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2 ABBREVIATIONS AND UNITS
Abbreviations:
API: Application Programming Interface
DWD: “Deutscher Wetterdienst” (name of the German meteorological office)
ECMWF: European Centre for Medium-Range Weather Forecasts
ECEC : ECMWF Ensemble Control
ECHR : ECMWF High Resolution
GCP: Google Cloud Platform
MAE: Mean Absolute Error (nMAE: normalized MAE)
MBE: Mean Bias Error (nMBE: normalized MBE)
MFAO : Météo-France AROME
MFAP : Météo-France ARPEGE
MOS : Model Output Statistics
NWP: Numerical Weather Prediction
UTC : coordinated universal time
WMO: World Meteorological Organization
Units:
°C: Degree Celsius
K: Kelvin
J/cm² : Joules per square centimeter
m/s : meters per second
W/m² : Watts per square meter

3 EXECUTIVE SUMMARY
Task 4.3 of ISLANDER was dedicated to improved weather forecasting: the objective of this
task is to deliver the best performing forecasts of weather variables that have a significant
effect on both energy consumption (which is especially affected by outside air temperature)
and energy production (solar energy being mainly dependent on solar irradiance at ground
level and wind energy on wind speed of course). The present work was therefore focused on
the three weather variables listed previously. The objective is to develop a 7-days ahead
forecast (lead time from +0 to +168hours) with an hourly granularity for the three weather
variables, with the further aim of improving the forecast of energy consumption, production
that are tackled in other tasks of the WP4.
In a first main step of the study historical data was collected from 3 main sources : (i) DWD (the
German meteorological office) for historical values of in-situ measurements of weather
parameters from different weather station on the Borkum island and the nearby Norderney
islands; (ii) Météo-France (the French meteorological office) for historical NWP (Numerical
Weather Prediction) forecasts from two different operational models, namely AROME and
ARPEGE; (iii) ECMWF (the European meteorological office) for historical NWP forecasts from
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two different models (a “High resolution” one here shortened ECHR and the control version
of an Ensemble forecast here named ECEC).
More than 4 years of historical data (from January 2018 to June 2022) was collected for in-situ
measurements and for the third parties NWP forecasts. The pre-treatment and analysis of this
input data was very straightforward thanks to the high standards of data quality applied by all
three providers: no filtering or altering process (except for physical unit changes) of any sort
had to be applied to the collected data. At this point a first study consisted in comparing the
external NWP forecasts to the in-situ measurements for the three variables of interest
measured on the Borkum island (except for the irradiance: the measurements used in this
study correspond to records from the nearby Norderney island as the irradiance is not
measured in the weather station located on Borkum itself). The results have shown that, for
all variables the AROME forecast outperforms the three others which seems consistent since
AROME is a high-resolution short term regional model (the forecasts have a maximal horizon
of 42h). For higher lead-times the performances of the three other models ARPEGE, ECHR and
ECEC depend on the lead time and the variable under consideration.
In order to deliver locally improved forecasts of air temperature, wind speed and solar
irradiance for the Borkum island, this study proposed 2 approaches: a first one using pure
machine learning techniques (i.e. statistical models trained on historical data to deliver better
future forecasts), and a second method relying on a dynamic weighted of the third parties
NWP forecasts.
After cautious selection of the machine learning models and hyperparameters, two Multilayer
Perceptron models (neural networks) have been chosen to forecast the air temperature and
the wind speed, while a support machine vector regressor was chosen to forecast solar
irradiance. In the final test, these models were trained on data from 2018 to 2021 and tested
on data from the first 6 months of 2022. On average, the machine learning models are able to
outperform all NWP models in terms of mean absolute error (MAE) and, with a few exceptions,
also reduce the mean bias error (MBE). With a one-to-one comparison, the ML model for wind
speed outperforms the NWP models by 35 to almost 50% (in terms of MAE). For air
temperature the ML models improved the MAE by 12% relative compared to AROME and
around 30% relative compared to the other 3 models. Finally for the irradiance the reduction
of MAE was lower: around 9 to 12% improvement compared to the NWP forecasts.
On the contrary, the dynamic weighing approach did not allow to outperform all NWP models.
The results showed an improvement of the MAE of the temperature variable for short term
horizons (until 42 hours) only.
As a consequence of the observed results, in operational conditions the ML models will
be favoured each time they are available: indeed, the ML models will only render consistent
results if all 4 external forecasts and the in-situ measurements are all available. In case of data
collection failures of one of the sources of data the forecast will “switch” to the dynamic
weighting model as it is more robust (it remains operational even if one or several NWP
forecasts are missing).
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4 INTRODUCTION
The Task 4.3, “weather forecasting” is an essential element of WP4, namely “Improved multiscale forecasting” of the Islander project. As written in the project proposal, “weather
conditions have a great impact both on the renewable generation and on the consumption
profiles. Accordingly, the objective of the partners is to optimally combine the forecasting
data provided by weather forecast model providers (such as ARPEGE and GFS) to the specific
locations of interest, so the best possible accuracy is achieved.”
Weather variables have a crucial impact on other variables such as intermittent renewable
production and consumption. For instance, instantaneous wind turbine power output is
strongly correlated to wind speed: the higher the wind speed, the higher the power output.
Therefore, to achieve a precise wind energy production forecast, it is essential to select or
calculate the most accurate wind speed forecast.
Other forecasting modules relies on weather variables such as electrical consumption
(temperature is the most important one), photovoltaic energy production (irradiance is the
most important one), etc.
It is important to highlight that the purpose of task 4.3 is not to develop a fully independent
weather forecasting model but to locally improve existing forecasts from meteorological
forecast providers. Efforts will be focused on three main weather variables: air temperature
(at 2m above ground), wind speed (at 10m above ground) and solar irradiance at ground level.

5 CONTEXT AND OBJECTIVES
5.1 Objective of the task and deliverable
According to the ISLANDER project proposal, the module developed in task 4.3 of WP4 “will
optimally combine the extensive forecasting data provided by main weather forecast model
providers (such as ARPEGE and GFS) to the island of Borkum, so the best possible accuracy is
achieved. Given the influence of the weather conditions (temperature, sun, wind, etc) on the
other on the other forecast modules within this WP, the weather forecasting module will feed
the rest of the tasks of this WP.”
Three steps have been suggested in the proposal:
❖ “Step 1: Selection of main weather forecast model providers in Borkum.
❖ Step 2: Analysis of forecasting data and related errors.
❖ Step 3: Development of the weather module as the best aggregation of model
forecasting data providers.”
The objective of the deliverable is to explain the work that has been carried out in the task 4.3
to reach better weather forecast performances.
This deliverable is organized as follows: first, a general overview of weather observations and
forecasting is described in section 5.2. In section 6, the focus is on model input data. Second,
the methods used in this study are detailed in section 7. Third, the accuracy metrics are
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displayed, results are analysed and discussed. Finally, we conclude the deliverable and give
directions to future work.

5.2 Background
5.2.1 Weather observations
Weather observations are at the core of modern meteorology and are provided by a range of
different methods and tools, for instance ground measurements in weather stations, satellite
imagery, weather balloons, radars, etc.
All these observations are used to describe the current state of the atmosphere, constitute
historical records and statistics, but also to anticipate future evolutions at “short” timescales
(weather prediction, see next paragraph) and “long” timescales in the case of climatology.
As it will be explained later in this report, all of the work carried out in the ISLANDER project
regarding meteorological data was linked solely to ground measurements in weather stations.
Some basics about these stations will therefore be recalled here.
Weather observations at ground level have been carried out for decades (or sometimes
centuries) in European countries according to varying national standards. Thankfully, modern
observations are nowadays standardized by the guidelines set by the World Meteorological
Organization (WMO) an entity of the UN. The guidelines for ground weather stations are in
particular depicted in the book Guide to meteorological instruments and methods of observation
[1] (last edition in 2018). Ground weather stations usually give measurements for the following
weather parameters (non-exhaustive list): air and soil temperature, atmospheric pressure,
humidity, wind speed and direction, precipitation, snow cover, solar radiation.
Detailed information about the measurement tools and methods will be given later in the
report when discussing each variable of interest.

Figure 1 Picture of a ground weather station (here in Lyon-Bron, France) with several instruments
disseminated.

5.2.2 Numerical Weather Predictions (NWP)
NWP focuses on predicting multiple weather variables such as the most common ones
(temperature or wind speed), but also more specific ones (cloud cover, wind gust speed, etc.).
The purpose of NWP providers is to predict the future evolution of weather and anticipate
extreme events. Weather prediction has countless applications from predicting the risk for
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mountain hiking to protecting people from storms.
Numerical weather predictions work using observational data to assess the “current” state of
the atmosphere and applying advanced mathematical methods on them to simulate future
states. Mathematical models are based on physical principles and manipulate large and
complex sets of data. Multiple weather providers exist in the world at different scales
(European, national, local, etc.) as shown in Figure 2.

Figure 2 WMO map of the global data processing and forecasting system centers in the world updated in
July 2021 [2]

A short introduction to weather forecasting and NWP is for instance available in [3]. A very
rough idea of their internal working is illustrated in Figure 3 : NWP use a discretization of the
atmosphere and a representation of different physical phenomena happening in the
atmosphere to predict its future evolution. NWP results are usually made available on a grid
using 3 dimensions: latitude, longitude, altitude. The outputs of the model are characterised
by the spatial resolution, meaning the distance in between two geographical points of the
output grid. For example, a resolution of 0,1° corresponds to a square of 15 km (at the latitude
of Borkum). The smallest grid is 0,01°.
The temporal resolution of the NWP result is usually hourly for short term forecasts while
longer terms (several days) forecasts are usually available as 3-hourly or even 6-hourly
forecasts.
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Figure 3 Representation of a NWP grid showing latitude, longitude and altitude, and examples of physical
processes that are modelled (Source : Wikipedia [4])

NWP centers can run various model configuration. Every forecasts have a prediction error due
to the complexity of the atmosphere (the system is chaotic), the lack of precision of the
observational data and initial conditions, and the model inherent error [5].
As a result, ensemble forecasting has been developed. The purpose is to predict a range of
possible future states of the atmosphere. The uncertainty is measured and the possible
alternatives to that forecast are depicted (a more detailed description will be done later in the
report).

