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Abstract: Data with time attributions such as price, load, and stock, which directly reflect
the variation tendency, are the most common type of data character available. However,
it is difficult to predict complex and volatile time-series character data. Further, most
density cluster methods employ existing data to train the initial radius; however, a certain
density radius is hard to be made suitable for continuously generated on-going datasets.
Therefore, how to select a suitable timespan according to the time-series character in a
way that makes it possible to support an adaptive updated density radius for real-time
calculation is a core process. In this paper, a self-adaptive multi-density (SAMD) prediction
model is proposed for solving the dynamic density radius selection problem in time-series
data so as to improve the accuracy of real-time prediction. This multi-density clustering
method can effectively shorten the iteration times and achieve dynamic clustering by
the proposed jump sequence, which can optimize the jump points in the electricity price
sequence. Moreover, we especially focus on the time interval features and other multi-
source influencing factors together to construct the multi-core function with double-layer
optimization to calculate the weighted coefficients, which have good adaptability and
improve the classification and recognition performance. The experimental results show
that the model had higher prediction accuracy and reduced processing time consumption
in order to achieve real-time prediction.

Keywords: self-adaptive prediction model; real-time electricity price analysis; smart grid;
data mining

1. Introduction

Real-time tariffs are generated in real time and are constantly accumulated and calcu-
lated at a fast rate, which means that large, complex time-series data are involved, requiring
efficient algorithms and techniques to process and analyze them [1]. Big data presents a
complex technical challenge due to datasets with large volumes, diverse categories, and
intricate structures, requiring innovative frameworks and techniques to efficiently extract
valuable insights [2]. Therefore, real-time electricity price forecasting is not only an im-
portant area of big data application but also a key aspect of electricity market analysis. In
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recent years, the focus on big data analysis with time attribution has become increasingly
popular for analyzing and predicting electricity prices, especially for real-time electricity
price forecasting [3] and energy trading for electric vehicles. As electricity price structures
become more diverse, an increasing number of power utilities integrate demand charges
into their tariffs. Households equipped with photovoltaic (PV) and energy storage systems
can respond to this shift by implementing effective energy management strategies [4].
Accurate price forecasting not only brings stable benefits to market participants but also
arranges data in making reasonable user demand-side planning decisions [5]. Renewable
energy will undoubtedly have a huge impact on electricity price volatility as wind and solar
resources are integrated into the electricity system at high penetration rates [6]. Therefore,
forecasting data with time attribution is becoming an important part of the research on the
power economy market [7].

With changes in climate, festivals, etc., time-series data have dynamic change char-
acteristics with time lapses [8]. Time-series clustering is used to identify feature-driven
clusters based on the similarity method [9]. In recent years, clustering methods have
usually divided into three categories: Firstly, structural characteristics are mostly consid-
ered the shape-shifting of cluster datasets [10]. Secondly, structural characteristics can be
constructed by clustering regulation using the basic statistical features, time or frequency
feathers. Thirdly, model characteristics are based on the density function that reflects the
spatial distribution of data points. Connectivity is a typical feature of the density clustering
method; it is suitable for solving real-time processing problems, especially time-series
parameters, and for classifying suitable timespan intervals. Furthermore, calculating a
dynamic density radius to satisfy the real-time operation is still a big challenge.

Real-time tariff forecasting is an important aspect of electricity market management,
especially with the rapid development of new energy sources, home energy trading, and
microgrid communities. The popularity of electric vehicles (EVs) brings new challenges
and opportunities to the power system. On the one hand, the charging demand of EVs can
lead to an increase in the volatility of electric load. On the other hand, EVs can also be used
as distributed energy resources to balance the grid load by providing power back during
peak grid load hours [11].

Home energy trading refers to the production and sale of electricity by residential
customers through distributed energy resources (e.g., photovoltaic power systems). This
type of trading not only improves the efficiency of energy utilization but also brings
economic benefits to household users [12]. However, the popularity of home energy
trading also places greater demands on real-time tariff forecasting in the electricity market,
which needs to take into account the fluctuations in distributed energy production and the
consumption habits of users [13].

