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ABSTRACT

The Barasona reservoir is one of the three main water supplies for the Aragon and Catalonia
Irrigation District, the principal provider for 98.000 ha, including 37 municipalities and thousands of
agricultural holdings and livestock farms. Thus, it is of great interest to have a correct understanding
of the reservoir’s hydrological processes. In this study we combine remote sensing and in-situ data
to estimate the amount of water in the form of snow available for the Barasona reservoir and
predict its input flow, in addition to estimate the dates of the beginning and ending of thaw. First,
we estimate the snow cover area (SCA) from MODIS and Sentinel 2. For Landsat 8, an equivalent
algorithm is implemented to derive the snow cover. The result is a time series of SCA from 2009 to
2023. With this SCA together with snow height measured at the catchment we estimate the snow
water equivalent (SWE). All this data along with in-situ information from weather stations is fed
to an Al model that predicts the Barasona reservoir input flow in the short term. The base model
achieved an accuracy of R? = 0.691. If the flow from previous days was inputted as a variable, the
performance increased to R? = 0.781. Regarding long-term predictions, the estimated dates of the
beginning and end of snowmelt are March 23 and May 26, with two weeks of standard deviation.
The SWE available shows large inter-annual variability, ranging from 48.82 hm?® during years of
drought to 228.77 hm® when snow is abundant, with an average of 120.27 hm?, and a standard
deviation of 58.15 hm?.

1. Introduction

In semi-arid climates, accumulated water in the form of snow at
the mountains is an important asset, especially for agriculture, which
in regions like the Mediterranean consumes on average a 69% of all water
supply (Malek & Verburg, 2017; FAO, 2016). In fact, the Mediterranean
is recognized by several studies as one of the most susceptible regions
to climatic change in the following years (Alcamo et al., 2007; Ulbrich
et al., 2006). Since mountain water resources are highly dependent
on environmental fluctuations, alterations induced by global warming
could have a great impact on their quantity and availability and thus in
hydrologic management.

The estimation of the SWE available at a given region and its
subsequent discharge can be performed by the means of either physical or
empirical models. Physical models work by simulating the dynamics of hy-
drological phenomena like snow accumulation, snow sublimation, surface
energy balance, snow melting and eventually catchment runoff, amongst
others. For this, a large number of inputs regarding meteorological data,
soil and canopy information and other environmental conditions are
usually necessary. These models also usually present a high computational
cost. Examples of these type of models are the CROCUS model (Vionnet
et al., 2012), that simulates the time and space dynamics of snowpack and
can be potentially coupled with atmospheric models, or the Soil and Water
Assessment Tool (Arnold et al., 1998), a continuous-time, semi-distributed,
small watershed to river basin-scale model simulating the quality and
quantity of surface and ground water. Given the fixed specific inputs of
this type of models, the inclusion of remote sensing data is not always
viable unless some additional modification is added. For example, in Zhao
et al. (2022), the SWAT model was modified to include, among other
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changes, the snow depth derived from passive microwave remote sensing
data and temperature in the seasonal snowmelt area, which resulted in
an improvement in the estimation of the snowmelt run-off of the Baishan
basin in Northeast China.

Empirical models, on the other hand, do not consider the physical
processes that take place at the studied region, but rather depend entirely
on field data and observations collected in situ. Regression analysis
techniques would fall under this category. An example of this would be
the Base Difference Model developed by Veiga et al. (2014), that predicted
the flow of the Bow River at Calgary, Canada during the colder months
of the year thanks to the observed offset between measurements at other
upstream flow gauges.

Inside this same group of data-driven models, a methodology known as
the Long Short-Term memory (LSTM) network from the family of Machine
Learning (ML) predictors can also be found. The LSTM model (Hochreiter
and Schmidhuber, 1997; Gers et al., 2000) belongs to the category of
recurrent neural networks (RNN), a type of neural network specialized in
dealing with sequential data that can be especially useful when processing
time series. As of right now, it is one of the most popular ML models
because of its capability of dealing with the vanishing gradient problem,
an issue that hinders other RNNs by slowing down the learning process
and causing the network to miss the long-term dependencies.

This type of methodology is easy to implement, flexible, and has proven
to be well-suited for predicting highly non-linear variables such as reservoir
inflow. For example, in Herbert et al. (2021), several models including
some based on the LSTM network are used to predict the long-term
behavior of streamflow in Utah. In Song et al. (2022), the LSTM model
is applied to forecast the SWE dynamics in different sites of the western
United States. In a similar manner, we will try to see if this methodology
allows us to determine the river flow in the short term in a precise way
using available data at a given region of interest.

The Pyrenees and the Ebro River basin are a good example of a region
that can be affected by climate change, as mentioned above. Between the
Pyrenees and the Ebro river, a large number of irrigation districts can be
found, and several reservoirs have been developed to properly manage
water resources. During these last years, the Pyrenees have suffered several
drought episodes, that have severely affected not only the mountain
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system itself, but also the regions that depend on its water supply, both
economically and ecologically (Gazol et al., 2020; Reynaud, 2008). With
global warming, and the consequences it entails, the duration and severity
of these events will only increase.

