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ABSTRACT 

The estimation of energy prices for smart grid 

makes smart grid economical. Nevertheless, current 

price prediction approaches can be difficult with 

massive price data in the grid, since the roll-out 

from the collection of features can not be 

prevented, and the processes of electricity price 

prediction lack an integrated network. A new 

electricity pricing model is developed to solve such 

a problem. In particular, the proposed model 

integrates three modules. Next, we propose a 

hybrid feature selector based on Greys Corrélation 

Analysis (GCA) for removing redundancy by 

combining the Random Forest (RF) with the relief-

F algorithm. Secondly, an integration of the kernel 

function and the KPCA is used for dimensionality 

reduction in the feature extraction process. Finally, 

we suggested a difference-based supporting vector 

machine (SVM) classification for the provision of 

the price classification. These three sections are 

used to realize our proposed electricity price 

prediction model. Numerical analyses indicate that 

our approach is superior to other approaches. 

Keywords— Big data, Price forecasting, 

Classification, Feature selection, Smart gird. 

1. INTRODUCTION 

One of Smart Grid's main objectives is to minimize 

peak power loads and to balance the difference 

between power supply and demand Consumers are 

in a position to engage in smart grid operations, 

where energy savings and load transfer will reduce 

energy costs. Dynamic pricing is, in this case, a 

primary indicator of consumer loads. In general, 

due to economic and industrial requirements, 

accurate point price forecasts are required. 

In reality, consumers want to know whether the 

price for electricity reaches the particular consumer 

limits that the load was enabled or disabled. The 

electricity price classification is important for 

customers. 

Therefore, such basic thresholds are used to 

identify the electricity price based on point price 

prediction algorithms. Techniques of function 

approximation are central to point prediction 

algorithms, where the basic price creation 

mechanism is imitated by specific price models. 

Thus, the classification of electricity prices is an 

important objective in pricing. 

Different factors such as price of fuel, energy 

demand, renewable energy supply, etc. affect the 

electricity price. and this varies every hour. Given 

the constant changes in energy rates and the fact 

that vast quantities of smart meters track the 

environment, such as fuel production, wind 

generation and transmission, in real time, there is 

very strong historical evidence. 

2. RELATED WORK 

Our aim is to accu- predict energy prices by using 

the broad grid data. We propose a Support Vector 

Machine (SVM) system to tackle this difficult 

obstacles that can efficiently predict the amount. 

SVM is a classifier that aims to divide data into 

proper classes by seeking a hyperplane. The 

support vector is a part of the data that can enable 

the hyperplane to be calculated. Although SVM is a 

promising approach to the precise energy price 

prediction, it is important to tackle the following 

challenges. 

• High computational complexity. 

SVM is poor in the processing of 

unknown data and has a high 

computational difficulty, according 

to Hu's research. In electricity price 

forecasts, irrelevant and refundable 

features render the training of SVM 

highly computationally complex and 

decrease prediction accuracy. 

• Hard to tune parameters. The cost 

penalty, the insensitive failure 

parameter and the function 

parameter for the heart are three 

super parameters. The super 

parameters in pre-casting influence 

the efficiency of SVM. These 

parameters can not be modified to 

improve precision and performance. 

SVM super parameters are normally 
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modified with the gradient de-scent 

(GD) or cross validation. These two 

methods, however, have a great deal 

of machine complexity and do not 

converge. 

Fig. 1: Our proposed approach. 

To overcome the above challenges, the hybrid 

collection, extraction and classification (HSEC), as 

is seen in the Figure, are a parallel power 

forecasting system. 1. The three HSEC elements 

consist of a Hybrid Selector (HFS) based on Grey 

Correlation Analysis (GCA), a main Principle 

Component Analysis (KPCA) and an SVM 

Classification based on Differential Evolution 

(DE). The HSEC performs characteristic 

engineering by selecting features that suit the time 

sequence and the reduction dimensionally of 

electricity price data. To order to ensure a good set 

of characteristics the HFS uses the combination of 

two GCA-based selectors rather than one. Unlike 

the Principle Component Analysis (PCA), the 

kernel function KPCA uses in order to deal with 

this problem does not work for high dimensional, 

nonlinear data. This paper summarizes the principal 

contributions as follows: 

• We deliver an automated system for the 

electricity pricing to forecast exact big 

data in the smart grid. So far as we know, 

the first attempt in this paper is to 

incorporate feature collection, extraction 

and classification into the studied problem 

system. 

