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Summary: Hydrometeorological phenomena present a high spatial and temporal 

variability that increases the difficulty in producing skilful forecasts at the local scale. 

New meteorological models and probabilistic statistical post-processing systems have 

increased the accuracy of both the magnitude and spatial location of the prediction of 

the extreme precipitation events in Europe, contributing to the aim of obtaining 

earlier and accurate flood forecasting, once a precipitation event is predicted. Under 

the framework of the IMDROFLOOD project, a methodology for the precipitation 

forecast has been developed, by combining dynamical and statistical models. 

Particularly, a two-step analog and regression method is applied to each of 50+1 

outputs provided by the ECMWF Ensemble Prediction System in order to estimate the 

precipitation amount for extreme rainfall events. This dynamical-statistical system has 

been developed and tested for nine sub-basins of the Ebro basin, a highly regulated 

basin in NE Spain.  



1. INTRODUCTION 

The aim of this deliverable is to develop a methodology to produce probabilistic 
forecast of accumulated rainfall for a forecast horizon of 15 days. This methodology 
has been developed and validated in nine different sub-basins of the Ebro River. And 
its general purpose is to improve the rainfall forecasts in order to handle efficiently 
potential dangerous flooding situations. 

The Ebro watershed is one of the most important ones of the Iberian Peninsula. The 
river has a length of 930 km and it has an area of drainage basin of 80093 km2 and 
discharges to the Mediterranean Sea an average of 426m3/s. The nine studied sub-
basins are of tributaries which belong to the left margin of the Ebro river: Aragón, Ara, 
Cinca, Esera, Gállego, Muga, Noguera, Segre and Ter. 

Note that this probabilistic forecasting is for accumulated rainfall, that is, if, for 
example, we want to forecast the precipitation of the next seven days, not only the 
precipitation that falls the seventh day, but the accumulated precipitation of the next 
seven days. So, for each day to study, we will produce accumulated precipitation 
forecast for each one of the forecasting horizons. The accumulated precipitation 
forecast is provided in terms of amounts of precipitation corresponding to different 
probabilities of occurrence: 5, 10, 25, 50, 75, 90 and 95% (or 0.05, 0.1, 0.25, 0.5, 0.75, 
0.9 and 0.95 quantiles). 

For getting the probabilistic forecast we will downscale the European Centre for 
Medium-Range Weather Forecasts (ECMWF) Model outputs. A two-step downscaling 
methodology has been developed, where downscaling means that the large scale 
ECMWF Model outputs are used to produce predictions at local scales. In our study, 
the large scales are the general atmospheric situations provided by the Model, and the 
local scales are at the gauge precipitation stations located at every sub-basin. 

 

2. DATA PROVIDED 

2.1. OBSERVED DATA 

The observed data provided for the project consist on rainfall observations from 612 
precipitation gauges located along the nine sub-basins described above. The daily 
precipitation data series expands from 1981 to 2014. Figure 1 shows the spatial 
location of each one of the provided gauges, grouped for every sub-basin (one color 
for each sub-basin). 

 



 

Figure 1: Spatial distribution of the precipitation stations. Each color represents each one of the nine 
studied basin tributaries. 

First of all, we want to study the precipitation of the sub-basin as a whole which means 
that we have to aggregate spatially the data belonging to each sub-basin for 
considering the whole precipitation that falls in the sub-basin each day. This will allow 
us to study the probability of flooding situations in the sub-basin as a whole. But in a 
second step we are going to spatially dis-aggregate these results for every precipitation 
gauge which will allow us to study the spatial distribution of the precipitation inside 
every sub-basin. 

So, given a set of observations of a particular sub-basin, a grid of daily values has been 
generated and all those values of the grid have been aggregated in order to obtain a 
unique daily value of precipitation for each sub-basin. The precipitation of each station 
has been weighted by the area of influence of the observatory using Voronoi polygons 
(see Figure 2 for an example for the Aragón basin), that is, the precipitation of each 
station contributes to the total precipitation of the basis proportionally according to 
the ratio between its area of influence and total area of the basis. With this method we 
can build a temporal data series with the total precipitation fell on the basin. 

