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Abstract

As climate change exacerbates variability and non-stationarity in rainfall pat-
terns, it is crucial to assess the predictive capabilities of forecasting models.
Previous researches on rainfall-runoff modeling have focused on the impact of
training dataset size on Artificial Neural Networks (ANNs) results, with lim-
ited consideration of hydrometeorological diversity. This study first evaluates
the influence of the training dataset length (1 to 15 years) on performance of a
Long Short-Term Memory (LSTM) and a traditional conceptual model, Super-
flex, across 10 validation years. Next, training years are categorized based on
hydrometeorological diversity (wetter, standard, drier). This clustering allows for
experiments where models are trained on data from similar or different clusters,
enhancing understanding of how data diversity, and therefore climate change, can
affect model performance.
Results indicate that the LSTMmodel is highly sensitive to training length, show-
ing poor performance with short datasets (below three years), reaches similar
performance to Superflex around six training years on average, and overperforms
with 15 years of training. Conversely, Superflex maintains rather constant perfor-
mance levels regardless of the dataset length. LSTM model benefits from diverse
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training data, achieving higher accuracy and reliability when trained on years
with diverse hydrological typology. Despite their potential to outperform tradi-
tional models (with six or more training years on average), LSTM models are
highly dependent on the quality and diversity of training data. In climate change
scenarios, caution is needed when applying LSTM models to unfamiliar condi-
tions, as their predictive accuracy may decline more rapidly than that of more
traditional hydrological models.

Keywords: Machine Learning in Hydrology, Hydrometeorological Typopolgy,
Artificial Intelligence, Univariate Analysis, Long Short-Term Memory (LSTM),
Training Dataset, Rainfall-Runoff Modelling, Conceptual Models

1 Introduction

The history of rainfall-runoff modelling goes back 170 years, with the first attempts to
predict discharge based on precipitation events using regression-type approaches [1, 2].
Over time, models have evolved by gradually integrating physically-based processes
and concepts into the mathematical model formulations.

Physically-based models [3] are built on fundamental equations of fluid mechanics
(mass and momentum balance) and aim to simulate the hydrological processes that
occur within a catchment, such as infiltration, surface runoff and groundwater flow [4,
5]. These models require a detailed understanding of the catchment characteristics
such as size, shape and topography, as well as the land use, soil type, vegetation
cover and drainage network [6]. Although these models does not theoretically require
heavy calibration work, their high computation demand make them not suitable yet
for real-time applications at a large scale [7].

In 1933, Horton [8] proposed a simplified representation of the hydrologic cycle that
focused on the processes of infiltration, evaporation and runoff, which is considered
the basis for the development of conceptual models in hydrology. These were next
further developed to address the lack of precise information on catchment topography,
soils and geology. They provide a simplified representation of the catchment response
to precipitation events, using a limited number of parameters to capture the essential
processes happening in a catchment, such as storage and runoff processes. They are
more suitable for real-time applications than the physically-based one while generally
providing satisfying performances [9]. This makes them easier to calibrate and faster
to use but they often require more data than physically-based models.

Since the 1990s, alternative approaches have been explored for rainfall-runoff mod-
elling, such as data-based mechanistic modelling [10], as well as fully data-driven
methods, including regression, fuzzy-based approaches or artificial neural networks
(ANNs) [11, 12].

ANNs belong to machine learning (ML) models as they can learn the underly-
ing relationships between precipitation and runoff from historical data. ML models
can handle nonlinear relationships and high-dimensional data, and do not require
a detailed prior knowledge of the catchment characteristics. ML models can exploit
temporal patterns of atmospheric variables like precipitation, atmospheric pressure,
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temperature, humidity, shortwave radiation or wind speed, to accurately predict river
streamflows [13].

Among ANNs, Convolutional Neural Networks (CNNs) are the most commonly
used in rainfall-runoff modelling [14]. RNNs were introduced in the mid-1980s [15] to
address the limitations of traditional neural networks in processing sequential data,
such as time-series data. They can handle inputs that have temporal dependencies
by introducing feedback loops. This ability to retain information from previous steps
makes RNNs particularly suitable for tasks such as speech recognition [16], language
modelling [17] and time-series prediction [18].

One of the key challenges in RNN applications was the problem of vanishing gradi-
ents, which occurs when the gradients used in backpropagation become very small and
make it difficult for the network to learn long-term dependencies [19]. This problem
was partially addressed with the development of Long Short-Term Memory (LSTM)
networks in 1997, which introduced a memory cell and gating mechanisms to control
the flow of information through the network [20]. Despite these advances, RNNs and
LSTM were still limited by their sequential nature and difficulty in modelling com-
plex, long-term dependencies [21]. This changed with the introduction of the Attention
Mechanism in 2017 [22], which allowed the so-called Transformers to focus on spe-
cific parts of the input sequence and improve their performance on tasks such as
machine translation [23]. Although the use of Transformers for rainfall-runoff mod-
elling recently shows first promising results [24], LSTMs are still more widely used [14]
as they demonstrates very good performances especially for short-term predictions
and even in areas with complex catchment behaviours, e.g. annual precipitation with
high variance and strong gradient [25].

In the context of conceptual hydrological modelling, some studies [26–28] have
investigated the minimum data length necessary to robustly calibrate conceptual mod-
els. It has been shown that satisfactory performance, as evidenced by a Nash-Sutcliffe
Efficiency (NSE) metric surpassing 0.65 out of 1, can be achieved with less than one
year of data using parsimonious model calibration [26, 28]. Moreover, a calibration
period of at least five years was recommended [27] to capture most of the temporal
hydrological variability whereas using more than 15 years did not result in signifi-
cant improvement. For ANNs models, some papers have investigated the influence
of data length on rainfall-runoff ML models. For example in [29], twenty catchments
with different hydrological behaviours from the CAMELS-US dataset [30] were used to
train an LSTM and a Feedforward Neural Network (FFNN) with a length of training
data ranging from 3 to 15 years. Both models produced acceptable predictions (NSE
greater than 0.65) with a minimum of 9 years of training data. Prediction carried out
using both models improved with 12 years of data, and no significant improvement
was observed beyond 15 years (NSE equal to 0.83). Remarkably, the LSTM model
showed acceptable efficiency (NSE greater than 0.65) with a small 3-years dataset,
outperforming the FFNN model, that required 9 years for comparable results.

In light of the current and anticipated effects of climate change, it is crucial to
assess the robustness of rainfall-runoff models under increasingly variable climatic
conditions [31]. The performance of LSTM and other machine learning models is highly
dependent on the quality and representativeness of training data, often requiring large
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datasets for accurate predictions [25]. However, historical data is often sparse and
difficult to obtain for many catchments worldwide [32]. Climate change is expected
to intensify the non-stationarity of environmental systems, creating conditions that
significantly diverge from historical norms. This poses a challenge for models trained
on past data, especially artificial neural networks (ANNs), which are sensitive to data
quality and characteristics. Traditional models may show greater resilience to such
shifts. Therefore, it is essential to evaluate model performance across diverse climate
datasets, including training on years with varying hydrometeorological typology, to
measure robustness and ensure reliable predictions in the face of changing climate
scenarios. In this paper, the primary objective is to assess how an ANN data-driven
model, such as LSTM, performs under different training regimes relatively to a more
traditional and conceptual approach, like Superflex. This approach allows for a more
comprehensive evaluation of each model’s robustness and adaptability to evolving
environmental conditions.

To enable more general conclusions, we selected three catchments from diverse
regions in Europe and the USA, each with distinct sizes and characteristics. These
catchments were chosen based on model’s relative strong performance using 15 years
of training. Specifically, the selected catchments are the Severn River at Saxons Lode
(UK), the Fish River near Fort Kent (Maine, USA) and the Narraguagus River at
Cherryfield (Maine, USA).

Although LSTM networks have been evaluated within the context of a single train-
ing basin. We acknowledge that our approach results in a limited dataset and does not
align with the multi-basin methodology in Kratzert & al[33]. However, this was inten-
tional, as our goal is to evaluate LSTM performance with limited datasets and specific
training scenarios. While the multi-basin approach increases dataset size and cap-
tures patterns from extreme events, it can sometimes worsen local-scale predictions,
suggesting single-basin training may be more effective in some cases[33]. Pre-training
on many basins expands the model’s training envelope, which is generally beneficial
but conflicts with our objective to assess the model’s ability to predict events out-
side its envelope. We hypothesize that future events, under climate change, will often
lie outside any model’s training envelope, even for models trained on large datasets.
Thus, limiting the training dataset size is more appropriate for validating the model’s
extrapolation capabilities. Additionally, multi-basin training increases complexity and
computational costs. Our analysis of hydrologic typology scenarios (wetter, drier, stan-
dard years) would not be feasible in a multi-basin context. For these reasons, we argue
a mono-basin approach is methodologically and practically relevant for our study.

