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ABSTRACT ARTICLE HISTORY
Weather forecasts are essential for district heating (DH) utility operations Received 21 September 2022
as they prepare the utility for future consumption, thus ensuring optimal Accepted 11 September
operation by supplying sufficient heat while keeping costs low. Weather 2023

forecasts are usually converted into heat demand forecasts, which are KEYWORDS

used for production planning and control of the temperatures in the Forecast calibration:
network. Hence, increasing the accuracy of weather forecasts will lead recursive estimation; heat
to improvements in the system’s operational performance. However, demand:; localised weather
numerical weather predictions (NWPs) are computed over the earth as forecast; urban heat island
grid values, and NWPs are designed for rural areas, not urban areas.

Therefore, we propose to localise the weather forecasts to the urban

environment by calibrating them using Model Output Statistics. We

show that localising weather forecasts (removing the bias) leads to

enhanced accuracy in the heat demand forecasts. In our case study,

localised weather forecasts lead to an error reduction between 1.5%

and 2.5% when compared to forecasts using uncalibrated NWPs.

1. Introduction

The role of district heating is changing dramatically, with more sector coupling and increasing
amounts of energy being generated by renewable energy sources. Traditionally, the role of district
heating has been to provide heat to consumers when needed, usually by burning fossil fuels. Some-
times, district heating production plants also produce electricity. These are called cogeneration
plants. However, with awareness of the global climate crisis due to increasing CO, concentrations
in the air, more climate-friendly operation of energy production facilities is needed. Hence, district
heating needs to shift away from fossil fuels towards renewables, and due to its flexibility as a means
of energy storage, district heating has become a crucial element of the efficient operation of the
overall integrated energy system. To maximise the potential of district heating, more advanced
methods are needed for its operation. Advanced methods for production optimisation of plants
have been proposed for optimal scheduling of heating units and for bidding into the electricity mar-
kets to increase the share of renewables and lower overall system costs (Blanco et al. 2018).
Advanced methods for delivering heat to consumers have also been proposed. For instance, Madsen
et al. (1994) propose advanced optimisation methods to control supply temperature and flow in dis-
trict heating networks in order to reduce heat production costs and heat losses in the network.
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Heat demand forecasts are needed for efficient production planning and for temperature control
of the network. For some applications, like for optimal use of storage systems, the forecasts are most
conveniently provided as scenarios. Hence, accurate future scenarios of heat consumption are desir-
able to lower the overall cost of operating a district heating system. Heat consumption is directly
related to the local climate, and therefore heat demand forecast models usually use forecasts of
weather variables as inputs. Thus, the accuracy of heat demand forecasts can be increased by
improving the weather forecasts. Additionally, district heating is typically applied in urban areas,
where the climate is generally different from rural areas due to human activities, buildings, and
infrastructures. This is a well-known effect termed Urban Heat Islands (UHI). Therefore, the oper-
ation of district heating needs to account for this local climate to achieve efficient operation. Heat-
ing consumption is highly correlated with climate variables, especially the ambient air temperature,
as has been shown and discussed by multiple previous studies, see e.g. Dotzauer (2002) or Dahl et al.
(2018). Most high-quality models for heat demand thus include forecasts of temperature when fore-
casting beyond the 1-hour mark (Frederiksen and Werner 2013). Predictions of the weather are
therefore desired by district heating companies to ensure that heat production is sufficient to
meet future heating consumption and to ensure efficient production. Numerical Weather Predic-
tion (NWP) is used to forecast the weather by simulating physics-based partial differential
equations of the atmospheric processes (Bauer, Thorpe, and Brunet 2015). Most often the NWPs
do not represent the UHI effect and hence the weather inside cities, and consequently a systematic
bias between the NWP and local weather stations is often observed (Crochet 2004). It would there-
fore be beneficial for district heating applications to localise the weather forecast, thus removing the
bias and thereby reducing the prediction uncertainty of the weather forecasts.

Several studies have also investigated the possibility of increasing the forecasting capabilities of
NWPs by including the UHI effects in the model. See e.g. Ronda et al. (2017) for their suggestion of
incorporating UHI in NWPs for the city of Amsterdam.