• To achieve this framework in order to 

calculate the importance of features and 

control the selection of the feature, we 

first propose a GCA-based HFS 

combinating relief-F algorithm and ran-

dom forest (RF). We use KPCA to further 

reduce the consistency of the selected 

functions for feature extraction. We are 

the first in the field of electricity 

prediction to investigate the redundancy 

among the selected features. We have also 

developed a DE-SVM algorithm to tune 

SVM's super parameters that are more 

precise than existing classifiers. 

• Many detailed simulations based on real-

world data of grid price and load test the 

efficiency of our proposal. The empirical 

results suggest that our plan performs 

better than expectations. 

 

3. GCA BASED HYBRID FEATURE 

SELECTOR 

This segment explains the selection process. We 

are proposing a new parallel HFS on the basis of 

GCA, based on the fusion of RF and relief-f. The 

combination of RF and Relief-F offers a more 

precise feature range. Relief-F and RF may be of 

practical significance. All of these are effective 

methods. Features are first selected roughly by the 

GCA method and the HFS is continued by μ. 

3.1 Preliminaries: Grey Correlation Analysis 

As different features affect the final predicted 

electricity price in various degrees, we use GCA to 

assess the importance of each feature. GCA 

calculates the correlation from the final electricity 

price of each function. The RF depth can efficiently 

be trolled via GCA. 

In theory, GCA defines the association between 

two separate data sequences by quantitatively 

determining the degree of "closeness." The similar 

the two series, the larger the partnership is. GCA 

may also provide a quantitative indicator of the 

proximity of electricity prices. 

Because in the sense the physical significance of 

each function is different, the data element is not 

necessarily the same. Thus, the non-dimensional 

data processing is conducted appropriately when 

the gray correlation grade analysis is performed. 

Each data function is non-dimensionalized during 

this processing by dividing the data by its average 

value. Given two α-1(k), i-1-1-1 and μ2-1-2 = aki, 

k-1-1 [1,m], with n / m being the number of 

characteristics and the duration of the time series, 

n-dimensional data series is rendered comparable. 

3.2 Hybrid Feature Selector 

Two paratactic feature evaluators, SD and S, form 

the HFS. As Fig reveals. 2, these two assessors 

independently determine the significance of 

features. When selecting the characteristics among 

characteristics, the importance produced by these 

two evaluators is considered. 
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4. FEATURE EXTRACTION-KPCA 

We propose to extract features for this system in 

this section. The characteristics selected by HFS 

are not insignificant, but have redundant features. 

PCA is the most common method for extraction of 

features that reduces the redundancy between 

features, but assume that linear mapping takes 

place from high to low space. Data require 

nonlinear mapping in electricity price forecasts in 

order to find a suitable low-dimensional 

integration. Kernel Theory Component Analysis 

(KPCA) is then used to reduce the nonlinear scale. 

5. DIFFERENTIAL EVOLUTION BASED - 

SVM 

Our objective is to reduce the normal risk function, 

as previously discussed. However, the regularized 

SVM risk function and the super parameters c (cost 

penalty), β (insensitive loss function parameter) 

and  ̈ (kernel parameter) have a close relationship. 

Nonetheless, it's still a crucial problem how to 

change the three basic parameters for greater 

accuracy and performance. The basic method for 

modifying SVM's super parameters? Gradient 

downward (GD) or cross validation algorithm [20]. 

These two methods, however, are very analytical 

and do not converge. A robust Differential 

Evolution algorithm (DE) is then used in HSEC to 

change the super parameters. Basically, DE 

consists of 4 methods, namely initialisation, cross-

cutting, transformation and choice of 

superparameters, for the optimisation of the target. 

The values of these super parameters that be part of 

the population in every particular vector. The 

present population is composed of D dimensional 

vectors, defined by Pc. 

       
Where g is an index to which a vector belongs, g is 

a population indice and Np refers to the size of the 

population. Every component in Xg I is called a 

single component. When configured, DE mutates 

people to randomly generate new people from one 

generation to the next. The four main procedures 

are carried out repeatedly until the desired 

parameters are met: 

1) Initialization: The first population is randomly 

created in this point. We obedient the uniform 

distribution to the first population. 

2) Mutation: The aim of mutation is to create new 

people. The I mutant of the (g + 1)-th generation is 

typically determined by 

 

 
3) Crossing: increases the variety of generations 

and mixes mutant persons with a certain probability 

through the origins of persons in each dimension. 