The organism that manages all these reservoirs at a basin level is the
“Confederaciéon Hidrografica del Ebro”, who is in charge of regulating and
maintaining their water discharge to the hydrographical basin of the Ebro.
During dry periods, it oversees the evaluation of the drought conditions,
and emergency water allocation. It also processes and distributes the
information extracted from the measurement network located at the
catchment. The data they provide with respect to snow comes from the
“Evaluacién de los Recursos Hidricos procedentes de Innivacion” (ERHIN)
program, dedicated to quantifying these types of resources.

Recently, there has been an increase in the interest of acquiring higher
precision data in regard to the available water resources and snow volume
for the Ebro basin, with specific information as to when the fusion would
begin (Quiroga et al. 2010, Linés et al., 2018). The reason for this is
that the snow water volume that will eventually reach the reservoir
during a year is basically determined by the beginning of thaw, so it
represents a minimum water volume available that does not depend on
future meteorological events, which is crucial for decision-making to the
irrigation community.

Water resource information is usually extracted from hydrological and
meteorological stations at the basin level. Remote sensing data provides a
different source of information that can enrich the measurements from the
in-situ instruments, optimizing the decisions taken by the corresponding
managing organization so that water is properly distributed with minimal
waste, which benefits not only the agricultural community, but also the
environment. Thus, the objective of this study is to develop a methodology
to estimate, using remote sensing data combined with in situ information,
the snow water volume available and the subsequent discharge for a given
reservoir basin.

We will focus on estimations at two time scales: i) Forecast in the long
term the amount of water that the reservoir will receive during snowmelt
and its starting period; and ii) Develop an Al-based neural network model
that will allow to predict a reservoir river flow at a finer time resolution.

We will develop our methodology for the Esera River basin and the
Barasona reservoir, located at the Central Pyrenees. It is one of the main
irrigation water suppliers for the “Canal de Aragén y Catalunya”, which
consists in around 98.000 ha; and the object of intensive supervision
by the “Comunidad General de Regantes” (CGR-CAyC), who manage
its distribution of water to the 131 irrigation districts downstream the
reservoir. Because of its importance, decisions regarding the reservoir’s
discharge need to be regularly made to maximize the profitability of the
resources available. For this purpose, water managers require as much
information as possible with respect to the quantity and availability of
water at the basin.

2. Materials and Study Area
2.1. Study Area

The Barasona reservoir is a mountain reservoir located North of the
Spanish province of Huesca. With a storage capacity of 92.20 hm?, it
collects water descending from the Pyrenees system by means of a gravity
dam for irrigation and energy supply purposes. Its construction began
in 1929 and was finished 3 years later in 1932, causing the permanent
flooding of the village of Barasona, to which the reservoir owes its name. Its
basin is managed by the “Confederacién Hidrogréfica del Ebro” (CHE), and
it is one of the main water sources for the “Canal de Aragén y Catalunya”
(CAyQ), which is the principal provider for a total 98.000 ha, including 37
municipalities and thousands of agricultural holdings and livestock farms
(CHE, n.d., CAyC, n.d.). Amongst the main crops that receive water from
it are fruit trees (apple, nectarine, peach and pear), cereals (maize, alfalfa
and barley) and grape vineyards.

The water that feeds the reservoir comes from two main rivers inside
the basin: the Esera river and the Isabena river. The Esera is the river
with the largest amount of water flow (812 hm? of yearly average water
flow) from the two. Its source can be found at 2500 m of altitude. The
river extends 77 km until it reaches the reservoir’s lake (CHE, 2002b).
The Isdabena river, on the other hand, has its source at 2400 m above sea

level, and travels 58 km until it merges with the Esera about 2 km before
reaching the dam (CHE, 2002a), delivering 194.7 hm? yearly. Several
other small streams can also be found at the region, that eventually join
one of these two main rivers. The Esera river water is also accumulated
along its course at several points, creating small artificial lakes. At the
higher altitudes of the reservoir basin, several mountain lakes can also be
found. These lakes of glacial origin are known as known as “Ibons", and
are unconnected to any of the rivers. There is also a karst system at the
northern sections of the region where water is drained underground to
eventually join the Garonne River (Palazén and Navas, 2016).

The climate of the catchment is mountainous, presenting precipitation
and temperature gradients from North to South due to the complex
topography of the region and the great altitude variability; but also
from West to East, depending on the proximity of the Atlantic Ocean
and the Mediterranean Sea. At the lower sectors of the basin, temperatures
can range from 30°C to less than 0°C throughout the seasons, with an
average yearly temperature of around 15°C. At regions of more altitude,
the average descends to around 7°C, and even less (<4°C) for the higher
peaks. Precipitations are more abundant in zones closer to the mountains
(of around >2000 mm of annual rainfall, compared to around 1000 mm
at the reservoir outlet), and usually take place during spring and autumn,
with a small decrease during summer (except for sporadic rainstorms). In
the winter, they take the form of snow and hail due to the low temperatures,
especially at the North.