More broadly however there exist multiple methods of localising or calibrating forecasts. One of
the more prominent methods is the Model Output Statistics (MOS) technique as proposed by
Glahn and Lowry (1972). MOS is a well-known method and is often applied by forecast providers
to calibrate or localise their forecasts, e.g. MOS has been used to calibrate NWPs for use in wind
power forecasting (Giebel and Denhard 2017). Furthermore, an extension of the MOS technique
for probabilistic forecasting called Ensemble Model Output Statistics (EMOS) (Gneiting et al.
2005) is commonly used for a number of purposes, e.g. in solar power forecasting Gneiting,
Lerch, and Schulz (2023) or hydropower forecasting Graham et al. (2022). However, to the knowl-
edge of the authors, this method has not been widely applied in the context of heat demand
forecasting.

We propose to use Model Output Statistics on NWPs of ambient air temperature to calibrate
them to the local conditions, thus incorporating the UHI effect in the forecasts used for heat
demand forecasting.

This study is structured such that Section 2 describes the methods used for localising the NWP as
well as the modelling framework. Section 3 describes the data used for testing the proposed method
of localisation. Section 4 presents the results of the localisation as well as the effects of the localis-
ation on the heat demand forecasts. Lastly, Section 5 summarises and concludes the findings.

2. Method

Heat demand forecast models have been studied extensively for the past decades and both grey-box
and black-box models have been proposed. Black-box models are methods where the modeller
feeds data through the model, trains or calibrates the model parameters using these data, and
finally produces forecasts without considering any physical knowledge of the system. As an
example, Idowu et al. (2016) propose four different methods to forecast heat demand. Grey-box
models are based on a combination of physical knowledge and information embedded in data.
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The methods use statistical methods to estimate the parameters and reduce the model dimensions
compared to a purely physical model of the system. Aalborg Nielsen and Madsen (2000) have dis-
cussed a physical-based model of the heat consumption in a district heating network and they
suggested a simplified version of the full (complex) model. They demonstrate that a rather simple
model, based on the physical nature but calibrated using data on heat consumption, is adequate for
forecasting heat demand.

The forecasting models that will be used to both localise the numerical weather predictions and
produce heat demand forecasts are generated using recursive and adaptive techniques, as
implemented in the R package, onlineforecast (Bacher et al. 2021). The package provides
a simple but efficient framework for constructing and optimising multi-step forecast models.
The methodology is based on modelling the output variable as a linear combination of the
input. Different transformations are possible for the input variables, either by a function or non-
parametrically through e.g. splines. The coefficients of the linear model are then estimated, either
by simple least squares or by recursive least squares. In the case of recursive least squares, the coefhi-
cients are updated adaptively when new data arrives through the use of an exponential forgetting
factor. For further details on the forecasting framework provided by onlineforecast, see
Bacher et al. (2021).

Numerical weather predictions, such as those used for the proposed models, are generally cre-
ated from a system of nonlinear differential equations based on the laws of physics and predict the
weather by describing the physical processes in the atmosphere. These differential equations cannot
be solved for each point on the earth, and therefore a spatial grid of the earth is used as points for the
equations to be solved at. However, these systems model urban areas with the same formulations as
rural areas, hence discarding the Urban Heat Island effect (Baklanov et al. 2009).

Therefore, the raw forecast of the ambient air temperature does not consider the local climate in
the area where the heat demand forecast is needed. However, if there is a local climate station that
measures the temperature inside the area, then it will be possible to adjust the temperature forecast
using such local measurements. Multiple methods have been used to localise numerical weather
predictions, however, one of the more widely used is the Model Output Statistics method by
Glahn and Lowry (1972). Model Output Statistics is a post-processing method to calibrate or loca-
lise numerical weather predictions using a regression model. In this regression model, the depen-
dent variable could be the observed weather variable at a local weather station, and the possible
explanatory variables are e.g. the forecast weather variable (i.e. the same variable as the dependent)
and additional forecast weather variables.

In our case, we suggest,

y=B+BT;" +e 1)

where the dependent variable, y is the observed ambient air temperature, T2 is is the forecasted
ambient air temperature while the § are coefficients of the regression model. This is indeed a very
simple model, since it assumes that the bias introduced by the UHI effect only scales linearly with
the temperature forecast and is independent of other potential variables. This method of localis-
ation does however have the added benefit of updating the weather forecasts between forecast
times, i.e. since the NWPs are usually created only a few times a day, the localisation model,
which receives measurements more frequently, helps in updating the increasingly uncertain
weather prediction.

