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Abstract: To improve the accuracy of short-term multi-energy load prediction models for integrated
energy systems, the historical development law of the multi-energy loads must be considered.
Moreover, understanding the complex coupling correlation of the different loads in the multi-
energy systems and accounting for other load-influencing factors, such as weather, may further
improve the forecasting performance of such models. In this study, a two-stage fuzzy optimization
method is proposed for the feature selection and identification of the multi-energy loads. To enrich
the information content of the prediction input feature, we introduced a copula correlation feature
analysis in the proposed framework, which extracts the complex dynamic coupling correlation of
multi-energy loads and applies Akaike information criterion (AIC) to evaluate the adaptability of
the different copula models presented. Furthermore, we combined a NARX neural network with
Bayesian optimization and an extreme learning machine model optimized using a genetic algorithm
to effectively improve the feature fusion performances of the proposed multi-energy load prediction
model. The effectiveness of the proposed short-term prediction model was confirmed by the
experimental results obtained using the multi-energy load time-series data of an actual integrated
energy system.

Keywords: feature identification and extraction; Copula analysis; multi-energy loads; model fusion

1. Introduction

The safety, stability, and economic operations of traditional power systems depend on the short-
term forecasting of power load, which has been extensively studied [1,2]. Further, other forms of load
(cooling, heat, and gas energy) have some established foundations for research, mostly based on the
pertinent aspects of this type of loads to conduct a single load prediction work [3-8]. The
development of short-term load forecasting for integrated energy systems with different energy
coupling characteristics is still in its infancy. On the one hand, the nature of the mandates as regards
examining the complicated non-linear laws of cross-correlation between the historical development
of the load and its influencing elements has not changed. Thus, the short-term prediction of multi-
energy loads is implemented as an extension of short-term prediction of loads. On the other hand,
the characteristics of energy coupling conversion, distributed energy access, users' flexible demand
response, and other random influencing factors must be considered when making short-term
predictions of the multi-energy loads. Consequently, further research is needed to improve the short-
term multi-energy load prediction for the integrated energy systems [9].

Although traditional feature engineering methods in machine learning have certain advantages,
the final interpretability of the obtained load features is not sufficiently straightforward [10-13]. The
Douglas-Peucker (DP) algorithm, which is a classical method for curve feature extraction and
compression, has advantages such as high computational efficiency and strong visibility. Thus, it is
appropriate for the curve feature extraction and dimensionality reduction of the multi-energy loads.
However, setting the threshold of this algorithm imposes certain limitations on the rationality of the
feature extraction. This aspect must be sufficiently strengthened to satisfy the actual demand for
accurate multi-energy load prediction models. Further, the existing multi-energy load correlation
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analysis methods mainly deal with the complex and dynamic coupling relationship between the
linear and static multi-energy loads, wherein it is sometimes difficult to reflect their close relationship
fully. Additionally, compared to the short-term prediction of a single energy load, the computational
complexity of the short-term multi-energy load prediction is considerably higher. Hence, simple
machine learning models are not suitable for effectively performing short-term multi-energy load
prediction tasks. The concept of classical fusion in deep learning can further improve the performance
of the multi-energy load prediction systems.

In this study, we developed a short-term prediction method for multi-energy loads based on the
copula correlation feature analysis and model fusion. Fuzzy cluster analysis and two-stage fuzzy
optimization load feature recognition algorithm were used to extract the features of the electrical,
heating, and cooling load sequence data. Further, the principal component analysis (PCA) was used
to extract the features from the data, including information on the multi-energy load influencing
factors. The optimal dynamic copula correlation between the multi-energy loads was considered an
extension feature. Additionally, a non-linear autoregressive exogenous (NARX) model, improved by
Bayesian regularization (BR), and an extreme learning machine (ELM) model, improved using a
genetic algorithm (GA), were used to improve the performance of the proposed prediction model by
model fusion. Lastly, the generalization performance of the proposed model was verified in a short-
term multi-energy load prediction task using experimental data.

2. Materials and Methods

2.1. Two-Stage Optimization Method for Features and Extraction for Multi-Energy Loads

In this study, to select the key features of the multi-energy loads, we combined a fuzzy c-means
(FCM) [14] with a two-stage fuzzy-improved Douglas-Peucker (TFIDP) algorithm. This method
includes a three-step process that can be applied to the feature recognition and extraction of a load.
The first step comprises performing FCM clustering on the multi-energy loads. In the second step,
based on similar load curves, the DP algorithm improved by a fuzzy optimization threshold performs
the initial feature extraction of the load. Finally, by exploiting the concept of the statistical frequency
distribution, a second feature extraction process is implemented based on the primary feature
extraction.