2.2. Materials

2.2.1. Remote sensing data

The main source of information regarding snow coverage over the
region of interest is satellite remote sensing. MODIS Snow Cover L3
Global 500m Grid products (NASA, nd), Sentinel 2 snow products from
Theia (Theia, nd), and Landsat 8 Collection 2 Level 2 images (USGS, nd)
acquired between September 2009 and August 2023 are used for this study.
MODIS data provides daily information regarding the percentage of snow
cover within a 500 m resolution grid. The Theia products used are binary
snow cover maps that indicate the presence of snow at a 20m resolution,
provided at a frequency of 2-3 days. The combination of these three sources
of information allows us to take profit of the high temporal frequency of
MODIS and the high spatial resolution of Landsat and Sentinel.

While these two products already provide the necessary snow cover
information, an adaptation of the methods described in Gascoin et al.
(2019) has been implemented to retrieve the SCA from the Landsat 8
images. These are the same procedures used to generate the Sentinel 2
snow products from Theia. The algorithm takes the Normalized Difference
Snow Index (NDSI) and other spectral bands and combines them with a
Digital Elevation Model (DEM) that we obtained from the Shuttle Radar
Topography Mission to retrieve the snow cover from every pixel. Cloud
information is extracted from the Pixel Quality Assessment band from
Landsat products and is processed to obtain a definitive SCA map.

Because all the above mentioned products are based on optical data, the
presence of clouds (a frequent situation in mountain areas) is translated
into a lack of data.

Regarding MODIS data gaps, we can take advantage of the fact that, for
almost every day of the year, we have two available images of the region
from the two satellites (Terra and Aqua) equipped with the instrument.
Thus, we can perform a superposition of these two sources. For this, we
create a new combined image, where whenever there is a cloud pixel in
one of them, we take the value that is available in the other. If the pixel
is labeled as cloud in both images, we leave it empty. In the case where
both images differ in the value of a non-cloudy pixel, we get the average
between the measured value at both satellites.

A particular processing has been designed to temporally fill cloud
induced data gaps. There are several days where, although a satellite
image is available, the cloud cover value renders the image unusable
for our purposes. To deal with this issue, we perform a linear temporal
interpolation at the pixel scale. This interpolation is performed in batches,
each corresponding to a single hydrological year. The process is also done
separately for MODIS and for both Sentinel 2 and Landsat 8, since the
difference in resolution between the first and the last two is considerably
large. The results from year 2018-2019 are shown as an example in Figure
1.
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Figure 1: Snow cover area evolution over time for MODIS Terra+Aqua and Sentinel
2+Landsat 8 after the pixel-by-pixel temporal interpolation for year 2018-2019.

2.2.2. In situ data

In-situ information from the area of interest is collected by different
sensors located across the region. There is a weather station located at
the reservoir that provides not only meteorological data (humidity, atmo-
spheric pressure, wind, sun irradiation, temperature and precipitation)
but also information regarding the input and output flow of the reservoir.
Then, eight rain gauges, five temperature stations, and four river gauges
can be found throughout the basin, from which we extract precipitation
and temperature information. We also obtained the measured snow height
from two snow gauges at Eriste (1930 m) and La Besurta (2350 m) of
altitude. In Figure 2, a visual summary of the information collected at
every point is displayed on top of the DEM. The source for all this data is
the Automatic Hydrologic Information System (SAIH), managed by the
CHE. All the data used has a daily frequency, except for temperature, which
is provided in 15-minute intervals.

gpesuta

aspailes

Zeavera

e

Figure 2: Left: Location of the Esera sub-basin within the Ebro basin (highlighted
in green). Right: Location every sensor across the region of interest. Orange is for
temperature sensing, purple is for precipitations, blue is for river flow, and cyan is
for snow. Coordinates (in meters) use the UTM zone 30N reference system.

The remote sensing data introduced in Section 2.2.1. presents highly
accurate spatial information at every point of the catchment. In contrast,
the in-situ data is a collection of time series extracted from different
positions at the region of interest. In an effort to retain some of the spatial
significance that is implicit in the geographical location of the different
sensors, we have devised, for temperature and precipitation, a method to
extend this data to the whole region and reprocess it so that it applies to
the whole basin.

To extend the information from the temperature sensors to the rest
of the basin, we use the concept of lapse rate, which is the rate at which
atmospheric temperature changes with height (Jacobson, 1999). Between
the altitudes at which the weather stations are located, we perform a
piece-wise interpolation that yields a corresponding estimation of the
lapse rate of the basin every fifteen minutes. The slopes at the extremes
of the interpolation are extended to the rest of altitudes that are not
in between measuring stations. Then, using the DEM, we can infer the
temperature at every position of the basin. Figure 3 provides an example of
the process applied to compute the lapse rate, and the resulting extended
temperature map. Looking at it, we notice that most of the sensors are
located at the valleys of the region. The temperatures at the highest peaks,
where temperature data is more relevant in regard to snowmelt, have

needed to be extrapolated. Nevertheless, the presence of the stations
allows us to detect variations of the lapse rate along with altitude, that
would have otherwise been missed if a constant lapse rate had been used.

