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Abstract 
 
 
The historically grown centralized energy system is undergoing massive changes due to the 
transformation from centralized energy production with large assets (e.g. fossil-thermal 
power plants) towards a sustainable, clean and decentralized energy system. This 
transformation is based on the inclusion of renewable energy sources (RESs) (e.g., wind 
and solar) into the classical systems. However, as the energy production stemming from 
RESs is extremely volatile and thus challenging to predict, new approaches have to be found 
in order to guarantee a successful integration of RESs into the existing infrastructure. 
In the Austrian state of Burgenland approximately 1,000 MW of wind capacity is available. 
As already mentioned above, the high volatility of wind energy together with forecast 
uncertainties hinders the optimal integration of this RES into the existing energy system. 
Furthermore, the successful deployment of wind turbines was based on an attractive but 
timely limited subsidy scheme with a fixed feed-in tariff. As these subsidies now come to an 
end for more and more wind turbines and future support systems will rely on market 
premiums and tendering models, new approaches and business models have to be devised 
in order to sustain the rapid transformation of the classical energy systems. 
In the research project HDH Demo in close cooperation with the city of Neusiedl am See, 
Burgenland, Austria, the aim is to integrate wind energy into the existing district heating grid 
of the city. This is realized by utilizing power-to-heat technologies, e.g., heat pumps. 
However, an economically feasible and successful integration is based on accurate 
forecasts for both, wind production and district heating demand as well as the actual energy 
prices.  
Therefore, this work evaluates the applied data-driven forecasting methods. In particular, 
ensemble approaches that combine autoregressive models with artificial intelligent 
techniques are used to exploit the strengths of different methods (e.g. stability, flexibility). 
To compare the model performance, an overview on the accuracy and efficiency of the 
ensembles by using appropriate score metrics (e.g. RMSE, MAPE, R²) is given. 
Furthermore, a mixed integer linear optimization model is presented for computing optimized 
schedules for the different components (e.g., heat pumps, energy storage units, biomass 
boiler) of the district heating grid. Together, these two approaches, forecasting and 
optimization, are used to investigate and evaluate different business models, which help to 
ensure the future market integration of wind production.  
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Introduction 
The transformation of the centralized energy system relying mostly on fossil fuels towards 
decentralized and sustainable systems is based on the rapidly rising amount of production 
by renewable energy sources (RESs). One of the most prominent RES is wind energy, 
followed by photovoltaic (PV) systems. Contrary to fossil fuel based power plants, which are 
available at a moment’s notice and can be adjusted accurately following the actual demand, 
RESs are characterized by totally different and highly volatile production characteristics. For 
example, wind turbines provide energy only in times of wind and PV systems rely on the 
incident solar radiation, which can vary highly depending on daytime, weather and cloud 
conditions. Subsequently, it is rather challenging to accurately predict the energy production 
stemming from RESs. Furthermore, it is possible that, depending on the weather, the 
production from RESs exceeds the predictions. In such situations the excess energy has to 
be sold at a very low or even negative price and/or is causing balancing energy costs directly 
affecting the economic viability of the specific renewable energy system, for instance, wind 
turbines. 
In Austria the economic viability of wind turbines is heavily dependent on the subsidies (i.e., 
fixed feed-in tariffs) from the Austrian settlement agency for green energy (OeMAG). 
However, these subsidies are limited by law to 13 years resulting in economically 
challenging situations for wind park operators after the subsidy period [1]. Hence, it is 
economically and environmentally utterly important to develop new business models and 
thus keeping the wind turbines in operation. Otherwise, the ambitious goals of transforming 
the energy system is jeopardized due to economically unsuitable legal conditions. A long-
term economic perspective for wind turbines affects not only the continuing operation of 
already existing systems but incentivizes also the construction of new modern wind parks, 
even for community-based systems.  
The presented work focuses on the development of the aforementioned novel business 
models and their underlying technical and economic requirements, such as forecasting 
approaches and computational optimization models. These requirements are essential to 
evaluate prospective business models before testing them in a real-world test bed, i.e., the 
Austrian city Neusiedl am See. Neusiedl am See is a city in the eastern federal state of 
Burgenland, located directly at the northern shore of the lake Neusiedl. The city is a perfect 
test bed as there are numerous wind turbines located in its direct vicinity, which are already 
at the end of their subsidy period and are already marketed on the liberated electricity 
market.  
Additionally, there is a district heating system in the city providing a test scenario for 
evaluating sector coupling options for the electric, the heating, and the gas system. The 
sector coupling allows for an integration of the RES wind into the district heating system of 
Neusiedl am See, for example, via heat pumps creating already one novel business model. 

