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ABSTRACT 
 Heat demand prediction is a notable research topic 

in intelligent energy networks (IENs), due to the rapid 
growth of heat demand in cities. Given that hourly heat 
demand data can be considered as a time series data 
recording and well analyzed by time series seasonal 
decomposition algorithms, we develop a variant of the 
recurrent neural network (RNN), namely time frequency-
domain memory (TFDM). The TFDM combines fast 
Fourier transform (FFT) and long short-term memory 
(LSTM) model to preserve memory of the series in both 
time and frequency domains, and cascades a residual 
block to introduce the impact factors (e.g., weathers). In 
the experiments, we compare the proposed TFDM with 
various referred methods on a heat demand dataset. The 
experimental results show that the proposed TFDM has 
significant performance improvement in the heat 
demand prediction. 
 
Keywords: Intelligent energy networks (IENs), heat 
demand prediction, time series prediction, time-
frequency domain analysis, long short-term memory 
(LSTM) 
 

1. INTRODUCTION 
Intelligent Energy Networks (IENs) are intelligently 

optimized energy exchange networks including smart 
grids, smart district heating (DH) networks, and smart 
natural gas (NG) networks that share information 
between energy producers and consumers, and provide 
decision supports for the producers [1]. In recent years, 
due to the rapid growth of energy demand, especially 

heat demand, the IENs have grown moderately and 
require high-precision prediction algorithms for the 
energy demand [2, 3]. Same in the district heating 
networks, it is important to adjust heat supply 
dynamically to response the heat demand and reduce 
the peak value of the heat supply in order to improve the 
efficiency of the heat supply and save costs [4, 5]. 

Researchers around the world focus on performance 
improvement of heat demand prediction and have 
conducted extensive researches on heat demand 
prediction. Numerous methods and their variants have 
been proposed for the goal. Cui et al. [6] proposed an 
improved autoregressive integrated moving average 
with exogenous (ARIMAX) to deal with the mutation data 
structures caused by external factors in the field of 
energy demand prediction. A multi-variable prediction 
method was introduced for heat demand prediction 
based on support vector regression (SVR) to improve 
precision of the prediction [7]. Meanwhile, the authors 
in [8] implemented the SVR with Firefly searching 
algorithm to predict heat demand for different 
prediction horizons. References [9] and [10] developed 
Gaussian mixture models (GMMs) to analyze impacts of 
various factors on heat demand and conducted heat 
demand predictions by the GMMs. In addition to the 
aforementioned conventional machine learning 
methods, artificial neural network (ANN) models have 
been used to predict heat demand, including 
feedforward neural networks (FFNN) [11], Elman neural 
networks (ENN) [12], nonlinear autoregressive (NARX) 
neural networks [13, 14]. 

While predicting heat demand, effective heat 
demand series decomposition is vital for the precision of 
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its prediction. Xie et al. [15] built a variant of the ENN 
called SEA (STL-ENN-ARIMA) model, which is a hybrid 
neural network, to improve the heat demand prediction 
performance by time series seasonal decomposition. In 
[15], they utilized the seasonal-trend decomposition 
algorithm (STL in short) [16] to decompose the heat 
demand series into seasonal and trend components, 
following ENNs and an ARIMA to predict the 
components, respectively. In the end, their predictions 
were combined together as the final heat demand 
predictions. Although the seasonal decomposition can 
only decompose the series into few frequency 
components, it presents strong effectiveness on heat 
demand prediction.  

In this paper, we propose a generalization of the SEA 
model named time frequency-domain memory (TFDM), 
which extends the seasonal decomposition to the fast 
Fourier transform (FFT). Theoretically, the TFDM 
decomposes a series into equal-interval frequency bands 
rather than setting periods by hand. After integrating all 
the FFT outputs as a spectrogram, we apply long short-
term memory (LSTM) models to preserve memory of the 
series in both time and frequency domains and predict 
the trend of each frequency component in the red 

dashed squares in Figure 1, obtaining intermediate 
predictions and re-transform them by the inverse fast 
Fourier transform (IFFT). In addition, to introduce 
impactful factors including ambient temperature, direct 
solar irradiance, and wind speed for prediction 
performance improvement, we cascade a residual block. 

