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Abstract
Forecasting short-term heat demand is an integral function of district energy management applications. Although some
well-known methods, such as support vector machine and artificial neural networks, can be employed, most of them require
additional variables (such as temperature and humidity) in addition to the heat demand itself in order to make an accurate
prediction. In this paper, a differencing-convolutional neural network-long short term memory (D-CNN-LSTM) approach is
developed to forecast the heat demand half hourly ahead using only the historical heat data. Firstly, features extraction is
performed to find a set of model inputs related to the dynamic behavior of heat consumption. This is followed by the design
of D-CNN-LSTM to capture different seasonal patterns, in which the differencing aims to convert inputs to be stationary from
non-stationary while the CNN-LSTM focuses on accurately predicting the future heat demand. Finally, various experiments
are conducted to demonstrate the effectiveness and superiority of the designed method in comparison with existing algorithms.
© 2022 The Author(s). Published by Elsevier Ltd. This is an open access article under the CC BY-NC-ND license
(http://creativecommons.org/licenses/by-nc-nd/4.0/).
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1. Introduction
The proposal of achieving net-zero greenhouse gas emissions (GGE) by 2050 [1] is driving the renewal of
heating equipment and the optimization of heating control systems in communities. According to the report of
the Committee on Climate Change (CCC), around 5.5 million heat pumps driven by zero-carbon electricity are
expected to be installed to decarbonize domestic heating in the UK by 2030 and about 19 million by 2040 [2].
Such initiatives place high demands on the optimization and control of the heating system. Recently, many methods
(such as decision tree (DT) [3], artificial neural networks (ANN) [4] and support vector machine (SVM) [5]) have
been widely adopted to improve the operational efficiency of district heating systems. Among these, the methods
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based on forecasting heat demand including space heating and hot-water consumption have proven particularly
effective [6]. The forecasted demand, usually short-term (e.g. next-step only or 24 h ahead), is critical information
used to proactively optimize the operation of energy assets (e.g. heat pump and storage).
According to [7], the heat demand prediction can be roughly grouped into three types: statistical analysis such as
linear regression [8] and seasonal autoregressive integrated moving average model (SARIMV) [9], shallow machine
learning such as support vector regression [10] and autoregressive network with exogenous input (NARX) [11],
and deep learning such as convolutional neural network (CNN) and long short-term memory (LSTM) network. In
[12,13], a total of eight and seven artificial intelligence algorithms are compared respectively, to show the superiority
of LSTM. Broadly speaking, LSTM is recognized as one of the most powerful predictive models for time-series
problems.
LSTM has been commonly used in the fields of energy optimization and management, such as electricity
price forecasting [14], electrical load forecasting [15], streamflow prediction [16] and anomaly detection of energy
usage [17]. In the past years, many LSTM-based heat demand and supply models were developed to improve the
operational efficiency of thermal energy. Zhang et al. proposed a new LSTM-based heating substations model [18],
which is able to forecast the heat supply through gathered historical heat records and the meteorological data from
heating substations. Xie et al. developed a hybrid LSTM and back-propagation neural network (LSTM-BPNN) [19]
to achieve the hour-ahead forecast for ground source heat pumps. Liu et al. designed a strand-based LSTM
network [20] to forecast the heating load in the coming 24 h using collected weather information and historical
data. There is no doubt that such predictive models can effectively improve the operational efficiency of heating
systems. However, most existing predictive methods for heat demand rely heavily on the external variables such as
temperature and humidity. Although these additional variables from the nearest weather station can help to improve
the prediction accuracy of heat demand, they are not always available or their data quality cannot be guaranteed.
Thus, it is necessary to study heat demand prediction without using additional auxiliary variables.
In this paper, the heat demand data is formulated as a time series and a differencing-convolutional neural networklong short-term memory (D-CNN-LSTM) algorithm is proposed to forecast the heat demand with different seasonal
patterns. Firstly, some useful features are obtained using features extraction to represent the diversity of data. Then
the Max–Min normalization is used to ensure that all features have a similar scale as well as speeding up the
convergence of model training [21]. After that the normalized data is fed into the D-CNN-LSTM approach, in
which the differencing reduces the seasonality of input data and the CNN-LSTM accurately predicts the next-step
heat demand with different seasonal patterns, to improve the forecasting accuracy. The experiments indicate that the
proposed approach effectively improves the forecasting accuracy of heat demand with complex patterns compared
to some common predictive algorithms including Naive, RNN, SARIMV [22] and differencing-long short-term
memory (D-LSTM).
To this end, the main contributions are listed as follows:
(1) A predictive solution is developed to accurately forecast the short-term (half hourly ahead) heat demand in
district heating systems.
(2) An integrated D-CNN-LSTM approach is designed to deal with heat demand with different seasonal patterns
over months.
(3) Various experiments are conducted to show the superiority of the proposed approach in comparison with
existing algorithms.
The rest of this article is organized as follows. Section 2 describes the dataset and preprocessing operations.
Section 3 introduces the main approach and its framework. Section 4 demonstrates the effectiveness of the approach.
A brief conclusion is finally given in Section 5.
2. Data description and preprocessing
2.1. Data source
The dataset was collected from the energy system design for a new development consisting of 1113 properties in
the south-east of England, including semi-detached houses (3 bedrooms) and flats (1 to 3 bedrooms). The design was
modeled by SMS-PLC with contributions from Vital Energi Utilities Limited, which considered building structure
and dimensions as well as heating control schedules. This dataset contains half hourly heat demand profile for 365
consecutive days from 01/01/2020 to 30/12/2020, with 48 samples each day and a total of 17 520 samples.
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2.2. Data analysis
From the above description, the heat demand data can be identified as a time series and its patterns of each week,
month and a year are shown in Fig. 1. The heat demand varies by hours, days and months in a clear pattern. It can
be seen from Fig. 1(a) that there are generally two patterns in a year, owing to the weather-dependent space heating
and occupancy-driven hot water demand. A similar trend of heat demand appears from June to August, while a
more complex pattern exists between September and May. Fig. 1(b) and (c) indicate that the heat demand varies
by days in the week, with 5 consecutive days being higher and 2 consecutive days being lower. The subfigure (d)
presents that the heat demand varies by hours of one day, with a peak between 7 am and 8 am and a sub-peak
around 8 pm.

