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2 ABBREVIATIONS
RLM: Real-Load-Metering
WRLM: Without Real Load-Metering
CHP: Co-generation units
W: Watt
PV: photovoltaic
H2: dihydrogen
ESPS: Emergency Standby Power Systems
DC: Direct Current
MAE: Mean Absolute Error
RMSE: Root Mean Square Error
MAPE: Mean Absolute Percentage Error
SMAPE: Symmetric Mean Absolute Percentage Error
NMAE: Normalised Mean Absolute Error
API: Application Programming Interface

3 EXECUTIVE SUMMARY
The deliverable 4.5 "Macroscopic energy supply and demand forecasting models" presents the
work carried-out to conceive, develop and industrialise the models to forecast the global
electricity consumption and production of the island of Borkum (Germany). An accurate
prediction of the balance between production and consumption is crucial to optimise the
energy storage in the ISLANDER project.
As a first step, a whole understanding of how the data is collected, cleaned, and analysed is
presented in the document. Accurately predicting the global production and consumption is
very complicated because:
1- Not all the data is available in real-time: The global consumption and the production of
smaller assets on the island are not measured in real-time; therefore, assumptions
must be made.
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2- Data quality is poor: There is a lot of missing and non-reliable data.
3- Not enough information is available such as renewable asset maintenance schedule
and co-generation unit planning to reduce the forecasting errors.
An important part of the work consisted in cleaning the 4 years of available data (2018-20192020 and 2021) and reconstituting the global consumption and production. The results of the
cleaning processes show that there is still inexplicable incoherent data.
In order to deliver a consumption and production forecast, this study focused on the
development of 4 models: three for forecasting the production of the photovoltaic assets,
wind turbines and co-generation units as they represent 99% of the real-load metering
production on the island; and one for forecasting the global consumption on the island.
After cautious testing of different approaches, the most relevant models were developed:
renewable production models are based on physical approaches, CHP productions are
predicted by a persistence model, and the consumption model uses the prophet software
developed by Facebook1.
Finally, the communication protocols to exchange raw data and forecasted data between the
smart IT platform and BCM cloud are explained. Rabbit MQ protocols and REST API
technologies have been deployed to ensure reliability in data sharing.

4 INTRODUCTION
This deliverable is part of the work carried out in the WP4 "Forecasting multi-scale
forecasting". The objective of task 4.5 (WP4) of the ISLANDER project is to forecast the energy
consumption and production of the entire island over multiple years. The prediction of the
electricity generation and consumption on the island is a key parameter to optimise and plan
the use of flexibilities at a global level on the island and therefore decrease the use of nonrenewable resources [1]. Therefore, a key element for energy planning is forecasting energy
consumption and managing the power supply [2].
Borkum island electricity is produced from renewable and non-renewable resources. The
benefits of renewable assets are that they have reduced carbon emissions compared to nonrenewable sources [3]. However, these energy sources are intermittent and weatherdependent, meaning forecasting models need to be developed to predict the production and
facilitate their optimal integration in the system.
As the proposal states, "This module will deliver the supply and demand of the network assets
as a whole. This will complement the individual forecasting modules by providing additional
estimation measures taking advantage of the accuracy gains due to the aggregation of assets."
This deliverable aims to explain the development of:
1- A global consumption forecast model.
2- Wind turbine and photovoltaic park production models because they are intermittent
renewable sources located in Borkum.
3- A global production forecast model based on the aggregation of multiple load curves.
Data forecasts will be sent daily to the smart IT platform through communication protocols
1
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developed in the context of the WP4. The section about industrialisation and communication
protocols is detailed in this deliverable 4.5, as it is very similar to the 5 areas of forecasting
developed in this work package.

5 CONTEXT AND OBJECTIVES
5.1 Objective of the task and deliverable
The objective of the deliverable is to explain the work that has been carried out in task 4.5 to
forecast the global electricity consumption and generation.
This deliverable is organised as follows: first, a general overview of the context and objectives
is presented in section 5. In section 6, the focus is done input and output data of the models.
Next, the methods used in this study are detailed in section 7, with a focus on data analysis,
forecast module development, data visualisation, and communication protocol development.
In section 8, the accuracy metrics are displayed, and the results are analysed and discussed.
Finally, the deliverable ends with directions for future work.

5.2 Utility of the task in the rest of the project
This is a core task in the development of the ISLANDER project. To manage all the renewable
energy generation assets and the storage system efficiently, it is vital to accurately predict the
generation and energy demand on the island of Borkum. Specifically, these forecasts are
needed for the optimal scheduling and programming services (task 5.2 and 5.3), which aim to
find the optimal usage of the mixed storage system. Such models will be designed as MILP
models and will take the forecasts developed in task 4.5 as inputs.
Moreover, the global consumption forecast is of central importance in developing Demand
Response techniques, such as the mobile application. Therefore, to reduce the consumption
peaks by suggesting efficient behaviours to the population of the island, such peaks must be
foreseen by the models described in this document.

5.3 Problem statement
The problem stated in task 4.5 is twofold: a global production and a global consumption
forecast are required. First, on the island of Borkum, energy is produced from multiple
renewable and non renewable assets, mainly a wind farm, a photovoltaic park and
cogeneration units. As data on the global production is not available in real-time, forecasting
global production means aggregating the single production forecasts from the assets.
Therefore, the main challenge lies in forecasting renewable energy as its production is
intermittent compared to non-renewable sources such as co-generation units (CHP).
The second objective is to forecast global consumption even though no data on global
consumption is available.

5.4 Background
During the previous NETfficient project held in Borkum, the consortium worked on global
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consumption and production forecasts. This project ended in 2018. BCM contacted the
partner in charge of the models and discussed the issues encountered and the strategies
chosen. However, it was not possible to have access to the NETfficient data nor to the model
created. Therefore, BCM built global consumption and production models from scratch.

5.5 State of the art
5.5.1 Global production
Photovoltaic plant power forecasting
To introduce the problem of forecasting power plant production, the needs of this prediction
must be assessed first. In his article, Brancucci Martinez-Anido et al. [4] concludes that having
a reliable power prediction system significantly reduces the energy production cost in a multitechnology ecosystem by optimising the start and shutdown of other energy sources as a
function of the solar energy forecast.
Antonanzas et al. [5]gives an overview of the state-of-the-art knowledge about solar power
forecasting, studying various time horizons (from a few seconds to days or weeks ahead) and
spatial horizons (from a single site to regional forecasts). It also includes the usual metrics used
for evaluating time series models. It is valuable information to decide on the best solution for
Borkum. It confirms the value and relevance of a physical model and how other types of
models could complement it.
Dolara et al. [6] and De Soto et al. [7] offer in-depth analyses of physical models and present
how a solar panel can be modelled with a finite set of parameters, computed for each panel
model at reference conditions and enable the forecast of power generation in any operating
conditions.
Wind turbine power forecasting
Wind turbine forecasts have been widely studied from the early beginning of their
development. From these developments, output power modelling has been a major focus
because of the central role of this information within the development and operational
lifetime of wind power plants. This particular part of the study can be split into two different
domains:
• Production scenarios reconstitution (historical or not) industrially implemented to
compute powerplant performances without having any realised signal. This part does
not integrate the scope of the proposed study.
• Production forecasts focusing on the forecast of the production over a determined
time horizon (from 30 minutes to months). This point is the main interest of this work
package for which day-ahead forecasts are required for Borkum wind turbine plants.
Different models can be implemented with varying degrees of complexity to provide reliable
forecast signals for Borkum wind turbines. Literature proposes interesting papers with
complete descriptions of the most widely used implementations [8],[9].
A power-curve-based implementation is proposed for this work package as a first
development step, as described in [10]. This choice is motivated by:
• The relatively low modelling error level that can be reached.
• The integrated physical modelling that allows the integration of machine parameters
such as power curves and global performance ratio directly.
• The integration of the weather forecast work package provided in this project aims to
enhance the weather prediction and the input of this model.
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5.5.2 Global consumption
Several meta-reviews highlight the relevant literature on global consumption according to the
horizon and granularity of the forecast [11], [12]. The ISLANDER project is focused on
short/medium-term forecasts with a horizon of 7 days and a resolution of 1 hour.
The original NETfficient project used an ensemble model to get the best results for global
consumption predictions. However, others have tried machine learning techniques such as
deep neural networks [13], [14], Linear Regression or Support Vector Regression [15] or hybrid
models [16] with varying degrees of satisfaction.
Global consumption, in the context of this project, refers to the sum total of electricity taken
from the grid at any given time throughout the island of Borkum. Thus, it does not include
electricity produced and consumed within a local context (such as household PV panel selfconsumption). Another way of viewing global consumption is the difference between what
the island produces and injects into the grid added to the net quantity exchanged with the
mainland at any given time. This second definition is important as not all consumption sites
are equipped with real-time metering, which is less the case for energy production sites and
the mainland electricity exchange points.