2. MODEL DESCRIPTION 

2.1 Time Frequency-Domain Memory (TFDM) 

In this section, we introduce frequency information 
of the heat demand data series into the heat demand 
prediction model. Figure 1 shows the model structure of 
the time frequency-domain memory (TFDM). 

It is known that the Fourier transform (FT), a well-
known time-frequency transform, can decompose a 
signal in time domain into its constituent frequencies 
[17]. Since the continuous heat demand measurement 
can be sampled into a discrete time series, we can 
introduce the discrete Fourier transform (DFT) to process 
the heat demand series. Here, we actually apply the fast 
Fourier transform (FFT) [18], a fast algorithm of the DFT, 
in the model to reduce time we cost. 

We firstly divide the 𝑛-length original heat demand 
data series 𝑦 into several 𝑚-length frames where 𝑚, a 
power of 2, is the sliding window size. Note that we set 
the sliding step of the sliding window as 𝑚 2⁄  and we 
can obtain 𝑐 = (2𝑛 − 𝑚) 𝑚⁄  frames assuming that 2𝑛 
can be divided by 𝑚 with no remainder.  

After transforming each 𝑚 -length original heat 
demand data frames into the frequency domain with the 
𝑚 -point FFT, we can obtain 𝑐  frequency frames 
{𝑓1,⋯ , 𝑓𝑐}  of which each element represents the 

 
Fig 1 Model structure of the time frequency-domain memory (TFDM) without the residual block (assuming 𝑚 = 4). 
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Fig 2 The structure of the residual block. 
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frequency respond. Then, the 𝑖𝑡ℎ  elements of the 𝑐 

frames can be combined into a time series 𝑔(𝑖) =

[𝑓1
(𝑖)

,⋯ , 𝑓𝑐
(𝑖)

] , 𝑖 = 1,⋯ ,𝑚   for the corresponding 

frequency, which can illustrate the trend of the 
frequency in time domain.   

In the next step, 𝑔(1), ⋯ , 𝑔(𝑚) are utilized to train 
𝑚  different long short-term memory (LSTM) [19] 
models, predicting �̃�  steps by the LSTM models and 
obtaining 𝑚 predicted frequency response series which 

are named as 𝑔 (1),⋯ , 𝑔 (𝑚) . Then, 𝑓𝑗 =

[𝑔 𝑗
(1)

,⋯ , 𝑔 𝑗
(𝑚)

] , 𝑗 = 1,⋯ , 𝑐  are integrated by 

𝑔 (1),⋯𝑔 (𝑚), following the inverse fast Fourier transform 
(IFFT) outputting the heat demand prediction series 𝑦  

as shown in Figure 1. The overlapped parts in 𝑓1,⋯ , 𝑓𝑐̃ 
will be integrated by averaging. 

However, one shortage of the aforementioned 
structure is that it cannot introduce impactful factors to 
improve prediction performance when predicting the 
heat demand. Thus, we cascade a residual block after it 
as shown in Figure 2. The residual block uses a 
feedforward neural network (FFNN) as the base model to 
combine the aforementioned heat demand prediction 𝑦  
and the impactful factors 𝑥 . The residual values 
between 𝑦  and the actual values 𝑦 can be estimated 
and added into 𝑦  to obtain more precise heat demand 
prediction �̂�. 

2.2 Performance Evaluation 

To evaluate the performance of the proposed heat 
demand prediction models and the referred methods, 
we introduce mean absolute percentage error (MAPE) 
and root mean squared error (RMSE), which are 
commonly used evaluation metrics in the regression 
tasks, to measure the relative and absolute errors of the 
predictions in the test set, respectively. Here, the MAPE 
can be defined as 

 MAPE =
1

𝑛
∑

|𝑦𝑖 �̂�𝑖|

𝑦𝑖

𝑛
𝑖=1 × 100%, (1) 

here 𝑦𝑖  and �̂�𝑖  are the 𝑖𝑡ℎ-hour actual heat demand 
value and the corresponding prediction value, and 𝑛 is 
data point number in the test set. In addition, the RMSE 
can be defined as 

 RMSE = √
1

𝑛
∑ (𝑦𝑖 − �̂�𝑖)

2𝑛
𝑖=1 . (2) 

3. EXPERIMENTAL RESULTS AND DISCUSSIONS 

3.1 Data Description 

Table 1 Comparisons of MAPE for the proposed TFDM with different 𝑚, hidden layer numbers 𝑙, and node numbers 𝑝. Note 
that the best and the second best results are marked in bold font and underline, respectively. 