 
Hybrid Energy System of Neusiedl am See 

The hybrid energy system of the city of Neusiedl am See is comprised of the electric system, 
consisting of the local wind parks, which are directly connected to an electric storage system 
(ESS) and four different heat pumps (HPs). The ESS is used as a backup solution for safely 
shutting down the HPs in cases where abrupt changes in wind power occur and thus 
insufficient energy for powering the HPs is available and for bridging short term undersupply. 
Two of the aforementioned HPs are air-to-water HPs (denoted as 𝐻1 and 𝐻2) delivering heat 
energy to a first thermal storage unit operating at low temperature (LT) (i.e., 30-40 °C and 
with a volume of around 14.000 liters). The remaining two HPs are water-to-water devices 
(𝐻3 and 𝐻4) transferring energy from the first storage unit to a second thermal storage unit 
operating at 60-85 °C and containing about 18.000 liters. This second storage is directly 
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linked to a thermal buffer unit, which is providing the heating energy for the district heating 
grid. If the HPs alone cannot meet the district heating demand, several options exist to 
provide backup solutions: 1) A biomass boiler (BB) connected to 2) a flue gas condenser 
(FC), and 3) a gas burner (GB). The aforementioned components of the hybrid energy 
system operate in two different modes denoted as summer and winter mode. In summer 
mode, the air-to-water HPs directly provide energy to the low temperature storage unit, 
whereas in winter mode they transfer the energy directly to the thermal buffer unit. 
Furthermore, the BB and GB directly provide heating energy in winter mode for thermal 
buffer unit and the FC transfers heat to the low temperature storage unit. Additionally, the 
optimization model utilized in this study is able to include an electrolyzer into the hybrid 
energy system, extending the sector coupling options to power-to-gas applications. Figure 1 
gives an overview of the different components of the hybrid energy system.  

 
Figure 1 – Overview of the hybrid energy system of Neusiedl am See 

 
 
 

Forecasting Approaches 
To ensure an economically feasible and successful integration of RESs, accurate forecasts 
for district heating demand is needed. Research shows that the weather as well as the social 
behavior has most influence on the heat load in district heating grids [2]. The outdoor 
temperature as well as the humidity correlates the most with the heat demand in a district 
heating grid [3]. Hence, these parameters are chosen as inputs for the investigated models. 
The social behavior is taken into account implicitly by using the day of the week and the 
current month as an additional input [4]. To capture the dynamics of the buildings which are 
connected to the heating grid also past values of outdoor temperature and humidity are 
used. The similar but different model structures, i.e., AI and NARX models, are summarized 
in Figure 2.  
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(a) 

 

(b) 

 