Figure 4 Screenshot of a weather newscaster in France.
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6 DATA
6.1 Meteorological data and providers
6.1.1 Weather measurements
Meteorological measurement data used in the frame of the ISLANDER project was acquired
from the German meteorological office, namely DWD (Deutscher Wetterdienst). DWD
operates several hundred weather stations in Germany [6] and, importantly, publishes all
measurement records as open data on their own website1. All listed stations are operated
according to the World Meteorological Organization (WMO) guidelines [7].
Of interest in the frame of the ISLANDER project are especially three stations located close to
the Borkum island:
- Norderney (station ID 3631) weather station: located on a neighbouring island, it is the
weather station closest to Borkum island where all standard weather variables are
measured.
- Borkum-Süderstrasse (station ID 619): located on the island, close to the South-east
coast of the island.
- Borkum-Flugplatz (station ID 7373): located on the island close to the Airport.

Figure 5 Map showing the Borkum and Norderney islands and some geographical points of interests in the
frame of this work.

Measurements are available with varying granularities (or temporal resolution), in the frame
of the project we are mainly interested by hourly and 10-minute granularity data. DWD records
are split among different variable packages depending on the granularity, Table 1 gives a list
of the available packages and the parameters they contain.

1
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Granularity

1H

10min

Package
code

Package
name

Variables

CS

Cloud type

Total cloud cover, Total cloud cover indicator, Cloud type (layer 1 to
4), Cloud height (layer 1 to 4), Cloud type abbreviation (layer 1 to 4)

EB

Soil
temperature

2cm depth soil temperature, 5cm depth soil temperature, 10cm
depth soil temperature, 20cm depth soil temperature, 50cm depth
soil temperature, 1m depth soil temperature

F

Wind

Wind speed, wind direction

FF

Wind
synoptic

Wind speed, wind direction

N

Cloudiness

Total cloud cover, Total cloud cover indicator

P0

Pressure

Pressure air sea level, pressure air station height

RR

Precipitation

Precipitation height, Precipitation indicator, Precipitation form

SD

Sunshine
duration

sunshine duration

ST

Solar

Longwave solar radiation, Shortwave solar diffuse radiation, Global
solar radiation, Sunshine duration, Sun zenith angle

TD

Dew point

2m air temperature, 2m dewpoint temperature

TF

Moisture

Absolute humidity, Vapor pressure, temperature wet, air pressure,
2m air temperature, humidity, 2m dewpoint temperature

TU

Air
temperature

2m air temperature, Humidity

VV

Visibility

Visibility indicator, visibility

ff

Wind

Wind speed, wind direction

fx

Wind
extreme

Max wind gust speed, Min wind speed, Rolling mean max wind
speed, Wind direction at max velocity

rr

Precipitation

Precipitation duration, Precipitation height, Precipitation indicator

sd

Solar

Diffuse sky radiation, Global solar radiation, Sunshine duration,
Longwave sky radiation

tu

Air
temperature

Pressure air station height, 2m air temperature, 5cm air
temperature, 2m dewpoint temperature, Humidity

tx

Extreme
temperature

2m max air temperature, 5cm max air temperature, 2m min air
temperature, 5cm min air temperature

Table 1: List of DWD weather variables package for the hourly and 10min granularities

Table 2 gives more detailed information about the three weather stations of interest and the
observations performed on each of them (all this information is available on the DWD open
data platform).
Station
Station ID (DWD
nomenclature)
Coordinates (latitude,
longitude)
Altitude above sea level
Available packages

Norderney

Borkum-Süderstrasse

Borkum-Flugplatz

3631

619

7373

(53.7123, 7.1519)

(53.5788, 6.6703)

(53.5984, 6.7024)

11.47 m

11.60 m

3.00 m

All

1H granularity: CS, N, RR,
SD, TD, TU
10min granularity: rr, sd,
tu, tx

1H granularity: F, FF
10min granularity: ff, fx

Table 2: Detailed information for the three weather stations of interest

In the frame of the ISLANDER project, we will focus more particularly on a subset of weather
variables, namely: (i) air temperature, (ii) wind speed, (iii) global solar radiation. Specific details
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about the measurement of these variables have to be taken into account before further data
analysis.

6.1.1.1 Air temperature
Measurements of air temperature are carried out using thermometers (here “Resistance
Temperature Detectors”) located 2m above ground level. The measurements are automatic
and values correspond to:
- Hourly data: each value (taken at the top of the hour) actually corresponds to the 1min average value ending 10min before the timestamp, for instance the air
temperature at timestamp 15:00:00 is the average value between 14:49:00 and
14:50:00.
- 10-minute granularity data: each value (at regular “round” 10min intervals)
corresponds to the average reading for the 1 minute ending at the timestamp, for
instance the air temperature at timestamp 15:10:00 is the average value between
15:09:00 and 15:10:00.
Values are reported by DWD in Kelvin, a simple conversion (shift of the values by a constant
value of -273.15°C) is performed to instead work with Celsius degrees. Achievable uncertainty
for air temperature measurements is 0.2°C according to WMO guidelines [1]. Recordings used
for this variable are the ones measured at the “Borkum Flugplatz” weather station.

Figure 6 Evolution of the air temperature at 2m at the Borkum Flugplatz weather station in January and
June 2020 (1h granularity data is shown).

Figure 7 (left) Histogram and (right) monthly box plots of air temperature measurements (1h granularity)
at Borkum Flugplatz from 2018 to 2021.
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6.1.1.2 Wind speed and direction
Measurements of wind speed and wind direction are carried out using sensors (here 2D
ultrasonic anemometers) located 10 m above ground level. The measurements are automatic
and values correspond to:
- Hourly data: each value (taken at the top of the hour) corresponds to the average of
the six 10 min interval averages in the previous hour, for instance the wind speed at
timestamp 15:00:00 is the average of the six 10-min intervals between 14:00:00 and
15:00:00.
- 10-minute granularity data: each value (at regular “round” 10 min intervals)
corresponds to the 10 min average of the period ending at the timestamp, for instance
the wind speed at timestamp 15:10:00 is the average value between 15:00:00 and
15:10:00.
Wind speed measurement uncertainty limit according to WMO guidelines are 0.5 m/s for
speeds below 5 m/s and 10% above 5 m/s. Achievable uncertainty for wind direction
measurements is 5° (the averaging over temporal periods is done on cartesian components).
Recordings used for this variable are the ones measured at the “Borkum Süderstrasse”
weather station.

Figure 8 Evolution of the wind speed at 10m at the Borkum Süderstrasse weather station in January and
June 2020 (1h granularity data is shown).

Figure 9 (left) Histogram and (right) monthly box plots of wind speed measurements at 10m above ground
(1h granularity) at Borkum Süderstrasse, from 2018 to 2021.
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6.1.1.3 Global solar radiation
Pyranometers are used to measure global solar radiation at ground level. Reported values
actually correspond to an energy per unit area (horizontal plane), which is the sum of the
incoming power per unit area (in W/m2), also called solar irradiance, over a time period. Notice
that these measurements correspond to “shortwave” radiation (solar spectrum up to the
2.8µm wavelength, as opposed to longwave irradiance measurements i.e. thermal radiation).
The measurements are automatic and correspond to:
- Hourly data: hourly sum of global solar incoming radiation in J/cm² (over the previous
hour: the value reported at timestamp 14:00 corresponds to the sum between 13:00
and 14:00)
- 10-minute granularity data: 10min sum of global solar incoming radiation in J/cm² (over
the previous period).
The global incoming radiation includes the direct and the diffuse part of the solar radiation
with respect to the horizontal plane. According to WMO guidelines the achievable uncertainty
is 8% for hourly values.
Recordings used for this variable are the ones measured at the “Norderney” weather station
as no DWD weather station is equipped to report irradiance measurements. Hourly sums of
radiation (in J/cm²) are here converted to hourly average irradiance (in W/cm²).
Norderney

Figure 10 Evolution of the global solar irradiance at ground level at the Norderney weather station in
January and June 2020 (1h granularity data is shown).
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Figure 11 Histogram of global solar irradiance measurements (1h granularity) at Norderney from 2018 to
2021.

Figure 12 Hourly box plots of the global solar irradiance at ground level at Norderney weather station for
all the months of 2021.

6.1.1.4 Quality indicators and levels
Each measurement provided by DWD for its stations is accompanied by a quality value,
according to the Table 3. Values that are identified as “wrong” thanks to the quality processes
are not given in the open datasets.
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3- automatic control and correction;
5- historic, subjective procedures;
7- second control done, before correction;
8- quality control outside ROUTINE;
9- not all parameters corrected;
10- quality control finished, all corrections finished.

3- ROUTINE automatic control and correction with
QUALIMET

Table 3 : Description of the quality levels for DWD weather observations at a granularity of 1H or 10min.

Norderney

Borkum Flugplatz

Borkum Süderstrasse

Table 4 : Summary tables of the quality levels for all the hourly measurements of the three weather
stations of interest in this study in the period 2018-2021.

Table 4 shows that for most of the parameters the percentage of missing data in the 20182021 is below one percent, with an exception of particular interest for us about the global
radiation measured at Norderney where more than 3.5% of the data is missing. In addition,
most of the parameters show a consistent dataset (in most of the cases more than 95% of the
available time series data has an identical quality level, with the exception of the wind direction
and speed measured at Norderney and Borkum Süderstrasse.
Nevertheless, this analysis of the quality levels plus the detailed study of the values for the 3
parameters of interest (as carried out in section 6.1.1) shows that no specific cleaning or
filtering strategy needs to be applied to the DWD observations datasets in the frame of our
study.

6.1.2 Forecasts
6.1.2.1 Weather forecast providers
The forecast data studied in the frame of the Islander project are collected from two providers
namely ECMWF and Météo-France.
• ECMWF (European Centre for Medium-Range Weather Forecasts) is an independent
intergovernmental organisation composed by 35 states created in 1975. They calculate
and disseminate multiple types of forecast data. Another specificity is that they make

Page | 17

This project has received funding from the
European Union’s Horizon 2020 research
and innovation under grant agreement
No. 957669

Deliverable 4.3: Weather forecasting model
Version 3.0
© ISLANDER consortium | public document

•

available their super calculator for members2.
Météo-France is the official French provider of meteorological predictions. This public
organisation aims at providing services to better understand, manage and anticipate
weather variations.