The paper is organized as follows: Section 2 (Materials and Methods) describes the
study areas, data sources, the LSTM and Superflex models, as well as the experimen-
tal design set up to assess the impact of both the size and the hydrometeorological
diversity of the training data set on model performance. Section 3 (Results and Discus-
sion) presents the findings on how these factors affect model accuracy. Finally, Section
4 (Conclusion) provides an overview of the pros and cons of each model, discusses the
broader impact of the results and highlights areas for future investigation.
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2 Materials and Methods

2.1 Study areas

To generalize our findings across different basin sizes and climatic regions, we included
basins with varied geographical and hydrological characteristics. The Severn Basin,
situated in the temperate climate of the UK, spans 6,865 km2, with data sourced from
CAMELS-GB [32]. Meanwhile, the Fish River near Fort Kent and the Narraguagus
River at Cherryfield, both in continental climate zones of the USA, cover drainage
areas of 2,252.7 km2 and 573.6 km2, respectively, with data provided by CAMELS-
US [30].

2.1.1 Severn catchement

The Severn River is the longest in Great Britain and runs from its source in the Welsh
hills to the Bristol channel. The basin is mainly rural, with some urban settlements
like Worcester, Tewkesbury and Evesham. Our study focuses on the Severn basin at
Saxons Lode, located near the village of Ripple (Fig. 1). The water level at Saxons
Lode typically range from 0.42 meters to 4.00 meters above mean sea level. Throughout
the monitoring period, the river has stayed within this range approximately 90% of
the time. However, on Sunday, July 22, 2007, at 3:15 pm, the river reached its highest
recorded level of 5.93 meters since monitoring began [34].

The river can be divided into four sections: the Upper Severn in the Welsh Moun-
tains, the Shropshire-Cheshire plain section between Welshpool and Ironbridge, the
middle Severn from Ironbridge to Worcester, and the lower Severn in the valley of
Gloucester. The Cambrian mountains, reaching up to 1,000 meters in altitude, expe-
rience annual precipitation of up to 2,500 mm. The Valley of Powis, which follows a
southwest to northeast trough, contains a narrow floodplain. The channel slope is rel-
atively steep in this area, with gravel and frequent braided sections. The part of the
valley experience regularly floodings [35].

2.1.2 Fish River near Fort Kent catchment

The Saint John River, with the Fish River as one of its tributaries, is the eastern
Canada’s longest at 673 kilometers, flows from the Notre Dame Mountains near the
Maine-Quebec border through western New Brunswick to the northwest shore of the
Bay of Fundy, boasting a vast drainage basin of about 55,000 km2 [36]. Originating
in the New England/Acadian forests of Maine and Quebec, it includes branches like
the Southwest, Northwest and Baker branches, along with the Allagash River [37].
Noteworthy tributaries in the middle section include the Meduxnekeag River. Moving
downstream, the river landscape transforms into a mix of lakes, islands, wetlands
and a tidal estuary, with significant tributaries like the Nashwaak and Nerepis rivers.
The Kennebecasis River forms a fjord near its mouth, leading to the Reversing Falls.
Spring flooding is a recurrent issue, exacerbated by heavy rainfall, ice jams, high tides
and rapid snowmelt, increasing sixfold compared to the average rate [38]. Floods,
documented for over 300 years [39], affect areas such as Edmundston, Grand Falls,
Perth-Andover, Hartland, Woodstock and particularly Fredericton and Saint John.
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Fig. 1 Saxons Lode Gauging station, Riverstream, Severn Basin

Major flooding occurred in 1923, reaching 8 meters above normal winter levels.
In 1936, high temperatures accelerated snowmelt, raising water levels to 8.9 meters,
about 7.6 meters above summer levels. Similar conditions led to the same water level
during the 1973 flood, and major flooding recurred in 2018 and 2019. Even if flooding
has been less severe since 2019, it is expected to worsen due to climate change, with
New Brunswick’s average temperature predicted to rise by 5°C by 2100, accompanied
by increased precipitation [40].

The Fish River, spanning 112.5 km [41], is situated in northern Maine, United
States (Fig. 2). It serves as a tributary to the Saint John River, ultimately flowing
into the Bay of Fundy in New Brunswick, Canada. Originating at the merging point
of Fox Brook and Carr Pond Stream in Maine the river flows northward to Fish River
Lake, then eastward to Portage Lake. Continuing its course, it proceeds northward
through St. Froid Lake and Eagle Lake before reaching the Saint John River at Fort
Kent. This latter stretch roughly parallels Maine State Route 11.

The watershed covers an area of 527 km2, with an elevation of 705 m and a slope
of 47.86 m.km−1. The proportion of forested area within the watershed is less than
1% [42].

From 1980 to 2014, the watershed experiences an annual average runoff of
2.794 mm/day, with precipitation measuring 5.281 mm/day. Potential evapotranspi-
ration during this period is recorded at 2.804 mm/day, with an average temperature
of 12.779°C [42].

2.1.3 Narraguagus River at Cherryfield catchement

The Narraguagus River, flowing through Cherryfield, Maine, in the US, is a vital
hydrological feature within the region. Originating from Eagle Lake at an elevation
of 124 m, the river traverses a predominantly north-to-south course, draining an area

6



Fig. 2 Fish River near Fort Kent catchement

of approximately 2.6 km2 [43]. The catchment area is characterized by a diverse
array of hydrological and ecological features, including varied streamflow patterns and
significant seasonal fluctuations. The river’s discharge and gauge height have been
meticulously monitored since 1948 [44], providing a comprehensive understanding of
its long-term hydrological behavior. The river’s flow regime is influenced by both nat-
ural and anthropogenic factors, including precipitation patterns, land use changes and
water management practices. Monthly median streamflows, derived from extensive his-
torical records, reveal distinct seasonal variations, with higher flows typically observed
during spring snowmelt and lower flows during late summer and early autumn [43].
The Narraguagus River supports a rich biodiversity, serving as a critical habitat for
various aquatic species, including the endangered Atlantic salmon [45]. Additionally,
the river plays a significant role in the local economy, supporting recreational activi-
ties such as fishing and kayaking, and providing water resources for agricultural and
domestic use.

A key feature of the river is the Cherryfield Dam, a rock shale timber dam built
in 1965 to reduce flood risk [46]. Standing 25 feet high and spanning 500 feet in
length [46], the dam prevents ice chunks from floating downriver and causing floods
in the town [47]. However, it has also posed a significant barrier to the migration of
endangered Atlantic salmon and other sea-run fish, preventing them from reaching
their spawning grounds. In 2024, the Downeast Salmon Federation has announced
plans to replace the existing ice retention dam with a nature-like fishway. This new
design aims to maintain the current elevation and pond behind the dam while allowing
fish to travel freely upstream [47].

The watershed (Fig. 3) encompasses an area of 573.6 km2, characterized by an
elevation of 93 m and a slope of 18 m.km−1 [42]. Between 1980 and 2014, the water-
shed exhibits an average annual runoff of 2.145 mm/day, with precipitation measuring
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Fig. 3 Narraguagus River at Cherryfield, Maine catchement

3.6 mm/day. Potential evapotranspiration during this period averages 2.1 mm/day,
alongside a mean temperature of 6.5°C [42].

2.1.4 Comparative analysis of basin climate and flow regimes

Based on a detailed 35-year analysis (1980–2014), we compared the hydroclimatic
regimes of the Severn, Fish and Narraguagus basins.

Temperature analyses reveals significant spatial heterogeneity among the basins
(Fig. 5). The Fish and Narraguagus basins exhibit a higher temperature variabil-
ity, with summer temperatures reaching approximately 20°C and winter temperatures
dropping to around -10°C. In contrast, Severn basin displays more moderate tempera-
ture ranges, with winter temperatures around 0°C and summer temperatures reaching
approximately 15°C. The mean annual temperatures (Fig. 4) show that Fish basin
has the highest mean temperature, followed by Narraguagus, while Severn exhibits
the lowest mean temperature. All three basins demonstrated clear seasonal patterns,
with peak temperatures occurring during summer months (July-August) as shown in
the example of year 1997 (Fig. 5).

Precipitation dynamics reveal distinct characteristics across the basins (Fig. 6).
The Narraguagus basin exhibits the highest mean daily precipitation with a variabil-
ity around 7.5 mm/day), while Severn and Fish basins show moderately lower values
with a variability around 4.1 and 5.2 mm/day respectively. All three basins demon-
strate day-to-day variability in precipitation to some extent depending on the basin,
as indicated by the large standard deviation for Narraguagus, and the smaller one for
Severn. This variability suggests complex and different atmospheric processes affecting
precipitation amounts between these watersheds.