Lapse rate for day 2018-05-07 at 9:30:00

20\ & \

Temperature (° C)

500 1000 1500 2000 2300 3000
Altitude (m) | B

Figure 3: Left: Estimated piece-wise lapse rate by interpolating and extrapolating
the available data from the sensors for the 7th of May of 2018, at 9:30 A.M. The
limits of the x-axis are the minimum and maximum height of the basin. Right:
Corresponding temperature map.

With respect to rainfall data, to interpolate it from the rain gauges to
the rest of the basin, we make use of the notion of Thiessen polygons.
A Thiessen polygon is a subdivision of the plane defined around a given
point from a sample of points, so that any location inside the polygon is
closer to that point than any of the other sample points (ESRI, nd). In
this case, the positions of the different rain gauges are used as the points
required to define a surrounding area that we assume shares the same
characteristics as those measured at the rain gauge.

3. Methodology

During this section, we describe the procedures that have been applied
to achieve the results of our study. First, we present the methodology
used to derive the snow water volume from the snow cover area maps
and the snow gauges data. Then, we explain the theoretical basis for the
computation of what we call “short-term” and “long-term” predictions.
Short term predictions refer to forecasts of the Barasona reservoir input
flow that extend a short period of time into the future, one day in our
case. These short-term predictions could be relevant for the management
of the dam water level at the reservoir on a day-to-day basis. Moreover,
we will define as “long-term predictions” those predictions regarding the
total amount of water that will be collected at the reservoir throughout the
year. Long-term predictions are useful for water managers to organize the
distribution of water to the irrigation districts downstream, who in turn
will be able to assess the type and quantity of crops that will be grown that
year.

These long-term predictions will be a rough estimate extracted from a
global analysis of the yearly behavior of the measured variables. Then, for
the “short-term predictions” we will use a neural network model where
a training-test split will be defined to properly assess the accuracy of our
predictions.

3.1. SWE calculation

The basis of the calculation of the snow volume is the concept of
minimum elevation of the snow cover zs, which is the lowest altitude
at which snow can be found. For a given day, we assume that the snow
height for all pixels at an altitude of z, is O; and that all pixels at the
same altitude share the same snow height. While these assumptions might
not be necessarily always true, there is no other source of snow height
information to our disposal. This allows us to perform an interpolation
for the snow height for the whole basin using the two snow gauges. For
all those pixels below zs, the snow height is assumed to be 0. For pixels
above the Eriste snow gauge (at 2350 m), we perform an extrapolation
of the values obtained in the interpolation. The area where the height
is being extrapolated is only of 156 km? (a 10% of the region), so this
assumption does not have a large impact. Equation 1 summarizes the snow
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height interpolation applied. A schematic representation of the process is
displayed in Figure 4.
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Figure 4: Schematic representation of the interpolation process used to infer the
snow height at every point of the basin.

To obtain the snow volume from this, we only need to multiply the
snow height h; at a given pixel i times the size of the pixel A , times
the snow cover fraction value f{"*" extracted from a given snow map,
scaled from O to 1. To go from snow volume to water equivalent volume
we need then to multiply this again by a factor that considers the change
of volume from snow to water. The exact value of this parameter depends
on the porosity of the snow and change of density from ice to water. We
obtained this value from the literature (Muskett, 2012; Patterson, 1994;
Fassnacht et al. 2010; HEC-HMS, n.d.), where different snow density
measurement campaigns yield that psnow-water = 0.2, as a middle term
conversion factor between snowpack and freshly fallen snow densities.
The definitive formula for the total SWE can be seen in Equation 2:

SWE = Z hi - Apixel - f5"" - psnow-water 2)
7

With this equation, the amount of water in the form of snow at a given
day where a satellite image is available can be estimated. For this, we
use the snow maps that were presented previously in Section 2.2.1. In
those days where we have two different sources of snow area cover (one
image from MODIS and another from Landsat combined with Sentinel),
we average the two possible values obtained. The temporal frequency of
the snow water volume data is thus fully determined by the availability of
MODIS or Landsat imagery.

In Figure 5 we observe as an example the snow height dynamics for
the year 2018-2019 after the temporal interpolation on the top, and the
computed SWE volume time evolution for the same year on the bottom.
The correlation between the curves is quite visible. A maximum in February,
that was also present in the SCA (see Figure 2) can also be observed here.
Notice too two relative maxima in the snow height during spring, around
April and May, that have been captured in the SWE curve, but were actually
also hinted in Figure 2. This last fact would point out to the idea that the
processing of the area information has been done correctly, which further
confirms the validity of the SWE data computed. The rest of the computed
snow volume curves can be found in Figure 6.