5.6 Hypothesis – assumptions
5.6.1 Global production
There are numerous solutions to tackle the problem of power production prediction. To name
only a few: physical models, machine learning models, deep learning models, persistence
models and so on.
For this project, physical models for the photovoltaic and wind production previsions were
chosen. It is indeed believed that the operations of photovoltaic panels and wind turbines
obey physical laws and constraints directly issued by the constructors and manufacturers of
the machines. Those physical laws are the response of the installations to the weather they
get, in other words, how much electricity is created as a function of the input features. By
knowing those physical laws and machine characteristics, the physical model can be
implemented by coding the physical laws.
With the assumption that the physical laws can be correctly transcribed into code, the model
is independent of any learned parameter, unlike machine learning models and thus should
render better performances.

5.6.2 Global consumption
The first major hypothesis is that the global consumption follows a general pattern, is not
completely random and can be modelled. Indeed, even if individual behaviour can never quite
be predicted with high certainty, the population as a whole may often follow general trends
where individual behaviours can cancel each other out. One intuitive everyday example of this
is the phenomenon known as "rush-hour", where you can predict the loads on certain roads at
certain times of day without needing to know each driver's individual journey details.
Next, in order to create a global consumption model, past consumption data is required. In the
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present case, such data is not readily available and relies on many forms of partially metered
past production data, the metered net exchange with the mainland and doing a subtraction
for a best-effort reconstruction. Thus, in order to recreate past production data, it is necessary
to assume (upon informal local knowledge) that annually metered photovoltaic or cogeneration plants have the same short time-step production rates as nearby metered ones.
Also, plant maintenance data being unavailable, periods of inconsistent past data are
inevitable.
Also, much of the past data coincides with covid abnormalities. Once again, the model is
expected to deviate quite a lot from the expected result during these periods.

6 DATA
6.1 Production on Borkum
Borkum is an Island located in the North of Germany, connected to the mainland via 20 kV
cables.
Around half of the electricity is produced on the island and half provided by the continent.
As shown in Figure 1, the island produced its own energy with the following renewable and
non-renewable assets:
• Two identical wind turbines with a rated power of 1800 kW each. The production is
measured in real-time (RLM); it represented 33% of the global production in 2019.
• A photovoltaic park with a nominal power of 1387 kWp. It is made of 7704 panels, each
of 180 kWp. The production is measured in real-time (RLM), representing 5% of the
global production in 2019.
• Two small photovoltaic assets (RLM):
o The first one has a total power of 48,02 kWp and is made of 196 panels of 245
kWp each.
o The second one has a total power of 92,53 kWp and is made of 487 panels of
190 kWp each.
• Eight Co-generation units (CHP) whose production is measured in real-time (RLM). It
represented 13% of the global production in 2019. Some of them are self-consumption
CHP, meaning that only the surplus is sent to the grid.
• The energy exchanged with the continent (which represents 46% in 2019). It is
measured in real-time.
• Three generators, which generation is small and measured in real-time.
The production of the assets listed above is measured in real-time, meaning that the mean
power produced is measured every 10 minutes and sent to an internet cloud. It will be named
RLM (Real-Load-Metering) in the deliverable.
The energy production on Borkum is highly dependent on two renewable resources: wind
turbines and photovoltaic park productions. Therefore, it is essential to forecast renewable
production to increase global production forecast accuracy correctly. These two models have
been studied in this deliverable. The co-generation units are switched on when the need for
heat increases. They are human-dependent and cannot be predicted if the asset planning is
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unavailable (which is the case).

Figure 1: Production assets on the island of Borkum. Production data is measured in real time for the RLM
assets, whereas it is measured once a year for the WRLM assets. The share of power injected into the grid in
2019 is written below the assets.

Other smaller assets produce distributed energy. Their production is not measured in realtime; they will be called in the rest of the report WRLM (Without Real Load Metering) assets.
WRLM assets are composed of PV panels installed on household or business houses and small
CHPs. The amount of energy produced is measured annually, and values are shown in Figure
2.
Year

Energy WRLM CHP

2018
2019
2020
2021

0,20 MWh
0,22 MWh
0,26 MWh
No data available

Energy WRLM PV
consumption
0,94 MWh
1,01 MWh
1,14 MWh
No data available

self-

Figure 2 Energy produced by the WRLM assets in 2018-2021

Figure 1 and Figure 3 combine all the production data collected.
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Figure 3: Production assets on Borkum delivering energy on the grid (2017 - 2020) RLM: Real-Load
Metering, WRLM: Without Real Load Metering; CHP: co-generation unit

Additional energy production sources will be used over the next few years. They will be
included in the forecasts as they get installed.

6.2 Consumption on Borkum
The consumption of Borkum is linked to the industrial, residential, and tourist sectors.
Around 5 200 inhabitants live on the island of Borkum all year long. Many tourists come to the
island during summer or other holidays. According to the administration in Borkum, the
number of tourists is shown in Table 1.
Year
Number of tourists
2018
311 786
2019
308 627
2020
210 738
Table 1: Number of tourists in Borkum

The number of tourists decreased in 2020 due to covid restrictions.
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7 METHODS
7.1 Data analysis
7.1.1 RLM production analysis
This section aims to analyse the raw data sent by the Borkum utilities and explain the work
carried out to clean this data. To do so, the load curves of each plant on the available period
were plotted.
• RLM PV plants
Three photovoltaic (PV) plants produce energy on the island. Their production has been
metered in real-time on a fifteen-minute time step, from 2017/01/01 for the main park and
from 2018/01/01 for the two smaller parks and plotted in Figure 4 and Figure 5. Solar
production follows a yearly bell shape with higher production in summer, up to 40 kW, 80 kW
and 1300 kW, respectively. Scale errors in raw data in 2019 for the smaller parks and 2020 for
the main park were detected due to a pre-processing issue when converting data from a onehour granularity to a fifteen-minute one. Therefore, the related power needed to be
multiplied by a correction coefficient of four. Also, data were missing in the production of
photovoltaic systems 0095 and 0054 towards the end of 2019. Whether this is just a case of
missing data, the result of breakdowns or a voluntary cut-off for maintenance is unknown. In
order to predict further missing values, it would be crucial to collect a calendar of the
performed and planned maintenance and set up a warning system.

Figure 4: Production load curve of the main photovoltaic park, before data cleaning
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Figure 5: Production load curves of the two smaller photovoltaic parks before data cleaning

Finally, a discontinuity of the production of the photovoltaic plant 0054 was noticed:
production fell from 70 to 60 kW during the summer of 2020. This drop is unexplained by a
physical phenomenon.
• Wind turbines
The two wind turbines of Borkum – wind turbines 2513 and 2510 - are producing up to around
1755 kW. During periods of 2019 and in 2020, the production seems to be curtailed under
1500 kW. It is unknown if there is a physical explanation for these lower values or if they are
due to pre-processing errors. Besides, the load curve of the wind turbine 2510 has missing
data from 2018/01/01 to 2018/01/06. The production is thus often under-estimated by up to
1755 kW.

Figure 6: Load curves of the wind turbine energy production from 2017 to 2020.

• RLM diesel generators
Borkum's generators are used as automatic emergency standby power systems - ESPS, with
nominal power equal to 300 kW. Thus, they are not meant to produce energy on a regular
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basis, and their production is null most of the time. Each of the three diesel generators for
which real load production data is available seems to have been cut in 2019 and during the
first months of 2020. However, there could always be short periods of time where they are
producing. In that respect, it was assumed that Borkum production had been underestimated
for several one-off moments during 2019 and the beginning of 2020 by up to 800 kW – which
is the aggregation of the nominal power of the three generators.

Figure 7: Production of the diesel generators 1, 2 and 4 in the period 2018 - 2020

• RLM co-generation units- also known as combined heat and power (CHP)
Six CHPs directly injected into the grid are linked to smart meters. For CHP units 6 & 7, power
levels and an upper limit were detected. Just like for the other types of production data, the
scale issue that appears in 2019 was solved (orange curve in Figure 8).
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Figure 8: Production load curves of the CHP units 6 and 7 that have a scale issue in 2019.

Figure 9 shows the CHP unit 3798, which belongs to a hotel. For 2020, although heat demand
should have been higher in winter, the production of this CHP was lower in winter than in the
summer. Indeed, the beginning of 2020 matches the covid pandemic period with fewer
tourists. Electrical demand may thus have been weaker than usual. In December 2020, no
production was measured either. This matched the second lockdown in Germany when hotels
were not allowed to accommodate guests.

Figure 9: Production load curve of the hotel's CHP 3798

Figure 10 shows the CHP unit 4547, used by a rehab Clinic.
• The production of this CHP was lower in February, March and April 2020 than in the rest of
the year, probably due to a closure during the lockdown.
• Atypical periods during which the production was never equal to zero can be seen, such as
in September and in December 2020. One possible explanation may be that the clinic had
to produce more, even at night, because of the surge of covid patients. However, it has
not been possible to corroborate this theory.
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Figure 10: Production load curve of the co-generation unit from the rehab clinic 4547

The CHP units 5139 and 5138, shown in Figure 11, have near-identical load curves. However,
given more information, it becomes clear that the two curves measured the production of the
same engine, split into two because there are two substations at the same location.

Figure 11: Production load curves of the co-generation units CHP5139 and CHP5138

As for the other production load curves, it can be observed a period without production –
during June 2020 – and also power peaks that can be explained by occasional high demands.