It has been decided to work with those two providers as:
1- They are reliable and well known in the sector.
2- BCM’s data scientists are familiar with Météo-France data,
3- The data is free of charge (however, storing the data is not free): for the ECMWF
provider, data is made available for free in the frame of European research projects.
4- There are already several years of Météo-France data available in BCM’s databases.

6.1.2.2 Characteristics of each provider forecasts
Each provider runs multiple models for different applications. Among the available forecasts,
four of them were selected:
• AROME and ARPEGE from Météo-France as forecasts from these two models where
available in Borkum. ARPEGE being a global model and AROME a regional high
resolution model it was considered interesting to include them both. (Notice that
these models also have an ensemble counterpart but here only the “deterministic”
forecasts have been used).
• HRES and ENS from ECMWF because forecast types are complementary: one is
deterministic, the other is the control forecast of an ensemble model. It was
interesting in this study to compare them.
To make it simpler for the reader, short aliases are given to each model in Table 5.
NWP forecast data results each have their own characteristics according to the provider and
the model, in particular the following aspects need to be taken into account:
• Model type (deterministic or ensemble model):
o A deterministic forecast is made of only one set of outputs obtained using the
“best” initial conditions available for each run.
o An ensemble forecast is the estimate of the future state of the atmosphere and
how it can evolve in multiple ways if an error in the initial state occurs: the
ensemble forecast consists of a control version plus perturbed variants. The
goal is to calculate many forecasts according to the possible atmospheric
evolutions (see Figure 13).
• Forecasted variables: depending on the model, different weather variables are
computed (with some models several tens of parameters may be predicted). Variables
are usually categorized as a function of their localization: some variables are computed
at surface (ground) level, other variables are computed at isobaric or identical altitude
(above ground) levels.
• Spatial characteristics:
o Model outputs are usually made available on global grids (for global models) or
subgrids of the modelled geographical domain.
o The “lateral” resolution of the grids is usually identical in latitude and longitude
(for instance 0.5°x0.5° grids).
o The vertical resolution of the grids differs from one model to another.
2
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•

Temporal characteristics:
o The granularity of a forecast is the time step between two values. It is often 1
hour for NWP data.
o The horizon is the length of the forecast, ranging from short, mid or long term.
The longer the horizon, the lower the accuracy.
o The number of “runs” in a day: an NWP may be published one or multiple times
a day.
o In order to temporally characterize a forecast one has to take several “moments
in time” into account:
▪ The publication date and time (or run start time) the point in time when
the forecast is computed, for simplicity we usually use the run start time
as a reference for the publication time.
▪ The forecast time, i.e. the time at which the weather parameters are
forecasted. For instance on June 1st 2022 at 00h UTC (the publication
date and time) an ECMWF run has started for the high resolution model,
and allows us to know the temperature of the air in Borkum on June 7th
2022 at noon (the forecast time).
▪ Notice that another time should be taken into account depending on
the performed analysis which is the dissemination time: despite using
supercomputers NWP forecasts require several hours to run, so that a
run computation started at midnight may be disseminated, i.e. made
available to third parties, only at 4 in the morning or even later
depending on the provider.

Figure 13 Scheme of an ensemble forecast [8]

As an example to illustrate the points, ARPEGE forecast runs 4 times a day at 00h, 06h, 12h
and 18h (UTC). Each of the run has a granularity of 1 hour and a fixed horizon of 102, 72, 140,
and 60 hours respectively (Figure 14).
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Figure 14 Diagram of the forecast data from ARPEGE provider showing the 4 runs published every
day. To make the graph more readable, the plotted variable is the precipitation, which is a cumulative
variable

The four forecasts of interest in the present study are described in the following tables: Table
5 shows the characteristics of each model studied in the present report, Table 12 presents the
horizon and Table 13 the dissemination hours of each of the 4 models.
Provider

Model

Short
Alias

Grid

Deterministic /
Ensemble

Run times
granularity

(UTC)

and

Link

MétéoFrance

Arpege
(EURAT01)

MFAP

0.1°x0.1°
(around
11.1x6.6 km*)

Deterministic

4 runs: 0h, 6h, 12h, 18h
Granularity: 1h

Link

MétéoFrance

Arome
(EURW1S100)

MFAO

0.01°x0.01°
(around
1.1x0.7km*)

Deterministic

4 runs: 0h, 6h, 12h, 18h
Granularity: 1h

Link

ECMWF

HRES
(Atmospheric
Model
High
resolution)

ECHR

0.1°x0.1°
(around
11.1x6.6 km*)

Deterministic

4 runs: 0h, 6h, 12h, 18h
Granularity: 1h

Link

ECMWF

ENS (Ensemble Atmospheric
Model)

ECEC

0.2°x0.2°
(around
22x13 km*)

Ensemble

2 runs: 0h, 12h

Link

• hourly until step 90h
• 3-hourly from 93h to 144h

Table 5: Characteristics of the NWP models available
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6.1.2.3 Description of the forecast of the 3 main variables studied
Within ISLANDER, the improvement of the forecast is based on the analysis of 3 main variables:
air temperature, wind speed and irradiance. Comparing the forecasted values with the
measures (observations) requires first to understand which data is predicted. In the following
paragraph, the characteristics of the variables calculated by the 4 models will be detailed.
Air temperature forecast
Air temperature can be measured and displayed in various ways according to the weather
source. Height above ground where the measure is performed, instantaneous or mean value,
unit, etc. are parameters than can differ. Table 6 shows the characteristics of each variable
according to the weather provider and Figure 15 displays the histograms of the forecasted
temperature according to the provider.
Provider

Model

Name of the variable – meaning of the data

Link

ECMWF

ECHR /
ECEC

Link

MétéoFrance

MFAO /
MFAP

temperature_2m
“This parameter is the temperature of air at 2m above the surface of land,
sea or in-land waters (K) 2m temperature is calculated by interpolating
between the lowest model level and the Earth's surface, taking account of
the atmospheric conditions. See further information .
temperature_2m
This is the temperature diagnosed at a height of 2m above ground. This
parameter can a priori be compared with measurements made in situ (human
or automatic observation stations).
(instantaneous, K)

link

Table 6 : Characteristics of the collected air temperature forecasts.

Figure 15 Histograms of the temperature according to the provider on data from 01-2018 to 06-2022 on
the location lat = 53.6 and lon = 6.7
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Wind speed and direction forecast
Table 7 shows the characteristics of the wind speed variable according to the weather provider
and Figure 16 displays the histograms of the forecasted wind speed according to the provider.
Provider

Model

Name of the variable – meaning of the data

Link

ECMWF

ECHR /
ECEC

10u (10 meter U wind component)
“This parameter is the eastward component of the 10m wind. It is the
horizontal speed of air moving towards the east, at a height of ten metres
above the surface of the Earth, in metres per second.”

Link u –
Link v

10v (10-meter V wind component)
“This parameter is the northward component of the 10m wind. It is the
horizontal speed of air moving towards the north, at a height of ten metres
above the surface of the Earth, in metres per second.”
“Care should be taken when comparing this parameter with observations,
because wind observations vary on small space and time scales and are
affected by the local terrain, vegetation and buildings that are represented
only on average in the ECMWF Integrated Forecasting System.

MétéoFrance

MFAO /
MFAP

This parameter can be combined with the V component of 10m wind to give
the speed and direction of the horizontal 10m wind.”
(m*s-1, instantaneous)
u-component_of_wind_height_above_ground
This is the zonal component of the horizontal wind (see U-component)
diagnosed at 10 m height above ground (instantaneous, m/s)
v-component_of_wind_height_above_ground
This is the meridional component of the horizontal wind (see V) diagnosed at
a height of 10 m above the ground (instantaneous, m/s)

link

Table 7 : Characteristics of the collected wind speed forecasts.

Figure 16 Histograms of the wind speed according to the provider on data from 01-2018 to 06-2022 on the
location lat = 53.6 and lon = 6.7

Global solar radiation forecast
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Global radiation can be instantaneous or cumulative in a specific interval. It is expressed in
J/cm² or W/m². Table 8 shows the characteristics of the irradiance variable according to the
weather provider and Figure 17 displays the histograms of the forecasted irradiance according
to the provider.
Provider

Model

Name of the variable – meaning of the data

Link
W*m-2)

Link
link

ECMWF

ECHR / ECEC

Surface solar radiation downwards (Instantaneous,

Météo-France

MFAO

Not available

Météo-France

MFAP

Downward short-wave radiation flux
Cumulative (since the beginning of the simulation)
downward solar flux at the surface. Surface solar radiation
downwards
(Cumulative, W*m-2)

Table 8 : Characteristics of the collected irradiance forecasts.

Figure 17 Histograms of the irradiance according to the provider on data from 01-2018 to 06-2022 on the
location lat = 53.6 and lon = 6.7

6.1.2.4 Quality control
Forecast quality can be assessed preliminary by checking the outliers. This work has been done
on the data collected from each of the providers in between January 2018 and January 2022.
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Temperature
Unit: K

MFAP

MFAO

ECHR

ECEC

Mean

283.2

283.2

283.6

283.6

Std

5.6

6.0

5.4

5.5

Min

267.0

263.0

266.8

266.5

Max

308.0

309.2

299.0

302.5

Table 9: Descriptive statistics of air temperature according to the forecast provider, grid point coordinates
(53.6°,6.7°), runs in the period 2021.

Temperature values vary in between 263K (-10,1°C) and 309.2K (36,1K) which are not
incoherent (cf Table 9).
Wind speed
MFAP

MFAO

ECHR

ECEC

Unit: m/s

wind speed
U

wind
speed V

wind
speed U

wind
speed V

wind
speed U

wind
speed V

wind
speed U

wind
speed V

Mean

1.8

1.2

1.6

0.8

1.8

0.7

1.7

0.7

Std

5.6

5.5

4.8

4.7

6.0

5.4

5.6

5.1

Min

-19.7

-19.6

-16.6

-17.8

-20.2

-21.1

-18.9

-2.5

Max

29.8

21.4

24.1

19.6

28.3

21.9

29.3

19.1

Table 10 : Descriptive statistics of wind speed according to the forecast provider, grid point coordinates
(53.6°,6.7°), runs in the period 2021.