2.1.1. Initial Feature Extraction Based on a Fuzzy Optimization- enhanced DP Algorithm

The classic DP algorithm extracts the feature points of a curve by setting the threshold value in
advance. Further, the algorithm iteratively compares the vertical distance between the points of the
updated target curve, first and last points, and set threshold size [15-19]. However, in practical
applications, the threshold value needs to be specified using complicated factors that are difficult to
quantify. Alternatively, the threshold value should be adjusted adaptively for different original
datasets. Hence, it was essential to include an adaptive threshold to improve the TFIDP model.

The threshold value ¢ in the classical DP algorithm is usually set in the interval [0,1] based on
the experience. For a series of curves with similar shape features, a reasonable threshold value must
be set based on practical requirements. Hence, the DP algorithm threshold value can be set using
fuzzy mathematics, which describes and models fuzzy concepts accurately to properly solve realistic
problems. To improve the classical DP algorithm using the concept of fuzzy mathematics, we
introduced a fuzzy optimized threshold value & in the DP algorithm, which is the fundamental
control standard for the final feature set extraction of curves. Further, by using the fuzzy
mathematical concepts to optimize ¢, the curve feature recognition and extraction process performed
by the DP algorithm may improve in terms of generalizability.

The threshold value domain is defined as E €[0,1] for the DP feature extraction algorithm. To
simplify the operation, the threshold can assume a value in the range [0,1] at discrete intervals of 0.1.
Sat(e) represents the membership degree of the threshold value of the DP algorithm for a cluster of
similar curves and is expressed as follows:
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M

{Sat(g) = a*D(e)+b*Z(¢)
a+b=1

where D(¢) is the average matching degree between the curve features identified and extracted from
the specified similar curve cluster and original curve, thereby reflecting the similarity between them.
Z(¢) is the percentage value of the number of curve feature points divided by the number of original
curve points, which is the average percentage ratio of the original curve extracted and compressed
using curve features. a and b are the corresponding proportion coefficients. The threshold value
membership degree Sat(e) in equation (1) comprises the sum of two parts and can be regarded as
the overall curve feature extraction satisfaction for the specified similar curve cluster for a certain
threshold value.

2.1.1.1. Average matching degree D(¢)

Because the time dimension of the curve features is reduced compared to that of the original
curve, it is no longer a one-to-one mapping relationship. Thus, we introduced the dynamic time
warping (DTW) algorithm to calculate the matching degree between the curve features and original
curve [20]. DTW is often used in speech recognition tasks to measure the similarity between two-time
series with different lengths by calculating the DTW distance.

We define the original and characteristic sequences of the curve as X and Y, respectively, with
corresponding sequence lengths Ly and Ly, and the warped length w = [wy, w,, -+, wg], where w; =
(piq;) € [1:Lyx] X [1:Ly], 1< i< K. To satisfy the continuity and monotonicity at the boundary of
the structured path, the main constraints are expressed as follows:

w, =(L1),we =(Ly, L)
Pa—Pi<Lg, —q <1 (2)
PSP Sp 4 5q,2q,

The cumulative distance F,(X,Y) of the warped length between the original sequence X and
feature sequence Y can be calculated using equation (3).

d(xp’yq):(xp_yq)2

L 3
F(X.Y)=2d(x,.y,) ©)

The minimum value of the cumulative distance is reached for the optimal warped length w*
and corresponds, in this case, to the DTW distance Dy, which can be expressed as follows:

w =argminF,(X,Y)
D, (X,Y)=F .(X,Y) )

Based on the concept of dynamic programming, the cumulative distance of the optimal warped
length can be calculated recursively using equation (5). Here, the value of Dy, (x1,,y.,) calculated
iteratively is equal to the DTW distance between X and Y.

D, (x;, yj) =d(x;, y,‘) +min(D,, (x,_, yj)’

@)
Dy (%5 Y5205 Dy (X5 Y1)

In the limit case, the curve features only include the first and last points of the original curve.
Here, we denote the line connecting the first and last points of the original curve as Y°. Further, the
D(e) between the curve features identified and extracted from the similar curve cluster and original
curve is calculated as follows:
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dtw

(6)

J><100%

n

7

where 7 is the number of curves contained in the current similar curve cluster.

2.1.1.2. Average compression ratio Z(g)

The average compression ratio Z(e) between the curve features identified and extracted from
the similar curve cluster and original curve is calculated as follows:

Z(g)zll—g(]mJ/z}xloo% 7)

where the function Num(-) represents the amount of data in the obtained sequence.

2.1.1.3. Proportion coefficients a and b

The selection of the proportion coefficients a and b is related to the importance of the terms D(¢)
and Z(¢) in equation (1). In this study, we seta=0.7 and b=0.3.