 
Figure 2 – Model structures of (a) AI and (b) NARX models 

 
These models are used to generate realistic heat load forecasts for a specific time, based 
on weather data for the project region. In particular, three stationary artificial intelligence (AI) 
algorithms [5,6] i.e. Random Forest (RF) [7,8], k-Nearest Neighbor (k-NN) [9,10] and 
Artificial Neural Networks (ANN) [11,12], and a Nonlinear Autoregressive Exogenous 
(NARX) model [13] are utilized for creating the load models. Details on the models and their 
evaluation can be found in [14]. In this work, static ensemble approaches that combine these 
models to exploit their strengths due to flexibility of AI algorithms and stability of 
autoregressive models, i.e. mean ensemble (MENS), weighted mean ensemble (WENS), 
and seasonal weighted mean ensemble (SWENS) are used. 
Static approaches assign a weight to each model in the ensemble, which is constant for all 
observations. MENS is the most common static approach, as it is the simple arithmetic mean 
of the predictions of the available models [15]. Furthermore, ensemble approaches, i.e., 
WENS and SWENS, which are weighted means and seasonal weighted means of the 
available models are applied. WENS uses the root mean squared error (see equation (1)) 
of the available models as weighting factor. SWENS additionally distinguishes between 
different seasonal errors.  
The heat load was measured for a whole year in intervals of 15 minutes. 75% of the data 
are used as training set, whereas the remaining 25% of test data was split into four seasonal 
intervals. To compare the ensemble method performance, the metrics root mean squared 
error (𝑅𝑀𝑆𝐸), mean absolute error (𝑀𝐴𝐸), and mean absolute percentage error (𝑀𝐴𝑃𝐸), as 

well as the coefficient of determination (𝑅2) are calculated, given by 
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where �̂�𝑖 is the predicted load, 𝑦𝑖 is the observed load, �̅� is the mean of the observed loads, 
and 𝑛 is the number of samples modeled.  
Whilst the maximum heat demand in the district heating system is 785.70 kW, the average 
heat load of the network measured is 159.76 kW. As expected, the average heat load during 
summer is lower (68.64 kW) than in winter (409.51 kW).  
Table 1 provides a comparison between the introduced ensemble models in terms of four 
statistical metrics that represent each model performance. In addition, the scores of k-NN 
as best performing individual model is listed as a baseline to compare the performance of 
the ensembles. 
 
Table 1 – Evaluation of different approaches 

  Test season  

Metric Method Winter Spring Summer Fall Overall 

RMSE  k-NN 31.12 20.97 5.10 29.83 21.44 
[kW] MENS 29.73 18.06 4.34 28.49 19.60 
 WENS 29.52 17.87 4.19 28.38 19.33 
 SWENS 29.62 17.90 4.08 28.40 19.34 

MAE k-NN 17.72 10.36 3.14 17.29 11.05 
[kW] MENS 16.39 8.96 2.94 15.91 9.82 
 WENS 16.03 8.75 2.82 15.76 9.54 
 SWENS 16.19 8.78 2.67 15.78 9.51 

MAPE  k-NN 4.98 9.23 5.79 5.81 8.62 
[%] MENS 4.17 8.40 4.51 4.65 6.91 
 WENS 4.07 8.16 4.31 4.45 6.68 
 SWENS 4.12 8.19 4.09 4.38 6.62 

R² k-NN .96 .95 .90 .94 .96 
 MENS .98 .97 .92 .97 .98 
 WENS .98 .98 .92 .97 .98 
 SWENS .98 .98 .93 .97 .98 

 
Table 1 reveals that all ensemble approaches outperform the single k-NN model in terms of 
each measure. In winter and fall, comparatively high values of MAE are determined while 
values of MAPE indicate better forecast properties for winter. Due to a reduced heat 
demand, RMSE and MAE measures in spring and summer are comparatively small. In terms 
of MAPE, spring measures compared with winter and fall are even worse, indicating a poorer 
adequacy for prediction. Spring seems to be the most difficult season for predictions 
regarding heat demand. 
Figure 3 indicates the performance of MENS and SWENS models in a one-week-time span 
in winter and spring. The graph shows that MENS (dotted orange line) yields slightly less 
accuracy than SWENS (dashed grey line) in both seasons. In winter MENS is not able to 
reach some of the peaks and tends to underestimate the average heat load. In comparison 
to the other models, the most precise model regarding the error measures appears to be 
SWENS as it catches the observed values in winter quite well. However, problems can be 
detected in cases of daily peaks in winter. On the one hand, viewing the accuracy on 
Saturday in the test week, heat demand is rather underestimated. On the other hand 
SWENS ignores lower heat load peaks on Wednesday and Thursday. The test week in 
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spring shows that MENS rather underestimates the daily peaks. In contrast, SWENS shows 
more accuracy in spring. However, some predictions still remain different from the observed 
values, confirming the reported error rates. 
 

