PREDICTION OF HEATING LOAD FLUCTUATION BASED ON FUZZY INFORMATION
GRANULATION AND SUPPORT VECTOR MACHINE

Tao WANG!, Tingyu MA!, Dongsong YAN'?", Jing SONG?, Jianshuo HU*, Guiyong ZHANG,
Yuhan ZHUANG!

School of Electrical Engineering, Jinan University, Zhuhai 519070, PR China;

2Guangdong electrical and intelligent control engineering technology research centre, Zhuhai 519070,
PR Chinag;

3School of International Business, Jinan University, Zhuhai 519070, PR Ching;
*Dongsong YAN; E-mail: Tyands@qgqg.com

District heating systems are an important part of the future smart energy
system and are seen as a tool to achieve energy efficiency goals in the EU. In
order to achieve the real sense of heating on demand, based on historical
heating load data, first of all, the heating load time series data was dealing
with fuzzy information granulation, and then the cross-validation was used to
explore the advantages of the data potential. Then the support vector machine
regression prediction model was used for the prediction of the granulation
data, finally, the heating load of a district heating system is simulated and
verified. The simulation results show that the prediction model can effectively
predict the trend of heating load, and provide a theoretical basis for the
prediction of district heating load.
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1. Introduction

With the increase of worldwide demand for energy, improving the efficiency of the energy system
is an important problem, in the social goals of the sustainable development of energy efficient system,
district heating system has huge potential[1], however, still need more efforts to identify, evaluate and
implement these potential, in order to get the global benefits by district heating[2]. With the rapid
development of central heating system, the energy consumed by heating takes up a larger and larger
proportion in the energy consumption of the whole society, and the energy demand is increasing day by
day. Therefore, it is necessary to develop to the fourth-generation district heating (4GDH). The heating
control system should be transformed from simple automatic control to big data and intelligence[3], and
heating load prediction will be a prerequisite for the successful completion of this transformation. At
present, many scholars have conducted studies on thermal load prediction to different degrees. For
example, Nielsen et al. applied the gray box method to thermal load prediction and obtained the
relationship between building heat and outdoor temperature, wind speed, solar radiation and other
variables [4]. Popescu et al. used multiple regression analysis to build the structure of the heat load
prediction model [5]. Fu et al. used Elman neural network and wavelet neural network to predict the
hourly thermal load in the next 24 hours, and verified the importance of solar radiation and weather data
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[6]. Sajjadi et al. used three models of Extreme Learning Machine (ELM), Genetic Programming
algorithm (GP) and Axrtificial Neural Networks (ANNS) to predict the heat load in the future 1, 2, 3, 4,
5, 8, 12, 12 and 24 hours respectively. The results showed that ELM method could improve the
prediction accuracy and generalization ability compared with GP and ANNSs [7]. Liu et al. proposed a
grey neural network model combining grey correlation analysis with BP neural network prediction
model, and screened out the main factors affecting district heating load [8]. Mehmood et al. believed
that the combination of artificial intelligence and building design could greatly improve the energy
efficiency of buildings, provide a comfortable indoor living environment for occupants, and play a
dominant role in future energy buildings [9]. Machine learning algorithm, mainly Support Vector
Machine (SVM), has been proved to be suitable for building energy assessment [10]. By using SVM
and Firefly Algorithm (FFA), Al-shammari et al. established a short-term multi-step advance prediction
model of user heat load connected to district heating system, which was compared with genetic
programming model and artificial neural network model. The experimental results showed that the
established SVMS-FFA model performed better in accuracy [11]. Therefore, SVM algorithm was used
for analysis. SVM algorithm is a new machine learning algorithm, with small sample size and nonlinear
characteristics, and can effectively inhibit the problems of underfitting and overfitting [12]. In the
process of using SVM method, there is no unified theoretical guidance for the selection of performance
parameters, which is usually obtained through repeated trial calculation or subjective experience, and it
often takes a lot of time and cannot get ideal parameters. Many scholars have carried out researches on
SVM parameter optimization methods in their respective fields and achieved good results [13-15].
However, due to the use of fixed training sets and verification sets, the data mining potential has been
weakened to a certain extent. At the same time, only the point prediction of heating load can be obtained,
and the approximate variation interval cannot be obtained[16]. Therefore, k-fold cross validation (K-
CV) and fuzzy information granulation (FIG) were combined in heat load forecasting, which takes
advantage of artificial intelligence algorithm, furthermore, the advantages of CV in data mining and the
ability of simplifying the algorithm are used to overcome the shortcomings of insufficient experience in
selecting parameters and the resulting long training time, the simulation results showed that the model
had practical significance for the prediction of the variation interval of heating load data.