2.1.2. Secondary Feature Extraction Based on Statistical Frequency Distribution

After the DP algorithm based on the fuzzy-optimized threshold completes the initial extraction
of the characteristics of all the load curves in a certain load curve cluster, it applies the concept of
statistical frequency distribution to extract the overall characteristics of this type of load curve cluster
twice. All the non-repeated load characteristics, which are generated in the process of the load feature
identification and extraction from a load curve cluster, are denoted as I = [I;, I, I;, =+, I;,] with
corresponding frequencies G = [g1, g2, ", g1 ", 9m] - The statistical frequency f; of each load
characteristic for each load curve cluster can be calculated using equation (8). Equation (9) is used to
assess whether this load feature is suitable as one of the overall characteristics for the selected type
of load curve cluster. If equation (9) is satisfied, the corresponding I; is added to the feature number
set I'of the updated load curve cluster, thatis, I; € I'.

Gi
fi=7 (8)

1

f ZO.SX(ifi mj )

Finally, the set I'obtained using the TFIDP exploiting the properties of the statistical frequency
distribution is used as the representative feature of the selected load curve cluster.

2.2. Analysis of Multi-Energy Load Correlation Characteristics Based on the Copula Method

To improve the final prediction accuracy of the short-term multi-energy load forecasting, several
aspects must be considered, including the characteristics of the internal load represented by the
historical development laws of the multi-energy loads, coupling conversion relationship of the load,
characteristics of the external load, and meteorological aspects. Compared to the number of studies
on the historical development law of the multi-energy loads and correlation between the multi-
energy loads and meteorological factors, only few studies address the characteristics of the complex
and flexible coupling conversion of the multi-energy loads. Hence, more accurate characterization
methods are needed to effectively optimize the overall performance of the proposed short-term
multi-energy load forecasting model. In this study, copula theory is used to model and analyze the
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correlation characteristics of the non-linear coupling conversion of the time series of the multi-energy
loads.

2.2.1. Definition of the Copula Function

The copula theory was developed to solve a joint distribution problem of random variables
when their marginal distributions are known. The formulation of Sklar’s theorem introduced the
concept of the copula function. Further, models based on the copula function have been widely used
in finance and economics, new energy output characteristic analysis, and other fields owing to their
ability to explain complex nonlinearities among variables [21,22].

Sklar’s theorem proves that the joint distribution function of multiple n-dimensional variables
can be constructed by combining the marginal distribution function of these variables and associated
copula function, which represents the complex correlation among variables. Considering an n-
dimensional variable xi,x,,---,x, with a marginal distribution function in each dimension
F;(x1), Fy(xy), -+, F, (xy,), the joint distribution and density functions of the n-dimensional variable can
be expressed as follows:

F(xpxz" : ',Xn) =C[F;()C] )aF‘z(xz)a" ',E[()Cﬂ)] (10)

S G5 =€ (), F O S ) T £i6) an

where F is the joint distribution function of the n-dimensional variable, C the copula distribution
function representing the complex correlation between n-dimensional variables, F;(x;) the density
function of the variable in the i*" dimension, f the joint density function of the n-dimensional
variable, and ¢ the copula density function.

Based on equations (10) and (11), the copula density function can be obtained by taking the
derivative of the copula distribution function, as expressed in equation (12).

0"CLF (), F,(x,),-++, F,(x,)]

c(f(x) f () f(x,)) = OF (x)OF, (x,)-0F. (x.)

(12)

By calculating the copula distribution and density functions, the complex correlation between
the multivariate random variables can be accurately described. Typical static copula distribution
functions include N-, T-, Gumbel, Clayton, and Frank copula functions. Additionally, the dynamic
N-, T-, Clayton, and SJC copula functions can be used to model dynamic copula distribution
functions. Hence, the correlation characteristics of the random variables can be analyzed using
different copula distribution functions, which can reflect different perspectives.

2.2.2. Correlation Analysis Based on Copula Functions

Generally, it is difficult to obtain a clear marginal distribution function because of the complexity
of the multi-energy load time-series data. Hence, we applied the maximum likelihood estimation
based on nonparametric kernel density (MLK) to estimate the correlation coefficient of the copula
function [23,24]. The MLK method is not limited by the exact expression of the marginal distribution
function. Instead, it uses the nonparametric kernel density estimation function of the analyzed
variables.

For the normalized variable sequences Lp and Lc, the corresponding nonparametric kernel
density estimation is conducted using the following equations:

1 T
fP('xl):?tZ:I:Kw(xl_LP) (13)
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1 T
fe(x) =;;Kw<xz -L) (14)

7

where fp(x;) and f-(x;) represent the probability density functions of L, and L, respectively. K,
is the kernel function and T the size of the sequence of variables.

Using the MLK method, the static correlation coefficients can be obtained by substituting the
marginal distributions with the probability density functions fp(x;) and f.(x;) in the likelihood
function expressed in equation (15). Further, its extreme points can be calculated using equation (16).