Usually, MOS is applied in a multiple-linear regression fashion, where multiple weather forecasts
are used (Gneiting 2014). So this model is simpler than what is usually applied. However, it was
nonetheless chosen for this study to show that even simple methods of incorporating the UHI
effect can affect the subsequent heat demand forecasts.

The forecasts produced by the localisation model are used as inputs for the heat demand forecast
model to quantify the accuracy improvement by localising the NWP. This method provides the
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possibility to locally adjust the NWP and therefore update it with information on the local climate,
thereby providing better information for predicting the heat demand. The method also makes it
possible to estimate the uncertainty of the NWP for this location.

The proposed heat demand forecasting method in this paper uses physical knowledge on how
heating consumption and weather are linked as suggested by Aalborg Nielsen and Madsen
(2000). A final model was identified using the forward selection approach as shown in Bacher
et al. (2013), where inputs are added one by one to the model, and for each input, it is investigated
if the forecasting performance increases significantly. The Root-Mean-Squared-Error (RMSE) is
used to compare the forecasting performance for each k-step horizon. Different transformations
of the inputs are also investigated. Models for heat demand are usually based on weather forecast
inputs (e.g. air temperature and wind) and social components (e.g. Fourier Harmonics).

3. Data

Data is required to apply the methods proposed in this study and investigate if heat demand fore-
casts can be improved by localising the weather forecasts. Therefore, the case study from the IDASC
project for the area of Tingbjerg in Copenhagen is used Bergsteinsson et al. (2021). This case study
contains heat demand measurements, temperature measurements from a local climate station, and
weather forecasts.

Two years of hourly measurements from 2019 and 2020 are used in this study. Data from 2019
will be used in-sample to estimate model parameters and forgetting factors, while data from 2020 is
used out-of-sample to test and validate performance.

Ordinarily, cross-validation would be used to avoid overfitting, however since estimation in
onlineforecast is done by recursive least squares only past data is used when calculating
the regression coeflicient Bacher et al. (2021).

From the point of view of the utility provider (HOFOR), the district heating system in Tingbjerg
can be thought of as an island in their system, as the Tingbjergs distribution network has only one heat
source, a heat exchanger that receives heat from the transmission network. The top plot in Figure 1
shows the historical measurement of the heat demand from the heat exchanger at Tingbjerg.
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Figure 1. Figure shows measurements of heat demand (top) and ambient air temperature (bottom).
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The climate station that will be used to provide local weather measurements is located at the Land-
bohgjskolen in Copenhagen (Station ID: 06186). The data is provided by the Danish Meteorological
Institute (DMI) through their Open Data initiatives (Danish Meteorological Institute (DMI) 2021).
We will only be using the ambient air temperature (the temp_mean_past1h variable) in this work.
The lower plot in Figure 1 shows the measured ambient air temperature at the local climate station.

It is clear from these plots that the heat demand and the ambient air temperature are highly
correlated. Hence, accurate forecasts of the ambient air temperature are of great importance
when forecasting heat demand.

Ideally, the location of the climate station would be inside the area where the heat is being con-
sumed, unfortunately however, there are no climate stations in Tingbjerg. Therefore, we found the
climate station that is closest to Tingbjerg and also inside Copenhagen. Figure 2 shows where
Tingbjerg is located and the placement of the climate station. The distance between them is
approximately 5.6 kilometres.

The NWPs are forecasts from the ECMWF HRES model and they are updated twice a day; at
noon and midnight.” The forecasts used were created by selecting the longitude and latitude
point for Tingbjerg (55°43’12”N, 12°28’48”E, the blue point in Figure 2) and are then bilinearly
interpolated from the four nearest neighbour forecasts from the 0.1° x 0.1° grid made by the
ECMW HRES model.

Examining the difference between the forecasted temperature and the locally measured ambient
air temperature in Figure 3, the bias in the weather forecast due to the UHI effect can be seen clearly.
On average for the training period, the weather forecast underestimates the local ambient air temp-
erature by approximately 0.65°C. It is natural that such a difference will affect the performance of a
heat demand model.