Therefore, we propose a self-adaptive multi-density (SAMD) prediction model to
support adaptive changes in the density radius over spatial distribution of time-series data.
The main contributions of this study are outlined below:

*  Anadaptive multi-density (SAMD) prediction model is proposed to solve the dynamic
density radius selection problem and improve the accuracy and real-time performance
of time-series data prediction.

*  One essential step is the calculation of the timespan according to real-time electricity
prices, which is able to represent the general electricity tendency by mining the key
points of different levels of clusters.

*  When forecasting the time series, the effect of the influencing factors is fully considered,
so the multi-core function is used to analyze the influencing factors.
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¢ The SAMD model with timespan processing not only deals with the problem of
excluding noise points due to the threshold of the set of MITs but also classifies a few
of the closest noise points into sparse clusters.

A microgrid community is a regional energy management system based on distributed
energy technology that allows the balance of power production and consumption in a local-
ized area [14]. The emergence of microgrids makes energy management more flexible and
efficient but also increases the complexity of the power system and the volatility of electric-
ity prices. Therefore, the management of a microgrid community relies on high-precision,
real-time electricity price forecasts to ensure a stable and economical power supply.

The SAMD model proposed in this paper can predict the general trend of electricity
prices by separating the time-series dataset into high-quality clusters of high, medium, and
low levels and representing them as different kinds of real-time electricity price intervals.
This approach can reflect the dynamics of the electricity market more accurately and in real
time, thus optimizing new energy utilization, improving the economics of home energy
transactions, and enhancing the stability and sustainability of microgrid communities.

Figure 1 illustrates energy trading within a microgrid community. The households in
this community are assumed to be photovoltaic, have electric vehicles, and are equipped
with smart meters and home energy storage batteries. With the popularity of electric
vehicles, the provision of services to the grid, homes, and buildings via Vehicle-to-Anything
(V2X) technology [15] is also considered in Figure 1.
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Figure 1. Microgrid community energy trading.

The remainder of this paper is organized as follows: Section 2 describes related work.
Section 3 proposes a method for timespan processing. Section 4 describes the SAMD
model in detail, including its adaptive multi-density radius calculation and multi-kernel
support vector machine forecasting. Section 5 provides a description of the experiment and
comparative analysis. Finally, the conclusions of this paper are summarized in Section 6.

2. Related Work

General cluster analysis [16] is based on vectors to divide original time-series data
into equal-length sets or overlapping-sequence sets, as based on the user-specified length
and time granularity before sorting. The data stream time-series sequence is recorded
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in chronological order; however, it still appears to be inefficient in solving the real-time
processing problem.

Currently, there are four types of time-series clustering measures, which forecast simi-
larity (or distance), features, models, and segmentation. Similarity measures are commonly
used in Euclidean distance, DTW, or some improvement distance measures [17-19]. Similarity
measures can contribute to determining the vector space, whereas the length of the time
series is usually variable and sensitive to time variation but cannot be efficiently denoted
as a point in the field of finite-dimensional space.

Prakaisak, I et al. first proposed a novel unsupervised small-shape-learning and
adaptive neighborhood (USLA) model for learning prominent polyvariable quantum
sequences. However, the USLA model performed as well with isometric multivariable
shapes with different lengths, so a novel multiview USLA (MUSLA) model was developed,
which treats the representation of small shapes learned from shapes of different lengths as
different views [20].

Li, H et al. proposed a time-series clustering method based on complex network
synchronous matching (CSC). The method uses a density peak clustering algorithm to
identify the state of each time point and obtains the state sequence according to the time
axis of the original time series. By synchronously comparing two state sequences, the
length of the state sequence is calculated with the step length and the similarity is given,
thus forming a new method for calculating the similarity of time series [21].

Li et al. proposed the ACDTW algorithm to adaptively calculate the similarity distance
among multiple points in a certain time series, which can be mapped to related points
in other time series [22]. Yu, C et al. proposed a locality-sensitive hashing method by
evaluating distance errors for pruning to solve the multivariate time-series problem [23].
Ma, R et al. proposed a distance density clustering method that is medoid-based clustering
with time-series data density consideration that provides clustering results in a hierarchical
fashion. The DTW Barycenter Averaging (DBA) algorithm is a global averaging method
that uses DTW and has proven to be an effective averaging method for time-series data [24].