$©) =) Ind f,(x). f.(x))] (15)

0 = argmax S(0) (16)

However, to calculate the dynamic time-varying correlation coefficient series, a dynamic copula
function must be considered. Further, the likelihood function must be obtained using the parameters
of the dynamic distributions associated to the variables and corresponding evolution equations.
Hence, we define the dynamic N-copula function using the dynamic distribution parameter py, and
dynamic T-copula function with parameters pr, and k; degrees of freedom. The correlation
coefficient matrices of the dynamic N- and T-copula functions based on the DCC(1,1) decomposition
can be expressed as follows:

R=@)"-0-@)" (17)
where Q' =diagQ, and its evolution equation is expressed as follows
Q =R(-a-p)+ale_ & )+ PO, ) (18)

where a and f represent the estimated evolution parameters, which satisfy the constraints 0 < a <
1,0<f <1 and 0 <a+f <1, respectively. ¢, is the pseudo-inverse of the threshold distribution
function.

The evolution equation of the dynamic Clayton copula function is defined as follows:

1 10
QCJ =Alw+ ﬂ@t_l +a- Ez(l LPJ_/. — LC,t—j |) (19)
j=1
—_p—X
where w, @, and f represent the estimated evolution parameters. A(x) = ELi—x; is the restriction

function.
The evolution equation of the dynamic SJC copula function is expressed as follows:

N 1 10

7/ =A<wu+ﬂur,”..+aU-EZILP,,__/-—Lc,z-,~ D (20)
j=1
N 1 10

th =N, + B2t +a, EZI A ) 21)
Jj=1

4

where 7! is the upper-tail dependence coefficient, wy, ay, and B the estimated parameters of the
upper-tail evolution, 7} the lower-tail dependence coefficient, and w,, @;, and B, the estimated
parameters of the lower-tail evolution. The restriction function A(x) satisfies A(x) = (1 +e ).

In this study, the Akaike information criterion (AIC) was used to evaluate the adaptability of the
different copula models presented above. The AIC index is calculated as follows

AIC = 2k —2In S , (22)
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where k represents the number of parameters of the copula function and S the associated maximum
likelihood estimation.
2.2.3. Analysis of Multi-energy Load Characteristics Based on Copula Methods

The steps of the analysis of the multi-energy loads using the copula method are summarized in

Table 1.

Table 1. Performance comparison of copula functions (obtained for electrical and cooling loads data)
based on the AIC and maximum likelihood estimate values.

Maximum likelihood

Types of copula function AIC estimate
Static N-copula 553.458 -311.165
Dynamic N-copula -1725.336 851.325
Static T-copula 366.878 -197.563
Dynamic T-copula -1935.928 937.112
Static Clayton copula 627.436 -407.601
Dynamic Clayton copula -2817.727 1329.752
Static SJC copula -1622.901 677.244
Dynamic SJC copula -3284.187 1648.263

Copula functions can accurately describe the complex non-linear coupling relationship
characterizing the multi-energy loads, which can considerably contribute to the improvement of the
overall performance of the proposed short-term multi-energy load prediction model. As shown in
Figure 1, the copula function-based feature analysis process proposed in this study includes the
following steps:

e  Multi-energy load data are normalized in the [0,1] interval to ensure data uniformity.
e  The kernel density estimation function is calculated using the MLK method, which determines
the marginal density function of the variable sequence.

To obtain static correlation coefficients, the marginal density copula functions are used to
calculate the extreme points of the likelihood function.

e To obtain dynamic correlation coefficients, the dynamic copula distributions are used to
construct the likelihood function considering the corresponding evolution equation parameters
(w, a, and B).

¢ Once the maximum likelihood estimates and the corresponding evolution equation parameters
are obtained, they are substituted into the evolution equation parameters to calculate the
required time-varying cross-correlation coefficients.

e  Simultaneously, the selected copula functions are optimized based on the maximum likelihood
estimate, and later the optimal copula model is obtained by comparing the corresponding AIC
indexes.
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‘ [ 0, 1 ] Interval Normalization of Multi - energy load data

)

‘ Calculate the kernel density estimation function ‘

//’ftgemly for dynamic Copula related calculations?

Construct the likelihood function based on dynamic
distribution parameters

Calculate the static correlation coefficients
based on the likelihood function

Construct the likelihood function based on the parameters
of evolution equation

Calculate the maximum likelihood estimates and
corresponding evolution equation parameters

Calculate the dynamic correlation coefficient series based
on the evolution equation parameters

Calculate the Copula optimization evaluation index AIC }47

End

Figure 1. Schematic of the copula feature analysis process.