2. Method
2.1. Fuzzy information granulation.

Information granulation was first proposed by professor L.A.Zadeh [17], who divided the whole
set of complex information data into several small sets according to certain characteristics, and then
studied each set, and each divided set was an information particle. When the data is fuzzy granulated, it
mainly includes two steps [18]: divide the fuzzy granulation window and fuzzify window information.
Fuzzification is the most important part. Dividing the fuzzy granulation window is to divide the
historical time series into several sub-sequences and then use them as an information granulation
window. The fuzzification of window information is to build a fuzzy set on the divided window, and
replace the original window information with fuzzy information particles, and how to establish a
reasonable fuzzy set is the key. Window information fuzzification is the establishment of a fuzzy particle
h on the partitioned data sequence X, that is, a fuzzy concept G that can reasonably describe X (fuzzy



set with X as the theoretical domain). When G is determined, the corresponding fuzzy particle h can be
obtained. The relationship is as follows:
h&xisG (D)

Where: x is the variable of the value in G, and the fuzzy concept G is a convex fuzzy subset of
X in the domain. The essence of the fuzzification process is to determine the function A, which is the
membership function of the fuzzy concept G. In the process of fuzzy granulation, the form of fuzzy
particles should be determined first and then the specific membership function A should be determined.

In this paper, the granulation model of W. Pedrycz is applied [19][20]. The general method is as
follows:
@ Fuzzy particles must effectively represent the original data;
@ The fuzzy particles should have the corresponding particularity.

In this paper, triangular fuzzy particle is selected, and its membership function is as follows:
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In the above formula, a, m and b are the parameters of the membership function, which correspond
to the three parameters after the fuzzy granulation of the original data: Low, R and Up. For a single
fuzzy particle, the Low parameter describes the minimum value of the corresponding original data of
the particle, the R parameter describes the average value of the corresponding original data of the particle,
and the Up parameter describes the maximum value of the corresponding original data of the particle.

2.2. Support vector regression model.

Support vector machine was first proposed by Vapnik, whose basic idea of regression is to find
an optimal classification surface and minimize the sum of errors of all training samples from the optimal
classification surface [21]. SVM uses a nonlinear mapping to map low-dimensional input data to a high-
dimensional feature space where linear regression can be performed [22]. In general, if the training set

sample is{( x;, ¥;),i =1,2,..,1}, the training sample x; € R%, x; = [x},x7, ...xl-d]T, and the output
of the corresponding y; € R. If the linear regression function constructed in the new space is: f(x) =
we(x) + b.In the above formula, ¢( x) is the nonlinear mapping kernel function of the selected

support vector machine. Loss function is usually introduced into SVM to solve the regression problem.
The process of regression fitting is to solve the unknown parameters w and b, that is:
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In the above formula, ¢;, &/"are the relaxation variables, y; isthe true value of the training sample,
and x;is the input data of the training sample. C is the penalty factor. The larger C is, the greater the



penalty is for the sample whose training error is greater than €. ¢ represents the error requirement of the
regression function.

This model is a quadratic convex optimization model. By introducing Lagrange multiplier, the
regression function of support vector machine can be further obtained:
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In the above formula, only when parameter (a; — a;) is not 0, the corresponding sample data is
the support vector, as shown in Fig. 1. Each intermediate node corresponds to a support vector, and its
output is the relevant linear combination of intermediate nodes to obtain the regression predicted value.
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Fig. 1.SVR Structural Diagram.
3. SVM model based on fuzzy information granulation.

The traditional SVM classifier uses a continuous classification hyperplane to divide the whole
feature space, but the SVM model based on fuzzy information granulation, the whole feature space is
divided into a series of subspaces, and the objective function is turned to construct the SVM classifier
in the subspace. This reduces the size of the original feature space, simplifies the computation
complexity, and more importantly, makes the SVM classifier simple, also guarantees the error accuracy,
does not occur over-learning phenomenon, at the same improves the generalization ability of the
classifier, and this kind of learning algorithm can be implemented in parallel in essence, and can obtain
higher learning efficiency [23][24]. The prediction process of SVM heating load time series based on
fuzzy information granulation is as follows:

(1) the heating load time series that needs to be studied is obtained;

(2) the fuzzy information granulation processing to the time series data is carried on;

(3) the k-step cross validation method to the fuzzy information granulated data is applied, and then the
corresponding training to SVM is carried on, and the optimal penalty parameter ¢ and kernel parameter
g is solved;

(4) using the optimal ¢ and g to establish the fuzzy information granulation SVM model, and then the
time series of heating load is analyzed by regression and prediction;

According to the regression function, the heating load variation range of the next window (that is,
the next day) is obtained, and its variation trend is judged.
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The model flow chart is shown in Fig. 2:
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Fig. 2.The flow chart of SVM model based on fuzzy information granulation.
4. Evaluation index.