𝑙 4 8 

𝑚\𝑝 5 15 20 5 15 20 

4 11.15%±0.12% 9.50%±0.13% 8.56%±0.08% 11.18%±0.06% 8.08%±0.17% 6.47%±0.14% 

8 11.75%±0.09% 10.32%±0.11% 9.50%±0.10% 11.59%±0.09% 8.90%±0.20% 7.33%±0.16% 

16 12.01%±0.11% 10.37%±0.09% 9.52%±0.10% 11.94%±0.19% 8.86%±0.11% 7.31%±0.14% 

32 5.54%±0.04% 4.99%±0.03% 4.76%±0.05% 5.52%±0.02% 4.71%±0.08% 4.75%±0.08% 

 
Table 2 Comparisons of RMSE for the proposed TFDM with different 𝑚, hidden layer numbers 𝑙, and node numbers 𝑝. Note 

that the best and the second best results are marked in bold font and underline, respectively. 

𝑙 4 8 

𝑚\𝑝 5 15 20 5 15 20 

4 24.33±0.23 19.11±0.17 16.33±0.16 24.45±0.39 15.11±0.33 10.92±0.19 

8 25.33±0.19 20.42±0.17 18.11±0.25 24.86±0.36 16.87±0.18 12.72±0.17 

16 25.44±0.15 20.22±0.14 17.82±0.19 25.35±0.48 16.52±0.33 12.30±0.27 

32 14.17±0.13 11.53±0.07 10.67±0.00 14.18±0.15 10.67±0.00 10.64±0.02 

 

Table 3 Comparisons of different methods of both MAPE 
and RMSE. Note that the best and the second best results 

are marked in bold font and underline, respectively. 

Method MAPE RMSE 

ARIMAX 11.87%±0.54% 44.33±1.53 

SVR 8.78%±0.00% 31.91±0.00 

GMM 8.80%±0.28% 32.88±0.73 

FFNN 9.76%±1.09% 48.20±8.31 

NARX 6.45%±0.09% 15.89±1.62 

ENN 6.43%±0.04% 14.56±0.06 

SEA-a1 5.51%±0.02% 12.63±0.05 

SEA-b1 6.43%±0.04% 15.56±0.03 

TFDM 4.71%±0.08% 10.67±0.00 
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In this paper, we conducted experimental analysis 
using the hourly measured data during the period of 
2008-2011 which includes the heat demand and 
impactful factors (i.e., the ambient temperature, the 
direct solar irradiance, and the wind speed). The dataset 
was divided into a training set containing data from 2008 
to 2010 (26,304 hours) and a test set containing the 
others (8,760 hours). We conducted the normalization as 
data preprocessing, following the models training. Here, 
we normalized all the training heat demand data and 
impactful factors by their respective means and standard 
deviations, same as the method in [15]. 

3.2 Heat Demand Prediction 

Firstly, heat demand predictions were conducted to 
investigate the best selection of hyperparameters, i.e., 
point number 𝑚 of the FFT, and hidden layer number 𝑙 
and node number 𝑝 of the FFNN in the residual block. 
Here, we selected 𝑚 from {4,8,16,32}, 𝑙 from {4,8}, 
and 𝑝 from {5,15,20} for the comparisons and each 
model with different group of the hyperparameters is 
trained for 10 times with random initial settings to obtain 
the means and standard deviations of the MAPE and the 
RMSE. Table 1 and Table 2 show the experimental 
results. 

From the tables, the models with 𝑚 = 32 
significantly outperform the others, while those with 
𝑚 = 4,8,16 have similar performance in the same FFNN 

structures. Meanwhile, the model with 𝑚 = 32, 𝑙 =
8, 𝑝 = 15 achieves the best among the other models on 
MAPE and that with 𝑚 = 32, 𝑙 = 8, 𝑝 = 20  achieves 
the best on RMSE. Actually, they obtain comparable 
performance with each other, while the former has 
fewer parameters. Therefore, we select the model with 
𝑚 = 32, 𝑙 = 8, 𝑝 = 15 as the best model structure. 