When the length of time-series dynamic adjustment by external conditions changes
or constraint functions occur, better accuracy can be obtained in time-series clustering
results [25]. Sotiriadi et al. [26] proposed cluster time-series data based on the Fourier
transform. They assumed that the data used had been preprocessed to remove the effects
of non-seasonal factors and normalize them to allow a comparison of sales of different
items on the same scale. However, although traditional time-series forecasting methods,
such as ARIMA [27], SARIMA, etc., can capture the regularity of time-series data to a
certain extent, they often appear to be incompetent in the face of the complex and volatile
electricity market, especially in the prediction of real-time electricity prices [28].

These methods usually require a large amount of historical data for training and find
it difficult to adapt to updated real-time data. Although density clustering methods have
advantages in dealing with complex data, the selection of their initial radius often depends
on existing data, which makes them inflexible in dealing with continuously generated
real-time data [29].

3. SAMD Model for Time-Series Clustering
3.1. Motivation

Traditional density clustering methods find it difficult to cluster precisely if the density
of spatial clustering is uneven and the spacing difference in axes is large (e.g., the dimension
of the horizontal axis does not match the dimension of the vertical axis). This is because the
parameters of the density radius and timespan threshold are difficult to match with each
other, which can further cause clustering failure, as shown in Figure 2.
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Figure 2. Timespan interval (such as S; and S, et al.) selection.

Real-time electricity prices are dynamic data that change over time, and if they are
roughly handled in the clustering process, it is easy for some important features with time
attributes to be lost, which is not conducive to the accurate clustering of electricity prices
and thus affects the prediction accuracy. The randomly generated cluster center is not only
complicated and the clustering effect is not as expected, and if the initial cluster center is
properly selected, it can effectively reduce the number of iterations and thus reduce the
clustering time, so the point density algorithm is used to initialize the clustering center.

3.2. Timespan Processing

The timespan interval (S; and S, as shown in Figure 2) is a very important measurable
parameter in determining the quality of density clustering because it affects the initialization
of the density radius. If the timespan interval is not suitable for the spacing of the y-axis,
it will lead to the clustering results being non-ideal. If the timespan interval selected is
too large, it will lead to more vertical space clusters. For instance, the x-axis spacing is
represented as a time series, such as 5 min or 10 min. If the timespan interval is too large,
such as Sy, the results of the density clusters will deviate from the actual cluster results,
and some vertical-space, little clusters could be generated. If the suitable timespan interval
(S) can be mined, these little clusters, such as Aj, A, Az, and Ay, could be merged into one
cluster, A. This is the reason why we need to consider the timespan to suit the dimension
of density clustering; it is possible for it to have a great impact on the clustering quality
because of proportional variation and the position offset. The time interval transformation
is shown in Figure 3.

Definition 1. Unmapped sample points are indicated as SX = {(x1, y1), (X2, y2) -.. (Xi, ¥i) ---
(Xn, Yn)}, which are distributed among dimensional, non-uniform space. The weighted aver-
age distance is selected to adjust the scale of the x-axis, and the sample points are mapped
to SRX = {(xr1, 1), (X2, ¥2) .-+, (Xsi, Vi) ---, (Xen, Yn)} through the mapping relation
P1—P2, after spacing conversion.
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Figure 3. Mapping and transformation process , such as P1 (Sx1, Sx») transforms into P2 (Sy1, Sy»)
after mapping process.

4. Self-Adaptive Multi-Density Prediction Model
4.1. Data Preprocessing

Efficient and accurate data mining calculation can ensure that a few features reflect the
main information of the time series. We present the key points algorithm to combine the an-
gle method with the extreme value method, in order to find the main change characteristics
in the data sequence.

Due to the variety and irregularity of the influencing factors of real-time electricity
prices, this paper differentiates and fuses them, constructs multiple kernel functions by
choosing different kernel functions, and maps each feature to a specific interval to deal with
qualitative and quantitative indexes with different quantities by the normalization method.

As the tendency of the demarcation point of the time series changes, the key point can
affect the changing patterns. The key points in data represent the data sequence because
they find the main variation characteristic. Therefore, we propose combining the extreme
value method with the angle method. For X;, the smaller the angle of X;_1, X;, and Xj is,
the more likely it is to be the key point. By only scanning the dataset once, we keep the
important point in the non-monotonic sequence, and according to the monotone of the
three consecutive data points of the triangle length of the trip, we determine whether the
intermediate data points need to retain the key points. As Figure 4 shows, X; in (a) and (b)
are more likely to be the key points.