The crossing process is carried out as 

  
4) Selection: Selection can be 

formulated as 

 
4. EXPERIMENTS 

1) Feature selection performance of GCA based 

HFS. 

GCA-based HFS is used to cover approximately 

selected features of the hourly electricity price 

figures in ISO NE-CA between 2010-1-1 and 

201512-31. The sequence components show the 

characteristics in various time stamps. Since our 

goal is to predict the price of electricity which in 

the data is called the regulatory clearing price 

(RegCP), it is possible to remove features with 

little effect on the price. GCA calculates the 

correlation between features with RegCP before 

HFS, as illustrated in Fig. 3.The gray correlation 

grade shown in the chart. 4 indicates that the rating 

of most apps reaches 0.5. We drop off four features 

with evident low-grade, i.e. DA-CC features 

(0.8543), RT-CC features (-1), OTHER features 

(0.3049). The characteristic value of reserved 

features can be assessed according to the results 

produced by GCA. In order to obtain each feature's 

value, we perform Evaluator β and μ, as defined in 

Algorithm 1. Fig displays the results. 4, where 

negative values mean that the number of diff) (is 

greater between the closest hits than the nearest 

miss. We discuss the different μ threshold values 

which controls the feature selection in order to 

improve the DE-SVM classifier. For instance, 

updating μ from 1.1 to 1.2 causes DEMAND to 
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drop. More features are lowered with increasing the 

threshold μ, leading to an increase in training speed 

and a decrease in accuracy. 

 

Fig. 3: Grey correlation grades of  each  feature  

(DA  CC, RT CC, REFUSE, and OTHER have 

low grades obviously) 

 

 
Fig. 4: Feature importance given by Evaluator ς 

and τ 

2) KPCA performance in different kernel 

functions compared with PCA. 

KPCA is used to delete the main components to 

remove redundant details from the software. The 

relation between KPCA and separate PCA kernels 

indicates the combined contribution. Fig. 5. If the 

cumulative contribution rate reaches 95%, KPCA 

extracts the majority of the key components from 

the radial basis, as shown in the figure. 6. We 

therefore select the radial foundation function as a 

KPCA kernel to ensure forecast accuracy. The 

radial data points KPCA distribute along the axis of 

the co-ordinates, i.e. KPCA will extract the key 

parts more representative than the two other 

kernels. 

 
 Fig. 5: Performance of PCA, linear KPCA and 

radial basis KPCA on features. 

 

Fig. 6: Cumulative contribution of radial 

basis KPCA 

3) DE-SVM performance compared with 

benchmark algorithms. 

The DE-SVM is contrasted with the Naive Baye 

(NB) and the Decision Tree (DT), two benchmark 

classifiers. Fig displays the results. 7. The precision 

of DE-SVM hits 98% of its curve matches the 

actual value, so when time series is 11.12,14, NB 

and DT have other outliers. The DE optimizes 

together SVM's super parameters. DE-SVM 

therefore works better than NB and DT for the 

accuracy of the expected electricity level. 

 
 

Fig. 7: Comparison on price forecasting among 

Naive Bayes, 

Decision Tree and DE-SVM 
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4) The HSEC performance of price forecasting. 

 

Fig. 8: Comparison on accuracy among HSEC 

and bench- mark frameworks 

 

Comparisons between different standards are 

carried out in this section to examine the 

capabilities of HSEC. Table 4 shows the 

benchmarks in this section. As Fig reveals. 8, the 

HSEC estimate is better than all thresholds in 

electricity price estimate. The comparison between 

A, B, C and HSEC frameworks shows that every 

module in our proposal will increase electricity 

price prediction precision. The HSEC reduces the 

irrelevance and redundancy of features and uses 

DE to change the SVM's super parameters which 

ensure that electricity pricing is accurate. 

7. CONCLUSION 

We explored the question of power pricing in a 

smart grid through joint consideration of 

characteristic engineering and adjustment of 

classificator parameters. In order to solve this 

problem, a two-stage electricity price forecasting 

system and the improved SVM classification have 

been proposed. In particular, a modern GCA-based 

hybrid feature selector is used to use the n-

dimensional time series as an input to pick these 

essential features. KPCA is also used for removing 

new features with lower redundancy and improves 

the precision and speed of the SVM classification. 

In addition, the DE algorithm automatically and 

efficiently obtains the correct DESVM super 

parameters. The analytical results have shown that 

the method we are proposing is more robust than 

other metrics. 
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