As we have seen, this simple methodology that we implemented allows
us to obtain a consistent time series of the snow volume despite only being
two snow gauges across the basin. But this simplicity comes at the cost
of not being able to consider other variables that have a significant effect
on snow accumulation distribution, such as the wind speed and direction

during snow events, or local variations in snow density due to external
factors.

3.2. Long term predictions

The objective is to predict the amount of water that is stored in the
form of snow that will eventually reach the reservoir specifically for the
snowmelt season. The snowmelt season can be defined as the period in
which the thick layer of snowpack at the highest peaks of the region
begins to continuously melt until only a minimal amount of permanent
snow remains. This thawing process usually begins during early spring
and ends later at the end of that same season, sometimes extending into
the summer. To determine the start and end date of it, we can make use
of the SWE curves that we computed in Section 2.3. The start would
correspond to the time when a SWE maximum is observed, followed by a
practically monotonous descent that eventually reaches a barely null SWE
value, which would determine its end. Then, the SWE volume that reaches
the reservoir throughout the snowmelt season will be the initial amount
reported at the maximum in the date of start.

With respect to predictions in the long term about the amount of water
arriving at the reservoir, the calculation of the SWE curves along with
the data collected by the rain gauges and the reservoir input flow allow
us to estimate what are known as the “runoff coefficients” of rain and
snow, during the snowmelt season. For a given year, the amount of water
Vsnowmelr that will reach the reservoir during the snowmelt season can be
computed as seen in Equation 3:

Vsnowmelt = R * VRainfall + €5 * Vsnow 3)

Where Vyainfan iS the amount of rainwater that falls throughout the
snowmelt season, Vspow is the SWE snowmelt volume that we described
and obtained earlier, and cg and cg are the runoff coefficients of rain and
snow respectively. These coefficients represent the fact that not all the
runoff water that enters and flows through the basin eventually reaches
the reservoir. Because of this, they are confined to the range of [0, 1].

To compute the received water volume at Barasona, we integrate in
time the measured arriving flow from the start date of the snowmelt to its
end date:

tf
Vinowmelt = / Q(t)dt @
where ¢; is the start date of the snowmelt, t; is the end date of the
snowmelt, and ¢(t) is the input flow at the Barasona reservoir.
For the rainfall, a similar procedure can be used integrating the average
measured rainfall at the whole basin:

tf
VRainfall :/ /Ap(t)dAdt ®)
t;

where now p(t) represents the rainfall, and A is the total area of the
basin.

With these equations, now we have a triad of values for Vs,owmelt 5 VRainfall
and Vgpow for every year. To be able to extract from this data the values
of the runoff coefficients, we assume that these values are constant during
time or, at least, that they vary slowly enough in time so that our 14 years
of calibration share the same coefficients. With this assumption, a simple
least squares fit yields the value of the two parameters. The fitting will
use all data points available (one per year) to determine the value of the
coefficients cr and cg presented in Equation 3.

3.3. Short term predictions

For the short term predictions we have relied on the LSTM model
we introduced in Section 1. Recurrent neural networks (RNN) are a
type of neural network where the hidden information processed by a
neuron is able to flow back to a previous layer, allowing cycles between
neurons (Goodfellow et al., 2016). This is contrary to what happens on a
regular feed-forward neural network, where information transmission is
unidirectional: from the input layer to the hidden layers, and eventually to
the output neurons. RNNs are specialized in dealing with sequential data
and can be especially useful when processing time series.
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Snow height evolution during year 2018-2019
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Figure 5: Top: Snow height post-interpolation during the year 2018-2019. Bottom: SWE time evolution during year the 2018-2019.

The structure of the most basic type of RNN is presented in Equations 6
and 7. In this RNN, the output of the hidden layer ~(*) at a given time step
is used as an input for the next step. z(*) would be the input sequence,
and f is a function that represents the application of the weights (W and
U) and the activation function as seen in Equation 7.

h(t) =f (h(tfl)jx(t)> (6)

f (h“*l),a:(”) = tanh (Wx(t) + Uh“*l)) %)

In this kind of RNN, h, also known as the “hidden state", represents
a compilation of the previous information seen by the neuron. However,
a known issue of this type of RNN is the “vanishing gradient problem",
that hinders the prediction capabilities of the network by slowing down
the learning process and causing the network to miss the long-term
dependencies.

In Figure 7 we can see the basic diagram for a LSTM cell. The LSTM cell
depends on the input z(t) and the hidden state from the previous timestep
h(t=1) However, this model introduces a new state with respect to regular
RNNs known as the cell state ¢(t), This variable is key to the capability
of the cell to remember long term dependencies. In the LSTM cells, the
hidden state contains the information from the previous timestep, and so
the cell state represents the memory of the network. Using the different
elements present in the cell, the cell state selectively stores, forgets, and
outputs information, allowing the system to model complex patterns.

The equations that make up the whole structure are the following:

_ f..(t) fp(t=1)
O =0 (tf+> U]+ Wk ®
7 7
R (08 SR ST .