Theorem 1. X; 1, X;, and X;,1 consist of three sequential data points. The probability that X;

Xip1+Xig Xip 1 +Xig
2 2

is the turning point is related to ‘xi — ; the smaller |x; — is, the smaller the

likelihood that it is the turning point.

After the key points are selected, the time-series intervals become unequal lengths.
Then, we linear fit the key points into a new sequence, which represents the time series.
The size of the new sequence is much smaller than that of the original time data sequence,
achieving the purpose of data reduction.

4.2. Adaptive Multi-Density Radius Calculation

The clustering center is the most important key point in the dataset; the closer the
other points are to the center, the higher the density is. The density value transform is
constrained by the bounds of the cluster, and the number of boundary points must be
smaller than the maximum point.
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Figure 4. Keypoints (can affect the changing patterns and find the main variation characteristic)
detection, such as X; in (a,b), and (c,d).
4.2.1. Density Radius EPS Calculation

The density radius EPS calculation is used to evaluate the cluster density of each key
point, where a higher density cluster contains more closely spaced points.

m 1 n
r=kxT(n)x ———" x[[x;. 1
(n) PRV gz (1)

In the formula, r represents the radius, k represents the threshold for core objects, I'(1)
represents the gamma function, and m represents the dimensions of the points.

4.2.2. Adaptive Radius Selection

The highest-density cluster is designated as an initial cluster; then, we calculate the
average distance among all cluster points as the new density radius. Meanwhile, MinPts is
denoted as K — 1, and the DBSCAN method is then used for clustering.

4.2.3. Assignment

Labeled as clustered points, these points will not be involved in subsequent clusters.
Then, we pick the next-highest-density cluster to calculate by the same way, until all clusters
are labeled. Algorithm 1 shows the detailed algorithm.

Algorithm 1: SAMD algorithm

Input: The key point of in real time series expressed in time series
Output: Different classes of data

1: Begin

2:R=0;]=0;

3: fori from 1 to Set of Points size do

4. if distance (Unsigned Point, i ) < Reference Radius
5: R =R + k — distance [i];

6: J=J+1;

7: R=R/]J;

8: end if

9: end for

10: MULTI DENSITY ( uobj, radiuses)

11: for each obj € uobj

12:  Set the label of obj as noisy

13: dis = L1 distance between obj and oi

14: if dis < density radius of o

15: mark obj with same label of o
16: end if

17: end for

18: End
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4.3. Multi-Kernel Support Vector Machine Forecasting

Many factors can influence time-series fluctuations; therefore, when predicting time
series, the effects of the influencing factors should be fully considered, and a multi-kernel
function is used to analyze the influencing factors. The multi-kernel function is a kernel
function corresponding to different types of data construction and weights and combines
according to the importance and the degree of each kernel function to form a multi-kernel
function. As shown in Figure 5, multi-kernel functions can combine multiple types of
influencing factors and adjust the weights to form an optimal function. Compared to
traditional single-core functions, multi-kernel functions are more robust and accurate.

ASVM, g
SVMiar | v

1,SVM, 5,
+

23SVM; oy
VM par e
L]

SVM, 1 .
Polynomi Aﬂswnl’in

al Kernel

SVM, 5, _
SVM, p

Features Kernels Select Optimal Combination
Figure 5. Multi-kernel support vector machine process principle.

Multi-kernel functions have two typical types: linear multi-kernel functions and
nonlinear multi-kernel functions. Linear multi-kernel functions can be transformed into
quadratic programming problems when solving decision functions. The parameters can
be optimized according to the convexity of linear functions. For nonlinear multi-kernel
functions, the quadratic programming problem does not have convexity, which makes it
difficult to guarantee global stability.

Each influencing factor sample is represented in the corresponding coordinate system,
and the distribution characteristics of the factor are judged according to the sample distri-
bution. According to the characteristics of each factor, we choose the multi-kernel function

Kwmkr( %,%;) corresponding to the optimal kernel function K x%;)"

m
Kyike (x5, %) = Y AnKa (x5, %) (2)
n=1

Above, KMKL(xi,xj) represents the single kernel function, A, represents the kernel
function weight, x; represents the time point, x; is the j-th influencing factor’s sample value
at the time point, and m is the number of influencing factors.

