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Abstract

:

Various countries in the world are vigorously developing energy-saving industries and attaching importance to the improvement of household energy efficiency, but it is difficult to evaluate user power consumption characteristics due to insufficient information and large data granularity. It is, however, possible to evaluate the energy efficiency of household users via non-intrusive load monitoring (NILM). This paper explores the energy efficiency assessment of residential users and proposes a household energy efficiency assessment method based on NILM data. An energy efficiency assessment index of residents is provided by analyzing factors that affect residents’ energy efficiency. This index is clear, operable, and easy to obtain and quantify. Based on NILM information, clustering, and comprehensive evaluation, as well as combining the entropy weight method with the Technique for Order Preference by Similarity to an Ideal Solution (TOPSIS), a user’s energy efficiency can be evaluated and analyzed. Some case studies are provided to verify the validity of the proposed method based on non-intrusive information, to analyze the characteristics and deficiencies of the user’s energy consumption, and to give corresponding energy recommendations.
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1. Introduction


The rapid economic growth over the past few decades has been accompanied by a series of environmental problems. Along with the generalization of developing green electricity and low-carbon economy concepts, many countries are striving to build low-carbon economies that save energy and reduce emissions. Promoting the widespread use of renewable energy sources (RES) has become a common goal. Additionally, demand-side management (DSM) is often adopted to guide energy users to improve their electricity habits and reduce electricity costs. Thus, it is particularly important to improve the energy efficiency of residents by establishing energy efficiency evaluation index systems and evaluation methods. In this way, the level of household electricity consumption can be measured, and users can be guided to use electricity reasonably by providing a scientific basis for the optimal dispatch of DSM by electric power companies [1].



It has become a new goal of household energy management to improve users’ electricity habits, reduce electricity costs, and promote efficient application of new energy equipment through DSM. To achieve this goal, it is indispensable to collect power consumption information, such as electricity consumption, energy using period, and the type of energy, and to analyze users’ energy consumption habits, patterns, and conditions by excavating and examining data. In the process of user analysis, energy efficiency assessment can be conducted for different user groups to guide their rational use of electricity so as to reduce energy consumption by combining information on local climate, users’ conditions, and electricity prices. This will generate corresponding economic benefits and bring social benefits to the reform of the power system.



Some scholars have studied the assessment of energy efficiency and made fruitful achievements. For example, Amir et al. [2] introduced a process to rank buildings’ energy efficiency and calculate the confidence interval of their ranks by taking the effects of weather, seasonal changes, and lifestyle on household energy consumption into account. Additionally, Liu et al. [3] established an index system to assess the energy efficiency rating of enterprises from four aspects: economic energy efficiency, electric energy information, production information, and electric energy pollution, but they did not consider the factors of enterprise production scale. Qu et al. [4] established a household energy efficiency assessment system for household users’ electricity behavior and the characteristics of using electrical appliances. However, electromagnetism does not have a high impact on the electricity consumption of residents, or the relationship between them is not very certain. In a study by Ma et al. [5], the index system was divided into two levels, macro and micro, to analyze the energy consumption of enterprises, but the energy efficiency of users cannot be accurately indicated in the selection of indicators. Yoshiyuki et al. [6] introduced a city- or grid-scale residential energy end-use simulation model that focuses on the energy efficiency assessment of residential users from the perspective of energy conservation and emission reduction. An index system established by Zheng et al. [7] considered the use of distributed power by enterprise users. Tian et al. [8] took the impact of management of energy efficiency on energy efficiency in enterprises into account. Zhang et al. [9] built an integrated energy efficiency assessment system for large industrial users based on the hierarchical analysis structure. Heidari et al. [10] used the inventory model to analyze the energy efficiency potential of Swiss lighting. The results showed that LED lighting has a greater energy-saving potential. Xu et al. [11] identified 12 indicators that affect household energy consumption, including demographic, economic, individual, climatic, technical, lifestyle, and structural factors. The level of electricity consumption in Singapore was also analyzed in this paper. Zhang et al. [12,13] analyzed the effects of residential electricity prices, per capita GDP, population, cooling degree days, and rainfall on electricity consumption by Chinese residents. Monica et al. [14] considered different energy-saving measures—such as using insulation materials, changing lighting devices and refrigerators to reduce power consumption, and using renewable energy such as photovoltaics—and used multi-objective genetic algorithms to solve optimization problems in order to minimize Portugal’s residential energy consumption. Suástegui et al. [15] collected information on residential building features, energy use, and user’s income to assess energy efficiency. The evaluation results showed that by replacing air conditioners, users can reduce their electricity consumption by 32% annually, and income level is proportional to electricity consumption. In summer, the housing area is proportional to the electricity consumption. Li et al. [16] and Su et al. [17] studied factors that affect household energy efficiency other than household appliances, such as resident age, house ownership, and energy-saving rebound effects. As an essential element of modernizing power grids to form future smart grids, distributed generations (DGs) have developed rapidly in recent years [18]. Sepehr et al. [19] proposed a bottom-up method to study the random behavior of power users, which took into account the number of residents and the use of different equipment to get the behavior of residents. The evolution of smart distribution grids is driven by the rapid growth of distributed energy resources (DERs) [20]. The integration of DERs, such as DGs, distributed storage (DS), demand response (DR), electric vehicles (EVs), and microgrids (MGs), makes the distribution system more active [21]. Roberto et al. [22] summarized the existing energy efficiency assessment methods and tools. In their review, the assessment objects were mainly industrial systems, and the difficulty of energy data collection resulting in a lack of data was identified as a recurring problem. Thus, increasing the availability of data is important for improving the accuracy of data. Non-intrusive load monitoring (NILM) can be used to solve the problem of insufficient data, which can, in turn, effectively solve various problems caused by a lack of data and improve the accuracy of an energy efficiency assessment. Many researchers have analyzed the energy efficiency level of industrial users, but there are few papers on the energy efficiency assessment of ordinary residents. Moreover, some indicators are difficult to obtain, or it is difficult to assess their impacts on residential energy efficiency.