Fig. 1. Heat demand patterns of a year (a), weeks (b, c), and a day(d). (Data is normalized due to commercial sensitivity).

2.3. Features extraction
As the dynamic behaviors of the heat demand change over hours, days and months, it is thus reasonable to
extract some features related to timestamps and peaks to help forecast the future heat demand. In this paper, five
features, including hour, day, month, peak/subpeak time and mean comparator, were extracted, as shown in Table 1.
In detail, the hour feature ranges from 0 to 23, corresponding to 24 h of a day; weekday feature ranges from 1 to 7,
corresponding to 7 days (from Monday to Sunday) in a week; month feature ranges from 1 to 12, corresponding to
12 months of a year; peak/subpeak time feature ranges from 0 to 2, indicating whether the peak (0) and sub-peak
(1) has reached in a day, or not (2); mean-comparator feature is assigned a value of either 0 or 1, indicating whether
the current heat demand is above (0) the mean demand of a day, or not (1).
Table 1. List of raw heat data and extracted features.
Feature

Range (Z 0+ )

Corresponding meaning

Heat
Hour
Weekday
Month
Peak/Subpeak time
Mean comparator

–
[0,
[1,
[1,
[0,
[0,

Raw heat data
24 h of a day
7 days (from Monday to Sunday) in a week
12 months of a year
Whether the peak and sub-peak has reached
Whether the current heat demand is above the mean demand

23]
7]
12]
2]
1]

2.4. Normalization
Since the range of values varies widely in the heat data itself as well as among different features, it is necessary to
perform a normalization to constrain all features to the same scale [23]. Normalization can not only avoid the model
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to be governed by one particular feature but also be beneficial to speed up the convergence of the network [21].
In this paper, the Max–Min scaler, as shown in Eq. (1), is adopted to normalize all the six features, including heat
demand and the five extracted features, to lie between 0 and 1.
x − min (x)
x′ =
(1)
max (x) − min (x)
where x and x ′ indicate the original and normalized features, respectively.
3. Methodology
3.1. LSTM architecture
LSTM, proposed by Hochreiter and Schmidhuber [24], has been proven to be effective in solving the problem of
long-term dependencies and has been widely used in time series prediction. It can not only preserve more historical
information by designing a gating mechanism but also effectively identify the structure and pattern in sequence data
and improve the shallow neural gradient disappearance. LSTM consists of four basic components: forget gate ( f t ),
input gate (i t ), cell candidate (Ĉt ) and output gate (ot ), as shown in Fig. 2. At each iteration, f t controls how much
past information is retained or forgotten; i t decides the level of cell state update and determines which information
needs to be preserved in the cells; Ĉt stores the information learned from previous iterations and will affect the
output state (Ct ); ot decides whether the current state should be added to the output (h t ) [25]. The mathematical
formulas of LSTM are as follows,
i t = σ (Wi . [h t−1 , xt ] + bi )
(
)
f t = σ W f . [h t−1 , xt ] + b f