J J
RO f(t)c(t—l) +g(t)a bt +ZU§z;t> + ijhy_l) (10)
J J

() = tanh (c(t)) p® 11

W0 o (S0
J

Where W and U represent the different weights of the layers inside
each of the gates, b are the corresponding biases, and o and tanh()

() op(t=1)
@y + D Wik (12)

J

represent a sigmoid and hyperbolic tangent operation respectively. The
introduction of all these gates is what allows the LSTM cell to decide which
information is stored from the last timestep, and which one is discarded,
allowing long-term dependencies to be taken into account.

An important parameter of the LSTM cell is what is known as the
number of units, or the “hidden size". It corresponds to the dimensionality
of the hidden state A(*), and can also be understood as the number of
neurons used for this hidden state that are in every subgate. It is not
straight-forward to know what this number of units should be, so it needs
to be calibrated before fitting the definitive model.

Regarding the architecture of the model, our neural network will have
an initial input layer, followed by a single LSTM, that leads to a final output
layer. In the following lines, the loss function that we will use is the Mean
Squared Error (MSE), as defined in Equation 13:

1 < X
MSE = - Z (yi — 9:)?

i=1

(13)

where n is the number of samples, y; is the actual value that
we are trying to predict and g; is the prediction of our model. For
the backpropagation we will use Adam, which is a stochastic gradient
descent optimization algorithm based on adaptive estimates of lower-
order moments (Kingma and Ba, 2014). All variables are also scaled to
the range of [0, 1] using min-max normalization (see Equation 14), which
significantly increases prediction accuracy.
X _ X - Xmin
Xmax — Xmin
To tune the hyper-parameters of the neural network, we use a “time
series split cross validation method”. In this validation technique, a small
subset of the dataset starting from the earliest sample available is initially
selected. This subset is divided into two sections: one for training, and
another one for validating. Once this validation is done, the resulting
validation loss is stored, and the size of the initial data subset is increased,
taking more values closer to the latest sample available. This is repeated
until the whole validation dataset has been covered. The average loss of
all iterations is then taken as reference for comparing different network
designs.

(14)

4. Results and Discussion

4.1. Long-term predictions
In Table 1, the calculated start and end date of the snowmelt season are
displayed, along with the initial SWE volume. Notice how the dates differ
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Figure 6: SWE time evolution for

from year to year, as well as the initial volume. The average start date
computed finding the SWE maxima is the 23rd of March, with 16 days
of standard deviation. The observed value of the initial volume presents
large variability, since it completely depends on the amount of snow fallen
during the previous winter, and so it is logically lower in years where
the basin suffered from drought episodes, like in 2011-2012 (Linés et al.,
2017). Overall, the average initial volume is of 120.27 hm3, and presents
a standard deviation of 58.15 hm?. Lastly, the average end date is the 26th
of May with 15 days standard deviation.

The results of the fitting can be observed in Figure 8 , where the
predicted Vgnowmele Using the fitted coefficients and the yearly Viainfan
and Vsnow Vvalues are plotted against the actual Vg,owmerr Of that same
year. The obtained value for the coefficients is cg = 0.314 and cg = 0.320,
meaning that only around a 30% of the overall water entering the basin
eventually reaches the reservoir. As we can see, the results have a great
accuracy, with a coefficient of determination of R? = 0.90 and a RMSE
of 31.63hm?3, computed as the root of the MSE. It is also worth noting
that the coefficients calculated still hold even after a change in the total
amount of water entering the basin (due to some years being drier than

all years from 2009 to 2023.

others). With these results we are able to provide an assessment of the
SWE arriving at the Barasona reservoir, on which the CGR-CAyC had
placed their interests to properly manage water distribution.

4.2. Short-term predictions

The objective is to predict, using the daily data presented in the
previous sections, the Barasona reservoir input flow of the following day.
The main model that we focus on uses the total SWE at the basin (also
called simply “snow” during the rest of this section), the rainfall across the
whole basin and the average temperature at the whole basin. We choose
to use these as our input variables because, in a theoretical level, it should
be enough data for the entering water flow to be calculable, since rain and
snow are the main contributors to river flow and temperature provides
seasonal information that the network might require. Using the time series
split cross-validation technique we described in Section 3.2, we obtained
that best performance was achieved when 20 LSTM units, a learning rate
of 0.002 and 30 previous days of information were used.

Once this calibration is performed, we proceed to the production of the
base model. We use a 70 — 30% training-test split of the whole dataset. The
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Figure 7: Block diagram for the LSTM cell.

Table 1
Start date and end date for the snowmelt season for each year (day/month), along
with the volume at the beginning of it.