2.3. Short-Term Forecasting Framework for Multi-Energy Loads Based on Model Fusion

The copula function-based analysis can capture effectively the intricate non-linear coupling
between multi-energy loads. Using the optimal copula correlation measure, the input feature set of
the proposed short-term prediction model for multi-energy loads can be enhanced with the
interrelated characteristics of the multi-energy loads.

To further improve the performance of the multi-energy loads forecasting, we developed an
approach that exploits model fusion in this study. For the first prediction step, we introduced a
Bayesian regularization NARX (BR-NARX) neural network to predict the characteristics of the
electrical, heating, and cooling loads. Based on the output of this primary prediction model, the
secondary prediction is obtained using a GA-optimized ELM model that returns the final short-term
prediction of electricity, heat, and cooling loads. Owing to this two-step process, the characteristics
of the multi-energy loads are fully explored, thereby enhancing the accuracy level of the proposed
short-term prediction model.

2.3.1. BR-NARX Model

Owing to its reasonable structural performance, the NARX neural network model effectively
captures the nonlinearity of the time series. Further, its parallel distribution training mode improves
fault tolerance and stability, thereby making this model more competitive than other typical machine
learning approaches [25,26]. In this study, we introduced BR to further optimize the performance of
the traditional NARX model.

Traditional neural network models often adopt the backpropagation algorithm to adjust
network parameters during the training process. Here, the error performance function E; is usually
defined as the sum of the mean squared errors as expressed below:

1 > 1 2
Ed:;Z(ti_pi) =—Z(ei) (23)

i=1 i=1
7

where t; is the expected value of the ith actual target, p; the ith output value predicted by the neural
network, e; the ith absolute error of prediction, and n the total number of input samples trained by
the neural network. By introducing the regularization optimization method for weight coefficients
and threshold parameters, the performance of the neural network models can be enhanced in terms
of limited overall parameter scale and improved generalization ability.
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Based on the regularization optimization concept [27], the regularization optimization error
performance function E, g of the neural network is modified as follows:

Ergl =akE, +,3Ed (24)

E,=) o (25)
where w; is the weight coefficient of the neural network, E, the sum of the squares of weight
coefficients, and @ and f the regularization optimization parameters weighting the contribution of
E, and E,, respectively. The more E, is restricted, the stronger the generalization performance of
the neural network will be. If a > f, the purpose of neural network training is to limit the size of
network parameters, which may result in large training errors. On the contrary, if a > 8, equation
(24) describes the typical mean squared error performance function, which may lead to overfitting.
However, it is often difficult to practically determine the optimal size of the network parameters w.

The Bayesian optimization theory, which is based on the Bayesian probability equation, can be
used to infer and analyze the unknown regular optimization parameters a and f based on the
expectation value and Bayesian probability estimation of the actual target [28] as expressed below:

x _ Y
‘- 2Ew (wminP)
* n—y
L (26)
2Ed (wminP)
y=n-2a"-tw(H,,)"

7

where a* and f* represent the optimal regular optimization parameters, wp;p the minimum
point of the network weight coefficient, H;,p the Hessian matrix of the BR objective function when
the value of H,,;,p is minimal, v the number of effective parameters of the neural network, and tr(-)
the trace of the matrix. During the neural network training, the regularized optimization parameters
a and B are dynamically adjusted based on the above BR approach, thereby implementing an
adaptive learning method that improves the overall generalization ability of the neural network using
a limited training dataset. After the objective function is defined, the Levenberg—Marquardt
algorithm is used to minimize it.

2.3.2. Combined Genetic Algorithm and Extreme Learning Machine Model

The ELM model introduces the concept of stochastic optimization in neural network
applications. In this framework, the connection weights between the input and hidden layers and the
bias values of the neurons in the hidden layers can be randomly generated. As opposed to the
repeated training and adjustment that is typical of the gradient descent methods, the only parameter
that needs to be set in the training of the ELM algorithm is the number of neurons of the hidden layer.
The optimal solution under the corresponding conditions can be simply obtained by calculating the
generalized inverse matrix, thereby resulting in several application advantages. Hence, the
introduction of ELM has considerable advantages in terms of the training performance. However, it
is difficult to ensure that the optimal parameters are selected for the actual prediction under the
influence of unknown features. Moreover, the generalization ability of the model needs to be further
improved.

Figure 2 summarizes the above optimization process of the ELM model using GA. The obtained
GA-ELM optimization model represents the output layer of the proposed short-term multi-energy
load prediction model.
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Determine the basic topology of ELM according to the
input and output data dimensions P and Q

Randomly generate the connection weight o between ELM
input layer and hidden layer and the bias value b of
neurons in hidden layer
Obtain the initial population by initializing the encoding of
a and b based on GA

Calculate the connection weight £ between the hidden
ELM layer and the output layer to obtain the initial ELM
prediction model
v
Set the fitness function of GA as the mean square error of
ELM model's predicted output for training samples, and
calculate the fitness value of individuals in the population

v

Select, cross and mutate the population

Calculate the fitness value of individual population and
Update the best individual

Met The GA termination condition?

