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Abstract  
In the present study a data-driven approach is used to simulate the behavior of 3 alpine basins 

for hydroelectric energy production. A deep feedforward neural network is used to predict 3 

different scenarios of flood wave, simulated starting from the weather forecast on a specific 

area. The three models present low error in the simulation, their prediction is used to optimize 

the management of the hydroelectric plant bottoming the basin. With respect to a traditional 

approach, the data-drive method enables a higher precision, a real-time prediction and relies 

only on weather forecast and historical flow.  
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1. Introduction 

In the hydroelectric energy production field, 

which covers more than 34% of the renewable 

energy production in Italy with 48.786 GWh 

produced in 2018 [1], and almost 40% in Europe 

[2], the effect of climate change is tangible. On the 

alpine chain the last years have been characterized 

by droughts and cloudbursts with an increased 

intensity in terms of precipitations. In this 

scenario, the flood wave prediction is becoming 

more and more challenging, as the soil changes 

properties with an increased speed and the 

behavior of alpine basins becomes more difficult 

to predict. This situation is being registered on the 

Alps, as well as on other mountain chains. [3]. 
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The traditional approach to predict flood wave, 

based on empirical observations from reference 

tables or explicit description based on analytics, is 

failing to guarantee a high precision in prediction, 

and the international researches are focusing on 

different approaches to predict high intensity 

events as they become more and more common.  

Probabilistic approaches [4] or empirical 

methods based on the statistical observation of 

flow [5] have been explored during the last years, 

while machine learning and deep learning has 

proven to be an efficient method to predict short 

and medium term flow for river basins. [6,7] with 

R2 higher than 90%. A specific study from 

Innsbruck University focused on an alpine basin, 

confirming the possibility to model the flood 

mailto:giulia.baccarin@mipu.eu


wave in the basin starting from historical rain 

registrations [8]. By now, none of the deep 

learning solutions have been industrialized to 

provide near real time predictions based on 

weather forecast, nor used to manage 

consequently a hydroelectric plant in order to 

maximize the power production and minimize 

risk an environmental impact of the flood. The 

present study starts from existing researches to 

implement a deep learning model flexible enough 

to be used in a running solution and efficient 

enough to enable the hydroelectric plant 

management based on its predictions.  

2. Method 

The study focused on 3 different hydrographic 

basins located in Bolzano area, Italy: 

• Fortezza  

• Gioveretto 

• Rio Pusteria 

 

 

Analyzing the flow curve of each specific 

basin and the data structure of the weather 

forecast, the analysis focused on an hourly 

frequency, with a forecast of 27 hours for the 

execution.  

The solution aims at predicting three different 

flow scenarios in the worst conditions of rain 

precipitation, in order to manage the volume of 

water arriving due to intense precipitations and 

decrease the stress on the hydroelectric plant and 

basin. 

Models implemented use deep learning 

algorithms to simulate the behavior of the basin 

based on the weather forecast of the following 

hours on the whole surface of the hydrographic 

basin. Weather forecast are pre-processed in order 

to represent three precipitation scenarios.  

Since the study focusses on predicting critical 

scenarios during cloudbursts, historical flow data 

are selected to be representative of flood waves.  

2.1. Available data 

For each basin, the committee provided 

historical data of flood waves, real-time data of 

the flow as measured from the SCADA as well as 

the shape file containing the area distribution of 

the hydrographic basins. Flow data are collected 

with an hourly frequency. Registered 

precipitations are provided as well. 

 

Figure 1. Example of historical flood wave (blue) 
with registered precipitation (red) and shape file 
provided, Fortezza basin. 

The weather forecast is provided in grib format 

for the historical data, and netCDF format for real 

time data.  

 

 
Figure 2. A single scenario of 21 for a single 

hour of 120 from Cosmo2 model, precipitation 
intensity  

Two different weather forecast model have 

been explored during the study. Grib2 format files 

containing Cosmo1 model results are used for 

training and validation as they contain a higher 

amount of information, while netCDF format files 

containing Cosmo2 model results are used during 

the execution as are easier to preprocess. Both 

contain ensemble of equally-probable 

precipitation scenarios per hour, updated each 6 

hours.  

 

Table 1. Data structure for weather forecast 
models used 

Weather 
model 

Used for 
N. 

scenarios 

Hours 
of 

forecast 

Grid 
[km] 

Cosmo2 
Training + 
Validation 

21 120 2x2 

Cosmo1 Execution 11 36 1x1 

 

2.2. Data preprocessing for the 
training 

The training is done on N-1 historical flood 

waves available for each basin, based on the best 

weather forecast from Cosmo2 models - the 



remaining flood wave is kept for the validation. 

Comparing the registered precipitation and the 

weather forecast of the same day, it emerged that 

the third quartile of the distribution for each 

scenario better represents the cloudburst and can 

be used for model implementation.  

 

Weather forecast data in Cosmo2 models are 

preprocessed and merged in order to be 

transformed from grid-structure to time-series 

structure, following three main steps: 

 

1. For each forecast the first 6 hours are 

selected and merged with the following 

forecast. 

2. From the entire data structure of merged 

forecast are extracted 5 latitude-longitude 

points representing the basin area 

3. For each hour and each point, the 21 

values of precipitation are used to extract 

the third quartile of the distribution, 

obtaining 5 different time series of 

probable precipitation per point  

 

The training dataset is structured for each flood 

wave by shifting both the historical flood data and 

the precipitation time-series of 23 hours, and 

including the cumulative sum of precipitation 

volume for the last 24 hours.  

Each flood wave is treated individually in 

order to shift on the right axis without overlapping 

different periods, and then merged base on the 

basin.  

 

2.3. Model implementation 

For each basin a different model has been 

trained in order to maximize representativity and 

simulation performance, for a total of 3 different 

models.  