4. Results

The NWPs are localised by estimating parameters in Equation (1) during 2019 with an initial
burn-in period of 3 months to estimate the forgetting factor. The parameters and forgetting factor

Tingbjerg

Figure 2. Figure shows the location of the climate station and Tingbjerg, where the district heating is located. The distance
between the two places is approximately 5.6 km.'
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Figure 3. Figure shows local ambient air temperature measurements (red) and corresponding forecasted temperature (black).
The vertical grey dashed line indicates when the NWP was produced, i.e. the prediction time.

are then used out-of-sample to forecast the weather variables during 2020. The parameters of the
model are estimated and the forecasts of Equation (1) are obtained using the R-package online-
forecast. This R-package for forecasting uses either least squares (constant parameters over
time) or recursive least squares with exponential forgetting factor (adaptive parameters, i.e. varying
over time). The performance of the raw NWPs and the NWPs that have been locally adjusted to the
climate of the ambient air temperature can be seen in Figure 4. Three different localised NWPs were
created:

e Parameters estimated using least squares (LS) estimation, ie. constant parameters
(denoted as Im)
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Figure 4. Figure shows the accuracy of the NWPs in Tingbjerg. The left plots show the in-sample and the right plots show the
out-sample. The Root Mean Square Error (RMSE) is shown in the top plots and Mean Error (ME) in the bottom plots.
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e Parameters estimated using recursive and adaptive estimation, with forgetting factor (A = 0.994)
(denoted as rls)

o Parameters estimated using recursive and adaptive estimation, with forgetting factor
(A = 0.998), i.e. making the parameters change slower over time than case 2 (denoted as rls2).

The forgetting factor for the second method, rls, was found by minimising the RMSE of the pre-
diction on horizons, k = {1, ..., 24} hours and the forgetting factor in rls2 was selected by hand.
The results from the in-sample period are shown in the left plots, while the right plots show the out-
of-sample results. Two error scores are used; the RMSE in the top plots and Mean Error (ME) in the
bottom plots. Here the RMSE shows how accurately the localisation model is able to forecast the
local ambient air temperature, and the ME shows how biased the forecasts are.

The plots in Figure 4 demonstrate how the suggested method for locally adjusting forecasts pro-
duces forecasts that are better suited for use in heat demand forecasting than the original NWP. The
plots of the mean error confirm what was seen in Figure 3, i.e. that the NWP is biased and under-
estimates the temperature in the city due to the UHI effect. However, all methods that were tested
successfully removed the bias in the weather forecast, as seen by the mean error being almost zero
for all horizons both in and out-of-sample. The plots in Figure 4 also show the importance of adap-
tive parameter estimation, since the rls method with optimal selection of the forgetting factor shows
the best performance.

The next step is to examine of the localised weather forecast affects heat demand forecasts. Here,
the optimal model found for forecasting the heat demand was,

N bs,
Firie = Box + Bt + mi(t, fhar, @aw) + B3 H@T, 0 @)
+ B4,kH(q)W:ZEk“ + BS,kH(q)G?XISp
where 3 are the coefficients of the model, Tgiimp is a combined sequence of measured and forecast
ambient air temperature (°C) including current measurements and NWP of the ambientair temp-
. robs, . .

erature, 1.e.T;)!ts+mp ={..., T;’}’f_ I T;’BS, T:ﬁllt, T:Vtv_izu, T;‘?’EKU}, W::V}:k“ is the NWP of winds
peed (m/s), G?Xflt is the NWP of global radiation (W/m2), w, (¢, #thar» @aiu) describes the diurnal

curve using Fourier harmonic series where ¢ is the time of the day (hour), #y,, is the number of
harmonics, chosen to be ny,; = 3, and finally ag;, is a vector consisting of the coefficients for the
included harmonics. H(q) is a transfer function that acts as a low-pass filter with a stationary
gain equal to one,

—a
1—qV’

H(q) = ©)
where a is the time constant describing how the buildings are affected by changes in the correspond-
ing climate variable, e.g. ambient air temperature.

The model is fitted to the data using the recursive least squares method, with the optimal forget-
ting factor being A = 0.9929. Figure 5 shows the RMSE for each horizon obtained when fitting the
model to the data with the raw NWP.