Wind speed maximal value is 29,8 m/s (107,3 km/h) which is coherent.
Irradiance
Unit: W/m²

MFAP

ECHR

ECEC

mean

114.2

135.9

135.6

std

202.2

208.0

207.9

min

0

0

0

max

877.5

880.6

889.8

Table 11 : Descriptive statistics of irradiance forecasts according to the forecast provider, grid point
coordinates (53.6°,6.7°), runs in the period 2021.

Finally, the irradiance varies from 0 to 889,8 W/m². There is no negative value, and the
maximum value is lower than the maximum possible. Indeed, according to the World
Metrological Organization (WMO), the maximum irradiance that can be reached is 1367 W/m²
[9]. Therefore, it can be stated that the data is coherent.
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7 METHODS
7.1 Data acquisition
Data is acquired from 3 APIs made available by the providers:
• ECMWF data is collected through their website using ec-code
https://confluence.ecmwf.int/display/ECC;
The access was free of charge in the framework of this European research project.
• DW data is collected through the API or directly on the website
https://wetterdienst.readthedocs.io/en/latest/usage/python-api.html
https://opendata.dwd.de/climate_environment/CDC/observations_germany/climate/
10_minutes/;
• Météo-France data is collected through the API available on their website
https://donneespubliques.meteofrance.fr/?fond=rubrique&id_rubrique=30.

7.2 Data pre-processing
7.2.1 Introduction
Data pre-processing is one block of the overall model. It is required to adapt each variable so
that models can be compared one to another and the model can be applied to the same
variables from different sources.
For instance, parameters such as the unit; cumulative or instantaneous variable must be
homogenised.
It has been chosen not to check the quality of the data as an entry point, because as seen
previously, data quality of observational and forecasted data is very high.

7.2.2 Air temperature
It has been chosen to work with the air temperature as an instantaneous value expressed in
°C. Changes of the unit have been performed on the dataset.

7.2.3 Solar irradiance
The following functions have been implemented:
• Transformation of the cumulative values in instantaneous values;
• Transformation of the unit from J/m² to W/m²;
Irradiance values have specificities because the upper limit of hourly values can be restricted
in a theoretical manner thanks to the clear-sky irradiance [10] that, in first approximation,
mostly depends on the position of the sun in the sky: values of actual ground irradiance can be
theoretically capped by the clear sky irradiance value (in particular this value is null during night
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hours).
Clear sky irradiance is calculated in the model using the pvlib library [11]. A function detecting
when the average irradiance should be 0 is coded according to the simulation done by pvlib.

7.2.4 Wind speed
Wind speed is calculated combining the u component of the wind speed to the v component
through the formula:
𝑤𝑖𝑛𝑑𝑆𝑝𝑒𝑒𝑑(𝑡) = √u(t)2 + 𝑣(𝑡)²
The unit chosen to work with is m/s.

7.3 Data analysis
7.3.1 Comparing measurements with NWP forecasts
In this part, a comparison of the available NWP forecasts from third parties (two
forecasts from Météo-France and two from ECMWF) with the actual measurements made on
DWD weather stations on Borkum island (or the neighbouring Norderney island for irradiance
measurements) is done.

7.3.1.1 Making forecasts “dissemination aware”
This comparison on a historical dataset is made subtle due to the problematic of the
dissemination delay, i.e. the time lag between the instant the NWP run is launched and the
(later) instant in time when it is made available to users. For instance, Météo-France launches
an ARPEGE run at 00h (UTC) in order to forecast the evolution of the weather until 102 hours
later (4 days and 6 hours). However, the results of this run are only made available around 3 to
4 hours later3. Three main consequences arise:
- The first few hours of a forecast run can NOT be used in operational conditions. (For
instance, the 00h run from ARPEGE is made available at 3h50 UTC therefore the
forecasts for hours 0 to 3 are not actually usable.)
- The maximal time horizon of a forecast is reduced by the dissemination time. (For
instance, the 00h run of the ARPEGE model forecast has a useful horizon of 98 hours
instead of 102.)
- The actual time horizon of the forecast needs to be corrected by the dissemination
time. (For instance, the forecast of the 00h run from ARPEGE for the hour 13 is made
available 9 hours before, and not 13 hours before).
As a result, the comparison between measurements and forecasts of weather
parameters can be made using two approaches:
1) A first approach is to use an historical forecast dataset “as is” (not taking the
dissemination time into account) and therefore evaluating the forecast error in an
“ideal” scenario. This method is not fully relevant for operational configuration but
still may give interesting information about the forecast by giving a sort of lower
bound for the forecast error.
2) A second approach consists in transforming the forecasts by taking the
3

https://donneespubliques.meteofrance.fr/client/document/doc_arpege_pour-portail_20190827_249.pdf
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dissemination time into account, by delaying the runs and removing values that are
actually not available.
In this report, except when stated otherwise, method 2 is always applied as it allows to
evaluate the model performances “as if” they had been used in operational conditions.
Illustrations to depict the process are available in the appendix of the part 12 of this report.
Runs and their horizons (all values in hours)
Models
MétéoFrance

ECMWF

00h (UTC)

06h (UTC)

12h (UTC)

18h (UTC)

AROME

0 to 48 by 1h-steps

0 to 42 by 1hsteps

0 to 42 by 1hsteps

0 to 36 by 1hsteps

ARPEGE

0 to 102 by 1hsteps
0 to 90 by 1h steps
93 to 144 by 3h
steps
150 to 240 by 6 h
steps**

0 to 72 by 1hsteps
0 to 90 by 1h
steps*

0 to 114 by 1hsteps
0 to 90 by 1h
steps
93 to 144 by 3h
steps
150 to 240 by 6
h steps**

0 to 60 by 1hsteps
0 to 90 by 1h
steps*

0 to 90 by 1h steps
93 to 144 by 3h
steps
150 to
360 by 6 h step**s

0 to 90 by 1h
steps
93 to 144 by 3h
steps

0 to 90 by 1h
steps
93 to 144 by 3h
steps
150 to
360 by 6 h
steps**

0 to 90 by 1h
steps
93 to 144 by 3h
steps

ECMWF
High
resolution

ECMWF
Ensemble
control

*This run is not used in this study
**Only data until +168h has been collected in the frame of the study
Table 12: Details of the forecast horizons and granularities for each run of NWP forecasts used in this
study.

Runs and their real-time availability (UTC time)
Model
MétéoFrance
ECMWF

00h

06h

12h

18h

AROME

02h45

11h10

15h55

23h10

ARPEGE
ECMWF High
resolution**

03h50

10h35

15h25

22h35

6h55

12h12*

18h55

00h12*

ECMWF
Ensemble
control**

07h20

19h20

00h52

12h52

*This run is not used in this study
**ECMWF data dissemination is actually done progressively, hours accounted here are valid for the
dataset of interest in this study
Table 13: Details of the dissemination times for each run of NWP forecasts used in this study.

7.3.1.2 Filling missing values
A last step that has been implemented is the filling of missing values in the forecasts. Two
methods are successively applied:
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1) A first method consists in filling holes in a given forecast run using a simple linear
interpolation method. This method only fills “internal” holes in the data (i.e. linear
interpolation is used to replace a missing value in a forecast run only if at least one
previous and one next step values are available).
2) A second method, applied after the previous one, consists in using the overlap of
successive runs to fill the remaining missing values.
A particular method has been applied to fill missing irradiance values: ECMWF (both for the
High Resolution and Ensemble Control models) delivers accumulated forecasts of the solar
radiation flux on the ground for each run (the raw variable is accumulated from the start of
the run to the end). For medium to long term forecasts (lead-time higher than +90h) forecasts
are only available at a 3-hour or even 6-hour granularity. In this case the solar radiation flux is
accumulated on three or even six hours: in order to fill the gaps some interpolation method
has to be implemented (in particular to avoid interpreting data as if there was non-null
irradiance during night hours). As a consequence, it has been decided to interpolate the
irradiance data by weighting it using theoretical clear-sky irradiance (again computed using
the pvlib python library).
Illustrations to depict the data filling process are available in appendix in part 12 of this report.

7.3.1.3 Metrics definitions
The following metrics are used to compare forecasts and observations of weather variables
(with 𝑦𝑖 the value of the weather variable and 𝑦̂𝑖 the forecasted value at time 𝑖, with 𝑛 the
number of samples in the considered time series).
Metric

Formula
𝑛

Mean Absolute Error

1
∑|𝑦̂𝑖 − 𝑦𝑖 |
𝑛

Same as physical
parameter

1
𝑀𝐵𝐸 = ∑(𝑦̂𝑖 − 𝑦𝑖 )
𝑛

Same as physical
parameter

𝑀𝐴𝐸 =

𝑖=1
𝑛

Mean Bias Error

𝑖=1

Normalized MAE
Normalized MBE

Unit

𝑀𝐴𝐸
1 𝑛
∑ |𝑦 |
𝑛 𝑖=1 𝑖
𝑀𝐵𝐸
𝑛𝑀𝐵𝐸 =
1 𝑛
∑ |𝑦 |
𝑛 𝑖=1 𝑖
𝑛𝑀𝐴𝐸 =

%
%

Table 14: Definition of the metrics used to assess forecast performance

These metrics have been chosen because they are symmetrical (giving the same importance
to positive and negative errors), in addition MAE and MBE have the added advantage of having
the same unit as the physical variable of interest. Notice that here a positive MBE means that
the forecast overestimates the observations, while a negative MBE indicates an
underestimation.
The normalized versions are computed by dividing respectively the MAE and MBE by the
average value of the weather observations: for solar irradiance and (absolute) wind speed
there is absolutely no issue since both parameters are positive. For temperature on the other
hand working in Celsius degrees implies possible negative values (and an average close to zero
so that the normalized errors may “explode” towards very high values). Thankfully hourly mean
temperatures in Borkum are mostly positive (only a few occurrences of negative values each
year as seen in the distribution of observations in paragraph 6.1.1.1). The nMAE was especially
preferred to the Mean Absolute Percentage Error (MAPE) because all studied weather
parameters may take values equal or close to zero.
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7.3.1.4 Analysis of the air temperature
In the tables below are statistics showing the forecast performance of Météo-France (ARPEGE
and AROME) and ECMWF (High resolution and Ensemble control) models in the 3-year period
spanning 2019-2021 for the hourly average.
Provider:
Model:
Version:
MAE (°C)
MBE (°C)
nMAE
nMBE
Counts
Avg lead-time (hours)
Provider:
Model:
Version:
MAE (°C)
MBE (°C)
nMAE
nMBE
Counts
Avg lead-time(hours)