Hydrological Year | Start date | End date | Initial volume [hm?]
2009-2010 18/3 9/6 199.31
2010-2011 9/3 15/5 142.66
2011-2012 26/3 24/5 48.82
2012-2013 9/4 16/6 93.76
2013-2014 30/3 7/6 228.77
2014-2015 26/3 7/5 73.90
2015-2016 12/4 4/6 107.55
2016-2017 6/4 24/5 184.39
2017-2018 15/4 15/6 206.72
2018-2019 14/4 30/5 80.01
2019-2020 1/4 29/5 101.05
2020-2021 24/3 19/5 60.04
2021-2022 13/3 16/5 79.60
2022-2023 7/3 19/4 77.27

best network trained yielded a coefficient of determination of R? = 0.691
and a RMSE of 9.35 m?3/s. Figure 9 illustrates the dynamics of river flow,
rain and snow along with our corresponding predictions during a randomly
chosen two-year period. We can see how the predictions follow quite well
the general trend of the flow variable. The effect of rain is very clear,
causing a sharp increase in the reservoir flow, while the contribution of
snow can mainly be noticed during thaw, when the streamflow experiences
a small increase that lasts until summer. A plot of the actual values versus
the predicted ones of the complete testing dataset can be seen in Figure 10
(marked as black circles). We see that most of the guesses are in the range
of 0 to 0.2 (after normalization), and they concentrate around the ideal
prediction line. However, the model has some difficulty when trying to
guess larger values of the reservoir’s input flow. A possible reason for this
might be the small number of values in this range, that makes it difficult
for the model to be trained to guess them.

Another interesting property to analyze is the feature permutation
importance. This technique allows us to assess the overall relevance that
each of the variables has in the predictions of the model. To compute
it, the fitted model is fed with the same testing dataset, but with one of
the input variables randomly shuffled. This renders the variable useless
for prediction purposes and causes an increase in the loss function that
the model attempts to minimize. The larger this loss increase is, the
more important a variable is for the predictions. We repeat this process
5 times for each variable, to ensure that the outcome is not a product of
coincidence. The MSE of the normalized base model is 0.0008. The results
of this analysis show that the most important feature of the model is rain,
with an increased MSE of 0.0032. Snow and temperature cause each a

Snowmelt input flow: Actual vs. predicted value
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Figure 8: Actual vs. predicted value for the Barasona snowmelt input flow computed
with the fitted runoff coefficients.
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Figure 9: Dynamics of rainfall, snow, input flow at Barasona and its corresponding
predictions from the base model between 2019 and 2021.
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Figure 10: Actual value vs. predicted value of the Barasona input flow by the base
model (black circles) and the model including the flow from previous days as an
input (blue crosses). The ideal prediction is represented by a red line.

similar loss increment, but only up to 0.0012. This might be explained
by the fact that rainfall always represents a larger fraction of the water
contribution to the reservoir’s lake when compared to snow, that only
contributes during thaw.

A very logical change that could be introduced to the current model
would be to include the past information of the Barasona input flow as an
extra input to the model. Indeed, if the network can infer the flow from
the temperature, rain and snow data from the previous days, then it might
also be able to extract information from the previous days measured input.
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The resulting performance of the best fitted model including such variable
is displayed in Figure 9 (blue crosses). Comparing with the previous
performance at Figure 10, one notices that the sample values’ distribution
is narrower around the ideal prediction line, meaning that the prediction
improves when including this new variable. Notice however that days of
large incoming flow are still not accurately guessed, with some predicted
points being closer to their actual value, while other being further away.
Despite this, there is an overall increment in accuracy when including this
variable, as the increased R? = 0.780 and reduced RMSE of 7.88 m?3 /s
values demonstrate. A reason for this could be that the Barasona input
flow time series has a small but significant auto-regressive component,
that the model can detect and subsequently learn to estimate the flow of
the next day.

With respect to the feature permutation importance of the new model,
we obtain that the flow variable has become the most relevant variable
for the model to keep the loss to a minimum. If the baseline MSE of the
new model is 0.00057 , shuffling the input flow increases it to 0.0022. The
next most important variable is rain, which still retains some importance,
with an increased loss of 0.0016. But the importance given to the flow
has come at the expense of the importance of the snow and temperature,
which are now very low, increasing the MSE to around 0.0006 only. This
is a sign that the input flow variable shares information that the model
previously had found in the SWE and temperature variables. A physical
explanation for this could be the fact that snow’s water contribution mostly
takes place during thaw, around spring. This period is always followed
by a slow increment of the amount of water arriving at the reservoir that
lasts until a few weeks have passed after the basin runs out of snow, as
we observed back in Figure 9. Seeing that this melting contribution varies
so slowly and remains stable through the snowmelt, and looking at the
feature importance difference between the two versions of the model, we
conclude that providing the flow from the previous days already gives the
model the snow contribution that was previously extracted from the SWE
and the temperature. Along with this we also must take into account the
mathematical correlation of short-time dependencies for the flow signal.
In summary, it seems that snow and temperature are not too important
to predict the input flow of the reservoir in the short term, as long as the
flow from the previous days is provided.