(a) 

 

(b) 

 
 
 

Figure 3 – Exemplary heat load values for a week in (a) winter and (b) spring.  
 

 
Optimization Model 

In order to model and simulate energy systems, various different approaches and methods 
exist. These range from using simple spreadsheet programs for small scale problems up to 
specifically designed modelling languages (e.g., GAMS [16], AMPL [17]) utilized to describe 
larger or more detailed systems. At the very core of each of these methods is the 
mathematical description of the system components. As the computational complexity is 
often directly affected by the number of components, it is of utmost importance to either 
keep the total number of modelled technical components as small as possible or to find 
simple but accurate mathematical descriptions of their behavior. The first approach is, 
however, not always possible as, for example, some systems of interest consist of numerous 
different components where their interaction is of major interest. Hence, different 
approaches for modelling the components are pursued in most of the scientific investigations  
One prominent representative of these mathematical optimization or mathematical 
programming approaches is the so-called mixed integer linear programming method (MILP) 
[18]. Generally, a MILP optimization problem consists of an objective function and various 
constraints. The former is either minimized or maximized, whereas the latter define the value 
ranges for the variables. In a MILP formulation both, the objective function and the 
constraints, are linear with the particularity that some variables can only take integer values. 
For example, a variable denoting the status of a power plant can either be 0 or 1 for on and 

300

400

500

600

700

800

Sun Mon Tue Wed Thu Fri Sat

h
ea

t 
d

em
an

d
 [

kW
]

Observed MENS SWENS

0

100

200

300

400

Sun Mon Tue Wed Thu Fri Sat

h
ea

t 
d

em
an

d
 [

kW
]

Observed MENS SWENS



  European GRID SERVICE MARKET Symposium  19-20  October 2020, KKL Lucerne Switzerland 

 

Forecasting and Optimization for District Heating Page 7-10 
 

off, respectively. However, despite their often relatively straightforward formulation, MILP 
optimization problems are NP-hard [18] and thus potentially require enormous 
computational resources for optimally solving the mathematical optimization problem, 
depending on the actual problem formulation. 
In order to evaluate the hybrid energy system in the city of Neusiedl am See, a MILP 
optimization model [19] has been developed to include various different sector coupling 
approaches, e.g., HPs and electrolyzers. At the core of the model in the research project is 
the objective function [19] 

∑ 𝐶(𝑡) =

𝑇

𝑡=0

∑ (
𝑝𝑓

𝜂𝐵𝐵
∙ 𝑃𝑡ℎ,𝐵𝐵(𝑡) + 𝑝𝜈,𝐵𝐵 ∙ 𝜎𝐵𝑀𝑃(𝑡) + 𝑐𝑠𝑡𝑎𝑟𝑡,𝐵𝐵𝛿𝐵𝑀𝑃(𝑡) + 𝑝𝑔 ∙ 𝑃𝑡ℎ,𝐺𝐵(𝑡) − 𝑝𝑒𝑙휀(𝑡)

𝑇

𝑡=0

− 𝑝ℎ2�̇�𝑝𝑒𝑚(𝑡) + (𝑝𝑒𝑙 + 𝑝𝑒𝑙,𝑠𝑝𝑟𝑒𝑎𝑑)

∙ (𝑃𝐻1,𝑒𝑙,𝑔𝑟𝑖𝑑(𝑡) + 𝑃𝐻2,𝑒𝑙,𝑔𝑟𝑖𝑑(𝑡) + 𝑃𝐻3,𝑒𝑙,𝑔𝑟𝑖𝑑(𝑡) + 𝑃𝐻4,𝑒𝑙,𝑔𝑟𝑖𝑑(𝑡)))                          (1). 