(2)

Ĉt = tanh (Wc . [h t−1 , xt ] + bc )

(4)

Ct = f t ∗ Ct−1 + i t ∗ Ĉt

(5)

ot = σ (Wo . [h t−1 , xt ] + bo )

(6)

h t = ot ∗ tanh (Ct )

(7)

(3)

where Wi , W f , Wo and Wc are the weight matrices corresponding to input, forget and output gate as well as the
cell candidate; bi , b f , bo and bc represent the corresponding bias vectors; σ (∗) and tanh (∗) indicate the sigmoid
and tanh activation functions respectively.

Fig. 2. LSTM architecture at iteration t.

3.2. Proposed method
In general, stationary time series whose statistical properties (variance, covariance and mean) do not change
over time are more predictable than non-stationary time series. However, the heat demand data does not meet the
requirements of stationary due to obvious seasonality. Therefore, our approach is to first adopt the differencing
technique to convert the heat demand to be more stationary [26]. In addition, the CNN has been proven effective
in improving the accuracy of LSTM given that the CNN is good at extracting behavior characteristics over months
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while the LSTM can handle well time-series characteristics of heat data [7]. Therefore, in this paper, a differencingconvolutional neural network-long short term memory (D-CNN-LSTM) algorithm is developed to forecast the
next-step heat demand based on the previous 3-hour data (6 points). The main framework is shown in Fig. 3 where
m and w represent sample size and window size, respectively. The main steps are described below.

Fig. 3. Main framework of the proposed method.

A. Differencing
Differencing refers to that the latter value minus the former value, as shown in Eqs. (8)–(13). It can not only
decrease the non-stationarity of sequences without changing the data distribution, but also reduce the noise of the
time series data and improve the forecasting accuracy. By the way, the stationarity of the time series is evaluated in
this paper by the augmented dickey fuller (ADF) test [27]. The mathematical formula of differencing is as follows,
mct′ = mct − mct−1

(8)

hot′
dt′
m ′t
pt′
het′

(9)

= hot − hot−1
= dt − dt−1

(10)

= m t − m t−1

(11)

= pt − pt−1

(12)

= het − het−1

(13)

where mc, ho, d, m, p and he indicate hour, weekday, month, peak/subpeak and mean comparator features as well
as the raw heat data, respectively; (∗)t and (∗)t−1 represent the current and previous values. After prediction through
DNN-LSTM, the above difference needs to be added back to gain the original heat demand.
B. DNN-LSTM
Considering the advantages of CNN and LSTM, a CNN-LSTM structure is proposed to further improve the
forecasting accuracy, as shown in Fig. 3. Firstly, the CNN layer is responsible for capturing the pattern behaviors
of the normalized heat demand after differencing. Then the features vector is flattened and fed into the two LSTM
102

F. Yao, W. Zhou, M.A. Ghamdi et al.

Energy Reports 8 (2022) 98–107

layers in which the internal relationships and patterns of the time series are explored. After that, the intermediate
output is fed to the fully connected (FC) layers for integration. Finally, the predicted result is de-differenced to get
the forecasting value in original scale. Moreover, the l2 regularization is also adopted in every LSTM and FC layers
to avoid the occurrence of overfitting. The related parameters of the proposed approach are optimized by the grid
search [23] and the details will be shown in Section 4.2.
4. Experiments
4.1. Dataset partitioning
As discussed in Section 2.2, the heat demand has complex temporal patterns which vary between seasons, months
and days. To confirm the feasibility of the proposed algorithm, the heat demand data was split and reorganized to
ensure that the training, validation and test sets have the pattern covered for 12 months. In detail, the data of the
first 20 days of each month is extracted to compose the training set, with the data of the next 5 days forming the
validation set and the remaining data being the test set. As a result, the training, validation and test sets consist
of 11 520, 2880 and 3120 samples, respectively. It can be seen from Fig. 4 that the temporal patterns have been
generally captured in all the three sets.

Fig. 4. Patterns of training, validation and test sets (Data is normalized due to commercial sensitivity).