 



 

Figure 2: For the Aragón basin, provided precipitation gauges (blue points) and areas of influence of each 
gauge inside the basin, calculated with Voronoi polygons. 

 

2.2. ECMWF: PROBABILISTIC FORECASTS 

The ECMWF does not does not produce one real probabilistic forecast, that is, a kind of 
forecast whose outcome is a probability – it does not exist a meteorological model 
which outcome is a probability. Instead of that, the same meteorological model is run 
under different initial conditions and different temporal parametrizations which 
provides us different but similar forecasts. This group of forecasts is known as 
“Ensembles”, and the ECMWF produces 50 of them and a “control” forecast. 

Let’s see what the ECMWF says about this method and about its own implementation 
(for more details, see https://www.ecmwf.int/en/about/media-centre/fact-sheet-
ensemble-weather-forecasting) in their own words: 

An ensemble weather forecast is a set of forecasts that present the range of future 
weather possibilities. Multiple simulations are run, each with a slight variation of its 
initial conditions and with slightly perturbed weather models. These variations 
represent the inevitable uncertainty in the initial conditions and approximations in the 
models. They produce a range of possible weather conditions. 

https://www.ecmwf.int/en/about/media-centre/fact-sheet-ensemble-weather-forecasting
https://www.ecmwf.int/en/about/media-centre/fact-sheet-ensemble-weather-forecasting


By generating a range of possible outcomes, the method can show how likely different 
scenarios are in the days ahead, and how long into the future the forecasts are useful. 
The smaller the range of predicted outcomes, the ‘sharper’ the forecast is said to be. 
Good ensemble forecasts are not just as sharp as possible but also reliable. If a reliable 
forecast says that there is a 70% chance of top temperatures rising above a certain 
threshold, then in 70% of cases when such a forecast is made temperatures will indeed 
rise above that threshold. 

ECMWF produces 51 forecasts. One of these is known as the control forecast and is 
produced with the best available data and unperturbed models. The other 50 are each 
produced with slight perturbations of initial conditions and of the models. Taken 
together the forecasts become the ensemble, which shows the range of possible 
outcomes and the likelihood of their occurrence. 

The output of the ECMWF provides not only the variable that affect the human 
activities (in our case, the surface precipitation) but also the meteorological fields that 
describe the atmosphere at a wide extension and at different heights – this wide 
meteorological fields are the fields that we are going to downscale for providing our 
own forecast. Following the Ensembles strategy, we will produce several forecasts 
which will allow us to produce a probabilistic forecast. 

 

2.3. ECMWF: REANALYSIS 

For running our methodology we need an historical database of the meteorological 
fields that describe the atmosphere. That database is a “reanalysis”, a comprehensive 
record of how weather and climate are changing over time. In a reanalysis, all available 
meteorological observations and a numerical model that simulates the atmospheric 
system are combined to generate a synthesized estimate of the state of the entire 
atmosphere. 

For our work, we have used the ECMWF’s ERA Interim reanalysis model, which 
describes the atmosphere conditions from 1979 to nowadays, although we have used 
its data only until 2015 (we don’t need most recent data as our observed data expands 
until 2014). 

 

3. METHODOLOGY 

The probabilistic prediction is generated by a two-step downscaling method based in 
analogues which uses the 50+1 ECMWF Ensembles and the 30 most analogous days 
provided by the ECMWF ERA-Interim reanalysis model for each ensemble. The 
predictions are generated every day for a horizon forecasting of 15 days, and with 
different thresholds of probability for each forecast. 

 



3.1. DAILY STATISTICAL DOWNSCALING 

There are two ways of making a downscaling, dynamical and statistical: 

1. Dynamical downscaling requires running high-resolution meteorological models 
on a regional sub-domain, using a lower-resolution meteorological model 
output as a boundary condition. These high-resolution models use physical 
principles to simulate local climates (that is, they try to resolve the differential 
equations that describe the atmosphere in both temporal and spatial scale) so 
they are computationally intensive. They are spetially useful in areas where 
there are no observational data because there are no meteorological stations 
or because there are but they do not measure the meteorological variable to 
be forecasted. 