4.3.1. Multi-Kernel Support Vector Machine in LP Paradigm

In the multi-kernel support vector machine, the weight coefficients A,, need to be set.
If A is inappropriate, over-fitting may occur in the optimization process. If we add a rule to
the weight coefficient, we can effectively prevent over-fitting. The commonly used rules are
the L1 normal form and L, normal form. Although the L normal form can limit the scope
of the search space, it makes it easy to produce sparse solutions, which makes it ignore the
case that y is 0. Therefore, we add a rule to the weight coefficient; it can effectively prevent
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over-fitting. In this paper, we adopt a multi-kernel support vector machine based on the L,
normal form. Its objective function and constraints are shown below:

A 1{ .
min 2 () [@ll2)® + 55 1o (& + &) + llul; ®)
k

w,

(@, K(xi))) +b—yi < e+
yi— ((@,K(x;))) +b < e+,

stqfi >0, )
Hi 2, im 20,

&,&>0i=12...N

Above, @, b represents hyperplanes mapped from low dimensions and || ||f) represents
a weight coefficient of the L, normal form. The optimization of the objective function and
its constraints are as follows:

mmézwmb+czwwf) (5)
: .

Yi— ((w/K(xz)>) + b S €+§Al‘,

s.t.Qji >0, ©6)
M, M2, MM 20,

Gi,&i>0i=12,...N

Lagrange multipliers are introduced to optimize the function and its constraints:

Boohu i,j=1 i=1
o l )
— 1z YooY ) (& —a;) - (& — aj)Kure, (%, %))
i=1 i=1lj=1
P
Ef’:l (@ —a;j) =0
st{0<a,w;<C, i=12,...,1 8)
Wn>0,u=12,...,m
In the above formula,
m
Kykey (xi, Xj) = ) pnkn (%, x;) &)
n=1
* p
= 10
P= o (10)
Finally, the expression of the optimal regression function is shown below:
n
f(x) = Z(D(;k — “i)KMKLp (xl-, x]) +b* (11)

i=1
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4.3.2. Double-Layer Alternating Optimization Parameters

The selection of the kernel function weight determines the proportion of the influence
of each influencing factor. Selecting the appropriate weight coefficient can effectively
adjust the role of each kernel function in the regression function and control the influence
of heteroscedasticity. Therefore, this section uses the double-layer iterative method to
solve the optimization of the kernel function weight, Lagrange multiplier, and parameters
alternately. Until the stopping time criterion is satisfied, the optimal regression function is
obtained. Compared to other methods, the biggest advantage of this method is that the
weight coefficient can be obtained by learning to dynamically adjust the proportion of each
single kernel function.

In the first-layer kernel learning, according to the objective function and constraint
conditions based on the normal LP form in Equation (4), the Lagrange multiplier is kept
unchanged, and the optimal weight coefficient is calculated. The calculation process is
shown in Equation (12):

I I
L=Y vi(&i—u) —52(5‘1 -

i
-3 Zﬂk Z Z — a))Knige, (i, %)) (12)
i: i=1j=1
R
2 P2
After finding the partial derivative of L, we can obtain Equation (13):
1 =
= 55 (EL )@~ (%, %))
i=1j=1
11 (13)
X ( Yo ) @ — i) (@) — aj)knke, (X, Xj))
i=1j=1
In the above formula,
1‘1‘1:1/k=l,2,...,k (14)
P q

In the second layer, with the weight vector unchanged, the Lagrange multipliers are
solved by the improved sequential minimum optimization algorithm, and then the gradient
descent method is used to optimize alternately, until the termination condition is satisfied.
The optimization steps are as follows if ¥; = ji=jw=0and a; = ﬁ =frVi=12,...,N.

Step 1: initialize parameters; assume that y; = (/ % and L = s = oo; the threshold

-S
s<‘1— 3|

Step 2: using a sequential minimum optimization algorithm to generate the working

set X, Xx = Axi1, Wxin, - -+, KXiX; XX = &Xi1, XXil, - -, XXX+

Step 3: a3 = &; a‘)’(ld = a; update the Lagrange multiplier with Formula (2).

