, then they may be
more representative of the validation and in-sample test periods than of the
older training period. This could partly contribute to the stronger perform-
ance of conditioned models on the in-sample test set, since the conditioning
information could describe the reservoirs as they appear in it better.

The held-out set also only contains twenty reservoirs. Although it was en-
sured that at least one of each main use and climate group was included,
this sample might not be enough to fully capture the range of scenarios
found in the datasets. As a result, performance on the held-out set should
be interpreted with some caution, as it may not fully reflect how well the
model generalises across the broader range of reservoir scenarios.

6.8.2 Methodological limitations

A second group of limitations concerns the methodology. Firstly, the models
only predict the next-day outflow, rather than a full sequence of releases.
This means that the models are trained on short-term predictions, but do
not directly test whether the learned behaviour remains realistic over longer
periods. In addition, release decisions in the previous days affect future
storage conditions and, therefore, future releases. As a result, good next-
day performance does not necessarily imply that the model would perform
equally well when used recursively over several days, weeks, or seasons.

The reservoir mass balance equation is also not enforced. This can some-
times lead to outflow predictions that are not physically consistent with the
available storage conditions. Since the models predict outflow directly and
independently of an explicit storage update equation, they may occasion-
ally produce releases that would imply negative storage or storage above
capacity.

The rule-based model is also a relatively simple baseline and did not achieve
very good results. It was useful as a benchmark to compare to, but using
a more state-of-the-art model to compare to would lead to more interesting
results, and a fairer comparison. However, this would have increased the
implementation difficulty, possibly requiring additional information.

Another methodological limitation is that only one-, three- and seven-day
lookback windows were investigated. These values were chosen to provide an
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initial assessment of the effect of sequence length while keeping a manageable
number of experiments. However, testing a wider range of lookback windows
could have provided a more complete understanding of exactly how much
historical information is needed.

Regarding the Gaussian noise robustness experiment, the noise was used as
a simple approximation of input uncertainty. In practical settings, however,
the distribution of noise is likely to be more complex. Measurement errors
may not be normally distributed and might include systematic biases. Large
Gaussian perturbations can also produce physically unrealistic values, such
as negative normalised inflow or storage. Performance losses at high noise
levels may therefore be partly due to the model receiving out-of-distribution
inputs, rather than only sensitivity to realistic input uncertainty. For these
reasons, the robustness experiment should not be interpreted as a real-world
experiment of how the model behaves with measurement noise, but as a
simplified sensitivity test.

6.8.3 Evaluation metrics and reservoir influence

A third limitation concerns the evaluation strategy. The use of multiple
metrics was necessary to have a complete picture of the performance of the
model; however, it is important to keep in mind their limitations. MAE
and RMSE are useful for measuring average prediction errors, but they do
not give any indication as to which element of prediction the errors come
from. In addition, these metrics can be strongly influenced by a small num-
ber of large errors. KGE and NSE provide a more hydrologically relevant
assessment of time series performance, but they also have limitations. KGE
breaks down the errors into several components, which is useful for inter-
pretation, but this can lead to equifinality as discussed in subsection 4.7.4,
where different types of errors can lead to similar KGE values. Additionally,
KGE and NSE are dimensionless scores rather than errors in physical units,
which makes them harder to interpret. For these reasons, the results should
be interpreted using all metrics together rather than relying on an individual
one.

One limitation of the sample creation procedure is that all valid lookback
windows were retained, including overlapping windows from the same reser-
voir time series. As a result, many samples differ by only one day in their
input sequence and target day. These samples are therefore not fully inde-
pendent and may be highly correlated.

This overlap does not introduce leakage into the different sets, since the
temporal splitting strategy ensures the sets are almost fully independent,
and the out_test reservoirs are fully excluded. However, the use of overlap-
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ping windows does affect the effective independence of the training samples.
In particular, reservoirs with longer observational records contribute a lar-
ger number of highly similar samples and may therefore have a very large
influence on the learned model.

6.8.4 Future directions

These limitations also point to several directions for future research. First,
future work could add other static reservoir attributes from GRanD, as
additional inputs for the static conditioning. These could be parameters
such as degree of regulation, which is the ratio between the storage capacity
and the total annual flow. This gives information about how much the
reservoir regulates the flow of water through it. Another useful parameter
could be the area of upstream catchment draining into the reservoir. The
GRanD dataset also includes information on secondary reservoir uses, in
addition to the main use. These could be included as additional static
inputs to reduce the simplification of representing each reservoir by only a
single primary purpose.

Future work could also take into account the temporal stability of static
attributes used for conditioning. Where available, future studies could use
time-varying reservoir metadata, or compare model performance across dif-
ferent historical periods to test whether conditioned models perform better
when the static attributes are more representative of the period being pre-
dicted.

Second, the outputs could be physically constrained to reduce unrealistic
predictions. In this thesis, the machine learning models were only trained to
minimise prediction error on observed outflow. In order for them to take into
account physical constraints as well, the loss function could include a mass-
balance-aware penalty term, where predicted releases are discouraged from
producing storage changes that are inconsistent with the observed inflow,
previous storage, and reservoir capacity. This would encourage the model to
not only learn the outflow behaviour, but also the conservation of physical
properties in the system.

However, as described by Tran et al. (2025), applying strict physical con-
straints is not always straightforward because the observed data itself may
sometimes violate these conditions. They found that some reservoirs in the
ResOpsUS dataset had days when releases exceeded the sum of inflow and
storage. They suggested that this may be due to unrecorded operational
behaviour, such as additional releases through leeways. Therefore, future
work should carefully consider how physical constraints are imposed, since
enforcing a strict mass-balance condition could remove behaviours that are
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present in the observational dataset but not fully represented by the inflow,
storage, and release variables.