In order to evaluate the effectiveness of statistical analysis of a particular data set, it is necessary
to determine the degree to which the statistical prediction matches the actual data set, that is, the range
of the actual values of the quantitative prediction corresponding to the observed situation. The most
common method used to determine the effectiveness of the analysis is the mean square error (MSE) of
the training data:

1" N
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MSE can evaluate the degree of data change, and the smaller the value of MSE is, the better
accuracy the model has in describing experimental data. Since the mean square error is calculated on
the training data set, and the accuracy of the prediction in the future should be on the new data set, the
root mean square error was used to analyze the result. In this way, the result of the target variable is got,
rather than the square of the result, which is easier to interpret.

5. Results

According to the method above, the heating load data (96 heating load data per day) of a district
heating system in a heating station were selected, which were sampled every 15 minutes from December
1,2008 to February 28,2009, a total of 11520 heating load data were used as training sets for model
training to predict the heating load range on March 1, and the actual heat load data were used to test the
model, assuming that the heat load data are related to the daily average water supply temperature, the
daily average instantaneous flow, the daily minimum temperature, the daily maximum temperature and
the heat load data of the previous moment, therefore, the heat load data from the 2nd to the 11520th
were used as dependent variables, data of daily average water supply temperature, daily average
instantaneous flow, daily minimum temperature, daily maximum temperature and heat load from day 1
to day 120 were taken as independent variables, the variation trend and variation space of heating load
data of the next day are predicted. The time series diagram of heating load data is shown in Fig. 3:
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Fig. 3.Time series diagram of heating load.

5.1. Fuzzy information granulation of heat load data.

Fuzzy granulation method was adopted; triangular fuzzy particle was selected for fuzzy
information granulation. 96 load data (1 day) were used as fuzzy granulation windows, and the number
of windows is 11520/96=120. After the triangular fuzzy particles blur the load data, three parameters
(upper bound (denoted as Up), lower bound (denoted as Low) and middle number (denoted as R) will
be generated, corresponding to the three parameters of the subordinate function a, m and b. The upper
parameter Up corresponds to the maximum value of the original data change, the lower parameter Low
corresponds to the minimum value of the original data change, and the middle parameter r corresponds

to the average value of the original data change. The visualization of fuzzy information granulation is
shown in the Fig. 4:
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Fig. 4.Visualization of fuzzy information granulation.

5.2. Selection of the SVM kernel function parameter g and penalty factor C.

Before modeling with SVM, two problems need to be solved. First, many factors will directly or
indirectly affect the heating load. Their respective units have different ranges. The final prediction
results will be greatly affected if directly involved in the calculation without processing. Here, the
common normalization method was used to process all fuzzy granulation data, and the conversion is in
the probability distribution of [-1,1], so that different dimensional expressions become for a unified
dimensionless expression, simplify the calculation. Second, which SVM kernel function to choose and
how to find the kernel parameter g and error penalty factor C corresponding to the selected kernel



function. In most cases, the Gaussian radial basis kernel function can obtain better prediction results
[25], then the Gauss radial basis kernel function was selected here, and its expression is as follows:
2
Kk ) = exp (— 2210 ©)
9

In formula 4, g is the broadband coefficient of the radial basis kernel function.

A large number of research results show that when cross-validation is used to find the kernel
function parameter g and error penalty factor C, good prediction results can be obtained [26]. The basic
idea of the cross-validation method is: in each calculation of mean square error, the first data is extracted
from the existing data set as the validation data set of the model, and the remaining data is used as the
training set of the model [27]. Therefore, the cross-validation method is selected to solve the related
parameters. The specific operation steps are as follows:

(1) Normalize the fuzzy granular data to the interval of [-1,1];

(2) Define the reasonable initial range of penalty parameter C and kernel function parameter g, set step
size C and g tol, and make rough selection through cross validation within the initial range to roughly
determine the occurrence interval of the optimal parameter;

(3) After observing the rough structure drawing, redefine the parameter range and set the step length
of C and g to 0.5 for fine selection;

The normalized images of Up, R, Low are shown in Fig. 5:
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The parameter optimization of the K-step cross-validation method is performed on the normalized
Up, R, and Low data. Here, only the parameter selection diagram of the fuzzy particle Up is shown. The
diagram is indicated as Fig. 6 and Fig. 7:
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Fig. 6.Parameter rough optimization diagram.
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Fig. 7. Parameter fine optimization diagram.