Météo-France
ARPEGE
Native
1.02
-0.18
9.5%
-1.7%
380 085
46.1

Diss. aware
1.04
-0.18
9.7%
-1.7%
360 603
44.2

AROME
Diss. aware &
filled
1.04
-0.18
9.7%
-1.6%
364 797
44.1

High resolution model
Diss. aware &
Native
Diss. aware
filled
1.15
1.16
1.25
0.02
0.01
-0.01
10.7%
10.8%
11.6%
0.1%
0.1%
-0.1%
246 431
231 090
349 804
60.4
57.2
79.6

Native
0.96
-0.21
8.9%
-1.9%
172 683
19.6
ECMWF

Diss. aware
0.98
-0.23
9.1%
-2.2%
152 142
17.4

Diss. aware &
filled
0.98
-0.22
9.1%
-2.1%
160 026
18.0

Ensemble control
Native
1.03
-0.01
9.5%
-0.1%
484 781
58.8

Diss. aware
1.04
-0.02
9.6%
-0.2%
452 011
55.3

Diss. aware &
filled
1.14
-0.05
10.6%
-0.4%
693 010
78.8

MAE : Mean Average Error; MBE : Mean Bias Error; nMAE : normalized MAE; nMBE : normalized MBE; Diss. : Dissemination

Table 15: Comparison of the average prediction error for the air temperature at 2m on the Borkum
Flugplatz weather station for the four available NWP forecasts, period 2019-2021.

Table 15 gives a global comparison of the forecast performance for the temperature at 2m
above ground for the 4 NWP models available in the project. Since the horizon and number of
runs per day varies depending on the provider / NWP model the counts of values and the
average lead time of the forecast values are also detailed. In particular the higher forecast
performance of the AROME model needs to be analysed by taking the lower average lead time
of this model compared to the three others.
Comparing the different “versions” of the forecasts (native, dissemination aware or
dissemination aware and filled) informs on the influence of the transformation and filling
process on the performance metrics. The filling mostly decreases the performance of ECMWF
forecasts as many values need to be filled (in particular for long-term ranges where only 3hourly or 6-hourly forecasts are available). Notice that, for this reason, the decrease in
performance does not necessarily inform the reader on the quality of the filling method.
In the particular case of the air temperature, the performance of all models in terms of
normalized MAE are quite similar: between 9 and 12% for all models, with AROME performing
best and ECMWF High resolution performing worst on average.
One can also notice that the Météo-France model slightly underestimate the actual values on
average (MBE between -0.18 and -0.23°C), on the contrary ECMWF has almost no bias.
Graphs in Figure 18 will help go into more details in the analysis of the model performances.
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Figure 18 Comparison of the average prediction error for the air temperature at 2m on the Borkum
Flugplatz weather station for the four available NWP forecasts, period 2019-2021, as a function of:
forecast horizon (top), month (middle), hour of day (bottom).

Observations:
• Taking a mean of all the available data, the MAE of the native Arome model
outperforms the other models on the MAE results considering the forecast horizon on
which it is available (Figure 18). Notice that the “waves” in the upper graphs (best
observed for ECMWF High resolution) are an “artefact” due to the poorer forecast
performance of the models during the day (as seen in the bottom graphs): since
forecast runs are only available twice a day for the ECMWF High resolution the daily
performance variation is also observed as a function of the lead-time.
• Taking a mean of all the available data, the native Arome model outperforms the other
models on the MAE results considering the hour of the day, and the month of the year

Page | 30

This project has received funding from the
European Union’s Horizon 2020 research
and innovation under grant agreement
No. 957669

Deliverable 4.3: Weather forecasting model
Version 3.0
© ISLANDER consortium | public document

except in April (Figure 18). About the variation of performance as a function of the
hour of the day it is clearly seen (except for the AROME model) that better
performances are attained during night times. In addition, the models (except for
AROME again) clearly overestimate temperature at night and underestimate them
during the day, showing that the daily variation are difficult to represent in these NWP
models.

7.3.1.5 Analysis of the wind speed
Provider:
Model:
Version:
MAE (m/s)
MBE (m/s)
nMAE
nMBE
Counts
Avg lead-time(hours)
Provider:
Model:

Météo-France
ARPEGE
Native
2.13
1.26
35.5%
20.9%
379 153
46.1

Diss. aware
2.15
1.28
35.8%
21.2%
359 717
44.2

AROME
Diss. aware &
filled
2.16
1.28
35.9%
21.2%
363 916
44.1

Native
1.48
0.21
24.7%
3.5%
172 263
19.6
ECMWF

Diss. aware
1.50
0.22
24.9%
3.7%
151 772
17.4

Diss. aware &
filled
1.50
0.23
24.9%
3.7%
159 639
18.0

High resolution model
Ensemble control
Diss. aware &
Diss. aware &
Version:
Native
Diss. aware
filled
Native
Diss. aware
filled
MAE (m/s)
2.26
2.28
2.40
1.95
1.96
2.12
MBE (m/s)
1.59
1.59
1.51
1.07
1.07
1.01
nMAE
37.6%
37.9%
40.0%
32.4%
32.6%
35.3%
nMBE
26.4%
26.4%
25.1%
17.9%
17.9%
16.8%
Counts
245 837
230 533
348 953
483 614
450 923
691 332
Avg lead-time(hours)
60.4
57.2
79.6
58.8
55.3
78.8
MAE : Mean Average Error; MBE : Mean Bias Error; nMAE : normalized MAE; nMBE : normalized MBE; Diss. : Dissemination

Table 16: Comparison of the average prediction error for the wind speed at 10m on the Borkum
Süederstrasse weather station for the four available NWP forecasts, period 2019-2021.

Table 16 gives a global comparison of the forecast performance for the wind speed at 10m
above ground for the 4 NWP models available to us. A clear ranking between the models can
be seen in terms of MAE or nMAE: AROME clearly outperforms the other models (even taking
into account the shorter forecast range as seen in Figure 19), ECMWF Ensemble control and
ARPEGE models seem to perform similarly, while the ECMWF High resolution model is the
worst on average. All models overestimate the wind speed on average, but the bias of AROME
is clearly smaller (around 3.5 to 4%) compared to the three other models (between 17 and
25% overestimation).
Graphs in Figure 19 will help go into more details in the analysis of the models’ performances.
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Figure 19 Comparison of the average prediction error for the wind speed at 10m on the Borkum
Süederstrasse weather station for the four available NWP forecasts, period 2019-2021, as a function of:
forecast horizon (top), month (middle), hour of day (bottom).

Observations:
• Taking a mean of all the available data, the MAE of the native Arome model
outperforms the other models on the MAE results considering the forecast horizon on
which it is available, the hour of the day, and the month of the year (Figure 19).
• Taking a mean of all the available data, the native Arome model outperforms the other
models on the MBE results considering the forecast horizon on which it is available, the
hour of the day, and the month of the year (Figure 19).
• Trends of the model performance as a function of the month of the year are not very
clear (although better performance seem to arise in summer), but a clear trend can be
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seen as a function of the hour of day: all models perform best around 10 (UTC) while
performance seem to decrease afterwards and until the next morning.

7.3.1.6 Analysis of the solar irradiance
Provider:
Model:
Version:
MAE (W/m²)
MBE (W/m²)
nMAE
nMBE
Counts
Avg lead-time(hours)
Provider:
Model:

Météo-France
ARPEGE
Native
79.54
2.82
33.5%
1.2%
191 324
44.1

Diss. aware
80.03
3.30
33.7%
1.4%
181 313
42.2

AROME
Diss. aware &
filled
79.95
3.39
33.6%
1.4%
182 612
42.1

Native
NA
NA
NA
NA
NA
NA
ECMWF

Diss. aware
NA
NA
NA
NA
NA
NA

Diss. aware &
filled
NA
NA
NA
NA
NA
NA

High resolution model
Ensemble control
Diss. aware &
Diss. aware &
Version:
Native
Diss. aware
filled
Native
Diss. aware
filled
MAE (W/m²)
79.61
85.14
85.14
78.79
83.67
85.03
MBE (W/m²)
15.62
15.19
15.19
13.55
14.46
14.78
nMAE
33.5%
35.8%
35.8%
33.1%
35.2%
35.8%
nMBE
6.6%
6.4%
6.4%
5.7%
6.1%
6.2%
Counts
129 363
184 824
184 831
254 440
342 539
367 700
Avg lead-time(hours)
60.3
79.9
79.9
58.6
74.3
79.4
MAE : Mean Average Error; MBE : Mean Bias Error; nMAE : normalized MAE; nMBE : normalized MBE; Diss. : Dissemination

Table 17: Comparison of the average prediction error for the downward solar irradiance at ground level on
the Norderney weather station for the four available NWP forecasts, period 2019-2021.

Table 17 gives an overview of the average model performances for the prediction of the solar
irradiance (downward) at ground level (as a reminder the AROME forecast was not available).
A clear advantage of the ARPEGE model is seen in terms of mean bias error, while the MAE
and nMAE are very similar for all models (except in the filled versions of the forecasts where
the long average lead-time for the ECMWF models explains that the nMAE is around 36%
compared to less than 34% for ARPEGE.
Notice that the performances of the two ECMWF models are very similar, which is confirmed
in Figure 20 where the performance are compared as a function of horizon, month of year and
hour of day: the very similar profiles of the ECMWF models show that this variable is treated
in a very similar way in both NWP models.
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Figure 20 Comparison of the average prediction error for the downward solar irradiance at ground level on
the Norderney weather station for the four available NWP forecasts, period 2019-2021, as a function of :
forecast horizon (top), month (middle), hour of day (bottom).