PET patterns exhibit strong seasonal variability across all basins, closely follow-
ing temperature trends (Fig. 8). Peak PET values occur during the summer months
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Fig. 4 Mean temperature and standard deviation for Severn, Fish and Narraguagus basins.
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Fig. 6 Mean precipitation and standard deviation for Severn, Fish, and Narraguagus basins.
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Fig. 7 Mean potential evapotranspiration and standard deviation for Severn, Fish, and Narraguagus
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Fig. 8 Seasonal variation of potential evapotranspiration across Severn, Fish, and Narraguagus
basins during 1997

(June–August), reaching 6–7 mm/day. The Severn basin records the lowest mean PET
(≈2 mm/day). In contrast, the Fish and Narraguagus basins display slightly higher
mean PET values (Fig. 7), consistent with their climates and differing hydrological
regimes.

Streamflow analysis reveals notable differences in hydrological responses among
the basins. The Severn basin exhibits the highest mean streamflow ( 90 m³/s), far
exceeding the Fish basin ( 45 m³/s) and the Narraguagus basin (15 m³/s) (Fig.9). The
Fish basin’s mean streamflow is approximately three times greater than that of the
Narraguagus basin, highlighting a significant disparity between these smaller basins.
These differences can be attributed to variations in drainage area size and runoff
generation processes. Despite these contrasts, all basins show considerable streamflow
variability, with the Severn displaying the largest standard deviation.
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Fig. 9 Mean streamflow and standard deviation for Severn, Fish, and Narraguagus basins

2.1.5 The CAMELS-GB dataset

CAMELS-GB (Catchment Attributes and MEteorology for Large-sample Studies) [32]
builds upon existing data for Great Britain catchments to create a comprehensive,
unified, well-documented and up-to-date dataset. CAMELS-GB provides daily time
series data of meteorological and hydrological variables in each gauged catchment.
These include streamflow, rainfall, potential evapotranspiration, temperature, short-
wave radiation, long-wave radiation, specific humidity and wind speed. The dataset
covers a 45-year period, from October 1, 1970 to September 30, 2015, including major
hydroclimatic events such as the 1976 drought and the 2007 floods events that affected
the River Severn [48].

In CAMELS-GB, daily meteorological time series are derived from the Climate
Hydrology and Ecology research Support System (CHESS) meteorology dataset. The
dataset encompasses daily 1 km2 gridded estimates covering Great Britain from
January 1st, 1961, to December 31st, 2015. It features various meteorological vari-
ables originating from observational data. CHESS-met stems from the MORECS
(Meteorological Office Rainfall and Evaporation Calculation System) which is derived
from observational data and has a 40 km resolution. This dataset is the result of
interpolating daily station data. To achieve the 1 km resolution in CHESS-met,
MORECS variables are downscaled and adjusted for local topography considering fac-
tors like lapse rates, modeled wind speeds, and established relationships (see [32] for
detail). Directly from MORECS, CHESS-met’s air temperature and wind speed are
downscaled. Specific humidity is determined from MORECS vapour pressure, down-
ward short-wave radiation from its sunshine hours, and long-wave radiation using
the downscaled temperature, vapour pressure and sunshine duration. Daily stream-
flow data are collected by various measuring authorities such as the Environment
Agency (EA), Natural Resources Wales (NRW), Scottish Environmental Protection
Agency (SEPA) or the UK National River Flow Archive (NRFA). The CAMELS-
GB dataset indicates, for the catchment area upstream of Saxons Lode, a mean
daily precipitation of 2.40 mm.day−1, a mean daily potential evapotranspiration

11



(Penman-Monteith equation without interception correction) of 1.39 mm.day−1, a
dryness (calculated as the ratio of the mean daily potential evapotranspiration to the
mean daily precipitation) of 0.58 in the area, and a mean daily outflow discharge of
1.10 mm.day−1.

2.1.6 The CAMELS-US dataset

The CAMELS-US [30] data set provides attributes for 671 catchments within the
contiguous United States (CONUS), specifically chosen as they have limited human
infrastructure. These attributes includes six main categories: topography, climate,
streamflow, land cover, soil and geology. Complementing daily meteorological forcing
and streamflow time series from [49], the data set integrates diverse sources to provide
a comprehensive understanding of each catchment. Meteorological forcing data are
drawn from three datasets – Daymet, Maurer and NLDAS – with Daymet data specif-
ically used for computing climatic indices. Streamflow measurements, sourced from
the United States Geological Survey (USGS), cover a continuous 20-year period from
1990 to 2009. To accommodate variations in spatial resolution across data sources,
upscaling is performed using arithmetic means. Noteworthy geological classes in the
CAMELS-US catchments include siliciclastic sedimentary rocks, unconsolidated sed-
iments, metamorphic rocks and carbonate sedimentary rocks. Temporal coverage for
climate indices and hydrological signatures extends from 1 October 1989 to 30 Septem-
ber 2009. The CAMELS-US data set, an extension of the N15 data set [50], consolidates
both hydrometeorological time series and catchment attributes, enabling comprehen-
sive analyses. This dataset serves as a valuable resource for large-sample studies
in hydrology and related disciplines, facilitating nuanced research into catchment
behavior and environmental processes across the CONUS.

2.2 The Long Short-Term Memory (LSTM) model

Artificial Neural Networks (ANNs) represent a cornerstone in the realm of machine
learning, serving as computational frameworks mimiking the neural configurations
found in biological brains. Comprised of interconnected nodes, cells or neurons, these
networks are organized into distinct layers: the input layer for receiving features, one
or more hidden layers for computation and the output layer for delivering predic-
tions. Each connection between neurons is associated with a numerical weight, which
is adaptively updated during the training phase through optimization algorithms such
as Gradient Descent [51]. ANNs employ activation functions like ReLU, Tanh or Sig-
moid to introduce non-linearity into the system, enhancing their capacity to model
complex relationships. The learning process in ANNs involves a cycle of forward prop-
agation [52] to make predictions, loss calculation [53] to measure deviations from the
actual target, and backpropagation [54] to adjust the network’s weights. Recurrent
Neural Networks (RNNs) occupy a specialised niche within the broader landscape of
Artificial Neural Networks, designed explicitly for handling sequential and time-series
data. Unlike traditional ANNs (feedforward networks for example), RNNs include
loops that allow information to persist, thereby enabling the network to maintain a
”memory” of previous inputs as shown in Fig. 10. This unique architecture makes
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Fig. 10 Structure of a Recurrent Neural Network (RNN). The input layer is on the left, and the
output layer is on the right. Nodes in the recurrent layers are connected not only to the next layer
but also to themselves.

RNNs particularly well-suited for tasks that require the understanding of temporal
dynamics, such as catchment modelling.

We adopt here a LSTM model for rainfall-runoff modelling, which is a variant of
recurrent neural networks (RNNs). In a traditional RNN cell, only one internal state ht

is considered. It is computed at each time step t using equation (1) involving activation
function, parameterisable weight matrices (W and U) and a parameterisable bias
vector (b and c). The time step t represents an individual moment within a designated
sequence that serves as an input. In an RNN model with a sequence length of n, the
model considers the previous n time steps to make predictions for the n+1 time step
or beyond. The initial hidden state is typically set to the null vector and its length is
a user-defined hyperparameter of the network.

at = b+Wht−1 +Uxt

ht = tanh(at)

ot = c+Vht

yt = softmax(ot)

(1)

where U, V, and W are the weight matrices, b and c the bias vectors, xt is the input
data, yt the predicted output value and softmax is the Softmax function [55].

The LSTM architecture is very similar to traditional RNNs, with the exception
of the internal operations within the recurrent cell. The LSTM cell operations are
presented in Fig. 11. Instead of a single internal state (as in traditionnal RNNs),
LSTMs include several internal states that allow for the retention and utilization of
information over long sequences. These memory cells are equipped with specialized
gates: the input, forget and output gates. These are crucial for regulating the flow of
information within the memory cell.

The LSTM model operates in the following manner: in the first step, it integrates
new input data xt and the previous hidden state ht−1 (which is initialized to 0 at
t=0) and introduces them into the first gate of the cell, namely the forget gate. The
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Fig. 11 Structure of an LSTM Cell

forget gate determines how much information from the previous time step is forgotten
or kept according to Eq. (2) where the sigmoid activation function σ returns values
between 0 and 1. The closer the value is to 0, the more the information is forgotten.
Conversely, the closer the value is to 1, the more the information is retained.

ft = σ(Wf [ht−1,xt] + bf ) (2)

where ft is the forget gate function at time t, defined as the logistic sigmoid function
σ, that takes as input the dot matrix product of the weight matrix Wf with the new
input data xt and the previous hidden state ht−1 plus the bias vector bf .