The results of the optimal parameters C, g are shown in
Tab. 1:

Tab. 1. The best parameters for Up, R, Low.

c g
Up 256 0.044
R 128 0.085
Low 208 0.032

5.3. Regression analysis using SVM model.

Using these optimized parameters for training and regression analysis of the SVM model, a
regression fitting diagram of the heating load sample data is shown in Fig. 8:
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Fig. 8. Regression fitting diagram.

As can be seen from the above fitting diagram, the SVM model can achieve better results when
fitting the heat load data.

Define L as the actual value, L’as the regression prediction value, the regression prediction error
value is E ppor = L' — L, the upper bound is taken as an example to explain the situation, the error
diagram is shown in Fig. 9:
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It can be clearly seen from Fig. 9 that the fit of the algorithm to the Up data is ideal, and the image
matching degree of the granulation data Up and the prediction data Up is also very high.

5.4. Comparison of actual and predicted values.

The root mean square error of the parameter Up is 0.0629, the predicted value of the heat load in
the future under the parameter Up is 11501.89, the root mean square error of the parameter Low is
0.0924, the predicted value of the heat load in the future under the parameter Low is 10613.21, and the
root mean square error of the parameter R is 0.0567, and the predicted value of the heat load in the future
under parameter R is 10986.36. The actual heat load data for the next time window (t1 ~ t96) is shown
in Tab. 2:

Tab. 2. Actual heating load.

Time window Actual load data
ti~tio 10775.87 1079471  10881.64  10950.07  11018.86  11010.85 1105333  11028.64 1104035 1103559
t11~t20 1113744 1117027 1113624 1114778 1083132 10697.1 10727.97 1079344 1079929  10898.04
to1~ts0 1071544 1073002 10689.47  10664.83  10663.53  10706.54  10675.62 1071487  10613.8 10626.17
t31~tao 10620.66 1083923 1085596  10886.2 10843.63 1088137 1087199 108354 10735.81  10788.71
tag~tsg 1082098 10903.01 1092485  11005.65  11072.85 1113114 1105237 1111594  11261.66  11360.12
tsq~tgo 11362.01 1141028 11350.19 1140577  11501.61 1134585  11197.45 1118035 1111504  11190.15
ter~t70 1115427 1112092 1112663 11196.2 1133857 11368.67 1140593 1128541 1125431  11177.08
t71~tgo 11253.02  11094.44  11102.84  11319.8 11243.05 1119115 11167.46  11128.8 10994.1 10842.2
tg1~too 10842.2 1084583 10838.17  10877.35  10805.9 10883.9 1080229 10847.48  10840.19  10837.33
to1~tog 10799.12  10769.87  10881.99  10871.75  10890.56  10757.42

The predicted change range obtained by this method is [Low, R, Up] = [10613.21, 10986.36,
11501.89]. From the predicted load change range and Tab. 2, it can be seen that the actual load change
range is consistent with the predicted load change range and the prediction is more accurate.

6. Conclusion

Accurate heating load forecast is the premise of the fourth-generation heating system. Because
the time series of heating load is relatively volatile and has the characteristics of non-linearity, time-
varying, and easy to interfere, it is often difficult to accurately predict it. Traditional support vector
machines can only make point predictions on heating load, and the accuracy is not high, the actual
application effect is poor, and its change trend and change space cannot be predicted. In recent years,
fuzzy information granulation has played an important role in many methods and technologies. The
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algorithm can divide the sample space into multiple subspaces, which reduces the sample size and
simplifies the calculation complexity. The idea was introduced into the SVM. First, the Witold Pedrycz
fuzzy granulation method was used to perform fuzzy granulation preprocessing on the heat load time
series, and a support vector machine regression prediction model based on fuzzy information granulation
was established. The simulation calculations show that the model can better realize the short-term
heating load forecast and meet the actual application needs.

Acknowledgments

This research was supported by Guangdong electrical and intelligent control engineering
technology research center.

References

[1] Mnster, M., etal., The role of district heating in the future Danish energy system. Energy, 48(2012),
pp.47-55.

[2] Werner, S., International review of district heating and cooling. Energy, 137(2017), pp. 617-631.