Observations:
• The very important daily (and monthly) variations of the irradiance explain the wavy
profiles of the performance curves as a function of the lead-time, which somehow
hinders the analysis.
• As it was discussed thanks to Table 17 it can be seen that all models have very similar
performances both in terms of absolute and bias errors, with a small advantage of
the ARPEGE model on the MBE on the overall.
• Very logically the performances are worse -if expressed in a non-normalized way- in
the Summer period and during the middle of the day : this is simply due to the very
nature of the irradiance with its daily “bell” shape and evolution throughout the year
(see paragraph 156.1.1.3).
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7.4 Weather module development
7.4.1 Global package
The weather AWP (Advanced Weather Forecasting) package has been developed in python
language. The objective of the module developed is to improve the accuracy of 3 variables
namely irradiance, temperature, and wind speed on a 7-day horizon and an hourly granularity;
and run during 3 years without interruption.
To answer this need, the package has a double functionality: the first one is for calibration. It
aims at analysing the data and performing the calibration of the model to find the optimal
hyperparameters and parameters. The second one purpose is to run the model operationally
every day. Those two purposes do not require the same functionalities, however lots of
developments are relevant for both approaches.
Figure 21 describes the functionalities developed for the operational pipeline. It is built as a
combination of plural units that run operationally:
• An import block where data is collected from the database. An overview of the
functionality of this block is detailed in section 7.1.
• A pre-process block in which data is cleaned and filled as explained in section 7.2.
• A model block where the forecast is calculated. This module main objective is detailed
in this section.
• A post-process block to check if the data published is correct and fill if required the
missing data. The functionalities are explained in the section 7.2.
• An export block where the data is saved in BCM cloud. The data is then sent to the
smart IT platform through a communication protocol developed by Ayesa and BCM,
explained in Deliverable 4.5
The other functionalities built for the calibration purpose are:
• A data analysis block, in which the data is analysed using statistical and visualisation
methods. It concerns both the raw data and the forecasted data.
• A model calibration block, where all the parameters, hyperparameters are chosen and
the models are trained.
Building a robust, operational model environment that can be easily maintain is a difficult
challenge.
It requires to:
1- Smartly develop each unit of the model so that they can be used operationally and for
calibration purposes.
2- Test each unit to ensure it does the correct functionality.
3- Industrialize the model using multiple software such as docker, Jenkins, Kubernetes,
and Airflow; and configuring the virtual environment in which the model will run
operationally.
Those developments are time consuming, but mandatory if the aim is to run the model during
multiple years without interruption (which is the case in the ISLANDER project).
The data scientist and IT team of BCM worked hard to develop a robust infrastructure so that
the models can run in the cloud.
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The section below will focus on the models developed to improve the accuracy of the weather data retrieved from 4 weather provider databases.

Figure 21 Macroscopic view of the weather package with the pre-process, model and post-process units

This project has received funding from the
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7.4.2 Model
Two complementary approaches have been developed in the task 4.3 of the Islander project.
The main development is focused on a machine learning approach as it is a commonly
examined method in the literature and results are promising [12]. The other is a dynamic
weighting method that learns from the most recent observational data to improve the
prediction.

7.4.2.1 Machine Learning module development
The objective of the Machine Learning module will be to deliver a 7-day ahead forecast of the
hourly mean of three weather parameters listed before (temperature at 2m, wind speed at
10m and solar irradiance at ground level). To this aim an history of observations and forecasts
for these three variables (and many others such as pressure, humidity, etc.) has been collected:
this is a supervised learning problem, and regression models will be trained (that will predict a
continuous variable).
The rather extended forecast window (from +0 to +168h) is quite challenging as the methods
to address different horizon strongly varies in this range. This is exemplified in Figure 22 (from
[13]) for the particular case of solar irradiance forecasting clearly showing the different
methods depending on the temporal and spatial resolutions of the forecasts.
- Persistence methods and timeseries models (autoregressive, moving average and
there declinations : ARMA, ARIMA, etc) are used for very short term (sometimes called
“nowcasting”) and short term forecasting [14];
- Other statistical methods (artificial neural networks for instance) are available for
medium term forecasts [15];
- For longer term (and lower spatial resolution) the NWP methods are required, but can
be refined locally using Model Output Statistics (MOS) methods (see for instance [16]
for an example of MOS applied to wind speed forecasting).

Figure 22 Schematic showing the solar irradiance forecasting methods mostly used depending on the
temporal and spatial resolution of the expected prediction source : [13]

In this work, several approaches have been combined to both rely on in-situ measurements
and third parties NWP forecast to make the predictions on the full 7-day horizon. Crudely
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speaking, this Machine Learning approach will therefore be very similar to a MOS method with
the additional benefits from (i) using several (and partly independent) NWP forecasts
simultaneously and (ii) adding information from in-situ measurements that should help
improve forecasts in the short-term range.
For each of the three variables of interest the same two-step method is adopted: in phase 1
we will use all data available spanning September 2018 to December 2021 (around 28 months
of data) as train set to tune the models hyperparameters. The performance will be evaluated
on a validation set containing all data from 2021. The best combinations of models and
hyperparameters will then be selected and a phase 2 will be applied where the train set will
span September 2018 to December 2021 (around 40 months) and the forecast performance
will be evaluated on the test set for the six first months of 2022.

Figure 23 Schematic showing the train, validation and test sets used for the Machine Learning model
selection

The models that are tested in this study mostly come from the scikit-learn python package [17]
as well as the XGBoost package [18].
The table below shows the details of the modelling aspects and hyperparameters that have
been tested in phase 1:
“Hyperparameters”

Tested ranges or instances

Model type

-

Linear regression
Support Vector Machine regressor (with linear kernel)
Random forest regressor
Multilayer perceptron
Gradient boosted decision trees

Hyperparameters of
the model

- Depends on the model type (e.g. number of hidden layers and neurons in ANNs,
maximal tree depth for decision trees, etc.)

Input features

- NWP forecasts from third parties (different variables are used, not only the forecast of
the variable of interest)
- In-situ measurements (last values available at each time)
- “Calendar” features (hour of day, month of year, etc.)

Horizon range

- Full horizon [+0 to +168h]
- Split days (one model predicts hours of the 1st day-ahead, a second model hours of the
2nd day-ahead, etc.)
- Other arbitrary splits

Table 18: Details of the modelling aspects and hyperparameters tested

For phase 2, up to three models (for each of the three variables of interest) are selected for
final testing: the chosen models to be confronted are chosen according to their performance
on the validation dataset with a particular attention to avoid models that tend to overfit data
(this tendency is evaluated by comparing the performance metric on the validation and train
datasets).
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7.4.2.2 Dynamic weighting module development
Dynamic weighting integration is a common practice in the field of forecasting temporal
series. It allows to combine multiple forecasts by giving them a specific weight according to
their most recent performance [19].
The Dynamic Weighting strategy takes advantages of the observational data measured on site
the previous hours. If among all the weather forecast model, some of them perform better
than the others; it is much likely that it will be similar for the next hours [14].
The coefficient of each variable is calculated by:

where dwj,k is the weight for each variable k of the model k, and is inversely proportional to the
performance measured Pj,k.
Pj,k is calculated as follows:

where Fi,j,k is the forecast of variable k at time i from an NWP model j and Oi,k is the observation
value of variable k at time i; and N size of the comparison.
Finally, the new forecast is calculated as follows:
𝑛

DWi,k = ∑ dwj,k ∗ Fi,j,k
𝑗=1

N, the number of hours on which the performance is measured is a hyperparameter. According
to the literature, 6 hours provide better performances[14]. This parameter has been studied
in the present project.
The objective of the dynamic weighting method in the task 4.3 is to
The dynamic weighting method has been applied to 5 forecast sources, namely Arome,
Arpege, ECHR, ECEC and the output of the machine learning model (cf Figure 24).

Figure 24 Scheme of the dynamic weighting process
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8 RESULTS AND DISCUSSION
8.1 Machine leaning approach
After a careful selection process the models chosen to predict each variable are listed in the
following Table 19 as they have shown the best performance on the test set (as a reminder
the 6 first months of 2022) in terms of MAE.
Predicted variable

Final model type

Air temperature at 2m, measured at the Borkum Flugplatz

Multilayer perceptron

Wind speed at 10m, measured at Borkum Süderstrasse weather
station

Multilayer perceptron

Solar irradiance at ground level, measured at Norderney weather
station

Support Vector Machine Regressor

Table 19: Selected ML models to forecast the 3 variables of interest

8.1.1 Air temperature
Table 20 compares the forecasting performance of the selected Machine Learning model (as
a reminder a Multilayer Perceptron regressor from scikit-learn package) to predict air
temperature at 2m above ground on the Borkum Flugplatz weather station using 4 different
external NWP predictions as well as in-situ weather measurements. The models are compared
on a dataset comprising the first 6 months of 2022.
Provider:
Model:

Météo France
ECMWF
BCM (this study)
AROME
ARPEGE
HRES
ECEC
ML
Diss. aware &
Diss. aware &
Diss. aware &
Diss. aware &
Diss. aware &
Version:
filled
filled
filled
filled
filled
MAE (°C)
0.85
1.18
1.44
1.31
1.07
MBE (°C)
-0.25
-0.05
-0.21
-0.21
0.13
nMAE
10.2%
14.3%
17.4%
15.8%
13.0%
nMBE
-3.0%
-0.5%
-2.5%
-2.5%
1.5%
Counts
23 740
53 537
43 988
90 641
632 121
Avg. lead-time (h)
18.0
43.9
68.0
70.3
83.1
MAE : Mean Average Error; MBE : Mean Bias Error; nMAE : normalized MAE; nMBE : normalized MBE; Diss. :
Dissemination; ML: Machine learning
Provider:
Météo France
ECMWF
Model:
AROME
ARPEGE
HRES
ECEC
Diss. aware &
Diss. aware &
Diss. aware &
Diss. aware &
Version:
filled
filled
filled
filled
MAE (°C)
0.85
1.18
1.42
1.29
MAE ML model (°C)
0.75
0.83
0.96
0.97
MAE improvement*
-12%
-30%
-32%
-25%
MBE (°C)
-0.25
-0.04
-0.20
-0.20
MBE ML model (°C)
0.15
0.15
0.15
0.15
MBE improvement*
-40%
+259%
-23%
-28%
Counts
23 498
52 793
43 185
88 997
Avg. lead-time (h)
18.0
43.8
67.8
70.0
*Improvement values are negative if the ML model performs better than the NWP counterpart

Table 20: Machine learning forecast performance for air temperature at 2m compared to 3 rd party NWP
models: (a) average performance over the whole datasets (6 first months of 2022) (b) one-to-one
comparison on identical datasets.
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The top table compares the performance on the full dataset available for each forecast
(reminder: for Météo-France and ECMWF forecasts there are only 2 or 4 runs per day, while
the ML forecast has been run in “simulated operational conditions” 24 times a day). The MAE
and MBE of the models are on average in the same order of magnitude as the NWP forecasts.
However, a one-to-one comparison (as shown in the bottom table of Table 20) demonstrates
that the ML model performs better than the NWP on identical datasets, with a (relative)
improvement of 12% of the MAE compared to AROME (i.e. for short-term forecasting) and up
to 32% compared to the High resolution model from ECMWF. In terms of bias the ML model
performs better than all NWP models except ARPEGE that has a very low MBE.