Here, the first three terms describe the cost of the BB (biomass costs, variable costs and 
ramp up costs). The fourth term models the costs of the GB, and the following two terms 
reduce the overall system costs (i.e., selling excess energy and hydrogen). The last two 
terms model the electricity costs for the four different HPs.  
As already mentioned above, the linear formulation of the objective function and constraints 
in a MILP optimization model is critical. Nevertheless, in reality there are numerous different 
examples of non-linear relationships. For example, the coefficient of performance (COP) 
value of a HP is denoted as 

𝑄𝑡ℎ = 𝐶𝑂𝑃(𝑇) ∙ 𝑃𝑒𝑙    (2), 
where 𝑄𝑡ℎ(𝑡) is the thermal energy, 𝐶𝑂𝑃(𝑇) the temperature dependent COP, and 𝑃𝑒𝑙 the 
consumed electrical energy. Equation (2) is obviously a non-linear relationship and, thus, 
cannot be used as constraint in a MILP problem. Fortunately, utilizing a piecewise linear 
approximation, for example, as implemented in the pyomo framework [20], circumvents this 
particular issue. Although linearization is an approximation that comes with a certain error, 
choosing a suitable number of pieces for the piecewise approach proved to be a feasible 
option in preventing non-linearities in the MILP formulation of the hybrid energy system. For 
example, in Figure 4 two different linearization strategies are depicted for the summer and 
winter operation mode of one of the HPs in the hybrid energy system in Neusiedl am See. 
As the figure depicts, minor deviations between a simple linear approximation and the 
piecewise linear approach exist. Hence, for the given HP data the choice of the linearization 
method has negligible effect on the optimization outcome. 

 
Figure 4 – Piecewise linearization (PW) and approximation using a linear function (LI) for 

an exemplary heat pump. 
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Another challenge occurring often while modelling energy systems is the description of 
minimal up- and down-times, for example, as it is the case for a BB. To formulate these 
constraints with linear equations the so-called Big-M method is utilized [18]. This formulation 
yields several inequalities given in equations (2)-(7). 
 

𝑠𝑤𝑖𝑡𝑐ℎ𝐵𝐵(𝑡) = 𝑜𝑛_𝑜𝑓𝑓𝐵𝐵  (𝑡)  |  𝑡 = 0, (2) 
𝑠𝑤𝑖𝑡𝑐ℎ𝐵𝐵(𝑡) = 𝑜𝑛_𝑜𝑓𝑓𝐵𝐵  (𝑡) − 𝑜𝑛_𝑜𝑓𝑓𝐵𝐵  (𝑡 − 1), (3) 

0 ≤   − 𝑠𝑤𝑖𝑡𝑐ℎ𝐵𝐵(𝑡) + 𝑀 ∙  𝑠𝑤𝑖𝑡𝑐ℎ𝑜𝑛𝐵𝐵
(𝑡), (4) 

𝑀 ≥  −𝑠𝑤𝑖𝑡𝑐ℎ𝐵𝐵(𝑡) +  𝑀 ∙  𝑠𝑤𝑖𝑡𝑐ℎ𝑜𝑛𝐵𝐵
(𝑡) (5) 

0 ≤   𝑠𝑤𝑖𝑡𝑐ℎ𝐵𝐵(𝑡) + 𝑀 ∙  𝑠𝑤𝑖𝑡𝑐ℎ𝑜𝑓𝑓𝐵𝐵
(𝑡), (6) 

𝑀 ≥ 𝑠𝑤𝑖𝑡𝑐ℎ𝐵𝐵(𝑡) +  𝑀 ∙  𝑠𝑤𝑖𝑡𝑐ℎ𝑜𝑓𝑓𝐵𝐵
(𝑡), (7) 

  
𝑠𝑤𝑖𝑡𝑐ℎ𝐵𝑃 denotes the status of the switching operation at timestep 𝑡 (i.e., -1 for switching 
off, 0 for no action and 1 for switching on) and the binary variable 𝑜𝑛_𝑜𝑓𝑓𝐵𝑃 gives the status 

of the BB at a specific timestep. Furthermore, 𝑠𝑤𝑖𝑡𝑐ℎ𝑜𝑛𝐵𝐵 and 𝑠𝑤𝑖𝑡𝑐ℎ𝑜𝑓𝑓𝐵𝐵 are binary 

variables stating if a switching-on or –off operation is conducted at timestep 𝑡. Eventually, 
the minimum up- and down-times can now be formulated as constraints using sums over 
the binary variables 𝑠𝑤𝑖𝑡𝑐ℎ𝑜𝑛𝐵𝐵 and 𝑠𝑤𝑖𝑡𝑐ℎ𝑜𝑓𝑓𝐵𝐵.  