7.1.2 WRLM production analysis
Some plants - listed in orange in Figure 3, and named WRLM in Figure 1 were not metered in
real-time, but their yearly production was nevertheless measured.
There are two exceptions: there is no measure for CHP units 5138, and 5139 in 2017, 2018 and
2019- the production of these two CHPs was metered in real-time only from the beginning of
2020 even though they were installed before 2017.
In order to reconstitute the power produced by the island from 2017/01/01 to 2020/12/31,
the load curves of each WRLM plant whose production was not measured in real-time need to
be reconstituted first, with a fifteen-minute granularity.
•
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•
•
•
•

chp_wrlm_5, chp_wrlm_6 and chp_wrlm_8
o Total surplus produced by all of the self-consumers (Warning: not the same number
of self-consumers each year)
Reconstitution from 2017/04/18 to 2020/12/31:
o Power produced by chp_wrlm_1, which was installed on 2017/04/18
Reconstitution from 2018/11/22 to 2020/12/31:
o Power produced by chp_wrlm_7, which was installed on 2018/11/22
Reconstitution from 2017/01/01 to 2019/12/31:
o CHPs 3798, 4547 and if possible (missing data), 5138 and 5139
Reconstitution from 2017/01/01 to 2017/12/31:
o photovoltaic system 54, photovoltaic system 89, diesel_generator_0001,
diesel_generator_0002, diesel_generator_0003, cogeneration_unit_chp_0006,
cogeneration_unit_chp_0007

7.1.3 Borkum consumption data analysis
7.1.3.1 Univariate analysis
Borkum consumption is not directly measured from a smart meter and has to be reconstituted
from production data and data of the power exchanged between Borkum and the mainland –
see 7.2.2. The focus of the analysis is the consumption reconstituted from 2018 to 2020 since
too much data is missing for 2017, and several production plants were not metered in realtime. The purpose of this analysis is to recognise patterns and detect specific periods and
outliers to build a model representing the data that can be interpretable by physical and
human behaviours. The load curve obtained is presented in Figure 12.

Figure 12: Load curve of the Borkum global consumption (2018-2020)

The island consumption increases each summer, with a peak in August. This can be explained
by the arrival of many tourists in this period.
In 2019, Borkum's consumption had a higher variance than in 2018, when the consumption
was between 2 MW and 7 MW. It can be assumed that tourist activity is not the cause of a
larger variance since the number of tourists decreased from 311786 in 2018 to 308627 in
2019. However, as shown in section 7.1, missing data from diesel generator production and
wind turbines may have led to an underestimation or over-estimation of Borkum consumption.
This may explain the variance between 2018 and 2019 and certainly the shape difference
between October 2018 and October 2019 (see Figure 13).
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Figure 13: Plot of the global consumption in Borkum from 2018 to 2020. Each month of the year is plotted
with a specific colour

2020 is a very specific year which did not reflect the usual consumption behaviour of the island
due to the covid pandemic (Figure 14). Several lockdowns and curfews led to a drop in
consumption since hostels and restaurants were closed, and tourists were often not allowed
to travel to the island.

Figure 14: Global consumption on the island of Borkum in 2020. Each month of the year is plotted with a
specific colour

The distribution graphs in Figure 15 highlight the difference in consumption behaviour
between 2020 and the two other years.

Figure 15: Global monthly consumption of Borkum during the years 2018,2019 and 2020
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We observed similar distributions in 2018 and 2019, which corroborate the hypothesis of
repeated consumption patterns from one year to another, as shown in Figure 16.

Figure 16: Histograms of the power consumed in 2018-2019 and 2020

Next, Figure 17 shows the consumption load curve underlines the impact of holidays and
special events on consumption. Christmas is a good example of an increment in consumption.
A better knowledge of these holidays and events and associated behaviours could thus
increase model accuracy.
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Figure 17: Global consumption load curve of December 2018 and 2019

In order to better understand seasonal patterns, the average consumption function of the
hour and the day of the week from Monday (day of week = 0) to Sunday (day of week = 6) was
plotted. The consumption is lower on the weekends than on weekdays, with peaks at 12 a.m.
and 6 p.m. in 2019. The consumption variation every hour of the day can be observed with
boxplots in Figure 18.

Figure 18: Global consumption function of the hour of the day in 2019 (with a line plot or box plot)

7.1.3.2 Correlations with other regressors
Some interesting correlations between the island's consumption and other factors can be
noted. For instance, one interesting correlation is with air temperature, as shown in Figure 19.
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Figure 19: Plot of the global consumption and the air temperature between 2018 and 2020

In this graph of normalised temperature and consumption, it can be noticed that the
consumption and the temperature follow a similar shape. The year 2020 is especially
interesting as any theory regarding temperature regulation as the main factor in consumption
comes seriously under question. Indeed, consumption tends to be lower in the cooler months
while higher in the warmer ones, but the drop-off in mid-2020 suggests another factor must
also be taken into account.
A factor with a high correlation is the number of tourists visiting Borkum. Data have been
collected from the main ferry company serving Borkum and the net increase or decrease of
people on the island cross-checked with the consumption patterns.
As an example, the occupancy rate of each ferry route was plotted side-by-side with the global
consumption over the second half of 2020 in Figure 20 below.It can be noted, for example, a
strong correlation with the journey by catamaran from Eemshaven (EPC on the graph).

Figure 20: Normalised occupancy rate of various ferry routes compared to global consumption. The first
letter is the origin (B = Borkum, E = Emden) the next is reservation type (P=person, T = Truck) & the last is
transport type (F = Ferry, C= Catamaran)

Another regressor that was considered but gave no results was the German school holidays.
This did not come as a surprise as the German holiday periods are spread throughout the year
over 17 different zones. Therefore, there are no common periods where all the zones have
their school breaks, as you may see in other countries such as the UK or France.
It has also been tested if there was a correlation between covid lockdowns and global
consumption. Unfortunately, this, too, was rather inconclusive, probably because no two
lockdowns were exactly alike in terms of rules and individual behaviours.

7.2 Forecast module development
This paragraph explains how the chosen consumption and production forecast models work
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and how they were developed. The focus will first be on electricity production, where the
photovoltaic park, wind turbine and CHP production models will be detailed. Secondly, the
global consumption model will be explained.

7.2.1 Global production
7.2.1.1 Wind turbine model
Introduction to wind turbines
The first version of the forecast model provided in this task is based on the physical modelling
of wind turbines. Since the early beginning of wind turbine development, numerous models
have been proposed helping scientists to reach a valuable degree of fidelity from a
comprehensive simulation framework.
The flowchart of the wind power forecast is illustrated within the Input/Output figure
presented in Figure 21. As one can see, four main components are depicted:
• The core numerical simulator introduced as the ‘Wind Power Forecast Model’ aims to
transform weather forecasts into power forecasts.
• The simulation parameters, regrouping the variables and specific fields used to adapt
the model to the asset of interest.
• The weather forecast database can be composed of several sources depending on the
simulation goals.
• The production Forecast Database to store simulation results.

Figure 21: Flowchart of the wind power forecast

The following proposes specific explanations to ease pipeline and model comprehension. An
illustration of the performances of this pipeline is then proposed based on real condition
simulations adapted from Borkum wind turbine installations.
Wind power forecast model
To ease comprehension, the first component of the physical pipeline to be described is the
core forecast model. Wind turbines can be assumed to be mechanical transformers that
convert wind power into electrical power. As a result, their behaviour can be described as
transfer functions mapping wind speed to electrical power. These latter are usually called
«power curves» and globally represent the deterministic behaviour of the mechanical
assembly. As an illustration, Figure 22 depicts the power curve of the Enercon wind turbine
model.
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Figure 22: Power curve of the Enercon E66

Three domains are distinguishable:
•

The low wind speed zone from 0 to 𝑈𝑖𝑛 for which the turbine does not output any power.

•

The operational domain for wind speeds between 𝑈𝑖𝑛 and 𝑈𝑜𝑢𝑡 corresponding to
production to the grid.

•

The high-speed domain for wind speeds upper than 𝑈𝑜𝑢𝑡 where the turbines stall for safety
reasons.

The physical model is implemented based on these physical considerations. First, the
temperature, wind speed and pressure are extracted from the weather forecast database. A
pre-processing stage is integrated into the power forecast model to adapt these parameters
to the model requirements. This step stands on physical modelling to provide an adapted wind
speed at hub height. This wind speed becomes then the input of the power-curve projection,
and a power forecast is deduced.
Additionally, to be as close as possible to the machine behaviour, this step only proceeds for
wind speeds between 𝑈𝑖𝑛 and 𝑈𝑜𝑢𝑡 .

Figure 23: Flowchart of the wind turbine power forecast in an operational configuration

Weather forecasts as input sources of the pipeline
The physical modelling of wind turbines is based on weather solicitations of various types. In
the proposed model, several weather parameters are taken into account:
• The temperature.
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•
•

The pressure.
The wind speed.

To provide an accurate input for the physical model, these environmental parameters are
extracted from weather forecast models (see Fischer et al. [17] on this topic). Depending on
the data source, these parameters must be adapted to reach model requirements.