Output the best individual information, and obtain the
optimal @ and b through decoding operation

Calculate the connection weight 8 between ELM hidden
layer and output layer, and obtain the GA-ELM
optimization prediction model

Carry out the corresponding prediction analysis based on
the GA-ELM model

End
Figure 2. Schematic of the GA-ELM prediction model execution process.
2.3.3. Overall Modeling Framework

The complete framework of the proposed multi-energy load forecasting model, which was
developed using copula function-based feature analysis and model fusion, is shown in Figure 3.
‘ FCM-TFIDP FCM-TFIDP

Meteorological, day type and
other influencing factor data
feature extraction feature extraction
T T

PCA feature
) 7 7 {__ extraction
The first BR-NARX BRNARX BR-NARX
layer rediction model rediction model prediction model

|

Data of electrical load
sequence

Data of cooling load
sequence
¥

Data of thermal load
sequence
v

FCM-TFIDP
feature extraction
T

3
‘ Multi-energy load feature fusion |

The second l
layer ‘

GA-ELM prediction model ‘

2
‘ Optimization training to obtain the best Dynamic correlation
MCIT model characteristics of the optimal

Copula

Optimization training to obtain the best
prediction model

Figure 3. Flow-chart of the proposed multi-energy load forecasting model.

First, the feature extraction of the electrical, heating, and cooling loads series data is performed
using the FCM-TFIDP method. Simultaneously, the meteorological and other daily varying relevant
factors are extracted using PCA. The joint features obtained using the FCM-TFIDP method are used
as the input vector of the BR-NARX layer, which is the first layer of the prediction model, to obtain
the first prediction of the electrical, heating, and cooling load features. The output of this layer is then
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enhanced with the characteristics of the load-influencing factors extracted using PCA and the
dynamic correlation characteristics of the optimal copula function. Further, the features are fused and
used as the input vector of the GA-ELM prediction model in the second layer. Finally, optimizing the
parameters of the entire prediction model gives the optimal prediction model, which is then used to
predict the final features of the electrical, heating, and cooling multi-energy loads.

3. Results and Discussion

The original data used for the experiment performed in this study were obtained from the
operating load data of the integrated energy system in a similar actual park from August 2019 to
October 2020. Particularly, we used the total daily curve data of the electrical, heating, and cooling
loads in the energy supply area of the system. The sampling interval of the multi-energy load data
was set to 15 min (the daily load curve comprised 96 load points acquired from 00:00 to 23:45). To
simplify the analysis, the measurement units of the cooling and heating loads were converted into
MW (the unit of the electrical load). The load-influencing factors mainly included the meteorological
information and other daily varying information. The meteorological data generally include daily
temperature, humidity, air pressure, wind direction and speed. The daily varying data include
information on working and rest days, and holidays.

In the proposed framework, data preprocessing is performed to convert the units of the other
loads to that of the electrical load. Here, data cleaning is performed on the original data. The data is
then normalized to obtain values in the interval [0,1]. Here, we used 80% of the data as the training
set and the remaining 20% as the test set to evaluate the prediction performance of the proposed
model. The reference input to predict the load at the time t of the day is obtained using the load at
moment t that is forward to the adjacent 3 days (considering similar days) and at the times from t -7

to t — 1 (considering relevant moments) in combination with the other energy load characteristic

information of similar days (meteorological information and other daily varying information of
similar and forecast days). For our experiment, we used a 3.00 GHz Intel Core I7 with 16 GB memory.
The proposed model was implemented using MATLAB R2018b.

3.1. Copula-related Characteristic Analysis Based on Multi-energy Loads

Copula function-based characteristic analysis is considered from the perspective of multi-energy
loads. Particularly, it is expected that the correlation between the multi-energy loads and external
factors can be reasonably quantified through the optimal copula correlation coefficient under a
certain measurement index. Consequently, the new characteristic connotation information can be
introduced to provide a better reference, thus improving the accuracy of the proposed multi-energy
load prediction model. To exploit the copula function correlation analysis, the optimal copula
function between the electrical and cooling load series was selected among eight alternative copula
functions based on the AIC criterion and maximum likelihood estimate values reported in Table 1.

The optimal copula function of the multi-energy loads is selected based on the AIC criterion and
maximum likelihood estimate. In the optimal condition, the AIC value of the optimal copula function
must be as small as possible, whereas the maximum likelihood estimate value must be as large as
possible. From Table 1, the optimal copula function of the electrical and cooling loads series based on
the selected criteria is the SJC copula function. In fact, its AIC value of —3284.187 is the smallest, and
its maximum likelihood estimate value of 1648.263 is the largest among the values of all the other
copula functions. Hence, it is reasonable and efficient to choose the SJC copula function to analyze
the correlation characteristics of the electrical and cooling loads series.