 

Evaluation 
In order to show the applicability of the forecasting and optimization approaches to the real-
world test bed of Neusiedl am See, several different scenarios and business models for the 
hybrid district heating system of Neusiedl am See were set up. The first scenario utilizes 
only the HPs as consumers of the electric power provided by the regional wind parks. In the 
second scenario a 1.75 MW ESS is applied, whereas in the third scenario the ESS is 
replaced by a 17 MW electrolyzer as consumer. Finally, a fourth scenario with both, ESS 
and electrolyzer, is analyzed.  
As first evaluation metric of the different scenarios the amount of excess energy is analyzed. 
This is the surplus energy from the regional wind parks around Neusiedl am See, which 
cannot be consumed in the hybrid district heating system. Figure 5 depicts the total excess 
energy over the course of a year. As the data indicates, the energy system extended with a 
1.75 MW ESS experiences similar excess energy amounts as without an ESS. This is due 
to the fact that the capacity of the ESS is small compared to the amount of exceeding wind 
energy, particularly in times of high wind production. Additionally, for a real-world application 
the limited amount of charging cycles has to be taken into account. This particular property 
of ESSs is not reflected in the mathematical optimization model. Regarding the electrolyzer, 
the computational study shows that operation such a power-to-gas device reduces the 
amount of excess energy by a factor of about two. This seems quite promising, as the 
produced green hydrogen (i.e., production consuming electrical power originating only from 
renewable sources) can be used, for example, for regional public transport systems or sold 
to commercial customers. This alleviates the negative effects of dealing with unpredicted or 
enormously high excess energy on the balancing market. However, this simple analysis 
lacks a proper evaluation of the total expenditures for a power-to-gas technology would have 
to include operational expenditures (OPEX) as well as capital expenditures (CAPEX). As 
with today, these costs are one of the major obstacles of including hydrogen electrolyzers 
in existing energy systems. Fortunately, with further research effort and improvements the 
OPEX are going to decrease in the future. However, the CAPEX can still remain an issue, 
as high initial investments have to be amortized in a reasonable amount of time, otherwise 
electrolyzers will suffer from little to no economic attractiveness.  
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Figure 5 – Excess energy in the different scenarios. 

 

 
Conclusions 

The presented work shows how modern forecasting methods in their various forms together 
with mathematical optimization methods and techniques form a solid bases for a data-driven 
evaluation of future-fit energy systems, i.e., the hybrid district heating system of the Austrian 
city Neusiedl am See. A particular focus was lying on the integration of wind power via 
power-to-heat technologies, i.e., heat pumps, into the district heating system. However, a 
major share of wind energy has still to be sold on the regular energy market causing low or 
negative prices in some cases. Hence, different future technological options are evaluated, 
including the integration of an electrolyzer and an ESS. A computational analyses shows 
that utilizing a 17 MW electrolyzer reduces the amount of excess energy by a factor of about 
two, whereas a 1.75 MW ESS has negligible influence on the excess energy. Nevertheless, 
ESS are highly important components as they are used for safely shutting down wind power 
driven HPs when abrupt changes in wind power availability occurs. Furthermore, the work 
concludes that at the moment investment costs of electrolyzers pose the main challenge for 
including these power-to-gas technologies in existing energy grids. Therefore, political 
entities have to design appropriate and attractive subsidies or market structure to guarantee 
the ongoing transition of our classical energy systems. A successful implementation of 
funding opportunities helps to overcome the challenges of high initial costs for novel 
technologies as electrolyzers and, in addition, stimulate further research efforts in these 
directions. Together with novel business models and marketing strategies for unsubsidized 
wind energy the goal of a sustainable and fossil fuel free energy system can be successfully 
pursued. 
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