[3] Lund, H., et al., 4th Generation District Heating (4GDH). Energy, 68(2014), pp.1-11.

[4] Nielsen, H.H., Madsen, H., Modelling the heat consumption in district heating systems using a grey-
box approach. Energy & Buildings, 38(2005), 1, pp.63-71.

[5] Popescu, D., et al., Simulation models for the analysis of space heat consumption of buildings.
Energy, 34(2009), 10, pp.1447-1453.

[6] Fu, X., etal., Thermal Load Prediction Considering Solar Radiation and Weather. Energy Procedia,
103(2016), pp.3-8.

[7] Sajjadi, S., et al., Extreme learning machine for prediction of heat load in district heating systems.
Energy & Buildings, 122(2016), pp.222-227.

[8] Liu P.F., et al., Prediction of district heating load based on grey neural network model. DEStech
Transactions on Computer Science and Engineering, 49(2019), 05, pp.124-128.

[91 Mehmood, M.U., et al., A review of the applications of artificial intelligence and big data to
buildings for energy-efficiency and a comfortable indoor living environment. Energy &
Buildings,2019, 202.

[10] Jain, R.K., et al., Forecasting energy consumption of multi-family residential buildings using
support vector regression: Investigating the impact of temporal and spatial monitoring granularity
on performance accuracy. Applied Energy, 123(2014), pp.168-178.

[11] Al-Shammari, E.T., et al., Prediction of heat load in district heating systems by Support Vector
Machine with Firefly searching algorithm. Energy, 95(2016), pp.266-273.

[12] Cristianini, N., Shawe-taylor, J., An introduction to support vector machines and other Kernel-
based learning methods. New York: Cambridge University Press,2000, pp.93-124.

[13] Yan, X., The Research on the Prediction of the Network Traffic Based on the Improved Psosvm
Algorithm. Chemical Engineering Transactions (CET Journal), 46(2015).

11



[14] Kouziokas, G.N., A new W-SVM kernel combining PSO-neural network transformed vector and
Bayesian optimized SVM in GDP forecasting. Engineering Applications of Artificial Intelligence,
92(2020).

[15] Sachinkumar, V., Patil N. B., Novel LBP based texture descriptor for rotation, illumination and
scale invariance for image texture analysis and classification using multi-kernel SVM. Multimedia
Tools and Applications, 79(2020), 15, pp. 9935-9955.

[16] He, Y.Y., et al., Uncertainty Forecasting for Streamflow based on Support Vector Regression
Method with Fuzzy Information Granulation. Energy Procedia, 158(2019), pp.6189-6194.

[17] Zadel, L.A., Towards a theory of fuzzy information granulation and its centrality in human
reasoning and fuzzy logic. Fuzzy Sets and System, 90(1997), 2, pp.111-127.

[18] Wang, H., et al., Based on the fuzzy information granulation and least squares support vector
machine (SVM) range of combination forecast model of wind power fluctuations. Journal of
electrical engineering technology, 29(2014), 12, pp.218-224.

[19] Ulieru, M., Pedrycz, W., Knowledge-Based Clustering: From Data to Information Granules.
Information Processing and Management,42(2005),1, pp.321-322.

[20] Bargiela, A., Pedrycz, W., Granular computing: an introduction. Dodrecht: Kluwer Academic
Publishers, 2003.

[21] Chapelle, O., et al., Choosing multiple parameters for support vector machines. Machine Learning,
46(2002), 1-3, pp.131-159.

[22] Cortes, C., Vapnik, V., Support-vector networks. Machine Learning,20(1995), 3, pp.273-297.

[23] Guo, J.H., et al., Short-term traffic flow prediction using fuzzy information granulation approach
under different time intervals. IET Intelligent Transport Systems,12(2018), 2, pp.143-150.

[24] Xiao, B., et al., Space load prediction method using fuzzy information granulation and support
vector machine. Power grid technology, pp.1-10.

[25] Tian, S.X., et al., Application of support vector machine based on the optimization algorithm of
flock of pigeons in the prediction of total power demand. Power automation equipment, (2020), 05,
pp.1-4.

[26] Shuhan, L.U., Si-jing, Y.E., Using an image segmentation and support vector machine method for
identifying two locust species and instars. Journal of Integrative Agriculture,19(2020),05, pp.1301-
1313.

[27] Li, X.X., Zhang, X.S., Fuzzy information granulation support vector regression model based on
wavelet transform and its application. Quantitative economy research, 10(2019),04, pp.127-143.

12