7.2.1.2 PV
Introduction to photovoltaic system
A photovoltaic system consists of numerous solar cells mounted together in a system, as
described in Figure 24. A group of solar cells creates a solar module, and several solar modules
are solar panels. A PV system is a framework of solar panels together with additional
components used to transform solar energy into electricity.

Figure 24: Photovoltaic system

To model and predict the power production of a photovoltaic system, two types of inputs are
needed:
• The characteristics of the installation
o Coordinates data
o Array angles of the panels and tracking data
o Soiling data
o Losses data
• The weather previsions
o Irradiance (Watts per square meter W/m²)
o Time of day
o Temperature
o Wind speed (as meters per second, m/s)
Physical model
The process of predicting the power production can be divided into two main parts:
1. The irradiance computation: compute the exact irradiance received by the panels
depending on the time of day, location, array angles, tracking of the panel, and
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weather predictions.
2. The power computation: compute the power created from this irradiance from the
physical characteristics of the panels.

Figure 25: Irradiance computation

The irradiance computation:
1. The first module computes the localisation of the system in the world and what will be
the incidence of the Sun's radiation at this location. It depends on the day of the year,
the time of the day (and thus the location of the Sun compared to the Earth at this time
of year). This module uses several types of coordinates and computes angular relations
to output the sun angles at the location and time of prediction.
2. The second module is in charge of predicting the horizontal beam irradiance and
diffuse horizontal irradiance received from those Sun's angles at this location. It takes
into account the air mass and atmospheric transmittance and uses several
mathematical models to determine the irradiances.
3. The next module applies those irradiances to the panels, introducing the angles and
tilt of each panel with the ground. It computes the angles of incidence and the diffused
and reflected irradiance.
4. Next, the soiling module considers the self-soiling of the panels and how it affects the
irradiance received by each module.
5. Finally, the effective irradiance module sums everything above to output the watt per
square meter received by each panel.
The power computation:
1. After that, the model has to transform the watt per square meters data to actual watts
taking into account the losses of the array. The power computation starts by
computing the energy for each power cell which depends upon the installation model.
It then multiplies this by the number of cells per panel to get the power at the output
of each PV panel.
2. The next module computes the net DC power for each array, being the sum of the
power of its panel. This is the gross power as it computes and applies the DC losses,
which are, to the only name a few: the wiring losses, the nameplates losses, etc.
3. Finally, everything is put together to get the power prevision of the installation.
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7.2.1.3 CHP
CHPs are turned on and off by humans according to the needs for electricity and heat on the
island. When crossing historical data of the load curves of the CHPs with potential inputs
(consumptions, weather, etc.), there were no clear connections on when those devices were
used. Thus, a machine learning algorithm would also not be able to accurately predict when
the CHPs will be turned on and off and what will be the power generated.
Nonetheless, it is important to be capable of taking into account this production of electricity
in the overall production of the island. To do so, a persistence model also called Distributed
Lag Models was developed, as it has several advantages:
-

It adapts its prediction dynamically to the last known generated power. Thus, when the
CHPs are turned off / on, the prediction will update for the next timestamp and the
results are adjusted.

-

It has shown good results on unpredictable devices, such as hydraulic generating
power sources.
The model is lightweight, easy to implement and adapt to several CHPs.

-

The global formula of Distributed Lag Model is as follows:
𝑛

𝑦𝑡 = ∑ 𝑎𝑖 𝑥𝑡−𝑖 + 𝑐
𝑖=0

Being 𝑛 the number of timestamps taken into account by the models or how far in the past
the model looks at, 𝑎 and 𝑐 are the rules conditioning the output.
The Distributed Lag Model works under several rules to best predict the generated power and
quickly adapts to changes in states:
-

In an idle state, the output is the mean of the n last values.
When the state change (on / off), the output retains the new state (without regard to
the mean of the last values).

7.2.1.4 WRLM power plant reconstitution
Forecasting the production of power plants without real-load metering (WRLM) is a real
challenge. These plants have annual measurements with no data on what happened between
each measurement. Thus, in order to still use this data, some best-case assumptions are
necessary.
The first assumption done is that the power plants were and will normally be running. This is
to say that there are no extensive maintenance periods, the output is not limited by anything
other than natural conditions, and they are always connected to the grid.
The next assumption is that there is very little variation between the weather conditions at
each of the plants. This means that very similar amounts of solar irradiance or the same wind
speeds are felt all over the island of Borkum.
These assumptions can be validated by comparing similar types of power plants (wind, PV,
CHP) for which real-time measurements are available along with their production capacity and
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checking if the amount produced over a single year is roughly proportional. Should this be the
case, this ratio can be used along with real-time measurements of a similar type of power plant
to generate "reconstituted" load curves for WRLM power plants (e.g., Figure 26).

Figure 26: Scheme explaining how the WRLM reconstitution is done for PV and CHP assets

A further limit to forecasting WRLM power plant outputs is that the annual measurement of
the WRLM power plants for the current year will not be available until the end of the said year.
Thus, a typical year output must be used instead in order to get the ratio. This, naturally,
affects the reliability of the global production and consumption forecast models.

7.2.1.5 Reconstitution of the global production
The global island production forecast is another challenge as there is no current way of getting
exact measures to check results. Therefore, it is needed to make an educated deduction of
what it should be. It can be noted that the major solar, wind and CHP power plants are metered
and have a much higher production capacity than any of the others, so it makes sense to use
them as the bulk of the forecast. Therefore, a simple production forecast aggregation model
was used, automatically aggregating additional production forecast sources such as individual
self-consumption sources as soon as their data is available. Throughout this project, it will be
interesting to see if this strategy is sufficient and adaptable to include lesser WRLM power
sources, should their production behaviour be confirmed and have a significant impact.

7.2.2 Global consumption
7.2.2.1 Reconstitution
The main input required to forecast Borkum's consumption is the power previously consumed
by the island over the latest hours, days, and months. Note that the length of the historical
data used is a variable in the model. It is needed thus to reconstitute Borkum's consumption:
• over a historical period as long as possible to tune the model on a large training dataset
• in real-time to adjust the model to the latest data.
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The power consumed by the island is described in the following equation:

𝑃𝐶𝑜𝑛𝑠 = 𝑃Pr 𝑜𝑑 + 𝑃𝑚𝑎𝑖𝑛𝑙𝑎𝑛𝑑 → 𝐵𝑘𝑚 − 𝑃𝐵𝑘𝑚 → 𝑚𝑎𝑖𝑛𝑙𝑎𝑛𝑑
where
• 𝑃𝑚𝑎𝑖𝑛𝑙𝑎𝑛𝑑 → 𝐵𝑘𝑚 is the power taken by Borkum from the mainland's grid
• 𝑃𝐵𝑘𝑚 → 𝑚𝑎𝑖𝑛𝑙𝑎𝑛𝑑 is the power injected by Borkum into the mainland's grid
•
•

𝑃𝐶𝑜𝑛𝑠 is the power consumed by the island
𝑃Pr 𝑜𝑑 is the power produced by the island

Thus, Borkum's consumption reconstitution requires measuring both the power exchanged
between the island and the mainland as well as all the power produced by the island from it
different sources: photovoltaic, wind, co-generation, generators, etc.

7.2.2.2 Forecasting model
7.2.2.2.1 Model definition
For the global consumption model, it was chosen to adapt an open-source library released by
Facebook's Core Data Science team, named Prophet. The library offers many advantages:
• Reliable: Since the library is used in many applications across Facebook, it provides
robust methods and accurate forecasts. Besides, Prophet is already used by BCM to
predict the global consumption of our client portfolio with truly good results for
forecasting time series.
• Transparent: the code of the library is available in open-source https://opensource.fb.com/projects?search=pr - with clear documentation https://facebook.github.io/prophet/docs/quick_start.html#python-api.
• Flexible: Prophet offers many possibilities to tweak forecasts and is truly suitable for
predicting electrical consumption:
o Several default hyperparameters are suggested and can be changed to best fit
data thanks to the human-interpretability of the model.
o Multiple regressors can be included in addition to the latest power consumed
by the island, like meteorological variables or the flow of tourists.
o It detects non-linear trends and seasonal patterns, fitting to hourly, daily,
weekly and even holidays consumption behaviour
• Dynamic: Whereas a set of hyperparameters can be initially tuned on a training dataset,
some parameters will be automatically updated and tweaked in real-time towards the
previous values taken by each input of the model. For this purpose, the Prophet library
is based on the Bayesian approach with initial priors. In this way, real-time forecasts are
automatically adjusted to recent data, which is a huge advantage for the Covid
situation and abrupt economic changes such as curfews or lock down.
Mathematical structure:
The mathematical model built with Prophet is explained in the article Forecasting at Scale [18].
Let 𝑦(𝑡) be the Borkum island global electrical consumption at time 𝑡 . The target variable can
be decomposed into four components – trend 𝑔(𝑡), seasonality 𝑠(𝑡), holidays ℎ(𝑡), additional
regressors 𝑟(𝑡) and error 𝜀(𝑡)- combined in the following equation:
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𝑦(𝑡) = 𝑔(𝑡) + 𝑠(𝑡) + ℎ(𝑡) + 𝑟(𝑡) + 𝜀(𝑡)
The trend 𝑔 models non-periodic changes in the value of the time series, for example, a
temporary increase in consumption during the lockdown. The seasonal component 𝑠
represents periodic patterns, such as daily consumption peaks or off-peaks following
working hours, meal times or sleeping time. Multiplicative seasonality, where the seasonal
effect is a factor that multiplies 𝑔 , can also be introduced through a log transform. The
ℎ component has been introduced to model the effects of holidays or special events, which
occur on potentially irregular schedules over one or more days. Besides, other regressors can
be included in the forecasting model, processing other variables rather than the past values
taken by the target variable, for example, weather time series, like temperature or humidity.
At least, the residual 𝜀 refers to the part of consumption variability not explained by the
model.
• Trend component 𝑔(𝑡)
By default, the trend is modelled by a piecewise linear function with changepoints 𝑠1 , 𝑠2 , 𝑠3 ,
etc. for which the growth rate is allowed to change.