In the second step of the cell operation, the input gate it controls the flow of new
information coming into the memory cell at time t. It takes as input xt and ht−1

and decides how much new information is allowed into the memory cell according to
Eq. (3). The input gate also uses the sigmoid activation function σ to indicate the
importance of the incoming information.

it = σ(Wi[ht−1,xt] + bi) (3)

where it is the input gate at time step t, Wi represents the weight matrices, bi is the
bias vector.

Moreover, the memory cell has also an internal cell state Ct that allows to retain
information over time and helps address the vanishing gradient problem [56]. The cell
state Ct is updated using the forget gate ft and the input gate it. The forget gate
determines how much information of the previous cell state Ct−1 is forgotten, while
the input gate determines how much information from the potential new candidate
cell state C̃t is updated with new information according to Eq. (4).

Ct = ft ⊙Ct−1 + it ⊙ C̃t (4)

where ⊙ denotes element-wise multiplication, and C̃t represents a potential new
candidate cell state which is calculated as follows:
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C̃t = tanh (Wc[ht−1,xt] + bc) (5)

Finally, the output gate Ot controls the amount of information that should be
outputted from the memory cell. It takes the current input xt and the previous hidden
state ht−1 as inputs and uses the σ function to determine how much of the memory
cell’s content should be passed to the next time step according to Eq. (6):

Ot = σ(WO[ht−1,xt] + bO) (6)

The output from the memory cell is the combination of the output gate’s activation
Ot and the tanh activation of the cell state Ct as indicated in Eq. (7). This output is
passed as the hidden state to the next time step ht and is also used to make predictions
or further processing in the network.

ht = Ot ⊙ tanh(Ct) (7)

Similar to other neural networks, the LSTM architecture allows for flexibility in
choosing the number of cell in a layer, that is generally defined as a hyperparameter.
Furthermore, multiple LSTM layers can be added on top of each other. The final
output prediction of the discharge is computed by connecting the output of the last
LSTM layer at the last time step hn to a single output cell through a traditional dense
layer using the following equation:

y = Wdhn + bd (8)

where y represents the discharge prediction Q(t), hn is calculated using the output
of the last LSTM layer at the last time step, as derived from equation Eq.(7). This
output is multiplied by the weight matrix Wd of the dense layer and added to the
bias term bd.

2.3 LSTM model training

In ML, the dataset is commonly divided into features and labels. The features are the
attributes of the dataset that are used as input of the ML model. In our study, these
are the daily averaged meteorological time series: precipitation [mm.d−1], temperature
(°C), wind speed [m.s−1], specific humidity [g.kg−1], downward short-wave radiation
[W.m−2], long-wave radiation [W.m−2]. The labels represent the output of the ML
model. In our study, these correspond to the streamflow time-series [m3s−1]. In our
study, as usual, we split our dataset in two parts: a training set and a validation set.
The former is used to train the model by optimising its weights. The latter is used
to validate the previously optimized model by comparing the streamflow predicted by
the model with the observation.

During the training of LSTMs, one iteration step for the optimization typically
operates on a subset of the training data, referred to as a batch or mini-batch. Each
sample within a batch consists of the discharge value of a specific day and the meteoro-
logical input from a given number of previous days (i.e. the sequence length, measured
in days, that can be adjusted as a hyperparameter). Since the streamflow at a par-
ticular time step only depends on the meteorological inputs from the past days, the
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samples within a batch can be randomly selected and do not need to be arranged
chronologically. Indeed, as shown in [57], random samples within a batch can facilitate
faster convergence. This approach differs from traditional hydrological model calibra-
tion, where typically all calibration data is used at each iteration, considering all pairs
of simulated and observed streamflow for model evaluation.

At each training iteration, the loss function is computed as the average mean-
squared error [58] (MSE) between the simulated and observed streamflow of these
samples. Since the neural network equations are differentiable, the gradients of the
loss function (MSE) can be explicitly calculated as a function of the parameters. This
property, known as the backpropagation step, contributes to minimizing the overall
loss and allows parameters (i.e., weights and biases) to be updated. These training
iterations are referred to as an epoch. An epoch is one complete forward and backward
pass of all training samples to update the model parameters. Over multiple train-
ing epochs, the LSTM gradually learns the complete rainfall-discharge relationship
from scratch, resulting in improved representation of the streamflow dynamics at each
epoch. To optimize LSTM performance, multiple models are often trained [59] with
varying weight initializations based on different random seeds. Predictions are then
combined by selecting the most recurring output from these models. This approach
bolsters model stability and diminishes uncertainty.

2.4 Calibration of the hyperparameters

The LSTM model requires the configuration of six hyperparameters: output dropout,
learning rate, hidden size, epoch, batch size and sequential length. In our study, the
first four are set according to literature as explained hereafter, while the last two are
calibrated.

The dropout is a regularization technique commonly used in neural networks,
to prevent overfitting. It involves randomly dropping out (setting to zero) a certain
proportion of neurons in a layer during each training iteration. The learning rate deter-
mines the step size at which the model’s parameters are updated during the training
process. It controls the magnitude of adjustments made to the model’s weights and
biases based on the computed gradients. The output dropout and learning rate are set
empirically [20]. In our study, the output dropout was set to 0.4 as suggested in [25]
and the learning rate was set to: 1e-2 from 0 to 30 epoch, 5e-3 from 30 to 40 epoch
and 1e-3 from 40 to 50 epoch.

The batch size (i.e. the number of training samples processed in one iteration) was
set via trials and errors to 300. To stop the model training process, we set the number
of epochs to 50 as the MSE reaches a plateau around 50 epochs in all tests we carried
out.

The hidden size corresponds to the number of cells in each hidden layers whereas
a sequence length describes the number of time steps that are considered in a single
input sequence. For example, with a sequence length of 10, the model considers 10
previous time steps of data to generate a prediction for the 11th time step or beyond.
To tune these two hyperparameters, we propose to carry out a series of simulations
with varying hidden size and sequence length. To reduce uncertainty and increase
the robustness of the results, we run 50 simulations for each parameter set, with
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Fig. 12 Superflex scheme

each simulation involving the initialization of weights with different random seeds.
To aggregate the findings from the 50 simulations, we selected the mode of the NSE
values as a representative indicator of overall performance. We then compiled a table
documenting the NSE associated with this mode for each hyperparameter set.

2.5 Superflex model

In this study, we used as a conceptual hydrological model a lumped version of Superflex
hydrological model [60].

As illustrated in Fig. 12, Superflex is structurally compartmentalised into three
reservoirs:

• An unsaturated soil reservoir, refered to as SUR, models the unsaturated root zone.
It collects part of the rainfall R denoted as Ru and calculated using Eq. (9a):

Ru = (1− Cr)R (9a)

Cr =
1

1 + exp

(
SUR
Sc

+0.5

β

) (9b)

where Cr represents the runoff coefficient, Smax and β represent respectively the
maximum SUR storage parameter and the runoff shape parameter.

• A fast response reservoir, SFR, simulates the fast component of water propagation
through the basin that often dominates during flood events. It collects the remaining
part of the rainfall R denoted as RF , and calculated using Eq. (10):

Rf = CrR (10)

• A slow response reservoir SSR that simulates the slow component of water propa-
gation through the basin that controls the baseflow. It is fed by the percolation of
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water PS from the root zone reservoir, calculated using Eq. (11)

PS = Pmax
SUR

Smax
(11)

where Pmax represents the limit for percolation.

The model computes the total runoff by combining both the fast QFR and slow
QSR runoff components, calculated by the following equation Eq. (12a):

QFR =
SFR

KFR
(12a)

QSR =
SSR

KSR
(12b)

where KFR and KSR represent the fast and slow runoff time scale respectively.
To better simulate the water transfer time across the basin, two triangular lag

functions are applied on the fast and slow reservoirs. This ensures a more realistic
representation of delayed hydrological responses in the system.

2.6 Superflex model calibration

To calibrate the superflex model, we also used CAMELS-GB dataset as for the LSTM
model. More precisely, we restricted the input to two specific variables: precipitation
[mm.d−1] and potential evapotranspiration [mm.d−1]. Superflex uses specific input
variables, unlike the LSTM where various input variables can be used. We there-
fore assume that these two variables effectively capture the meteorological dynamics
reflected by other variables that the LSTM leverages. The streamflow, model’s output
variable, remains identical to the LSTM model.