The training period changes from basin to 

basin depending on the date and time of the 

specific floods.  

 

Basin Training period 
N. of floods 

in the period 

Fortezza 
2021-08-01 02:00:00 - 
2021-08-06 22:00:00 1 

Gioveretto 
2020-08-28 22:00:00 - 
2020-10-06 00:00:00 3 

Rio 
Pusteria 

2020-08-27 11:00:00 - 
2020-09-02 00:00:00 1 

 

The algorithm and hyperparameters tuning has 

been done using a gridsearch approach, exploring 

different regression algorithms. The algorithm 

presenting the highest performance indicator (R2, 

MSE, MAPE) results in a feedforward neural 

network with a forced recursion in the execution 

loop. This algorithm enables a fast prediction 

during real-time use, as well as easy maintenance 

and management in its life cycle. 

The FFNN has the following structure: 

• 2 layers, 150 neurons on the first 

hidden layer and 185 on the second 

hidden layer 

• Stochastic gradient descent solver 

• hyperbolic tangent as activation 

function 

The algorithm is trained based on 66% of 

observation extracted in a random way from the 

training dataset with the third quartile of each map 

point and the historical flood waves. The 

remaining 33% is used to test the model 

performances and avoid overfitting.  

On the historical dataset, without the execution 

loop which guarantees recursion and is better 

detailed in the following paragraph, the test 

metrics are aligned with the expectation. 

  

Table 2. Test metrics for each basin, using 
historical dataset and no recursion loop 

Basin 
R2 

test 
MSE test 

MAPE 
test 

Fortezza 99% 21.1 1.2% 
Gioveretto 97% 22.2 0.9% 

Rio Pusteria 99% 23.4 3.2% 

3. Results 

The model implemented for each basin is 

validated on a flood wave the model has never 

seen in order to test its capability of predicting 

new flood waves with a different behavior and 

evolution with respect to those used during the 

training.  

3.1. Model validation  

Differently form the training, each forecast is 

taken as a single forecast and not merged with the 

following. The point mapped during the training 

are used in validation and execution consistently. 

For each hour and point, the 21 values of 

precipitation are used to extract the third quartile 



of the distribution as well as the median and the 

whisker, representing respectively the most 

probable precipitation scenario, the best-case 

precipitation scenario and the worst-case 

precipitation scenario.  

 
Figure 3. Extraction of probable, best-case 

and worst-case scenario from weather forecast 

The test is done simulating the execution loop 

on the validation dataset.  

The execution loop is structured in order to 

guarantee the recursion of the algorithm in a hard-

coded way, externally from the algorithm 

structure. This is useful for a better control of the 

prediction. 

 
Figure 4. Validation for Fortezza basin in 3 

different date and time and on the remaining 
flood wave. 

The recursion loop runs for each hour of the 

forecast period (in the validation case, 120 times), 

and in each loop it copies the flow prediction of 

hour t-1 in the input flow for hour t. 

The prediction uses real flow values and 

predicted data with a different share in each 

additional prediction. Prediction starting at time t 

and predicting time t+1 will use as input real flow 

rate and rain forecast from time t-23 to time t. 

Prediction starting at time t and predicting time 

t+10 will use as input rain forecast from time t-13 

to time t+9, real flow rate from time t-13 to time 

t, and flow prediction done in previous iterations 

from time t+1 to time t+9. 

 

On the remaining flood wave three different 

validation are computed for each basin following 

the execution loop, simulating the prediction at 

three different date and time.  

3.2. Model operation 

With respect to the training and validation, 

during the execution Cosmo1 model is used to 

extract rain forecast. Data are preprocessed as 

seen during the validation, and the input dataset in 

structured accordingly. All models are retrained 

on the new weather forecast model to increase 

representativity of the prediction on the new data 

format.  

The recursion loop runs only 30 times, which 

is the period of guaranteed availability of weather 

prediction (36 hours of forecast – 6 hours of 

forecast update periodicity). The results are 

shown for the following 27 hours, accordingly to 

the operative procedure of the study.  

The model operates on cloud and in a 

proprietary platform. The architecture includes 

two different connectors to collect real-time flow 

data from the SCADA and weather forecast 

provided in a specific directory each 6 hours. The 

model runs hourly and for each hour prediction it 

uses the last weather forecast (updated 1 to 5 

hours before) and the last flow value (updated 

hourly).  

The flow prediction is sent to a hydroelectric 

plant simulator which tests different plant 

Figure 5. Model operation in real-time, example 
of prediction 



conduction opening and closing of bulkheads in 

order to maximize the exploitation of the flood 

wave minimizing risks and damages for the basin 

and the plant.  

4. Conclusions 

The proposed data-driven approach which 

simulates flood waves of a specific basin starting 

from rain forecast synthetized in 3 scenarios and 

using deep learning algorithms represents a pivot 

in the traditional method of flood management 

and flow prediction. The models for each basin 

are able to simulate the behavior of the flow 

during high-intensity precipitations with a high 

precision and an error on the peak of the flood 

wave as low as needed to manage the operations.  

The main achievements of the study are: 

• the proven possibility to model a 

generic basin starting solely from 

weather forecast and historical flow 

and flood waves 

• the increased prediction performance 

in real-time which is able to absorb 

the intrinsic imprecision of weather 

forecast, thanks to the data 

preprocessing, the selection of a deep 

feedforward neural network as core 

algorithm, and the use of historical 

forecast during the training.  

The study opens to new additional researches 

in the field, such as the use of convolutional neural 

networks to avoid time-series extraction from the 

weather forecast grid, the simulation of base flow 

in addiction to peak flow during flood waves, or 

the use of optimization algorithms to increase the 

precision of the hydroelectric plant management.  
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