Figure 27: Growth rate of the trend component

𝛾𝑖 is he intercept of each line made by the segment between 𝑠𝑖 and 𝑠𝑖+1 .
𝛿𝑖 is the slope difference between two consecutive segments.
That means the trend component can be forecasted by predicting trend changes occurrences
𝑠𝑖 and by estimating parameters 𝛿𝑖 and 𝑦𝑖 that describe the way the slope will change. It can be
assumed that the prior 𝛿𝑖 ~ 𝐿𝑎𝑝𝑙𝑎𝑐𝑒(0, 𝜏), where the hyperparameter 𝜏 directly controls the
flexibility of the model in altering its rate. Noticed that the higher is 𝜏 , more the risk of
overfitting the model increases. At last, 𝑦𝑖 is set to −𝑠𝑖 𝛿𝑗 to make the function continuous.
This can be summarised by the following mathematical equation:

Regarding consumption forecasting, a piecewise linear function seems truly suitable to model
behaviour changes due to the combination of regular and seasonal patterns as well as the
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need to adapt to the unexpected such as covid situations – curfew, lockdown.
• Seasonal component 𝑠(𝑡)
Business time series often have multi-period seasonality as a result of human behaviours
modelled. For instance, a five-day work week can produce effects on a time series that repeat
each week, while vacation schedules and school breaks can produce effects that repeat each
year. To fit and forecast those effects, seasonality must be specified as periodic functions of
𝑡 . To this purpose, each seasonal pattern is modelled through a Fourier series 𝑠(𝑡) =
𝑠(𝑡, 𝑁, 𝑃, 𝑏1 , … , 𝑏𝑁 , 𝑐1 , … , 𝑐𝑁 ):
𝑁

𝑠(𝑡) = ∑ 𝑏𝑛 ∗ 𝑠𝑖𝑛(2𝜋𝑛𝑡/𝑃) + 𝑐𝑛 ∗ 𝑐𝑜𝑠(2𝜋𝑛𝑡/𝑃)
𝑛=1

The period 𝑃 of the Fourier series is the duration of the repeated pattern, e.g. 𝑃 = 365.25 for
a yearly seasonality or 𝑃 = 7 for a weekly seasonality. The order 𝑁 determines how quickly
the seasonality can progressively change over time.
Fitting seasonality requires estimating the 2𝑁 parameters 𝛽 = (𝑏1 , 𝑐1 , … , 𝑏𝑁 , 𝑐𝑁 ) and to
adjust them in real-time. For that purpose, the prior 𝛽 ~ 𝑁𝑜𝑟𝑚𝑎𝑙(0, 𝜎 2 ) is used, and the
hyperparameter 𝜎 2 is tuned on a training dataset, like 𝑁 and 𝑃 .

• Effect of the holidays ℎ(𝑡)
The general consensus is that a particular holiday or special event would usually have similar
impacts on electrical consumption each year. However, such days do not follow periodic
patterns, so the effects are not well modelled by a smooth cycle. With the Prophet library,
these special days are taken into account through the component ℎ(𝑡), by providing a custom
list of past and future events.
Mathematically, let 𝐷1 to 𝐷𝐿 be the periods of each holiday or special event taken into account
in the model. For each date 𝑡 in historical data and in the forecasting period, the function
𝑍(𝑡) → (1(𝑡∈𝐷1 ) , … , 1(𝑡∈𝐷𝐿 ) ) is defined, where 1(𝑡∈𝐷𝑗) takes the value 1 if the holiday/ event
happens on the date 𝑡 , else 0. Then, ℎ(𝑡) = 𝑍(𝑡) ⋅ 𝜅, with 𝜅 = (𝜅1 , … , 𝜅𝐿 ) the effect of each
event that needs to be estimated. As for the seasonal coefficients 𝛽 = (𝑏1 , 𝑐1 , … , 𝑏𝑁 , 𝑐𝑁 ),
(𝜅1 , … , 𝜅𝐿 ) are tuned with a Bayesian prior 𝜅 ~ 𝑁𝑜𝑟𝑚𝑎𝑙(0, 𝜐 2 ), where 𝜐 is a hyperparameter
to choose.

• Adding extra regressors
Additional regressors can easily be included in the model, even time series. For example, the
impact of the weather on Borkum consumption can be modelled, or the influence of the flow
of tourists. Let 𝑟(𝑡) be the component of an added regressor. This component can be both
added or multiplied to the trend:
Additive: 𝑦(𝑡) = [𝑔(𝑡) + 𝑟(𝑡)] + 𝑠(𝑡) + ℎ(𝑡) + 𝜀(𝑡)
Multiplicative: 𝑦(𝑡) = [𝑔(𝑡) ⋅ 𝑟(𝑡)] + 𝑠(𝑡) + ℎ(𝑡) + 𝜀(𝑡)
If 𝑅(𝑡) is the value of the regressor at time 𝑡 , then:
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𝑟(𝑡) = 𝑞 ⋅ 𝑅(𝑡)
In order to tune the coefficient 𝑞 , again a Bayesian prior 𝑞 ~ 𝑁𝑜𝑟𝑚𝑎𝑙(0, 𝜂 2 ) can be used, with
𝜂 an initial hyperparameter to choose. See this notebook for more details about how to use
weather factors as extra regressors in a forecast.
7.2.2.2.2 Model calibration
Building the best forecasting model implies:
• to choose the set of inputs that have the greatest impact on Borkum's consumption
and that will be part of the 𝑟(𝑡) component.
• to fix initial hyperparameters, which will then be used for each real-time forecast:
o Length of historical latest data.
o Fourier order of each seasonal series added in the model.
o Priors like the variability of 𝛿𝑗 ~ 𝐿𝑎𝑝𝑙𝑎𝑐𝑒(0, 𝜏) where 𝜏 controls the flexibility of
the model.
• to define metrics that will measure the accuracy of the model towards each
combination of inputs and hyperparameters tested.
In order to find the best combination of input and hyperparameters for the metrics chosen,
five numeric modules were implemented for the following purposes, as detailed in Table 2.
Modules
forecasting_lib
forecasting_pipeline

forecasting_iteration

model_performance_an
alysis
data_import

Purpose
Provide a library based on prophet procedure, with useful
methods to forecast consumption
Execute all of the steps of the different pipelines required for
the ISLANDER project:
• Borkum’s production reconstitution and load curve
export into our internal database
• Borkum’s global consumption reconstitution and load
curve export into our internal database
• Borkum’s consumption forecasting and forecasts export
both to AYESA and into our internal database
Run many forecasts with various combinations of
hyperparameters in order to get an idea of the effects of each
configuration and for future comparing
Analyse the accuracy of the model and the forecasting errors
generated through several combinations of inputs and
hyperparameters
Import data from various types, sources and configurations

Table 2: Numeric modules implemented in the code to find the best combination of input and
hyperparameters

Then, for a large number of hyperparameter combinations, the following process is iterated
and analysed the model performance for each combination by calculating the error metrics
(Figure 28).
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Figure 28: Explanation on how to find the best parameters and hyperparameters for the model

7.3 Data visualisation/ precision
7.3.1 Visualisation for data analysis
7.3.1.1 Definition of the metric
Error metrics are relevant indicators which quantify the performance of a model on a given
period from the prediction errors. As there are many ways to take into account prediction
errors made during a period, many error metrics have been defined in the Literature. Each one
provides specific information that may or may not be suitable for the goal of the forecasts, the
model evaluated, and the data involved. This paragraph aims to understand better the
information brought by the main metrics used to calibrate a model and measure its accuracy.
Let 𝑦1 , 𝑦2 , … , 𝑦𝑛 be the observations of the target at time steps 𝑡1 , … , 𝑡𝑛 and
𝑦ℎ𝑎𝑡1 , 𝑦ℎ𝑎𝑡2 , … , 𝑦ℎ𝑎𝑡𝑛 the forecasts made for the same period. For 𝑖 in {1, … , 𝑛} the prediction
error is computed by the formula 𝜀𝑖 = 𝑦ℎ𝑎𝑡𝑖 − 𝑦𝑖 . The main metrics of errors used in model
calibration and performance analysis are:

𝜀𝑖 = 𝑦𝑖 − 𝑦ℎ𝑎𝑡𝑖
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Metric
BIAS

Formula
𝑛

1
∑ 𝜀𝑖
𝑛
𝑖=1

𝑛

MAE

1
∑ |𝜀𝑖 |
𝑛
𝑖=1

RMSE

𝑛

1
2
√ ∑(𝑦ℎ𝑎𝑡𝑖 − 𝑦𝑖 )
𝑛
𝑖=1

MAPE

𝑛

1
𝜀𝑖
√ ∑| |
𝑛
𝑦𝑖
𝑖=1

Sensitivity to errors of prediction
The bias is relevant to evaluate if the target value
has significantly been under-estimated or overestimated:
• A negative bias underlines that the target
value 𝑦 has been overestimated on
average.
• A positive bias underlines that the target
value 𝑦 has been underestimated on
average.
• A bias equal to zero is underlying a balance
between under-forecasts and overforecasts on the period. Warning: it does
not highlight an absence of errors.
The MAE - Mean Absolute Error - is used to
measure the absolute gap between real values and
forecasts on average. An MAE equal to zero would
describe a model without error on the period.
The RMSE - Root Mean Square Error - represents
the square root of the differences between
predicted values and observed values. Thus, the
RMSE gives higher weights to large errors and will
be more sensitive to outliers than the MAE. In this
way, the RMSE is useful when larger values need to
be penalised.
The MAPE - Mean Absolute Percentage Error - is
𝑦ℎ𝑎𝑡1 − 𝑦1
the mean of the relative errors
, …,
𝑦
𝑦ℎ𝑎𝑡𝑛 − 𝑦𝑛
𝑦𝑛

1

.

Thus, this metric is more sensitive to the errors
made during a period of low consumption.

SMAPE

NMAE

𝑛

1
𝜀𝑖
√ ∑1
𝑛
𝑖=1 2 ∗ (|𝑦𝑖 + 𝑦ℎ𝑎𝑡𝑖 |)

𝑀𝐴𝐸
1 𝑛
∑
𝑛 𝑖=1 𝑦𝑖
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Limits:
• If at least one zero value occurred during
the period, the MAPE is not defined as the
division by zero is mathematically
impossible.
• Low prediction errors in a period where the
target value is low can lead to the same
MAPE as higher prediction errors in a
period where the target value is high.
The SMAPE - Symmetric Mean Absolute
Percentage Error - is a variation of the MAPE where
the relative errors are, this time the quotient of the
error by the mean between the true and the
predicted value. In this way, the SMAPE can be
applied on a period where zero value occurred - if
at least one non-zero value has been measured.
The NMAE – Normalised Mean Absolute Error - is a
variation of the MAE, which describes the mean of
absolute errors function to the mean value taken
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by the target 𝑦 .
The NMAE will be more sensitive to errors during
periods where the target 𝑦 is low.
For values on which the MAPE and SMAPE are not defined, to prevent errors due to a division
by zero, the quotient will not be considered for calculation when its denominator equals zero.
Nevertheless, in order to calibrate the consumption forecasting model, it was chosen to
include zero value predicted – 𝑦𝑖 = 0 and 𝑦ℎ𝑎𝑡𝑖 = 0 in the number n of values, which reduces
the MAPE and the SMAPE.

7.3.1.2 Model accuracy with graphics and metrics
Global consumption forecasting model
Thanks to the sub-module 7.2.2.2.2, the model performance for different combinations of
hyperparameters has been analysed in order to choose the best combination for real-time
consumption forecasting. For each combination, several forecasts for 2019 were tested, from
a moving publication date on a one-day horizon. In order to build a model statistically
generalisable with future real-time data, it was chosen to calibrate it in 2019 and not in 2020 the latest period where data is available. Indeed, the pandemic situation - curfew, lockdowns
- makes 2020 too specific, as highlighted by the shape of sudden variations on the load curve
of reconstituted consumption.
A historical dataset of N days until the publication date was selected- where N is one of the
hyperparameters to fit- and the MAE, RMSE, BIAS, MAPE, and SMAPE metrics of error were
calculated, as highlighted in Figure 29.
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Figure 29: Methodology followed to calibrate the models

For each combination of hyperparameters and each publication date 𝑑 , the following inputs
have
been
used
as
inputs
for
consumption
forecasts:
First simulations:
• A historical dataset of 𝑁 days constituted by the reconstituted power of Borkum’s
island from date to date
• The chosen hyperparameters.
Next simulations with weather data:
• A historical dataset of 𝑁 days constituted by
o the reconstituted power of Borkum’s island from date 𝑑 − 𝑁 to date 𝑑
o the realised temperature on Borkum’s island from date 𝑑 − 𝑁 to date 𝑑
• A historical dataset of horizon 𝐻 = 1 days from the realised temperature on 𝑑 to date
𝑑 + 1 . Notice that in real-time, the temperature used to make the forecasts will be the
temperature forecasted by the model built in the task 4.3 of the ISLANDER project [17].
• The chosen hyperparameters.
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7.3.2 Visualisation for the end-user
The smart IT platform will provide a screen to show the forecast data. This is possible using
the communication protocols developed between BCM and AYESA. AYESA will provide the
data necessary to BCM to generate the forecast. Instead, once this is generated, BCM will send
to AYESA the forecasted data to store and visualise it. The smart IT platform will show this
information on charts, providing additional functionalities to compare and see the history of
the forecast, adding functionality to download the data in CSV format feature from data
displayed.

7.4 Data communication and Forecast industrialisation
7.4.1 Borkum to the smart IT platform
7.4.1.1 generalities
The smart IT platform will obtain measures directly from Borkum infrastructure, such as the
PV park, the wind turbines and some diesel generators and other data from the different
devices to accomplish the different uses cases (homes, buildings, …). The AYESA smart IT
platform will create functionalities to get them, store them and send them to the BCM cloud
to generate the corresponding forecast. The generated forecasts will be shown using the
forecast graphical functionalities performed by the smart IT platform. Smart IT platform will
display the forecast in a graphical mode, adding some additional features to see the history
forecast, compare with real values got them and compare forecast between themselves.

7.4.1.2 Plug&Play connection
In the case of prosumer and building use cases, the smart IT platform will set the devices
dynamically and automatically. This feature aims to prevent a qualified Smart IT technician
from performing configuration changes every time a modification is made in the physical
infrastructure (such as adding a new device or changing its internal physical attributes). When
the Smart IT platform detects this event (through IDENER and ZIGOR integration), BCM cloud
will be informed of these updates.

7.4.2 Smart IT platform to BCM cloud (input data)
The data sending process starts with the collection of data by the smart IT platform from the
different devices installed on the island of Borkum. Some of this data is important to BCM
because it is necessary to create the forecast that the Smart IT platform will need to use for
energy services and optimisation algorithms.
Once the values provided by the island are stored, the Smart IT platform begins to send data
to the BCM cloud following the agreed process, which is based on sending information every
hour and carrying out communications via a REST API provided by the BCM cloud (the invoice
frequency can be changed later in the project). Figure 30 below shows the integration
workflow from a general point of view:
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Figure 30: Integration workflow.

The smart IT platform will send the data according to the BCM API cloud endpoints provided,
so it will transform the data got from Borkum into a compatible way to hold the
communication between the platforms. An example of how this transformation data is shown
in Figure 31 below:

Figure 31: Example of the transformation done for the communication protocol. On the left, the format of
the smart IT platform is presented; on the right, the format of the BCM cloud

The BCM API, after invoking its endpoint, will respond with a unique id. This id key will be the
link between both clouds, and AYESA will use this id as a key to link the data sent with the
forecast received. Currently, every hour is set to send the data got from the Smart IT,
modifications frequency is possible performing with updating configuration.

7.4.3 BCM cloud
The BCM cloud runs on Kubernetes, which handles all internal and external service instances.
The solution for triggering periodic forecasts is using a software package called Airflow. Given
the duration for which forecasts must be performed, the number of various forecasts and the
need to monitor the system, a sturdy continuous integration and deployment process was
integrated for this work package. The ability to send forecasts over many years and easily
adapt them as the on-site conditions evolve (new power plants, changes in consumption
habits, etc.) is a large unseen part of this deliverable but crucial for it to reach the objectives.
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7.4.4 BCM cloud to the smart IT platform (output data)
Once the Smart IT has provided the data to the BCM cloud, the Smart IT platform is waiting to
receive the forecast with a defined frequency.
The Smart IT platform has a distributed mechanism based on a messaging broker to the BCM
cloud to publish the calculated data (forecast). It is going to be used the software called
RabbitMQ.
Under the paradigm publisher/subscriber, where a service public an event on an exchange to
be read by their subscriber (one or several), BCM will publish the forecast in a specific exchange
where there will have one or several queues bound to it. In one of these queues, Smart IT
services will be ready to read the data and perform the process to catch it and store it in the
database. After that, the data will be available by Smart IT UI or third partners through an API.
Figure 32 shows the definition of exchanges/queues proposed in communication smart IT and
BCM cloud.