We then evaluated the performance of the proposed 
TFDM with various referred methods including 
conventional machine learning methods (autoregressive 
integrated moving average with exogenous (ARIMAX) 
[6], support vector regression (SVR) [20], and Gaussian 
mixture model (GMM) [9]) and deep neural networks 
(FFNN [11], ENN [12], NARX [13, 14], and SEA [15]), 
versions of the SEA model, named as SEA-a1 and SEA-b1, 
are compared. All the models are trained for 10 times 
with random initial settings as well. The experimental 
settings of the referred methods were according to [15]. 

Table 3 shows the comparisons of MAPE and RMSE 
in the test set. The proposed TFDM outperforms all the 
referred methods over 0.80% on MAPE and 2.00 on 
RMSE. Meanwhile, boxplots are illustrated in Figure 3, 
which present that the proposed TFDM achieves the best 
performance on both the MAPE and the RMSE. The 
boxplots of the proposed TFDM on both the MAPE and 
the RMSE respectively are more compact than most of 
the other methods, which mean that the proposed TFDM 
has more steady performance. 

  
(a) (b) 

Fig 3 Boxplots of (a) MAPE and (b) RMSE. 

Table 4 P-values of MAPE and RMSE between the proposed TFDM and the referred methods. Note that 𝑝 ≤ 0.05 indicates 
significance level of the Student’s t-test. 

 ARIMAX SVR GMM FFNN NARX ENN SEA-a1 SEA-b1 

MAPE 6.72E-19 4.66E-30 1.46E-19 4.45E-11 1.10E-19 3.07E-22 4.47E-17 4.21E-22 

RMSE 6.15E-23 1.02E-64 1.92E-25 7.03E-11 1.52E-08 1.46E-31 1.91E-27 1.95E-38 
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In addition, The Student’s t-test is also conducted 
between the evaluation metrics of the proposed TFDM 
and those of the referred methods, respectively, where 
the statistical significance level is set as 0.05 (𝛼 =0.05). 
As shown in Table 4, given that all the p-values are 
smaller than 0.05 even 1 × 10 10 , the MAPE and the 
RMSE of the proposed TFDM are significantly different 
with those of the referred methods which means that 
the proposed TFDM has significant performance 
improvement. 

Figure 4 illustrates four groups of comparisons 
between the actual heat demand values (in million Watt, 
MW) and the prediction values (in MW) obtained by the 
proposed TFDM in randomly selected date intervals. 
According to Figure 4, the predicted curves are close 
enough to their corresponding actual heat demand 
curves and can greatly reflect the changes of the actual 

ones. This means that the proposed TFDM performs well 
in the heat demand prediction task. 

3.3 Discussions 

In this section, we discuss the reasons why the 
proposed TFDM is more effective than the referred 
methods. Firstly, similar with the principles of the SEA 
model [15] and seasonal decomposition, the proposed 
TFDM decomposes the original heat demand series into 
several seasonal components with distinct frequencies, 
which would lead the proposed TFDM to further 
understanding of the whole series in frequency domain 
and modeling the series powerfully. Moreover, an 𝑚-
point FFT which can be considered as a time-frequency 
memory integrates information in an 𝑚-length window. 
This helps the model “seeing further” than a 

  
(a) February 12th – 21st. (b) May 5th - 14th. 

  
(c) June 21st – 31st. (d) October 6th – 15th. 

Fig 4 Comparisons between actual heat demand values (in MW) and prediction values (in MW) in four randomly selected date 
intervals. The date annotations in the x-axis mean the start of the day. 



 6 Copyright ©  2020 ICAE 

conventional RNN when 𝑚  is large, which is an 
additional ability of the FFT. 

4. CONCLUSIONS 
In this paper, we proposed a heat demand prediction 

method, namely the time frequency-domain memory 
(TFDM), based on the fast Fourier transform (FFT) and 
the long short-term memory (LSTM) models. Given that 
the model cannot introduce impactful factors, including 
the ambient temperature, the direct solar irradiance, 
and the wind speed, we cascaded a residual block to take 
these factors into consideration. In the experiments, we 
compared the proposed TFDM with various referred 
methods on the heat demand dataset and experimental 
results show that the proposed TFDM has significant 
performance improvement. Future work will focus on 
the approaches combining the impact factors into the 
model illustrated in Figure 1, rather than adding a 
residual block. 
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