Step 4: update the gradient by the gradient descent method.

Step 5: calculate the step size Sx: Sy = 2 YN, (fr; — gki) @ —a;); Yk =1,2,...,m.

Step 6: Ly =) ; yi(&i — oci) -y 8(&1' + (XZ‘), Sx = Y1 diSy.

Step 7: if the threshold termination condition is met, bring two multipliers into (6)
and calculate the final Lagrange multipliers &}, ; and weight vector y; otherwise, return to
Step 3.

Overall, the proposed SAMD prediction model contains two main processing, multi-
density clustering, and multi-kernel support vector machine models, which can better meet
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the time variability of real-time electricity prices for the dynamic change in demand in the
prediction model. Moreover, the multi-kernel function is used to analyze the influencing
factors, which effectively solves the problem of unsatisfactory prediction accuracy caused
by various characteristics and influencing factors of real-time electricity prices. The overall
process is shown in Figure 6.

| Factors |

{

Distribution of sample characteristics

!

Kemel function selection Select optimal single kernel function

J

Construct multi-kemnel function

¥
Initialization parameters |

l

Multi-kernel support vector machine training \v\

N Double layer
alternating
optimization

Double-layer parameter
optimization Stopping condition

is satisfied

Weight vector and Lagrange multipliers

!

‘ Optimal model

Figure 6. SAMD-SVM forecasting flowchart.

5. Experiments

DBSCAN [30], K-means clustering [31], and the proposed SAMD model were com-
pared. The testing dataset was PJM 2018, which was 1 h for the time interval of the electricity
price monitoring time. A full understanding of the characteristics of real-time electricity
prices was essential for the selection of the forecasting model, and real-time electricity prices
were found to have the following characteristics: periodicity, volatility, mean reversion,
and heteroscedasticity. Taking real-time electricity prices in the PJM electricity market for
the two adjacent weeks of 1-14 February 2018 as an example, it can be seen from Figure 7
that the electricity prices exhibited strong daily and weekly cycle characteristics. Mean
reversion was reflected in the fact that when the load supply exceeded demand, the price of
electricity was on an upward trend; when the load supply exceeded demand, the price of
electricity was on a downward trend, and the average price of electricity tended to be close
to the cost price. In order to better understand the characteristics of real-time tariffs, this
paper statistically analyzed the real-time tariff data in terms of the six dimensions in Table 1.
The JB was mainly used to test whether the electricity price obeyed a normal distribution,
and Q?(10) was mainly used to test whether the electricity price had heteroskedasticity.
From the statistical data in Table 1, it can be seen that real-time tariffs had a skewness of
not 0 and a kurtosis of more than 3, which was the phenomenon of “sharp peaks and thick
tails”, and it can be concluded that the real-time tariffs had heteroskedasticity.
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Table 1. Statistical table of real-time electricity price characteristics in electricity market.

Statistic PIM
Mean 0.018
Standard Deviation 24.143
Skewness 0.512
Peakedness 14.975
JB 2289.879
Q2(10) 8.971 (<0.01)

40
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N
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Figure 7. Real-time electricity price fluctuations.

5.1. Multi-Density Clustering

The results show that DBSCAN and K-means clustering did not focus on the factor of
noise spots, which included noise points and boundary points. However, the SAMD model
with timespan processing not only dealt with the problem of excluding the noise points
due to the threshold of the set of MITs but also classified a few of the closest noise points
into sparse clusters.

Normally, two widely used measures are chosen to evaluate clustering accuracy. One
is normalized mutual information (NMI) [32] and the other is the NCI Cluster. The compu-
tation of NMI consists of two main components: mutual information (MI) and entropy. By
standardizing the value of M], it provides an easy-to-understand and comparable measure
of how well the clustering results match the true labels. The advantage of NMI is that it
combines precision and recall, making it a comprehensive and commonly used metric for
clustering evaluation. The value of NMI equaling 1 represents that the clustering result
exactly matches the labels, and it being 0 signifies that the result is completely irrelevant.
The performance results of the SAMD, DBSCAN, and K-means models are shown in Table 2;
the SAMD model was more accurate than the other methods.