Figure 25 Comparison of the average prediction error for the air temperature at 2m on the Borkum
Flugplatz weather station for the four available NWP forecasts and this study’s best machine learning
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model, period Jan to June 2022, as a function of: forecast horizon (top), month (middle), hour of day
(bottom). Notice that a smoothing method has been applied to the results of the NWP results to better
compare the performance as a function of the lead-time.

Graphs available on Figure 25 allow to go into more details in the comparison. As a function of
the lead-time it is observed that the ML model outperforms all NWP predictions. Notice that,
compared to Figure 18 in paragraph 7.3.1, the results of the NWP forecasts have been
smoothed (in a manner equivalent to a 6-hour window averaging) so that the daily forecasting
performance pattern – which explains the “wavy” curves in the top graphs of Figure 18 – does
not appear in Figure 25. This method was applied to better compare the forecast performance
as a function of lead-time.
The monthly behavior does not show any particular pattern so that the ML model seems to
perform evenly throughout the year. As a function of the hour of day the ML model is able to
alleviate the daily performance pattern of the NWP forecasts (most evident for ARPEGE and
both ECMWF models): the ML model is able to maintain a similar performance throughout the
day.

8.1.2 Solar irradiance
Table 21 compares the forecasting performance of the selected Machine Learning model (as
a reminder a Multilayer Perceptron regressor from scikit-learn package) to predict solar
irradiance at ground on the Norderney weather station using 4 different external NWP
predictions as well as in-situ weather measurements. The models are compared on a dataset
comprising the first 6 months of 2022.
Results obtained for the irradiance are very similar for the ML model compared to the NWP
forecasts, in terms of MBE they are even a little worse on average (as seen in the top graph).
In the one-to-one comparison it appears that a slight improvement of the MAE is achieved by
the ML model (9 to 12% relative improvement of the MAE compared to the NWP forecasts).
In terms of MBE the ML model does better than both ECMWF models, however the ARPEGE
model had a very low bias so that the ML model does considerably worse.
Provider:
Model:

Météo France
ECMWF
BCM (this study)
AROME
ARPEGE
HRES
ECEC
ML
Diss. aware &
Diss. aware &
Diss. aware &
Diss. aware &
Diss. aware &
Version:
filled
filled
filled
filled
filled
MAE (W/m²)
NA
78.15
85.81
85.63
82.47
MBE (W/m²)
NA
-0.61
9.53
7.01
11.10
nMAE
NA
29.5%
32.4%
32.4%
31.2%
nMBE
NA
-0.2%
3.6%
2.6%
4.2%
Counts
NA
27 272
23 604
48 337
338 561
Avg. lead-time (h)
NA
41.9
68.2
70.0
83.2
MAE : Mean Average Error; MBE : Mean Bias Error; nMAE : normalized MAE; nMBE : normalized MBE; Diss. :
Dissemination; ML: Machine learning
Provider:
Météo France
ECMWF
Model:
AROME
ARPEGE
HRES
ECEC
Diss. aware &
Diss. aware &
Diss. aware &
Diss. aware &
Version:
filled
filled
filled
filled
MAE (m/s)
NA
77.76
84.94
84.99
MAE ML model (m/s)
NA
68.08
77.31
77.51
MAE improvement*
NA
-12%
-9%
-9%
MBE (m/s)
NA
0.22
10.02
7.07
MBE ML model (m/s)
NA
2.17
3.12
4.62
MBE improvement*
NA
+868%
-69%
-35%
Counts
NA
26 855
23 090
47 295
Avg. lead-time (h)
NA
41.7
67.8
69.7
*Improvement values are negative if the ML model performs better than the NWP counterpart
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Table 21: Machine learning forecast performance for solar irradiance at ground level compared to 3rd party
NWP models: (a) average performance over the whole datasets (6 first months of 2022) (b) one-to-one
comparison on identical datasets.

For the detailed comparison thanks to graphs in Figure 26 : the ML model clearly outperforms
the NWP models in terms of MAE, as well as for the MBE for lead-times below +85h. It is also
seen that the high positive average bias of the ML model (as computed in Table 21) mostly
comes from a large overestimation of the irradiance for long term forecasts.
The monthly and daily patterns of the ML model are very similar to the NWP models, the only
important difference coming from the lower MBE of the ML model in the morning hours.

Page | 43

This project has received funding from the
European Union’s Horizon 2020 research
and innovation under grant agreement
No. 957669

Deliverable 4.3: Weather forecasting model
Version 3.0
© ISLANDER consortium | public document

Figure 26 Comparison of the average prediction error for the downward solar irradiance at ground level on
the Norderney weather station for the four available NWP forecasts and this study’s best machine learning
model, period Jan to June 2022, as a function of: forecast horizon (top), month (middle), hour of day
(bottom). Notice that a smoothing method has been applied to the results of the NWP results to better
compare the performance as a function of the lead-time.

8.1.3 Wind speed
Table 22 compares the forecasting performance of the selected Machine Learning model (as
a reminder a Support Vector Machine regressor from scikit-learn package) to predict wind
speed at 10m above ground on the Borkum Süderstrasse weather station using 4 different
external NWP predictions as well as in-situ weather measurements. The models are compared
on a dataset comprising the first 6 months of 2022.
As shown in the top table the ML model for wind speed forecasting performs better than all
NWP forecasts even comparing the full available datasets, both in terms of MAE and MBE. In
the one-to-one comparison available in the bottom table it is shown that, on similar datasets
the ML model performs 36% (relative) better than AROME and ECMWF Ensemble control
models, and almost 50% better than ARPEGE in terms of MAE. The average bias is much lower
for the ML model (which slightly underestimates the wind speed while all NWP forecast highly
overestimate it).
Provider:
Model:

Météo France
ECMWF
BCM (this study)
AROME
ARPEGE
HRES
ECEC
ML
Diss. aware &
Diss. aware &
Diss. aware &
Diss. aware &
Diss. aware &
Version:
filled
filled
filled
filled
filled
MAE (m/s)
1.45
2.09
2.35
2.00
1.42
MBE (m/s)
0.49
1.63
1.80
1.25
-0.17
nMAE
23.5%
33.9%
38.0%
32.5%
23.0%
nMBE
7.9%
26.5%
29.2%
20.2%
-2.7%
Counts
23 657
53 355
43 838
90 330
631 952
Avg. lead-time (h)
18.0
43.9
68.0
70.3
83.1
MAE : Mean Average Error; MBE : Mean Bias Error; nMAE : normalized MAE; nMBE : normalized MBE; Diss. :
Dissemination; ML: Machine learning
Provider:
Météo France
ECMWF
Model:
AROME
ARPEGE
HRES
ECEC
Diss. aware &
Diss. aware &
Diss. aware &
Diss. aware &
Version:
filled
filled
filled
filled
MAE (m/s)
1.52
2.16
2.40
2.07
MAE ML model (m/s)
0.97
1.12
1.29
1.32
MAE improvement*
-36%
-48%
-46%
-36%
MBE (m/s)
0.49
1.64
1.81
1.26
MBE ML model (m/s)
-0.21
-0.21
-0.22
-0.23
MBE improvement*
-58%
-87%
-88%
-82%
Counts
23 568
52 972
43 323
89 272
Avg. lead-time (h)
18.0
43.8
67.8
70.0
*Improvement values are negative if the ML model performs better than the NWP counterpart

Table 22: Machine learning forecast performance for wind speed at 10m compared to 3rd party NWP
models: (a) average performance over the whole datasets (6 first months of 2022) (b) one-to-one
comparison on identical datasets.

The graphs available in Figure 27 give a detailed comparison of the ML model performances
compared to the NWP forecasts. The ML model highly outperforms all NWP forecasts both in
terms of MAE and MBE, showing the very high potential of the proposed method for this
particular variable. No particular pattern arises as a function of the month, and for the
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behaviour of the forecast as a function of the hour of day it is clearly seen that the ML model
is able to alleviate the daily pattern of the ARPEGE and ECMWF models (which perform clearly
better in the middle of day compared to the night).

Figure 27 Comparison of the average prediction error for the wind speed at 10m on the Borkum
Süderstrasse weather station for the four available NWP forecasts and this study’s best machine learning
model, period Jan to June 2022, as a function of: forecast horizon (top), month (middle), hour of day
(bottom). Notice that a smoothing method has been applied to the results of the NWP results to better
compare the performance as a function of the lead-time.
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8.2 Dynamic weighting approach
In the dynamic weighting method, one hyperparameter must be optimised to improve the
results: it is the number of hours in the past on which the mean model performance is
calculated. The impact of the number of hours has been estimated by [14], which considered
that the past 6 hours gave the better results. This parameter has been tested for the 3
variables of interest. The optimal hyperparameter is chosen for the lower MAE obtained on
the tested dataset. The tests have been performed on the data collected from the 01-01-2021
to the 31-12-2021. In the following paragraph, the model using the dynamic weighting
technique will be named DWxx, xx being the value of hyperparameter n.
The Table 23 shows the MAE obtained when testing the hyperparameter n for the three
variables of interest.
Temperature

Irradiance

Wind speed

Model

n

MAE (°C)

MAE (W/m²)

MAE (m/s)

DW01

1

1.353

103.23

2.12

DW02

2

1.345

100.46

2.11

DW03

3

1.342

97.83

2.10

DW04

4

1.341

95.44

2.10

DW05

5

1.340

93.39

2.09

DW06

6

1.339

91.56

2.10

DW07

7

1.339

90.10

2.10

DW08

8

1.340

89.02

2.10

DW09

9

1.340

88.34

2.10

DW10

10

1.341

87.90

2.11

DW11

11

1.342

87.43

2.11

Table 23: Impact of the hyperparameter n_last_hours on the MAE metric of the new forecast. DW:
Dynamic Weighting model; MFAO: Météo-France – Arome; MFAP: Météo-France Arpège; ECEC: ECMWF
Ensemble Control and ECHR: ECMWF High Resolution; MAE: Mean Absolute Error

In the following paragraphs, the focus is done on each variable. The comparison in between
the dynamic weighting model and the various providers is done, and the results are plotted.