4.2. Experiments and analysis
In this section, a number of experiments were designed to show the effectiveness and superiority of our approach.
The selected parameters are presented in Table 2.
Table 2. Parameters’ list of CNN-LSTM.
Name

Parameter

Name

Parameter

Window size
Output size
Num. of CNN layer
Num. of LSTM layers
Num. of FC layers
Neurons in LSTM/CF
CNN kernel size

6
1
1
2
2
30
5

Batch size
Optimizer
Initial learning rate
Epochs
Activation function
Regularization
Loss function

48
Adam
0.005
300
Relu
l2 (1e−4)
mse

Root Mean Squared Error (RMSE), Mean Absolute Error (MAE), Mean Absolute Percentage Error (MAPE) and
R2 were adopted as metrics to evaluate the performance of the proposed method. The formulas of these metrics
are given as:

 n
1 ∑(
)2
MSE = √
yi − yi′
(14)
n i=1
M AE =

n
1∑
|yi − yi′ |
n i=1

(15)
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n

100% ∑ yi − yi′
|
|
n i=1
yi
∑n
(yi − yi′ )2
R 2 = 1 − ∑i=1
n
2
i=1 (yi − yı )

(16)

M AP E =

(17)

where yi , yi′ and yı indicate the real value, predicted value and the mean value of the real data.
The impact of feature extraction and normalization was first verified in this paper. From Table 3, it can be seen
that the D-CNN-LSTM with normalized multiple features greatly improved the accuracy of the prediction regarding
all these metrics, while MAPE and R 2 demonstrating the effectiveness of our approach. As shown in Fig. 5, it is
worth noting that D-CNN-LSTM with original multiple features failed to converge within the specified epochs,
while the other two algorithms received plausible results, further indicating the importance of normalization.
Table 3. Comparison regarding regularization and feature extraction. (Obtained by taking the average of
ten runs).
Approaches

Metrics

D-CNN-LSTM with single feature
D-CNN-LSTM with original multiple features
D-CNN-LSTM with normalized multiple features

RMSE

MAE

MAPE

R2

25.102
47.001
17.998

11.799
17.172
7.364

0.049
0.060
0.031

0.958
0.814
0.974

Fig. 5. Training and validation loss of the D-CNN-LSTM with single feature (a), D-CNN-LSTM with original multiple features (b) and
D-CNN-LSTM with normalized multiple features(c).

Then, the superiority of the developed approach is confirmed by comparing it with some common predictive
algorithms including Naı̈ve, RNN, SARIMV [22] and D-LSTM. It is worth noting that the best parameter for
SARIMV is (1,1,1) - (1,1,2)48 which is also determined by grid search [23]. The results obtained from test sets
are summarized in Table 4. We can see that the designed approach gets better performance metrics compared with
the other predictive models trained with proper structure and parameters, which confirms the global superiority of
proposed algorithm. The prediction output over the test set is shown in Fig. 6 where the red-dotted line indicates the
predicted data and the blue-solid line shows the actual data. The figure shows the proposed algorithm can effectively
achieve the short-term forecasting of heat demand.
Table 4. Comparison between the proposed method and other famous methods (Average of ten runs.).
Methods

Naive
RNN (5 layers)
SARIMV
D-LSTM without CNN
Proposed approach

Metrics
RMSE

MAE

MAPE

R2

76.463
36.619
38.038
20.097
17.998

23.682
11.074
13.321
7.906
7.364

0.072
0.040
0.044
0.032
0.031

0.610
0.910
0.902
0.962
0.974
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Fig. 6. Predictive result of heat demand (a) and the zoomed-in view (b). (Data is normalized due to commercial sensitivity).

Experiments were also taken to investigate the monthly performance of the designed approach. The dynamic
behaviors of the heat demand vary by months, thereby necessarily analyzing the forecast accuracy of each month.
The results over four metrics are presented in Fig. 7 where all the values are calculated by taking the average
over ten runs. From R 2 and MAPE, we can see that the proposed method generally obtained excellent performance
throughout the year. The results in RMSE and MAE, by their nature, are more consistent with the relative magnitude
of heat demand in different seasons.

Fig. 7. Performance analysis regarding RMSE (a), MAE (b), MAPE (c) and R 2 (d) over each month.
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5. Conclusion
This paper has developed a novel predictive solution by integrating CNN with LSTM to improve the forecasting
accuracy of the heat demand. Some pre-processing procedures, such as feature extraction and normalization, was
first used to aid with the capture of the underlying dynamic behaviors of heat consumption and to improve the
model training efficiency and forecasting accuracy. After that the differencing technique was employed to convert
the heat demand into a more stationary time series, followed by the development of DNN-LSTM to get the accurate
prediction. A range of experiments and comparisons have finally been used to confirm the feasibility and superiority
of the approach. Our future work is going to further optimize the structure and parameters to get better predictive
performance as well as study multi-model forecasting for heat demand with complex seasonal patterns.
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