Running Time Efficiency: We discuss the changes in the running time regarding an
increasing dataset. The general trend was that the running time continued to grow as
datasets were added. However, our proposed multi-density method showed a more stable
state. Our proposed SAMD model was more efficient than the other DBSCAN and K-means
algorithms, as shown in Figure 8.

Table 2. Clustering accuracy evaluation results.

Algorithm SAMD DBSCAN K-Means
NMI 0.925 0.820 0.723
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Figure 8. Clustering run-time contrast diagram.

5.2. Multi-Kernel Support Vector Machine Forecasting Evaluation

According to the characteristics of real-time electricity prices, we selected some open

and quantifiable influencing factors to establish the multi-kernel support vector machine

prediction model. Then, we evaluated the prediction results with conventional neural

network prediction algorithms in the same datasets. Finally, the avoided costs were
calculated to prove the effectiveness of the proposed algorithm.

Four kinds of kernel function curve graphs are shown in Figure 9. The analysis of the

data should be based on the characteristics of the data themselves to choose the appropriate

kernel function, so this paper adopted the linear multi-kernel function. In Figure 9, o is
the hyperparameter of the radial basis kernel and 4 is the number of highest terms in the

polynomial kernel function, which defaulted to 3.
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Figure 9. Kernel function curve graph.
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5.3. Real-Time Electricity Price Prediction Results

5.3.1. Predication Accuracy

The real-time electricity price datasets of PJM April 2018 [33] were used to test the

proposed algorithm; the accuracy results are shown in Table 3. The proposed algorithm

was more accurate than the neural network [34]; the results are shown in Figure 10.
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Figure 10. Prediction accuracy contrast diagram.
Table 3. Electricty price prediction comparison.
SAMD- SAMD- Neural Neural
. Actual SVM Network
Time . SVM Error . Network
Value Predicted o Predicted o
(%) Error (%)
Value Value
01:00 17.506 18.925 3.32 16.716 451
02:00 15.42 14.919 3.25 14.695 4.70
03:00 15.142 14.786 2.33 14.486 4.33
04:00 18.632 18.134 2.67 18.025 3.26
05:00 18.642 18.411 1.24 17.892 4.02
06:00 21.098 20.489 2.89 20.410 3.26
07:00 21.162 21.331 0.75 20.836 3.75
08:00 21.062 20.879 0.87 20.482 2.72
09:00 21.263 20.842 1.98 20.756 2.38
10:00 20.280 20.226 0.27 19.827 2.23
11:00 20.534 19.894 3.12 19.827 3.44
12:00 21.2908 20.435 4.02 20.647 3.02
Average error 2.45

5.3.2. Avoid Costs

Normally, we use avoided costs to evaluate electricity price strategies and benefits,
which express that power suppliers can avoid or partially avoid power supply resources

and costs.

Bse =

C—Cy

AW
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C and C; represent the original power supply cost and cost after real-time electricity
implementation, respectively. AW represents power saving, and the results are shown in
Table 4.

Table 4. Avoided electricity costs comparison.

Time SAMD-SVM Neural Network
01:00 0.323 0.209
02:00 0.294 0.262
03:00 0.452 0.327
04:00 0.486 0.316
05:00 0.414 0.312
06:00 0.512 0.184
07:00 0.394 0.322
08:00 0.792 0.266
09:00 0.242 0.215
10:00 0.196 0.231
11:00 0.438 0.342
12:00 0.493 0.286
Avoid costs 0.419 0.272

6. Conclusions

The setting of electricity prices is closely related to the interests of each participant,
and accurate electricity price prediction can help participants understand future trends;
however, due to the interference of many influencing factors, prediction accuracy is not
ideal, so how to improve the prediction accuracy of real-time electricity prices has become
an important direction in current research. The proposed SAMD model can categorize
a time-series dataset into quality clusters of high, medium, and low levels, which can
be represented as different kinds of real-time electricity price intervals to predict the
general trends of the prices. The experimental results were used to analyze and verify the
advantageous model to predict the real-time electricity prices, and it is suitable for different
types of real datasets.

However, the method in this paper also has limitations: the feature quantization relies
on human settings and lacks adaptive learning ability, which may lead to processing bias
and then affect prediction. We plan to extend this work to develop a multidimensional
data attribute calculation model for mining the influence of indirect factors on real-time
electricity prices in our future work.
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