As for the LSTM model, the dataset is split into two parts: the calibration period
and the validation period. The calibration period is used to determine the optimal
parameters, while the validation period is used to evaluate the model performance. In
our study, the calibration period for the Superflex model corresponds to the training
period used for the LSTM model, and similarly, the validation period is the same for
both models. It is important to note that Superflex model requires a two-year warm-up
period prior to either the calibration or the validation phase.

The Superflex model is calibrated through a Monte Carlo method [61] involving all
eight parameters. Within defined behavioral ranges for each parameter, random sets
are generated iteratively. A Python script automates the generation of these random
values at specified intervals, which are then input into the Superflex model to simulate
discharge time series. These simulated outputs are compared to actual measurements
from gauging stations on the same day, and the Nash-Sutcliffe Efficiency (NSE) is
calculated accordingly (see equation 13 below). After running 10,000 simulations, the
parameter set with the highest NSE is identified as optimal.
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2.7 Evaluation metrics

To evaluate model performance, we use the Nash-Sutcliffe efficiency [62] (Eq. 13), a
widely used metric in hydrology. NSE quantifies the proportion of variance in observed
streamflow time series explained by a model. A higher NSE value (i.e. approaching 1)
indicates a better agreement between model prediction and observation. Conversely,
an NSE value of 0 indicates that the model’s performance is equivalent to the mean
observed discharge, while a negative NSE value suggests that the mean observed
discharge is a better estimate than the model result. It is important to note that
extreme values have a significant impact on the NSE, as the squared difference between
predictions and measurements amplifies their influence on the metric.

NSE = 1−
∑n

i=1(Qobsi −Qpredi
)2∑n

i=1(Qobsi −Qobs)2
(13)

where Qobsi and Qpredi
are respectively the observed and predicted streamflow, n

is the number of data available for comparison, and Qobsi is the mean of observed
streamflow.

We also used the Kling–Gupta efficiency (KGE) [63] (Eq. 14) that serves as a
pivotal goodness-of-fit indicator in the hydrological sciences, essential for comparing
simulations with observations. Developed by hydrologic scientists Harald Kling and
Hoshin Vijai Gupta, its inception aimed to refine prevalent metrics like the coefficient
of determination and the Nash–Sutcliffe model efficiency coefficient. By integrating
multiple aspects of model performance, including correlation, bias, and variability,
KGE provides a comprehensive evaluation tool, facilitating more nuanced and accurate
assessments in hydrological modeling endeavors.

KGE = 1−

√
(r − 1)

2
+

(
σQpred

σQobs

− 1

)2

+

(
Qpred

Qobs

− 1

)2

(14)

where r is the is the Pearson correlation coefficient, Qpred and Qobs is the mean of the
simulated and observed time series respectively, and σQpred

and σQobs
the standard

deviation of simulated and observed data respectively.
The Mean Squared Error (MSE) [64] (Eq. 15) was also used as evaluation metric, it

is a widely used metric in various fields to evaluate predictive models. It measures the
average squared difference between predicted and actual values, providing a straight-
forward assessment of model accuracy. While lower MSE values indicate better fit, it
does not offer insights into error direction or distribution. Despite its simplicity and
popularity, MSE can be sensitive to outliers.

MSE =
1

n

n∑
i=1

(Qpredi
−Qobsi)

2 (15)

where Qobsi and Qpredi
are respectively the observed and predicted streamflow, n is

the number of data available for comparison.
However, we primarily present the results using NSE, as the different metrics yield

similar conclusions in the experiments.
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2.8 Experimental design

We trained the models over various training duration, specifically 1, 3, 6, 9, 12 and
15 years, within the training period ranging from 1976 to 2004. We then evaluate the
model performance for each individual year within the validation period, between 2005
and 2014, for each catchment separately.

To investigate the impact of hydrometeorological diversity and non-stationary
factors on the performance of both LSTM and Superflex models, we initiated our
investigation by classifying the years based on their respective hydrometeorological
diversity for each catchment separately. For each year, we computed the annual mean
and standard deviation of daily rainfall, and then applied a k-means clustering tech-
nique [65, 66] to these values. This three clusters are meant to categorize respectively
drier, standard and wetter years. We then tested different scenarios by varying the
number of training years and selecting these training years from the same cluster or
different clusters:

• Scenario 1 (S1): we trained the models using three consecutive years (referred to
as the training years) from the dataset, repeating the experiment for each set of
three year from 1976 to 2004. We then evaluated the model’s performance over each
individual year (referred to as the validation year) within the dataset, from 2005 to
2014.

• Scenario 2 (S2): we trained the models in each catchment by randomly choosing
10 sets of three years from the same cluster for each cluster and evaluate their
performance over each validation year.

• Scenario 3 (S3): we trained the models by randomly selecting 10 sets of three years
from three different clusters with the same evaluation over each individual year
within the validation phase of the dataset, and within the same catchment.

Throughout the experiments, to reduce uncertainty and increase the robustness of
the experiments, we run 30 simulations for each experiments (same training dataset),
with each simulation involving the initialization of weights with different random seeds.
To combine the results of the 30 model run, we select the mode of the NSE values as
a representative indicator of overall performance.

Finally, we create a heatmap where each cell’s color and value indicate the NSE
attained by both models for every pair of training and validation years. This visual
representation facilitates the observation of fluctuations and trends in NSE values
across varying combinations of training and validation years. To examine the influ-
ence of hydrometeorological diversity on model performance, the years listed on the
heatmap’s axes are reordered in an ascending fashion, based on their corresponding
annual mean precipitation measurements.

3 Results and discussion

3.1 Software

Python 3.7 is the selected programming language for our research [67]. The LSTM
model is provided by the Neuralhydrology library [68]. For data postprocessing
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hhhhhhhhhhhhhSequence length

Hidden size
32 64 128 256 512

30 0.849 0.841 0.854 0.856 0.867
90 0.882 0.882 0.883 0.885 0.900
180 0.892 0.903 0.898 0.899 0.916
270 0.897 0.895 0.896 0.906 0.908
360 0.901 0.903 0.896 0.898 0.914

Table 1 NSE obtained for the validation period for 2 hyperparameters: i)
Sequence length representing the number of past data used to predict the
next outcome and ii) hidden size represents the number of cells in each

hidden layer.

and general data management tasks, we relied on Numpy [69], Pandas [70] and
Scikit-Learn [71] libraries. Additionally, all figures presented here are created using
Matplotlib [72] and Seaborn [73]. The code was run on two high performance com-
puting (HPC) systems: Grid5000 [74] and MESO@LR-Platform at the University of
Montpellier.

3.2 Hyperparameters: hidden size and sequence length

The LSTM model requires the adjustment of various hyperparameters, usually deter-
mined by empirical methods. However, for hidden size and sequence length, we carried
out several model runs by systematically varying the values of these two hyperparam-
eters to find the best fit. For the hidden size, we tested a range of values that are
commonly used from 32 to 512 cells. For the sequence length, we test a range of val-
ues from 30 to 360 days. The training period was established from August 1, 1995,
to July 31, 2005. The validation period extended from August 1, 2005, to December
31, 2010, and the results for this period are presented in Table 1. This shows that all
sets of hyperparameters (sequential length, hidden size) yield good result with NSE
greater than 0.8. We also looked at the computation time using some of these set of
hyperparameters, we found for example that, while keeping the same number of cells
at 64, the computation time is 5 minutes for 90 days, 8 minutes for 180 days and 13.5
minutes for 360 days, on a node with dual Intel Xeon E5-2680 v4 CPUs (28 cores, 2.4
GHz, 120 GB RAM). We therefore decided to set the sequential length at 90 days and
hidden size at 64 cells, as this provides good results while maintaining a reasonable
computation time.

3.3 Impact of training data size on model performance

To investigate the effect of training data size on model performance, both the LSTM
and Superflex models were initially trained on each year of the training phase and
then evaluated for each year of the validation phase, for each catchment. Fig. 13 and
Fig. 14, shows the heatmap of the NSEs obtained from this experiment using LSTM
and Superflex respectively for the Severn catchment. The x-axis of this heatmap spec-
ifies the training years, while the y-axis represents the validation years. The colour
scheme in the heatmap varies from green, indicating a high NSE approaching 1 and
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Fig. 13 Heatmap of NSE values obtained with one year of train/calibration data for LSTM model
for the Severn catchment. Training years are shown in abscissa and validation years in ordinate.

representing perfect model performance, through yellow, indicating an NSE approach-
ing 0.5 and reflecting moderate performance), to red, representing an NSE approching
0 and indicating poor model performance.