Figure 32: Communication protocol developed

This reception process has the following steps:
1. The first step is carried out by the BCM cloud and consists of publishing the message
with the corresponding data in RabbitMQ. This message has a format previously
agreed upon by both sides. The way to identify which forecast was received is through
a specific id defined by Ayesa (See Smart IT platform to BCM cloud (input data)).
2. After publishing the message, the smart IT platform will read the message and
transform it into a suitable format for its subsequent storage. Next there is an example
from
a
synthetic
forecast:
{
“sourceId”:”f0ed572e-f1bb-4e44-8641-ec14c604bf21”,
“forecast”:
{
“value”:4,
“startTime”:”2022-04-21T09:38:13.203Z”,
“endTime”:”2022-04-21T09:48:13.203Z”
},

[

{
“value”:4.4,
“startTime”:”2022-04-21T09:48:13.203Z”,
“endTime”:”2022-04-21T09:58:13.203Z”
}…
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]
}
3. After processing the message, the smart IT platform will save the content of the
message in its database to carry out later the operations and representations
requested in the project requirements.

Next diagram in Figure 33 shows in a graphic mode the points explained before:

Figure 33: Scheme of the communication protocol to send data from the BCM cloud to the smart IT
platform

8 RESULTS & DISCUSSIONS
8.1 Production models
8.1.1 Wind turbine model
A performance analysis has been proposed to evaluate the reliability of the proposed forecast
model. The parameters of this study are displayed in Table 3. To evaluate these performances,
several metrics are used: the bias, the Mean Absolute Error (MAE) and the normalised Mean
Absolute Error (nMAE).
Begin date

2021-01-01

End date

2021-12-31

Power turbine

Enercon E66/1800

Number of turbines

2

Turbine efficiency

95%

Weather forecast model

00:00 UTC ARPEGE RUN

Table 3: Information on the back-testing conducted for the wind turbine production
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The forecast analysis is proposed to cover the D-Day Ahead production period based on the D1 ARPEGE run of 00:00 UTC. The study showed that the physical model based on the powercurve implementation is reliable and has an interesting enough precision for it to be used
within an industrial context. Table 4 sums up the analysis results from metrics, and Figure 34
proposes an illustrative comparison between the forecast and the realised production over
January 2021.
Bias

323.28 kWh

MAE

616.89 kWh

NMAE

51 %

Data coverage

98%

Table 4: Results obtained with the physical model on the MAE (Mean Absolute Error) and NMAE
(Normalized Mean Absolute Error) for the wind turbine park

Figure 34: Power produced during an hour by the wind turbine expressed in kWh– the blue plot is the
realised production, whereas the orange plot is the prediction. The forecast has been evaluated for the
wind turbine park composed of the 2 turbines.

The power-curve modelling used in this study to forecast Day Ahead production shows an
industrially admittable error with a mean bias of 323 kWh and an MAE of 616 kWh. The nMAE
remains high with a value of 51%, mainly explicable by the lack of information concerning the
production state of the turbines.
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Figure 35: Overall bias of the wind power forecasted versus the realised data during 2021

The results are analysed by looking at the bias over time at different scales. The 2021 bias is
presented in Figure 35. However, studying the mean bias over the hour of day and month of
the year did not lead to valuable conclusions as the bias is higher in correlation with the
production volumes: during the nights and winters. Instead, the heatmaps of the bias and
nMAE are compared as a function of the hour and month presented in Figure 36 and Figure
37.

Figure 36: Heatmaps of the bias as a function of the hour and the month (expressed in kW)
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Figure 37: Heatmaps of the nMAE as a function of the hour and the month

What can be concluded is that the nMAE seems to be weighed down in June, which represents
only 4% of the year’s production. As stated above, the highest bias is during the winter nights,
even though the nMAE is quite low at those times.
To enhance these models, precise information on the state of production could be added, such
as maintenance, regulations due to weather conditions, or fault modes. To do so, the metric
was calculated only when the power of the two turbines did not differ by more than 10%.

Figure 38: Graph of the production of wind turbine 1 versus wind turbine 2. The blue points represent the
raw data, whereas the orange only the data on which the power produced by the 2 turbines does not differ
more than 10%.

Cleaning the data allows to improve the nMAE by 10%, showing the importance of having “on
the spot” data.
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Bias

258 kWh

MAE

655 kWh

NMAE

40 %

Table 5: Results obtained with the physical model on the MAE (Mean Absolute Error) and NMAE
(Normalised Mean Absolute Error) for the wind turbine park using cleaned data

Finally, this physical model can be improved by implementing statistical approaches, which
have shown relevant enhancement over traditional approaches, as illustrated by Barbosa de
Alencar et al. [8].

8.1.2 Solar powerplant model
The performance of the photovoltaic forecast is evaluated with the same metrics as above.
The parameters used in the analysis and the results are presented in Table 6.
Begin date

2021-01-01

End date

2021-12-31

Photovoltaic installation

Borkum 1400 kW

Weather forecast model

00:00 UTC ARPEGE RUN

Data coverage

92 %

Bias

1.36 kWh

MAE

60.0 kWh

NMAE

34 %

Table 6: Results obtained with the physical model on the MAE (Mean Absolute Error) and NMAE
(Normalised Mean Absolute Error) for the PV park

First, looking at the bias and MAE, it can be concluded that, regarding the overall Borkum
balance, the photovoltaic production forecast would not induce a significant error, 1kWh
being small compared to the total island energy. As the bias is small compared to the MAE, it
can be concluded that the model error is centred - the chance of predicting higher or smaller
energy is quite equivalent.
The MAE of 34% is acceptable considering the condition of this study. A lot of information was
indeed missing, and data had to be interpolated when possible. To give some examples of
possible reasons explaining the nMAE :
- As the exact characteristics of the parks were unknown, it was not possible to properly
tune the hyperparameters.
- The maintenance and stops of the park are unknown and thus not taken into account.
- The park losses efficiency over time.
- The island has specific weather due to its conditions which are hard to analyse.
In Figure 44, the behaviour of the nMAE over time is further highlighted.
Below are plotted side-by-side the forecasted and realised load curves. Because of the scale,
Figure 39 cannot be directly analysed, but it gives an overview of the production over one year.
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Figure 39: Realised and forecasted load curve over 2021 for the photovoltaic installation

The following Figure 40 shows the bias over 2021. As stated above, it confirms that the bias is
centred and typical of a photovoltaic forecast model.

Figure 40: Bias (realised - forecast) of the photovoltaic model over 2021 expressed in kW

To further analyse and understand the behaviour of the model, several plots were outputted
to examine the performance (particularly the bias) according to the hour of the day (Figure 41)
and on the month of year (Figure 42).
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Figure 41: Mean hourly bias (realised - forecast) of the photovoltaic model

Figure 42: Mean monthly bias (realised - forecast) of the photovoltaic model

Figure 41 is interesting as it highlights a distinct behaviour: the bias is negative on mornings
and positive on afternoons, the transition occurring around noon. Figure 42 was more
predictable as it shows a higher bias in the middle of the year – during the summer when the
irradiance is significant – and a negative bias over the fall and winter when the irradiance is
lower, and the sky tends to be cloudy.
With these plots, it is possible to conclude that the model tends to overpredict when the
irradiance is high (for example during afternoons, or summer) and underpredict when the
weather is more uncertain (during mornings or winters for example).
Most importantly, these graphs need to be compared with the bias of the weather models
presented in deliverable 4.3 of the WP4 of the ISLANDER project [17]. It can be noted that the
error of the irradiance forecast has the same shape for both variables. As the photovoltaic
model depends mostly on the irradiance forecast, it is significantly subordinated to it and the
error of the irradiance will lead to a bias in the photovoltaic model.
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Finally, an explanation for the nMAE considering the bias and time is given to point out the
hours that badly weight in the final result. The heatmaps of the bias and nMAE are showed in
Figure 43 and Figure 44.

Figure 43: Heatmap bias of the photovoltaic model

Figure 44: Heatmap nMAE of the photovoltaic model

These graphs highlight that the nMAE is weighted up by the first and last hours of the days all
year round: the nMAE is around 100% at those times. Looking at the corresponding bias, which
is low, it can be concluded that the nMAE is badly influenced by the hours when production is
low. Although it is important to achieve a reasonable nMAE, the focus should be set on times
when production volumes are significant as it when the photovoltaic installation will have a
major role in the island electricity balance.

8.1.3 CHP model
A persistence model was run on the entire year of 2021 to recompose a posteriori history of
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the forecasts for three different CHP units measured in real time (RLM): CHP 6, CHP 7 and CHP
3798.
The model used focuses on a standard parameterisation presented in Table 7.
Realised horizon forecast (hours)

24

Forecast horizon (days)

7

Run date time

8h00 local time (UTC+1/+2)

Table 7: Parametrisation of the persistence model to predict the cogeneration units

This backtest is composed of 365 simulations, each split into 3 executions corresponding to
each CHP unit. The forecast analysis is proposed to cover the D-Day Ahead production period
based on the D-1 forecasts. Results are depicted in Table 8.
CHP unit

Yearly max power
(kWh)

Mean Bias
(kWh)

MAE
(kWh)

NMAE
(%)

CHP 6

313

0,824

55,54

27,48

CHP 7

226

-0,84

53,06

29,81

CHP 3798

32

-0,27

8,05

56,68

Table 8: Results of the CHP forecast for the 3 units CHP6, CHP7, CHP 3798 over the year 2021

For illustrative purposes, Figure 45, Figure 46, and Figure 47 depict the forecasted and realised
load curves during January 2021 for the three CHP units.

