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Abstract. This paper reports an application of Numerical Weather Prediction (NWP) in the heat load
forecasting field. The NWP is applied to obtain the correlated weather parameters of the heat load,
and then the properly structured Artificial Neural Network (ANN) model is designed to perform the
prediction. Satisfactory experimental results are obtained by using actual heat load data in the north
of China. The experimental result shows that the proposed NWP based method can predict the heat
load precisely. Comparing with the traditional weather forecast based-method, the proposed method
can effectively improve the forecasting accuracy.

1. Introduction

Heat load forecasting plays an important role in the safe and economic operation of the urban district
heating system. Accurate heat load forecast provides system dispatchers with timely information to
operate the system economically and reliably [1]. Lately, the share of renewable energy in the
electricity generation is increasing dramatically [2]. In order to accommodate more renewable energy,
the need for accurately forecasting heat load becomes more urgent, due to the restriction between heat
and electricity demand in China.

Nowadays a great many of different technologies [3,4] have been applied for heat load forecast,
such as Linear Regression [5], ARMA Model [6], Kalman filter [7], grey model [8], Artificial Neural
Network [9-11], support vector machine [12]. Many of them have obtained considerable results.
However, the heat load is mainly affected by the outdoor environmental parameters which include
outdoor temperature, solar radiation, relative humidity, wind speed, pressure and so on [13]. The
traditional weather forecast which is used by these methods is not sufficient for the heat load
predicting requirements, because the resolution and parameters that the traditional weather forecast
provided are quite limited.

In order to solve the problem and further improve the accuracy of the heat load prediction, this
paper introduces the Numerical Weather Prediction (NWP) for the forecasting of heat load. After
extracting the valid weather parameters which influence the heat load from the NWP, the formulated
Artificial Neural Network (ANN) model are employed to forecast the heat load. The proposed
method was applied to short-term heat load forecasting and the experimental results based on real
data from the north china illustrated the validity of the proposed method.

2. The Numerical Weather Prediction

2.1 Basis theory

The NWP uses mathematical models of the atmosphere and oceans to predict the weather based on
current weather conditions [14]. Though first attempted in the 1920s, it was not until the advent of
computer simulation in the 1950s that numerical weather predictions produced realistic results.
Nowadays, a number of global and regional forecast models are run in different countries worldwide,
using current weather observations relayed from radiosondes or weather satellites as inputs to the
models [15].
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In this paper, the Multi-Scheme Ensemble Prediction System (MSEPS) produced by WEPROG
(Weather and wind Energy PROGnosis) are introduced for the heat load forecasting. MSEPS has
been operational since 2004. Based on WEPROGs own NWP formulation, the system is built up with
three different dynamics schemes, five different condensation schemes and five different vertical
diffusion schemes, which result in an ensemble of 75 members [15]. The characteristic of the MSEPS
system is that it has the capabilities to develop physical uncertainties with well-defined differences
among the ensemble members. MSEPS system contains a 2-step power prediction module. In the first
step a physical reference power is computed and in a second step, the reference power is localized
statistically and with the help of weather classes defined by the ensemble weather input [16].

2.2 The Output Weather Parameters of NWP

The output weather parameters of the NWP by WEPROG contain the wind speed, wind direction,
momentum flux, mean sea level pressure, fraction of clouds, sensible heat flux, latent heat flux,
shortwave radiation, longwave radiation, surface pressure, large scale precipitation, convective scale
precipitation, temperature, and humidity. The time resolution is 15 minutes. Figure 1 shows the
difference of temperature factor between traditional weather prediction and NWP. In order to figure
out relationship between the weather parameters and the heat load, the correlation coefficients is
employed in the paper to assess the output weather parameters.
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Fig.1 Comparison between traditional weather forecast and NWP

2.3 The Impact Factors of Heat load forecasting

In this study, the heat load data of certain province in the north of China from October 2013 to
January 2014 were used to calculate the correlation coefficients. Figure 2 shows the correlation of the
temperature and heat load. The correlation coefficient is 0.8670. This strong correlation indicated that
the temperature of NWP should be used as the essential factor in heat load forecasting.
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Fig.2 Correlation coefficients between temperature and heat load

Figure 3 partly shows the correlations between the weather parameters and heat load. Table 1
gives the values of the correlation coefficients for all the weather parameters of NWP. Form the
figure and table we can see, except temperature parameter, the correlations of longwave radiation and
humidity is relatively higher than others. For part of weather parameters, the correlations are almost 0,
which means these parameters have no correlation with the heat load. Therefore, the main impact
factors of heat load are temperature, longwave radiation and humidity.
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Fig.3 Correlation coefficients between part of weather parameters and heat load

Table 1 Correlation coefficients between weather parameters and heat load

Weather parameters Correlation Weather parameters Correlation

coefficients coefficients
temperature 0.8760 momentum flux 0.0391
10m wind speed 0.0298 mean sea level pressure 0.2794
10m wind direction 0.1169 fraction of clouds 0.2651
30m wind speed 0.0356 sensible heat flux 0.1145
30m wind direction 0.0995 latent heat flux 0.1199
100m wind speed 0.0737 shortwave radiation 0.1744
100m wind direction 0.0967 longwave radiation 0.4544
170m wind speed 0.0282 surface pressure 0.1777
170m wind direction 0.0851 humidity 0.4559

3. Forecasting the Heat load Based on Neural Network

Artificial Neural Network (ANN) is one kind of statistical learning models inspired by biological
neural networks. Nowadays researchers have tried different types of neural network to forecast the
short-term heat load [17]. Since many evidences indicate that the external factors strongly influence
the heat load, in order to make the prediction results more accurately, the weather factors should be
taken into consideration when making neural network model. According to section 2.3, the
temperature, longwave radiation and humidity parameters of NWP have a higher correlation with
heat load. So in this paper, these three weather parameters are considered as the inputs of ANN. The
output of the ANN is the heat load forecasting result. Figure 4 shows the basic structure of ANN.

Fig.4 The basic structure of ANN



4. Experimental Results

In this study, the heat load data of certain province in the north of China from October 2013 to April
2014 were used to test the performance of the proposed method. The data were arranged at intervals
of 1 hour. According to the analysis of historical data, we set the training set "= 2400  The inputs of
the model are temperature, longwave radiation and humidity.

4.1 The Forecasting results analysis

Figure 5 indicate the heat load forecasting results of one month (Feb, 2014). From the figure, we can
see that the forecasting curve fits the real heat load effectively. The Mean Absolute Percentage Error
(MAPE) is 10.94% and the Root Mean Square Error (RMSE) is 0.848. The proposed method has a
considerable forecasting precision.
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Fig.5 the heat load forecasting results (Feb, 2014) Fig.6 the error comparison results of the two methods

4.2 Comparison of traditional method and NWP based method

In order to compare the effectiveness of the proposed method, the prediction using traditional weather
forecast is carried out to demonstrate the advantages of NWP based method. The MAPE error of the
heat load forecasting results for February 2014 is 12.60% and the RMSE error is 0.101 which are
larger than the proposed NWP based method. Figure 6 shows the comparison results of the APE
errors. The error curves indicate that the proposed approach has an excellent performance.

5. Conclusion

This paper presented an approach for heat load forecasting problem based on the NWP. After the
impact factors were determined by analyzing the correlation between the weather parameters and
heat load, a properly structured ANN model was designed to predict the heat load. The experimental
results demonstrated that the performance of the proposed approach is better than the original
weather forecast based method. The proposed method can deal with heat load forecasting with good
precision.
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