Finally, the in-sample validation and test sets could be modified to contain
unseen reservoirs. This would allow the models to train for performance
not only on new time periods for seen reservoirs, but also on generalising
to unseen reservoirs. However, it is important that the held-out set remains
entirely separate, so that it can still be used as a final independent test of
model performance. One possible approach would be to hold out additional
reservoirs for the validation and test sets exclusively, while keeping an ad-
ditional external held-out set that is not used during model selection. This
would make it possible to tune the model using validation reservoirs that
are unseen during training, without using the final held-out reservoirs during
either training or hyperparameter selection. Such a splitting strategy would
provide a stronger assessment of spatial generalisation and reduce the risk
that the model is only learning reservoir-specific behaviour from the training
set.
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7 Conclusion

Overall, the results suggest that recurrent models are promising for repro-
ducing historical daily reservoir outflows. Their strongest performance was
obtained on the task of predicting outflow in later time periods for reser-
voirs that were present in the training set. Generalising to completely unseen
reservoirs remains the main challenge.

The results show that LSTM and GRU models can learn useful relation-
ships between recent inflow, storage, seasonality, and next-day outflow. The
strongest performance on the validation and in-sample test sets was obtained
by conditioned LSTM models, showing that static reservoir attributes can
improve predictions on later time periods for reservoirs represented dur-
ing training. However, this improvement did not transfer consistently to
the held-out reservoirs, where the unconditioned recurrent models gener-
ally performed better. This means that static conditioning helped temporal
generalisation more clearly than spatial generalisation to reservoirs not seen
during training.

Model performance decreased when Gaussian noise was added to the inputs,
with storage perturbations causing the largest performance losses. This
indicates that the trained models rely strongly on storage information when
predicting reservoir releases. Among the tested sequence lengths, the seven-
day lookback window gave the best overall performance, while the one-day
window was clearly insufficient.

The Hanasaki et al. (2006) non-irrigation rule-based baseline achieved com-
petitive MAE and RMSE when compared with the machine learning models
in some cases, but performed poorly in terms of KGE and NSE. This sug-
gests that the baseline could approximate average release magnitudes but
was much weaker at reproducing the timing and variability of daily outflows.
Overall, the recurrent machine learning models predicted dynamic reservoir
release behaviour better than the baseline.

GRU models were also evaluated as a simpler alternative to LSTMs, as they
contain fewer trainable parameters. It was found that they were generally
outperformed by LSTMs but remained a useful option when computational
efficiency or model simplicity is prioritised.

The findings were broadly consistent across the main and extra datasets,
supporting the robustness of the main conclusions.

The results should however be interpreted with some limitations in mind,
including possible measurement errors and inconsistencies in the datasets,
the use of simplified static attributes, the small held-out set of twenty reser-
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voirs, the absence of mass-balance constraints, and the simplified nature of
the Gaussian-noise robustness test.

Future work should focus on improving generalisation to unseen reservoirs.
This could include using additional static attributes, such as degree of regu-
lation, catchment area, and secondary reservoir uses, introducing physically
constrained loss functions based on the mass-balance equation, using held-
out reservoirs during validation, and comparing the models against stronger
reservoir operation baselines.
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8 Data availability

The reservoir operation data used in this thesis were obtained from three
main sources. The ResOpsUS dataset, containing historical reservoir op-
eration records for the contiguous United States, is publicly available as
described by J. Steyaert et al. (2021) and J. Steyaert et al. (2022). The ad-
ditional Chinese reservoir operation records used in the extra dataset were
provided as a confidential dataset and are therefore not publicly available.

Static reservoir and dam attributes were obtained from the Global Reser-
voir and Dam Database (GRanD), available through Global Dam Watch and
described by Lehner et al. (2011) and Global Dam Watch (2019). Broad cli-
mate groups were derived from the reservoir coordinates using the Képpen—
Geiger climate classification through kgcpy, based on the maps of Rubel
et al. (2017).

The source code developed for this thesis is publicly available on GitHub at:
https://github.com/MatteoDebiere/reservoir-outflow-modelling
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A Appendix

This appendix presents the remaining Gaussian noise robustness curves for
the recurrent models trained on the extra dataset, a visual summary of the
model selection, and representative held-out reservoir simulations. The first
four figures complement the robustness results discussed in subsection 5.5,
the fifth visualises the model-selection results discussed in subsection 4.6,
and the final two show the time-series behaviour behind the held-out eval-
uation.
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Figure A2: KGE robustness curve for the LSTM model from the extra
dataset.
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Figure A3: KGE robustness curve for the conditioned GRU model from the
extra dataset.
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Figure A4: KGE robustness curve for the conditioned LSTM model from
the extra dataset.
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Validation error versus KGE
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Figure A5: Validation median KGE plotted against normalised validation
MAE for all model-selection runs in the main and extra datasets. Colours
indicate the model architecture, marker shapes distinguish screening and
finalist runs, and stars indicate the selected final configurations. Lower
MAE and higher KGE indicate better validation performance.

Representative high-performing held-out case: reservoir 415

Use: Irrigation | Climate: Arid | Capacity: 232.5 Mm?* | Full-record KGE: 0.866
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Figure A6: Observed and LSTM-simulated normalised outflow for a high-
performing held-out reservoir in the main dataset. A year representative of
the overall KGE metric is used for visualisation.
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Worst-performing held-out case: reservoir 1075
Use: Navigation | Climate: Temperate | Capacity: 648.4 Mm? | Full-record KGE: -38.158
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Figure A7: Observed and LSTM-simulated normalised outflow for the
lowest-KGE held-out reservoir in the main dataset. A year representat-
ive of the overall KGE metric is used for visualisation.
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