Figure 45: Plot of the power measured and forecast of the month of January 2021 for the CHP6
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Figure 46: Plot of the power measured and forecasted of the month of January 2021 for the CHP7

Figure 47: Plot of the power measured and forecasted of the month of January 2021 for the CHP3798

The production of the CHP is highly dependent on the heat demand of the island of Borkum.
However, as Borkum utility cannot send in real-time the operational planning, there is no
physical way to predict the energy production. Thereby, the MAE of 27% and 30% for CHP6
and CHP7 respectively are acceptable considering the condition of this study.
Several points are to be considered to complete the analysis and improve the accuracy of the
model in an operational stage:
• The processes of forecast history creation based on a posteriori data from in situ
production sites cannot consider the possible lags between production instants and
data availability (real-time metering integration to IT systems). Because of this, the
forecast precision is reduced.
• In case of failure of data pipelines, no in situ production measurement over several
hours is available, and therefore no forecast can be provided.
To enhance the approach, day-ahead approximations could be completed with regular « intraday » simulations to better react to power production gaps and to optimise short-term
precisions (few hours).
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8.1.4 Global production model
In this paragraph, the focus is done on the study of the global production of the island. As
implementing a model that directly predicts the global production is not doable (since there
is missing data), the whole production is studied as the sum of all the power produced.
The main objective of this work is to determine whether considering the global production
reduces the error as the sources compensate themselves.
The first look is done at the distribution of the production sources of the island in Table 9.
Power source

Forecast (%)

Realised (%)

Capacity (MW)

borkum_PV

7.6

9.59

1400

borkum_WT

72.41

68.4

10300

borkum_S1

0.2

0.07

43

borkum_S2

0.49

0.12

71

chp6

9.65

11.64

1972

chp7

8.43

10.16

1724

chp5138

0.41

0.49

85

chp5139

0.39

0.46

82

chp3798

0.66

0.81

141

Table 9: Distribution of the energy produced in 2021 by the assets on Borkum

It can be noted that the main source of production is by far the wind asset (more than 60%),
thus it can be expected that the results will depend on the performances of the wind turbine
model defined above.
Because of that, looking at the hours when the wind forecast is missing would have led to
unrealistic results. Those hours are removed from the analysis data (8%).
Computing the usual metrics, the performances are presented in Table 10.
Begin date

2021-01-01

End date

2021-12-31

Data coverage

98 %

Bias

365 kWh

MAE

598 kWh

NMAE

33 %

Table 10: Performance of the global production model as an aggregation of the individual load curves

The major conclusion reached is that the nMAE of 33% is better than the wind model’s nMAE.
Furthermore, looking at the mean daily and monthly nMAE it can be seen that it does not
follow any pattern of the specific production forecasts.
It can be concluded that aggregating several production sources helps balance the daily
production patterns and decrease the errors: enabling a more reliable and constant
production.
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Figure 48: Mean MAE over a day in the upper plot and over the year in th plot below for the global
production expressed in %

A further work could be to try and predict the global production as a whole – in opposition to
summing the sources.

8.2 Consumption model
8.2.1 Model without other regressor than the past consumption
The first step was to launch forecasts without using any other regressor than the past
consumption of the island. A combination of tested hyperparameters leads to the MAPE
function of the publication date presented in Figure 49.

Figure 49: MAPE by publication date for a same combination of hyperparameters
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As explained in section 0, each publication date matches with the end of a historical dataset
and with the start of a forecasting period. In the graph of Figure 49, the horizontal line at
ordinate = 0.2 was set in order to identify runs for which the MAPE was below 20% and runs
for which the MAPE was above 20%.
The model leads to accurate forecasts except in October when the MAPE is higher. This can
be explained by missing values among Borkum’s production available data– see section on
data cleaning– which directly impacted the shape of the reconstituted consumption load
curve. The impact of outliers is specified in the documentation of the fbprophet library2. That
thus explains occasional high values of the MAPE in October.

Figure 50: Higher values of MAPE for runs using reconstituted consumption values of October

Outside of October, the model has an average MAPE of 6,9%. The distribution of the bias
values is symmetric, meaning that the errors are a balance between over-estimations and
under-estimations. On average on a one-day forecasting horizon, the absolute error (MAE)
equals to 250 kW.

Table 11: statistics on error metrics outside of October

2
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Table 12: statistics on error metrics

Figure 51: Distributions of the MAPE, MAE and BIAS on the whole runs – including October

In Figure 52, examples of forecasts made with a 35-day history are plotted versus the realised
consumption at different dates.
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Figure 52: Forecasts versus realised values from different publication dates until the 2019/02/08 at 3 a.m.
(upper plot), 2019/02/09 at 4 a.m., 2017/02/14 at 9.a.m. and 2019/02/18 at 1 p.m. (final plot) in orange
and comparison with the reconstituted consumption load curves on the same period in blue.

8.2.2 Model with an extra temperature regressor
Following the Figure 19, Borkum consumption seems to be correlated with the temperature
on the island. A high temperature could indeed influence the number of tourists coming to
the island or the use of certain energy-intensive equipments such as swimming pools or air
conditioning, mainly in restaurants, hotels, and clinics.
Thus, the temperature is added as an extra regressor of the model. The same graphs as
previously are plotted in Figure 53, with metrics calculation in Figure 54.
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Figure 53: MAPE by publication date for a same combination of hyperparameters

Figure 54: Distribution of the counts according to the MAPE, bias and MAE
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In order to best take into account, the effects of the temperature regressor, several values of
the following hyperparameters were tested:
• The mode – multiplicative or additive – which models the way among which the
temperature affects the consumption trend.
• The prior scale in charge of explaining how a change in the temperature shape should
impact the consumption shape.
Table 13, Table 14, Table 15, Table 16 and Table 17 are some examples of the results obtained
with several combinations of these two hyperparameters.
When changing the mode:

Table 13: Statistics on error metrics outside of October with additive mode

Table 14: Statistics on error metrics outside of October with multiplicative mode

When increasing the prior scale:

Table 15: Statistics on error metrics with an initial prior scale and multiplicative mode
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Table 16: Statistics on error metrics with a factor 10 applied to the initial chosen prior scale and
multiplicative mode

Table 17: Statistics on error metrics with a factor 100 applied to the initial chosen prior scale and
multiplicative mode

Metrics are quite similar with these combinations tested as without. Nevertheless, other
combinations of hyperparameters could be tested in order to improve again the accuracy of
the model.

8.2.3 Other ideas to improve the accuracy of the model
In order to improve the model performance, an idea could be to use an indicator of the number
of people – tourist and inhabitants – present every day on the island as an extra regressor. That
may indeed improve forecasts when the shape of the consumption load curve has been
predicted but not the volume, like in October 2019 (see Figure 55).

Figure 55: Forecasts and realised values from the 26th October 2019 at 1 a.m.

The daily number of people present in Borkum is not available, but the gauge of each ferry
and catamaran arriving in Borkum or departing from the island can be found. Indeed, these
gauges are updated in real time from online bookings.
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Figure 56: Screen shot of the boats’ gauges on website https://booking.ag-ems.de/route

It is thus possible to estimate the daily number of people arriving at Borkum by ferry or
catamaran from Emden, Eemshaven and Ditzum, and departing from Borkum to these three
towns. The closer to the date of departure of a boat, the more the linked gauge will tend to
approach the real number of people which will take the boat. Nevertheless, bookings are not
necessary done online, so it is possible to miss part of them.
Furthermore, in order to make forecasts on a horizon of H days, the forecasted values of
arrivals and departures on the forecasted period will also be needed. For a 3-day horizon, a
boats’ gauges up to 3 days before their departure will be needed. Consequently, the online
bookings that will be made during this period will be missed and the real boat gauge
underestimated.
Another solution would be to specify a calendar of public holidays and study the consumption
behaviour on these days: however, this solution has been ruled out, since there are not enough
years of historical data for the model to learn the consumption behaviour on each holiday.

9 MAIN CONCLUSIONS
This study describes and analyses a system to forecast the global consumption and
production on the island of Borkum in Germany in the frame of the European ISLANDER
research project.
Several models have been developed and tested: two physical models to forecast the
wind and photovoltaic power production; one persistence model for the CHP production and
the forecasting procedure prophet for the global consumption.
It can be concluded that it is very difficult to reach high model performances if the data
quantity is low, the data quality is poor, and it is not reliable. Model performance achieved are
equal to 33% in terms of nMAE for the global production and 7% in terms of MAPE for the
global consumption (the parametrisation of the models to obtain those results is detailed in
the previous sections).
Finally, the effectiveness of the forecasting algorithms will be evaluated during the last
year of the project when the forecasts will be used operationally.
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10 DEVIATIONS
Delivery of the content is in time and to full satisfaction, without any deviations to actions
planned.
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