At first glance, the Superflex heatmap exhibits significantly greener pixels than
that of the LSTM model. This shows a systematically better performance of the Super-
flex model compared to the LSTM model when trained using only one year of data.
Additionally, the performance of the LSTM model exhibits more variability across
the validation years, as indicated by the wider colour range in the heatmap, when
compared to the Superflex model.

Next, both models were trained using the same approach but with varying numbers
of training years – 3, 6, 9, 12, and 15 years – selected from the training period ranging
from 1976 to 2004. The LSTM model experiments were repeated 30 times. Fig. 15
shows the average NSE over the training years for each validation year obtained by
Superflex (dotted lines) and LSTM (continuous lines) models for the different numbers
of training years. Each individual graph corresponds to a fixed number of training
years.

Fig. 15 not only reinforces the observations made with the heatmaps in Fig. 13
and Fig. 14 for a one-year training, but also provides insight into how both models
evolve in terms of overall performance and consistency across the various validation
years as the number of training years increases for each basins. For each catchment,
the performance of both models generally improves with an increase in the number
of training years, suggesting that longer training periods lead to enhanced model fit-
ting and improved prediction accuracy. The Severn catchment demonstrates a more
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Fig. 14 Heatmap of NSE values obtained with one year of train/calibration data for Superflex model
for the Severn catchment. Training years are shown in abscissa and validation years in ordinate.

consistent enhancement in NSE values as training years increase for both models, in
contrast to the Fish River and Narraguagus River catchments, which exhibit greater
variability in model performance. Notably, the Narraguagus River consistently shows
lower NSE values compared to the Severn and Fish River, particularly with extended
training periods. This reduced performance may be influenced by the presence of a
dam in the catchment, which can significantly modify the natural flow regime, intro-
duce regulated discharge, and increase the complexity of hydrological processes, thus
challenging the models’ ability to accurately capture the system’s dynamics. Further-
more, the LSTM model exhibits a more pronounced improvement in performance with
additional training data, indicating a greater sensitivity to the length of the training
period compared to the Superflex model. This suggests that while both models bene-
fit from increased training data, LSTM’s data-driven approach may leverage extended
training more effectively to refine its predictive capabilities, making it more sensitive
to the quality and quantity of training data.

As a further analysis, Fig. 16 shows the evolution of the NSE across the validation
years and the number of training years across all basins on average. For a one-year
training, Superflex outperforms the LSTM model for each validation year. However, as
the number of training years extends, the NSE of Superflex remains relatively stable
across the validation years, while the LSTM model NSE increases substantially for
every validation years. When the number of training years extends to six years, the
LSTM model begins to catch up with Superflex and overperform it for nearly every
validation years until fifteen years of training. This behavior is consistent across each
catchments.
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Each graph represents a fixed number of training years from 1 to 15.
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Fig. 16 Average NSE and standard deviation across validation years for both models, averaged
over the three catchments. Each graph corresponds to a fixed number of training years, ranging

from 1 to 15.

The graphs in Fig. 17 illustrate the median and standard deviation of NSEs values
obtained in Fig. 15 as a function of the number of training years (1, 3, 6, 9, 12, and 15)
for the LSTM and Superflex models across the Severn, Fish River, and Narraguagus
River catchments. The plots at the top illustrate the median NSE in relation to the
number of training years for all catchments and models. The top-left plot shows this
data for each catchment individually, while the top-right plot presents the mean NSE
and its standard deviation aggregated across all basins. Conversely, the plots at the
bottom display the standard deviation of NSE with respect to the number of training
years for all catchments and models. The bottom-left plot represents each catchment
separately, while the bottom-right plot shows the aggregated mean standard deviation
of NSE across all basins.

The upper panel of Fig. 17 supports the previous analysis while offering additional
insights. The median NSE generally increases with the number of training years across
all catchments and models, with the LSTM model for the Severn catchment achieving
the highest median values. For the LSTMmodel, a pronounced increase in median NSE
is observed as the training period extends from 1 to 9 years, after which it stabilizes
around 0.9. This trend underscores the significant sensitivity of the LSTM model’s
performance to the training period, particularly for training years shorter than 9 years.
In contrast, the Superflex model maintains consistently high median NSE values, hov-
ering around 0.75 (slightly lower than the LSTM model during the 9 to 15-year range)
across various training years duration. This consistent performance indicates that the
Superflex model is considerably less influenced by the length of the training period.
This behavior is generally consistent across all catchments, although the degree of
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Fig. 17 Comparison between LSTM and Superflex models across two metrics: Median NSE (top)
and its standard deviation (bottom). The left side of the figure displays results for each individual

catchment, while the right side shows the mean and the standard deviation values across all
catchments.

variation differs depending on the specific characteristics of each basin. For instance,
the Narraguagus River catchment shows a lower median NSE and a higher standard
deviation compared to the Severn and Fish River catchments, indicating that, on aver-
age, the models perform less effectively and their predictions are more variable in this
catchment. This diminished performance and increased variability could be associated
with the presence of a dam in the catchment, which may disrupt the natural flow
regime and present challenges for the models in accurately capturing the hydrological
dynamics.

In the bottom panel of Fig. 17, a notable decrease in the standard deviation of the
LSTM model is observed from 1 to 6 years of training. Beyond 9 years, the standard
deviation stabilizes, indicating that the LSTM model’s performance initially exhibits
considerable variability with respect to validation years when trained over shorter
periods, but this variability diminishes rapidly as the training duration increases. In
contrast, the Superflex model consistently maintains low variability values, approxi-
mately 0.085 (slightly lower than the LSTM model during the 9 to 15-year range),
regardless of the number of training years. This stability confirms that the Superflex
model is significantly less affected by the duration of the training period. This con-
sistent behavior is observed across different catchments and evaluation metrics (KGE
and MSE), though with varying degrees of prominence.

In summary, LSTM model’s median NSE improves significantly with training up to
9 years, then stabilizes, while the Superflex model remains consistently stable around
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0.75 regardless of training duration. LSTM model’s variability decreases rapidly with
more training, while Superflex maintains low, stable variability across all training
periods.

The markedly different behaviours of the two models can be explained by the
difference in the number of parameters, or degrees of freedom. The Superflex model is
designed with a set of 8 parameters, whereas the LSTM model operates with hundreds
of parameters. This difference in one order of magnitude is a key reason why the LSTM
model requires more data or constraints to robustly calibrate its parameters. Once the
LSTM model’s parameters are well calibrated, it tends to outperform the Superflex
model. This superior performance is likely due to the LSTM’s greater number of
degrees of freedom, which allows it to more precisely adapt to the unique characteristics
of the studied catchment. For the Superflex model, its lower number of parameters,
combined with its foundation in hydrological processes, enables quicker adjustment
relative to the amount of data available. However, this limited parameter set may
constrain the model’s ability to precisely adapt to the specific characteristics of the
studied catchment. These results also indicate that with 6 or more training years,
the LSTM model generally outperforms the Superflex model, making it a preferable
choice. However, the question remains: How does this performance hold up when faced
with changing hydrometeorological typologies? This is what we aim to explore in the
following section.

3.4 Impact of the hydrometeorological diversity of the training
dataset on model performance

In the previous section, we highlighted the LSTM model’s greater sensitivity to the
length of training data compared to the Superflex model. We can now shift our focus to
examining how hydrometeorological diversity within the training dataset affect model
performance as introduced in section 2.8. To achieve this, we classified the years in the
dataset for each catchment according to hydrological typology using a K-means clus-
tering approach. Default parameters from scikit-learn [66] were employed, with the
number of clusters set to three. The clustering was based on annual mean and standard
deviation of daily rainfall, effectively categorizing the years into distinct hydrological
types. Fig. 18 illustrates the clustering results for the Severn catchment, clearly dis-
tinguishing between drier, average, and wetter years, represented by green, blue, and
red dots, respectively (clustering results for other catchments are detailed in A). This
classification provides a clearer understanding of the variability in hydrological con-
ditions, laying the groundwork for a more in-depth analysis of how different training
data characteristics influence model performance.

Three distinct clusters emerge:

1. A green cluster comprising years characterised by low mean and standard deviation
of precipitation. These years correspond to drier years.

2. A blue cluster consists of years that exhibit average mean and standard deviation
of precipitation, and can thus be categorised as more typical or standard years.

3. A red cluster encompassing years with higher mean precipitation and larger
standard deviation. These are indicative of wetter years.
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Fig. 18 Clusters on annual mean and standard deviation of daily rainfall of the Severn catchment.
Three distinct yearly precipitation patterns: dryer years in green, standard years in blue, and wetter

years in red

Fig. 19 shows an example of yearly time series of precipitation and streamflow for
years representative of each of the three clusters:

• The top panel of this figure depicts a relatively dry year (1996), during which the
number of flood events is noticeably low.