The above optimization analysis of the copula functions for the electrical-heating and heating—
cooling load series shows that the optimal copula functions for the multi-energy load series based on
the selected criteria are the SJC copula functions. The SJC copula function reflects the static correlation
characteristics of the multi-energy loads and provides an improved representation of their dynamic
correlation characteristics. By analyzing the main dynamic distribution parameters and evolution
equations of the SJC copula function, it can be observed that the dynamic coefficient of the tail
dependence reflects the dynamic relationship of the time series, which is suitable for the extended
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input of multi-energy load forecasting. Hence, it provides a reference for the prediction model that
considers the coupling characteristics of the multi-energy loads.

3.2. Model Parameter

To improve the prediction accuracy of the final prediction model, the parameters of each sub-
model were optimized. The key parameters of the proposed model are summarized in Table 2.

Table 2. Key parameters of the model components.

Model Parameter Parameter
settings

Total number of layers 3

BR-NARX Number of neurons in hidden layer 18
Order of time delay 7

Population size 40

GA Number of iterations 200

Crossover probability 0.85

Mutation probability 0.1

Number of neurons in input layer 190

ELM Number of neurons in hidden layer 25
Number of neurons in output layer 96

For the BR-BARX neural network model in the first layer, a trial optimization method was
adopted to determine the number of neurons in the key hidden layer and delay order. For the GA-
ELM model in the second layer, the number of neurons in the hidden layer was determined using a
method that combines trial optimization and GA algorithms.

3.3. Evaluation of the Model Performance

The performance evaluation metrics of the proposed prediction model adopted in this study
include the relative error rate E; at the im point of the load prediction, root-mean-squared error
Eryse of total load prediction, and rate of the mean absolute error Ej4pg, accuracy of prediction Acc,
overall mean absolute error of multi-energy loads Egsyymape, and overall prediction accuracy of the
multi-energy loads Accsyy. These metrics are defined in equations (27)—(32), where X; represents the
predicted value of the electrical load at the ith point and x; the actual value of the electrical load at a
similar point. Eyapgp, Eyapen, and Eyapg ¢ represent the rate of the overall mean absolute error of
the electrical, heating, and cooling loads, respectively. Accp, Accy, and Acccrepresent the rate of the
overall prediction accuracy of the electrical, heating, and cooling loads, respectively. wp, wy, and w¢
are the energy allocation proportion coefficients of the electrical, heating, and cooling loads,
respectively, which satisfy the relationship wp + wy + w¢ = 1. In this study, the ratio coefficient of
the electrical, heating, and cooling loads was set to 0.4:0.4:0.2 based on the actual energy configuration
of the examined system.

E =2"%%100% 27)

(28)

(29)
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(30)

ESUMNIAPE = a)PEMAPE,P + a)HEMAPE,H + a)CEMAPE,C (31)
Accgyy = wpAcc, +w, Acey, + o Acc,. (32)

3.4. Results

The daily electrical, heating, and cooling loads in a typical week of September 2020 (Jul.
2020.09.13) are selected as the prediction objects. Using the copula function feature analysis and
model fusion layer of the proposed short-term multi-energy load prediction model, the multi-energy
load prediction is performed. To analyze the prediction performance of the proposed model, we
applied three other models to the collected dataset to compare the multi-energy load predictions in
the selected period. The first model (group 1) was obtained considering the modules TFIDP, PCA,
and BR-NARX only. The second model (group 2) included a similar module as the first one with the
addition of the copula function-based characteristic analysis of the multi-energy loads. The third
model (group 3) was obtained by adding to the second one the model fusion method with GA-ELM
as the second layer of the prediction model. The fourth comparing model (group 4) was the complete
short-term multi-energy load prediction model proposed in this study.

For the quantitative analysis, the metrics presented in Section 3 were used to evaluate the multi-
energy load prediction performance of the comparison models. Further, to evaluate the differences
in the prediction performance on weekdays and rest days, we performed a separate experiment using
the four comparison models to evaluate the utility of the model components objectively and
comprehensively.

From the evaluation of the multi-energy load prediction results of weekdays reported in Table
3, the overall effect on the predictions of the electrical and cooling loads is better than that of heating.
In fact, the electrical and cooling loads often show a relatively stable evolution trend, while the
heating load is driven by random energy demand and has the characteristics of time lag, thereby
making the rule of change difficult to control.

Table 3. Performance metric evaluation of the multi-energy load prediction results on weekdays.