2. Statistical downscaling searches the statistical relationships between local 
meteorological variables and large-scale atmospheric predictors (so it needs an 
historical database of observed data and atmospheric variables) and then 
applies those relationships to the output of meteorological models to simulate 
local meteorology. It cannot be used if there are no historical data, but, if there 
are, is more accurate that dynamical downscaling and requires a lesser 
computational effort than dynamical. 

The developed methodology is a statistical downscaling, adapted to the requirements 
of the IMDROFLOOD project. It is based in a two sperp analogue/regression 
methodlogy (previosuly developed by the thechnical team of METEOGRID, Ribalaygua 
et al., 2013). Figure 3 shows a diagram of how the methodology works. 

 

 

Figure 3: Diagram of the used statistical downscaling methodology. 



Our methodology is a statistical downscaling with two steps based in analogues. Let’s 
see how it is implemented and what means each one of the two steps: 

1. First step: search for analogs. If we have a problem day whose precipitation we 
want to predict, we can characterize that day using its wide-scale atmospheric 
fields and then searching for other similar days with similar values of theirs 
wide-scale atmospheric fields. These similar days are what we call “analog” 
days, and we can suppose that similar days will produce similar amount of 
precipitation (the variable that we really want to forecast). The wide-scale 
fields we are going to use are winds at 500 and 1000 hPa heights, our problem 
day will be characterized with the ECMWF Ensembles and we will search into 
the 30 more analogous days of the ECMWF historical reanalysis. We can see 
this in the point 1 of figure 3. 

2. Second step: estimating the amount of precipitation. When we have our 
analogs, we can estimate the amount of precipitation in several ways (for 
example, as the mean of the precipitation of those 30 days). But we use a 
transfer function based in the empirical function of distribution of precipitation 
for estimating it and we correct the final amount by using the relative humidity 
(Q) at 700 hPa. We can see this in the point 2 of figure 3. 

With this two-steps method, we can obtain predictions for the 50 ECMWF ensembles 
based in the 30 most analogue days for every ensemble, that is, 1500 (50*30) possible 
values of precipitation. But we collapse these 1500 values by sorting these values and 
making 50 groups of 30 values, so at the end we can provide 50 different forecasts – as 
ECMWF ensembles also provide 50 forecasts. We can see this in the point 3 of figure 3. 

 

3.2. PROBABILISTIC FORECAST OF ACCUMULATED PRECIPITATION 

We have just seen how to forecast precipitation for one day. But for forecasting 
accumulated precipitation, as in our project, we have to modify the general 
methodology for being able of predict accumulated precipitation. The way we proceed 
is: 

1. Forecasting First day. The 50 ECMWF Ensembles and their respective 30 
analogous days are selected, so we have a total of 1500 analogous days. The 
1500 analogous days are ordered by rainfall amount and the probabilistic 
prediction is the probability P which belongs to the percentil P considering the 
1500 cases. 

2. Forecasting Second day. Since the goal is to obtain accumulated rainfall 
predictions, the prediction obtained for the day 1 must be taken into account 
for the prediction of the day 2. So we take the 30 analogous days of each 
ECMWF ensemble of the first day (the previous day) and combine each one 
with its own analogues for the second day, that is, now we have 900 (30 * 30) 
analogs for each ensemble, which we sort and group in 30 groups, having now 
(again) 30 analogs for every ensemble. Now we have the accumulated 
precipitation for each ensemble for this second day. 



3. Forecasting Third day. Since the goal is to obtain accumulated rainfall 
predictions, the prediction of accumulated precipitation obtained for the day 2 
must be taken into account for the prediction of the day 3. So we take the 30 
grouped analogous days of each ECMWF ensemble of the second day (the 
previous day) and combine each one with its own analogues for the third day, 
that is, now we have 900 (30 * 30) analogs for each ensemble, which we sort 
and group in 30 groups, having now (again) 30 analogs for every ensemble. 
Now we have the accumulated precipitation for each ensemble for this third 
day. 

4. Next days, up to 15 days of forecasting, follow the same schema. 
 