8.2.1 Air temperature
When considering the air temperature, the lower MAE is obtained for the hyperparameter n=6
(e.g.Table 23). This result is coherent with the findings of [14]. Table 24 gives a global
comparison of the forecast performance for the temperature at 2m above ground for the 4
NWP models available and the dynamic weighting with the hyperparameter n=6 in the project.
In the particular case of the air temperature, the performance of all models in terms of
normalized MAE are quite similar: between 12% and 15% for all models including the DW
model. One can notice that the DW model has the best MBE performance (0,4%).
Provider:
Model:
Version:
MAE (W/m²)
MBE (W/m²)
nMAE
nMBE
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Météo France
AROME
ARPEGE
Diss. aware &
Diss. aware &
filled
filled
1.51
1.22
-0.42
0.07
16%
12%
-4.2%
0.7%

ECMWF
HRES
ECEC
Diss. aware &
Diss. aware &
filled
filled
1.38
1.34
0.15
0.10
15%
14%
1.5%
1.0%

BCM (this study)
DW n=6
Diss. aware &
filled
1.34
0.04
13%
0.4%
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Table 24: Comparison of model performances of Arome, Arpege, HRES, ECEC and DW for n=6. MAE : Mean
Average Error; MBE : Mean Bias Error; nMAE : normalized MAE; nMBE : normalized MBE; Diss. :
Dissemination; DW: Dynamic Weighting

The results of the MAE and MBE are plotted in Figure 28 respectively.

Figure 28 Plot of the MAE (Mean Absolute Error) of the 5 forecasts: MFAO: Météo-France – Arome; MFAP:
Météo-France Arpège; ECEC: ECMWF Ensemble Control and ECHR: ECMWF High Resolution and DW06:
Dynamic Weighting model with n last hours = 6 considering the time, month, and hour of the day.
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Observations:
• Considering the MAE as a function of the forecast horizon, the DW forecast
outperforms the other models until a lead-time of +42h (i.e. in the range where the
Arome model is available). After that horizon, the forecast gives very similar results as
the ECEC model.
• It can be noted that the better MAE performances are achieved when the 4 models
Arome, Arpege, ECEC and ECHR are available, and their MAE metric is similar.

8.2.2 Solar irradiance
When considering the irradiance, the lower MAE is obtained for the hyperparameter n=11 (e.g.
Table 23). This result is not coherent with the findings of [14], however the irradiance has to
be considered as a specific variable. Indeed, during the night, the value is always 0 W/m². When
calculating the mean value of the previous hours, the model does the same calculation even
during night hours. During those hours, the 3 models perform identically and therefore, the
DW value is the mean of the available models. It makes sense that the higher the number of
hours is, the more precise the metric is.
Table 25 gives a global comparison of the forecast performance for the irradiance at ground
level for the 3 NWP models available and the dynamic weighting with the hyperparameter
n=11 in the project.
In the particular case, the performance of the 3 models in terms of normalized MAE are quite
similar: between 37% and 38% for all models including the DW model. The lower MBE is
achieved by the Arpege model. However, those MAE and MBE values must be checked with
some plots as there can be artefacts.
Provider:
Model:
Version:
MAE (W/m²)
MBE (W/m²)
nMAE
nMBE

Météo France
AROME
ARPEGE
Diss. aware &
Diss. aware &
filled
filled
N/A
86.11
N/A
4.24
N/A
37%
N/A
1.8%

ECMWF
HRES
ECEC
Diss. aware &
Diss. aware &
filled
filled
90.30
89.06
19.42
17.15
38%
38%
8.0%
7.3%

BCM (this study)
DW n=11
Diss. aware &
filled
87.43
14.54
37%
6.0%

Table 25: Comparison of model performances of Arome, Arpege, HRES, ECEC and DW for n=11. MAE: Mean
Average Error; MBE : Mean Bias Error; nMAE : normalized MAE; nMBE : normalized MBE; Diss. :
Dissemination; DW: Dynamic Weighting
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Figure 29 Plot of the MAE (Mean Absolute Error) and MBE of the 4 forecasts: MFAO: Météo-France Arpège; ECEC:
ECMWF Ensemble Control and ECHR: ECMWF High Resolution and DW06: Dynamic Weighting model with n last hours
= 11 considering the time, month, and hour of the day.

Observations:
• Figure 29 shows that there are some artefacts with the Arpege values (the values at a
horizon higher than time 90 have a lower MAE than the more recent horizons) and the
ECEC and HRES values when the data count decreases.
• The plot representing the MAE as a function of the horizon (‘time’) in Figure 29 shows
that the DW model slightly outperforms the other models (the Arpege artefact is not
considered in this analysis).

Page | 49

This project has received funding from the
European Union’s Horizon 2020 research
and innovation under grant agreement
No. 957669

Deliverable 4.3: Weather forecasting model
Version 3.0
© ISLANDER consortium | public document

•

There is no significant improvement of the MAE or MBE with the DW model.

8.2.3 Wind speed
When considering the wind speed, the lower MAE is obtained for the hyperparameter n=5
(e.g.Table 23). This result is coherent with the findings of [14].
Figure 26 gives a global comparison of the forecast performance for the wind speed at 10m
for the 4 NWP models available and the dynamic weighting with the hyperparameter n=5 in
the project.
In the particular case, the performance of the 3 models ECEC, Arpege and DW in terms of
normalized MAE and MBE are quite similar with a nMAE equal to 39% and nMBE in between
25 and 28%. AROME outperforms the other models (nMAE = 27% and NMBE = 7%), and HRES
on the contrary underperforms (nMAE = 46%, and nMBE = 34%). The DW model does not
improve the MAE nor the MBE.
Provider:
Model:
Version:
MAE (W/m²)
MBE (W/m²)
nMAE
nMBE

Météo France
AROME
ARPEGE
Diss. aware &
Diss. aware &
filled
filled
1.43
2.11
0.40
1.53
27%
39%
7.4%
28%

ECMWF
HRES
ECEC
Diss. aware &
Diss. aware &
filled
filled
2.45
2.11
1.81
1.33
46%
39%
34%
25%

BCM (this study)
DW n=5
Diss. aware &
filled
2.10
1.35
39%
25%

Table 26: Comparison of model performances of Arome, Arpege, HRES, ECEC and DW for n=5. MAE: Mean
Average Error; MBE : Mean Bias Error; nMAE : normalized MAE; nMBE : normalized MBE; Diss. :
Dissemination; DW: Dynamic Weighting

The curves have been plotted with the chosen hyperparameter is n_last_hours = 5.
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Figure 30 Plot of the MAE (Mean Absolute Error) of the 5 forecasts: MFAO: Météo-France – Arome; MFAP:
Météo-France Arpège; ECEC: ECMWF Ensemble Control and ECHR: ECMWF High Resolution and DW06:
Dynamic Weighting model with n last hours = 6 considering the time, month, and hour of the day.

Observations:
• The DW05 is not performing better than the Arome forecast in terms of MAE and MBE.
The Arome forecast is performing better on the horizon when it is available considering
the lead-time, the hour and the month.
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8.2.4 Conclusions of the DW approach
It has been shown in the result section that the dynamic weighting approach was
efficient in improving model accuracy only for the temperature variable. For this variable, the
MEA of the forecasts of the 4 providers MFAO, MFAP, ECEC and ECHR is quite close varying
from 1.2 °C to 1.5 °C. It seems that the dynamic weighting approach can improve the
forecasting results in the case multiple forecasts with a similar MAE are available, i.e.
dynamically comparing and weighting the forecasts of sources that have on average a similar
performance tends to improve the forecasting performance.
On the contrary, this method did not improve the wind speed metric, as one model was
significantly better than the other ones (nMAE=29% VS nMAE=39%): dynamically mixing
models that have significant performance difference on average will not improve the
performance as the poorly performing models will always hinder the weighted mix.

9 MAIN CONCLUSIONS
This study describes and analyses a forecasting system to improve NWP predictions on
the island of Borkum in Germany in the frame of the European Islander research project.
Several machine learning models have been developed and tested on 3 main weather
variables: the irradiance at ground level, air temperature at 2 meters above ground and the
wind speed at 10 meters above ground. The forecast horizon is 7 days with an hourly
granularity. The four external NWP models were chosen from two providers: ARPEGE and
AROME models from Météo-France and the High resolution and Ensemble Control models
from ECMWF.
First a Machine Learning approach with relatively simple models has been applied to
improve the forecasting of the 3 variables of interest, using as inputs the forecasts of the 4
NWP models and real-time in-situ measurements (as well as additional time features). After a
cautious selection the final models used to forecast the variables are two different Multilayer
Perceptron (neural networks) to predict air temperature and wind speed, while a support
machine vector regressor is used to forecast irradiance. A very high improvement of the
forecast performance was obtained for wind speed (by 35 to almost 50% in terms of MAE),
while the ML models for irradiance and air temperature show a more modest improvement of
the forecasting performance (by 12 to 30% in terms of MAE for the temperature and around
9 to 12% improvement for the irradiance).
The dynamic weighting approach shows promising results on the temperature variable
on short term horizons (48 hours) but it does not improve considerably the accuracy of the
wind speed and irradiance variables forecasting, most probably because the considered NWP
models have too high average performance differences so that a (weighted) average of them
will always underperform compared to the best one.
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11 DEVIATIONS
Delivery of the content is in time and to full satisfaction, without any deviations to actions
planned.

12 ANNEX A: ADDITIONAL ILLUSTRATIONS

Figure 31 Schematics illustrating the forecast transformation and filling methods that have been
implemented in the frame of the present study. See further description in paragraphs 7.3.1.1 and 7.3.1.2.
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Figure 32 Graphs illustrating the solar irradiance interpolation method (weighting using the theoretical
clear-sky irradiance) implemented in the present study. See further description in paragraph 7.3.1.2.
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