It is clear from Figure 5 that the model performs quite well. The errors jump after the first two
hours and then increase more slowly for the higher horizons.

The model coefficients and the optimal low pass filter parameters of this fit are reported in
Table 1. Since the fit is made using recursive least squares, and the coefficients thus change in
each time step only the mean value is given. The standard deviation listed here are of the entire
parameter trace, and hence cannot be used for significance tests.

This is of course not a perfect model, and improvements could still be made. However, the pur-
pose of this model is only to provide a baseline for comparing the effect of localisation.
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Figure 5. RMSE for each horizon of the model with the raw NWP.

The four NWPs of the ambient air temperature are then used in Equation (2) to forecast the heat
demand in Tingbjerg. To evaluate the accuracy improvements of the heat demand forecast, the
Relative Root Mean Square Error (RRMSE) is examined. This compares the RMSE of the heat
demand forecast with localised weather forecasts to the heat demand forecast using the raw
NWP as input RMSEgask,

RMSE

RRMSE = | ——
RMSEgasg

— 1)*100%. (4)

Here negative values indicate that the localised forecast has improved the accuracy of the heat
demand forecast.

The results in Figure 6 show that all three localised forecasts improved the accuracy of the heat
demand forecasts when compared to the raw NWP model. The rls method of localisation, which
adapts faster, has the best performance overall, especially for horizons up to 12 hours ahead,
which are the most important horizons for temperature optimisation, where the objective is to
lower the supply temperature. For the last horizons, the rls performs similarly to the other localised
forecasts, although it still demonstrates around 1.5% higher accuracy than using the raw NWPs as
input.

Table 1. Left: Mean coefficient values and the standard deviation of their trace.

Coefficient | Mean value | Standard Deviation
Bo 4.900 1.800 Parameter | Value
51 0.130 0.170 ar 0.760
53 -0.120 0.079 aw 0.760
B4 0.019 0.026 ac 0.999
05 -0.014 0.012

Note: Right: Optimal low-pass filter parameters for the fit.
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Figure 6. Accuracy improvements in heat demand forecast by localising the meteorological forecast of the ambient air temp-
erature to a local climate station. The RRMSE for the three localised methods compared against the forecasting model with the
raw NWP as inputs.

5. Conclusion

In this study, we demonstrated that the numerical weather prediction from ECMWF delivers a
biased forecast of the temperature for the local climate station in Tingbjerg, and on average it pre-
dicts a lower temperature than is measured locally. This bias is likely due to the urban heat island
effect. Therefore, we proposed adjusting the raw numerical weather prediction to measurements of
the temperature from a local climate station in Copenhagen. This reduces the bias and gives a more
accurate representation of the local climate.

To make this adjustment, we proposed using the model output statistics technique to calibrate
weather forecasts, as this method has seen a lot of use in other fields of forecasting. Three different
methods were proposed to locally adjust the numerical weather prediction, one where the par-
ameters are constant and two methods where the parameters vary over time with different forget-
ting factors. Each of these methods effectively removes the bias in the weather forecast. Of the three
methods the two adaptive methods result in forecasts most closely resembling the local weather
measurements.

Furthermore, it was investigated how locally adjusting weather forecasts affects the accuracy
of heat load forecasts. For this purpose, a simple adaptive heat demand model was constructed
which uses the ambient temperature forecasts as an explanatory variable. With this model, the
unadjusted weather forecast can be compared to the three locally adjusted forecasts in terms of
the accuracy of the resulting heat load forecast in Tingbjerg (Copenhagen). The results showed
that using local climate data to adjust temperature forecasts outperforms the forecasts based
solely on the raw numerical weather prediction for all forecasting horizons. This suggests that
having a better understanding and forecasting of the local climate will improve the heat demand
forecast, which in turn will contribute to cost savings achieved due to better operation of the
district heating system.

We conclude that, in order to optimise the operation of the district heating systems, it would be
beneficial to install and use a local climate station to localise the weather forecast to enhance the
heat demand forecasts.

Notes

1. Figure created using Google Maps.
2. European Centre for Medium-Range Weather Forecasts (ECMWF), HRES - High-Resolution Forecast.


https://maps.google.com/
https://confluence.ecmwf.int/display/FUG/HRES+-+High-Resolution+Forecast
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