• In contrast, the middle panel represents a normal year (2009), marked by a higher
frequency of flood events compared to the dry year.

• The bottom panel of the figure illustrates a wet year (1990), which is characterized
by more frequent and longer-lasting flood events.

In light of this clustering analysis (drier years, standard years, wetter years), we
carried out training experiments with various scenarios (see section 2.8), including
trainings with single years, trainings with three consecutive years (S1), trainings with
three training years belonging to the same cluster (S2), and three training years
belonging to distinct clusters (S3).

3.4.1 Training with single clustered training year

Fig. 20 and Fig. 21 display heatmaps similar to those depicted in Fig. 13 and Fig. 14
respectively. The key distinction is the arrangement of the x-axis, which represents the
training years, and the y-axis, which represents the validation years, organised based
on the clustering and sorted by annual mean daily precipitation values.

What becomes evident is a notable difference in the general tendencies between
the LSTM and Superflex models for the Severn catchment. The LSTM model exhibits
higher variability, ranging from a minimum of -0.5 to a maximum of 0.85, in contrast
to the Superflex model, which seems more consistent around 0.88 except for validation
years 2010 and 2011, with NSE≈ 0.75. This slight decrease in performance for these
two drier years may suggest a challenge for Superflex in accurately predicting dry
years.

28



Fig. 19 Precipitation and streamflow time series of typical years belonging to each cluster for the
Severn catchement.

This disparity underscores several discernible patterns: within the middle region,
there appears to be a prevalence of greener hues, while the top-left and bottom-right
corners lean toward redder shades. This observation implies that the performance of
the LSTM model appears to be sensitive to the hydrometeorological typology of the
training and validating year. Specifically, a standard training year tends to yield better
predictive performance for another standard year, while a drier training year results in
poorer model performance when predicting wetter years, and vice versa. In contrast,
the Superflex model displays lower variability, suggesting a reduced sensitivity to the
hydrometeorological typology of the training and validating years. Similar conclusions
can also be drawn for the other catchments.

3.4.2 Training with three training years belonging to the same
cluster

Fig. 22 and Fig. 23 shows the heatmap of NSE obtained for the LSTM and Superflex
models respectively for Severn catchment, using various three-year training data sub-
sets from the same cluster. The x-axis identifies the sets of three-year training data,
grouped by clusters. On the y-axis, different validation years are represented along
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Fig. 20 Heatmap of NSE values obtained with one year of training/calibration data for LSTM
model within the Severn catchment area. The x-axis represents the training years, while the y-axis
represents the validation years. Both the training and validation years are arranged based on the

annual mean daily precipitation.

with their cluster, enabling an analysis of how each model performs when assessed
against diverse years. Due to the limited number of dryer and wetter years in our
dataset, we had to include some of the validation years in the training set. However,
we systematically didn’t evaluate the models’ performance on those validation years
when also included in the training set (depicted in grey in the figure).

Superflex exhibits a more consistent color intensity pattern across different three-
year intervals within the heatmap. This uniformity implies that the Superflex model
performance remains relatively stable, regardless of the specific set of training data
under consideration. In contrast, the LSTMmodel displays variations in color intensity
within the heatmap, indicating its sensitivity to the particular three-years combination
of training data. As previously observed, this difference highlights discernible patterns:
a prevalence of greener hues in the middle region, with darker green tones in the top-
right and bottom-left corners. This suggests that the LSTM model performance is
influenced by the hydrometeorological diversity of the training and validation years.
More specifically, a set of three dryer, standard or wetter training years tends to yield
improved predictive performance for a corresponding dryer, standard or wetter year
in validation, while other combinations may yield less favorable results, even if wet-
ter training years enhance predictive performance for corresponding standard years,
whereas standard training years do not improve the model predictive performance for
wetter years. In comparison to Fig. 20, it is evident that when utilizing a set of three
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Fig. 21 Heatmap of NSE values obtained with one year of training/calibration data for superflex
model within the Severn catchment area. The x-axis represents the training years, while the y-axis
represents the validation years. Both the training and validation years are arranged based on the

annual mean daily precipitation.
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Fig. 22 Heatmap of NSE values for S2 (set of three-year training data from the same cluster)
organised by cluster for LSTM model for the Severn catchement.
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Fig. 23 Heatmap of NSE values for S2 (set of three-year training data from the same cluster),
organised by cluster for Superflex model for the Severn catchement.

training years from the same cluster, the LSTM model exhibits improved overall per-
formance compared to using just one training year. However, the disparities in relative
performance across different combinations of training and validating years persist. We
can witness identical phenomena occurring within the other two catchments as well).

3.4.3 Training with three training years belonging to distinct
clusters

Fig. 24 and Fig. 25 illustrate the NSE heatmap for the LSTM and Superflex models
respectively using distinct three-year training datasets, each year originating from a
different cluster from Severn catchment. The various sets of three-year training data
are on the x-axis, while the y-axis represents different validation years, along with
their respective clusters.

In the context of the LSTM model for the Severn catchment, Fig. 24 exhibits
a high level of color uniformity across the heatmap in comparison to a set of three
training years from the same cluster. This observation indicates an enhanced reliability
of model performance across various combinations of training and validating years. It
further supports our hypothesis that the hydrometeorological diversity of the training
years significantly influence model performance. This pattern is more prominent in
the LSTM model compared to the Superflex model for the Severn catchement as
illustrated in Fig. 25.

To enable further comparison, the boxplots in Fig. 26 depict the distribution of
NSE values obtained with Superflex and LSTM models for 3 training years from the
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Fig. 24 Heatmap of NSE values for S3 (set of three-year training data from different clusters),
organised by cluster for LSTM model
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Fig. 25 Heatmap of NSE values for S3 (set of three-year training data from different clusters),
organised by cluster for Superflex model
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Fig. 26 Boxplots illustrating the distribution of the NSE performance metric for both the LSTM
and Superflex models for each catchment, across three distinct scenarios: 3 training years from, left:

the same cluster (S2) middle: different clusters (S3) and right: successive (S1).

same cluster S2 (in the right panel), 3 training years from different clusters S3 (in
the middle panel), and 3 successive training years S1 (in the right panel) for each
catchement. The boxplot visualizes data distribution through key components: the
box itself spans from the 25% quartile (Q1) to the 75% quartile (Q3), with a line
marking the median (Q2). The box width (Q3 - Q1) represents the interquartile range
(IQR), indicating data spread. The upper whisker extends to 1.5 times the IQR above
Q3, indicating the upper range. The lower whisker shows the lower range, ending
at 1.5 times the IQR below the lower quartile (Q1). Points beyond the whiskers are
considered outliers. We have truncated the boxplots at 0 to improve visibility.

In Fig. 26, we observe notable trends in the performance metrics for both the
Superflex and LSTM models. Regarding the Superflex model, there is a prevailing
uniformity in the median and interquartile range (IQR) across various scenarios for
each catchment. This uniformity indicates a stable level of performance and reliability,
underscoring its stability across different scenarios.

In contrast, the LSTM model displays variation in its median values. Specifically,
for the Severn catchment (in green), the highest median value (0.84) is achieved for
the different cluster’s training years, followed by the same cluster’s training years
(0.81), and the lowest median is obtained for successive training years. This pattern
suggests that the LSTM model generally performs better when trained on data from
different clusters, followed by data from the same cluster, and performs relatively less
favourably when trained on successive years.

Moreover, the range between the maximum and minimum values (max-min)
decreases from successive training years (0.65) to different cluster’s training years
(0.40), with same cluster’s training years falling in between at 0.60. This finding indi-
cates that the model’s performance is more consistent when trained using data from
different clusters compared to data from the same cluster or successive training years.
Similar conclusions can be drawn for the two other catchments.

These findings suggest that under non-stationary climate conditions, LSTM mod-
els, and potentially other data-driven approaches such as artificial neural networks
(ANNs), may face challenges in maintaining precision and reliability compared to tra-
ditional models like empirical or physically-based models. This could be attributed
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to several factors inherent to data-driven models. First, these models rely heavily on
the quality and representativeness of the training data. In environments where cli-
matic and hydrological conditions are rapidly changing, the training data may not
adequately capture the variability and emerging patterns, leading to reduced model
accuracy and generalization capabilities.