Evaluation

index
Erwmse Emare

(electrical/ (electrical/ Esummare A ccsum

heating/cooling) heating/cooling) (%) (%)

Prediction model (MW) (%)
Group 1 1.077/0.066/1.8163.280/4.212/3.411 3.519 96.329
Group 2 1.078/0.065/1.7613.340/4.137/3.301 3.484 96.381
Group 3 0.928/0.053/1.5332.831/3.411/2.905 2.977 96.892
Group 4 0.747/0.047/1.1012.268/2.962/1.998 2.299 97.544

Comparing the prediction results of groups 1-3 to those of the complete proposed model (group
4) confirmed that the copula function-based, BR-NARX, and GA-ELM modules fully benefitted from
the feature extraction ability of the TFIDP-PCA method. Additionally, the copula correlation
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coefficient feature is introduced to expand the fusion feature, while the model fusion design is added
simultaneously. The GA-ELM strong generalization ability is used for the analytic learning of fusion
features. Thus, the prediction accuracy of the multi-energy load forecasting on weekdays is
effectively improved.

The results reported in Table 4 show that, on rest days, the variation trend of the multi-energy
loads is more random.

Table 4. Performance metric evaluation of multi-energy load prediction results on rest days.

Evaluation index

Ermse
(electrical/ Emark (electrical/ Esummare  Accsum
heating/cooling) heating/cooling)(%) (%) (%)
(MW)
Prediction
model
Group 1 1.390/0.078/2.044 4.811/4.751/4.596 4.713 95.199
Group 2 1.320/0.070/1.669 4.590/4.267/3.667 4.156 95.760
Group 3 0.975/0.074/1.488 3.308/4.483/3.276 3.530 96.371
Group 4 0.816/0.053/0.870 2.725/3.189/1.705 2.410 97.431

Hence, the accuracy of the multi-energy load prediction results on rest days is worse than that
on weekdays. However, for the group 4 model, the values of the ERMSE and EMAPE of the cooling
load prediction results were lower on rest days than on weekdays. To a certain extent, these results
confirm that the proposed model has good generalization and strong anti-fluctuation abilities
regardless of the type of day, which proves its practical effectiveness. Figures 4—6 show the prediction
results of the electrical, heating, and cooling loads of the integrated energy system considered in this
study over one week for the four groups, further confirming that the complete prediction model of
the multi-energy loads proposed in this study has the best performance. High prediction accuracy
was achieved for the electrical and cooling loads by all the groups owing to their relatively stable
variation trend. The heating load, which is characterized by a more random variation trend compared
to that of the other loads was tracked more effectively by the full model, which provided improved
prediction results compared to those obtained by groups 1-3.

50

= Acrual Eleetrial Load

------ TFIDP-PCA-BRNARX

45 —-—. Copula-TTIDP-PCA-BRNARX
Copula-TFIDP-PCA-BRNARX-ELM
Copula-TFIDP-PCA-BRNARX-GAELM

40

35

Electrical load / MW

30f0 t il

25

M
0 96 192 288 384 480 576 672

Time / 15mins

Figure 4. Weekly electrical load forecast results.
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Figure 5. Weekly heating load forecast results.
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Figure 6. Weekly cooling load forecast results.

By taking full advantage of the feature extraction ability of the TFIDP-PCA method, the
improved feature fusion based on the copula correlation coefficient, and characterization of the multi-
energy load coupling conversion relationship, the proposed model ensures high-accuracy prediction
on both working and rest days, as confirmed by our experimental results.

From the analysis of the experimental results, we can conclude that the introduction of previous
knowledge represents a key aspect for the improvement of the prediction accuracy of the multi-
energy load forecasting. In fact, the multi-energy load characteristic correlation analysis considerably
enhanced the multi-energy load prediction accuracy for the integrated energy system. Additionally,
owing to the combined effect of the TFIDP-PCA method and BRNARX model, the proposed short-
term prediction model effectively predicts the features of each load of the multi-energy integrated
system independently.

4. Conclusions

In this study, the key features of the multi-energy load curves were selected by two-stage load
feature identification and extraction. The non-linear coupling relationship of the multi-energy load
features obtained using the copula correlation analysis was used to introduce the feature results and
enhance the feature input. Further, using the model fusion, the prediction accuracy and performance
of the proposed short-term multi-energy load prediction model were enhanced. Our experimental
results confirmed that the copula correlation analysis could effectively quantify the coupling
relationship of the multi-energy loads. Additionally, the time-varying copula correlation coefficient
effectively enhanced the feature input of the multi-energy load prediction model by enriching the
associated information content, thereby improving the prediction accuracy of the model. Lastly, by
exploiting the model fusion, the advantages of the predictive models with different structures were
effectively combined to improve the learning and processing ability for the multi-energy load feature
fusion and generalization performance in practical applications of the proposed multi-energy load
prediction model.
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