We can compare our results with those from similar studies in the
literature. Palazén and Navas (2016) Palazén and Navas (2016), applied
the SWAT model to the Barasona reservoir basin to evaluate the influence
of different climatic characterizations in river discharge at a monthly scale.
The predicted river flow between 1994 and 1996 that they obtained at
Graus, located very close to the reservoir, had a RMSE of 10.5 m3 /s, that
decreased to 7.7 m® /s when creating a synthetic weather station for an
intermediate point of the Esera headwater. Both results lie in a similar
range to ours. Regarding the application of river flow forecasting neural
network models in other basins, we can highlight the results of Firat
(2008), which used two different neural network models (feedforward
neural network and generalized regression neural network) to predict
the streamflow of the Cine River using precipitation data and the flow
from previous days. They obtained, for their best neural network model, a
coefficient of determination of R? = 0.738, which is also quite similar to
ours.

5. Conclusion

In this study, we have successfully improved the computation of the
snowmelt volume available for the Barasona reservoir for the past 14 years,
utilizing data from 15 different in-situ sensors and from three remote
sensing sources: MODIS, Sentinel 2 and Landsat 8. The data obtained has
proven to be useful to perform predictions both in the short and long term.

With respect to predictions in the long-term, we have been able to
obtain the snowmelt volume available at the start of the snowmelt season.
This volume largely fluctuates throughout the years, with an average of
120.27hm? and a standard deviation of 58.15 hm?®. For the past year,
our calculations place this SWE at 77.27 hm?>. We also have been able to
estimate the average start and end date for the snowmelt season using
the SWE curves, around March 23 and May 26, with around 2 weeks
of standard deviation for both. Combining all this information with the
rainfall and the input flow during the same time period, we have been able

to estimate the basin runoff coefficients of snow and rain as cg = 0.314
and cg = 0.320, using a least squares fitting of R?> = 0.90, under the
assumption that they stay constant in our 14 years of data. With all this
data and the methods described in our study, one can estimate the SWE
that will reach the Barasona reservoir basin. This type of information is
useful so that educated decisions can be made in regard to the management
of the water supply to the corresponding agricultural holdings, especially
in situations of drought, where water is scarce. Snow, as opposed to rain, is
an asset whose yearly contribution is mostly already fixed by the beginning
of snowmelt, so it provides a guaranteed minimal water volume that will
arrive at the basin that is not dependent on future weather conditions,
which is key to properly administer irrigation water supply.

We also trained a recurrent neural network model based on the Long-
Short Term Memory cell that predicted the input flow of water for the
Barasona reservoir in the short-term, with maximum accuracy achieved
when forecasting the flow of the following day, with R? = 0.691. The
inputs for the base model that we presented included the average rainfall
of the basin, the total SWE volume observed, and the average temperature
of the basin. Rain and snow represent the largest contributions of water
that the basin could receive during a hydrological year, while temperature
provides information concerning the season of the year. The model predicts
adequately the flow in most days, but underpredicts it when it increases.
This might be due to the lack of data available in that value range.
Other reasons for this phenomenon but also for other minor inaccuracies
could be the complexity of hydrological processes of an admitted smaller
scale yet of some relevance, such as water evaporation, sun irradiance,
underground processes and soil infiltration, the dense vegetation of the
region, and human intervention. The region we deal with presents extreme
temperatures changes in some sectors, and part of the water of the Esera
river is also diverted into a karst system. The influence of these factors is
left for the model to estimate through its training from the three variables
inputted, but it could be beneficial for it to be fed with some data that
took some of these processes into account, which could drive the model’s
accuracy up. Finally, there could be some small errors in the inputs we
provided, that confuse the model and bring the accuracy down.

Including the information of the Barasona flow from the previous days
as an input into the model increases the accuracy up to R? = 0.781. This
increase in accuracy represented a decrease in the importance for the
model predictions of the snow and temperature, indicating that they are
not significant for short-term forecasting on the condition that the input
flow from previous days is provided. Situations where this might not be
possible are uncommon but could include a temporal malfunctioning of
the river gauge, or simply predictions applied to watercourses where the
flow is not being monitored, although for the model to be trained, some
sort of flow measurement campaign during some period would at least be
required.

The results from our study open several research avenues. First,
applying the methodology to another basin would help to confirm or rebut
the validity of the methods proposed in this work. Regarding the temporal
interpolation gap filling, it would be interesting to consider not only
temporal data, but also geographical information of the empty pixels and
their surroundings and use this to infer the pixel’s snow cover percentage.
For the computation of the basin temperature, precipitation and snow
volume, our methods are as limited as the geographical distribution of the
instruments is. As it has been shown, the basin overall would benefit from
the installation of more weather stations, especially at the higher altitudes
of it. Nevertheless, it would be of great interest to try other interpolating
techniques and compare the results and performance. Finally, for the
neural network model, a possible improvement could be a redefinition of
the loss function, giving more weight to days with large input flow, and see
if the model improves the corresponding forecasts. There are also other
architectural options still left to explore. For example, since the data we
produced takes the form of two-dimensional rasters, a potential future
line of work could be to adapt the LSTM model to use these directly as an
input, perhaps by introducing convolutional layers to the neural network.
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