Moreover, data-driven models often require extensive historical data to discern
complex relationships and patterns. In the absence of a sufficient volume of diverse and
high-quality data, these models may overfit to specific patterns present in the training
dataset, thereby failing to perform effectively when exposed to new or unseen condi-
tions. This overfitting is particularly problematic in non-stationary contexts, where
the statistical properties of the input data can change over time.

Traditional conceptual and physically-based models are grounded on established
theoretical principles and can incorporate prior knowledge about the system dynamics.
For example, these models can integrate hydrological processes such as precipitation-
runoff relationships, groundwater flow, which are less sensitive to changes in input
data characteristics. Consequently, these models are often more robust to variations
in climate and land-use conditions, providing more reliable predictions under non-
stationary scenarios.

Table 2 proposes various metrics for comparing the three scenarios to the reference
of 15 training years. The three training years from different clusters scenario shows a
similar or higher mean and median, as well as a lower standard deviation, compared to
both the three successive and same cluster scenarios for each catchment respectively.
This suggests that the scenario with training years from different clusters exhibits
better overall performance and greater consistency than the scenarios with the same
or three successive years. However, the different cluster scenario still performs less
effectively, with lower mean and median values, and is less consistent (with a lower
standard deviation) than the scenario with 15 successive training years. Furthermore,
in the ”different cluster” scenario, performance scores exceeding 0.7 are consistently
achieved for each type of validation year when considered individually, with a minimum
occurrence rate of 52%. In the case of dryer and wetter years, the “different cluster”
scenario generally achieves scores above 0.7 but often faces challenges in reaching the
0.8 threshold.

When the LSTM model is trained with 15 successive years of data, it performs
exceptionally well in validating wetter years, achieving an NSE greater than 0.7 for
100% of the years and an NSE greater than 0.8 with an average rate of 67% across
the Severn catchment, even though the model was not explicitly trained on years with
similar hydrological conditions. This high performance is also observed during dryer
years, where the model reaches an NSE greater than 0.8 all the time. Similar patterns
are evident in the other catchments, indicating the model’s strong generalization capa-
bility and robustness across different environmental conditions, regardless of specific
training clusters.

These results suggest that the LSTM model is capable of capturing the underlying
hydrological dynamics across a wide range of conditions, showcasing its robust gen-
eralization ability across different environmental scenarios, irrespective of the specific
training clusters.
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NSE properties (S2) (S3) (S1) 15 successive
All years

Mean NSE 0.76 0.69 0.62 0.82 0.72 0.64 0.73 0.69 0.66 0.89 0.85 0.76
Median NSE 0.81 0.72 0.62 0.84 0.77 0.66 0.73 0.72 0.68 0.89 0.86 0.79
Std NSE 0.13 0.23 0.15 0.08 0.18 0.13 0.12 0.19 0.13 0.05 0.10 0.11

Max-min NSE 0.60 1.76 0.77 0.40 1.38 0.74 0.65 1.35 0.52 0.17 0.37 0.35

All years [%]
NSE > 0.7 69 55 36 91 69 36 61 55 47 100 90 70
NSE > 0.8 47 32 15 60 40 8 31 28 10 90 90 40

Dryer years [%]
NSE > 0.7 67 - - 77 - - 56 - - 100 - -
NSE > 0.8 33 - - 42 - - 6 - - 100 - -

Standard years [%]
NSE > 0.7 95 55 41 1.00 71 46 87 59 52 100 86 67
NSE > 0.8 71 31 18 97 44 09 60 36 19 100 86 0

Wetter years [%]
NSE > 0.7 28 55 34 87 64 32 22 46 45 100 100 71
NSE > 0.8 14 34 14 10 30 08 0 8 06 67 100 57

Table 2 NSE performance metric for LSTM models across four distinct scenarios: 3 training years from
the same cluster (S2 in the left), 3 training years from different cluster (S3 in the middle left), 3

successive training years (S1 in the middle right), and 15 successive training years (in the rigth). These
scenarios are assessed for the Severn catchement (in green), the Fish river catchement (in blue), and the

Narraguagus catchement (in orange). For ”All validation years” and the properties associated with
validation years listed beneath it, the values indicate a ratio.

This strong generalization capability is not limited to a single catchment but is
consistently observed across other catchments as well. It indicates that the LSTM
model can adapt effectively to variations in hydrometeorological diversity, thereby
providing reliable performance even when exposed to diverse and previously unseen
scenarios. Such adaptability is particularly valuable in hydrological modeling, where
the ability to generalize beyond the training data is crucial for accurate forecasting
under variable and changing climate conditions.

In contrast, the LSTM model also shows a degree of sensitivity to the diversity
of hydrometeorological training conditions. This sensitivity can lead to variability in
model performance when the training data does not adequately represent the full spec-
trum of climatic scenarios. However, this limitation can be mitigated in some extend
by training the model on a diverse range of hydrometeorological diversity, as evidenced
by its superior performance in the “different cluster” scenario. In this context, the
LSTM model outperforms when trained on heterogeneous datasets that encompass a
variety of hydrological regimes, demonstrating higher resilience and reliability.

Nonetheless, caution is necessary when applying data-driven models like LSTM
in situations where the hydrometeorological diversity are significantly different from
those present in the training data. The model’s predictive accuracy may diminish under
such circumstances, underscoring the importance of carefully accumulating a training
dataset that represents a wide spectrum of possible conditions. While LSTM models,
with sufficient training data, offer powerful tools for capturing complex, nonlinear
relationships in hydrology - particularly when compared to traditional models like
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Superflex, as demonstrated in the previous section - their effectiveness is contingent
on the quality and diversity of the training data.

4 Conclusion

This study explored how the length and hydrometeorological diversity of training
datasets affect the performance of LSTM models compared to traditional rainfall-
runoff models like Superflex. The findings reveal that LSTMmodels are highly sensitive
to the length of the training period. For instance, when trained with only one year
of data, the LSTM model used showed poor predictive performance, with low median
NSE values between 0.2 and 0.44. However, its performance improved significantly with
longer training datasets. With six years of training, the model achieved median NSE
values ranging from 0.78 to 0.87; it further improved to a range of 0.79 to 0.89 with
15 years, along with reduced values for standard deviation, indicating more consistent
predictions.

In contrast, the Superflex model displayed less sensitivity to training data length,
maintaining stable performance with median NSE values between 0.6 and 0.9, regard-
less of the amount of training data. This suggests that while traditional models like
Superflex may not achieve the high performance of LSTM models with extensive
training, they are more robust in scenarios with limited data availability.

The study also examined the impact of hydrometeorological diversity on LSTM
performance. When the model was trained on datasets that included a variety of
conditions – such as wetter, average, and drier years – it exhibited higher performance
and reliability, achieving an average median NSE of 0.76 with a low standard deviation
of 0.13. Conversely, training on more homogeneous datasets, such as data from the
same cluster or successive years, resulted in lower performance and greater variability.
This highlights the importance of diverse training data in improving the LSTMmodel’s
generalization capabilities.

Our findings show that with six or more training years, the LSTM model generally
outperforms the Superflex model, making it a preferable choice. However, despite their
potential, LSTM models have a critical limitation: they rely heavily on the training
dataset and are highly sensitive to hydrometeorological variability. Unlike traditional
models, their predictive accuracy may degrade significantly when faced with conditions
outside the range of their training data.

To address these challenges, future research should focus on developing strategies
to enhance model resilience, such as incorporating synthetic data or using transfer
learning techniques. These approaches could help ensure reliable performance of LSTM
models even in regions with limited historical data and unseen hydrometeorological
typology.

Additionally, conducting a sensitivity analysis to understand the relationship
between hydrometeorological diversity and LSTM performance could help identify
mathematical thresholds at which the performance of LSTM and other ANN models
begins to decline. Such an understanding would enable researchers to select the most
appropriate modeling approach – either data-driven or traditional conceptual models
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Fig. A1 Clusters on annual mean and standard deviation of daily rainfall for the Fish river
catchement. Three Distinct Yearly Precipitation Patterns: dryer years in green, standard years in

blue, and wetter years in red

– based on the specific conditions of a study area. This would optimize model per-
formance and reliability across diverse hydrological contexts, providing more effective
tools for managing water resources and adapting to the impacts of climate change.
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Appendix A Clusters on annual mean and
standard deviation of daily rainfall for
the Fish and Narraguagus catchement

An appendix contains supplementary information that is not an essential part of the
text itself but which may be helpful in providing a more comprehensive understanding

38

https://www.grid5000.fr


Fig. A2 Clusters on annual mean and standard deviation of daily rainfall for the Narraguagus
catchement. Three Distinct Yearly Precipitation Patterns: dryer years in green, standard years in

blue, and wetter years in red

of the research problem or it is information that is too cumbersome to be included in
the body of the paper.
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