It is difficult to evaluate the power consumption characteristics of users due to insufficient information and large data granularity, which is the main problem addressed in this paper. With NILM data, the user’s power consumption information is integrated, and the energy efficiency analysis is performed. The power consumption information includes the user’s hourly power consumption, the hourly power consumption of household appliances, and the total power consumption. Through this information, this paper explores an energy efficiency assessment of residential users, constructs a family energy efficiency indicator system, and then proposes a household energy efficiency assessment method based on NILM data. This method can reflect upon the impacts of household population, area, and income on users’ electricity consumption; classify users according to user feature; unite the entropy weight method with the solution distance method to evaluate users’ energy efficiency; and finally give users suggestions through the target method. Compared with existing methods, this method has the following features:



(1) It can build a user portrait label system by studying the portrayal of each user. The integration of refined electricity consumption data and marketing data can accurately sketch out the user’s electrical behavior, and the power company can accurately conduct marketing for different users.



(2) It can make an evaluation index system for residents’ energy efficiency based on the main factors affecting residents’ energy efficiency. The evaluating indicator data for various influencing factors are easy to obtain because this system contains basic family information, the user’s energy consumption characteristics, residential energy efficiency, and the impact of distributed generation.



(3) There are a large number of identifiable electrical appliances and their unique properties in non-invasive load monitoring, so this paper provides a dimensionality reduction strategy based on the principal component analysis method, which classifies users through k-means, and the entropy weight method and TOPSIS method are combined to make a comprehensive and accurate analysis of power consumption manner.



The remaining content is organized as follows: Section 2 describes the framework and data sources of the energy efficiency assessment system; Section 3 presents the development of the energy efficiency assessment indicator system and evaluation method, and details the evaluation process; case studies and analytic results are reported in Section 4; and conclusions are drawn in Section 5.




2. Household Energy Efficiency System Architecture and Data


2.1. Energy Efficiency Assessment Framework


By assessing the energy efficiency of residential users, energy-saving suggestions and power value-added services can be provided to users, which can help power companies exploit power package services according to users’ features, assist governments in developing energy-saving and emission reduction plans, and serve as a reference for the dispatching work of electric power companies. Hence, power companies can motivate users to actively participate in grid demand-side management to minimize operating and maintenance costs.



As shown in Figure 1, the energy efficiency assessment framework for residential users is divided into two modules: data acquisition and energy efficiency service application. Energy service enterprises need to conduct surveys to collect basic household information, including information on permanent household residents, household income, and housing area. Smart meters with NILM technology are used to obtain energy consumption information, and this information is bidirectionally uploaded to a data center for data storage and management through internet, optical fiber, 4G or 5G, power line communication (PLC), or wireless broadband. The energy consumption and user information are evaluated through an energy efficiency service application so as to generate energy recommendations for the user. The system is mainly intended for power companies or power selling companies. Power companies can adjust the power sales strategy according to the results.




2.2. Data


At present, power load monitoring is divided into intrusive and non-intrusive approaches. Non-intrusive load monitoring is simple to install and makes it convenient to collect and analyze data.



NILM technologies are becoming mature with the improvement of advanced metering infrastructure (AMI). Load identification, for example, uses load signal decomposition to non-intrusively obtain load information [23]. Figure 2 shows the energy efficiency assessment structure based on NILM.



The NILM equipment (Tianjin Qiushi TransEnergy Technologies Co., Ltd., Tianjin, China) is installed at the entrance of the home grid gateway, and the Hidden Markov Model (HMM) is used to model the total load and its internal electrical equipment. Therefore, the NILM problem can be expressed as a decoding problem of HMM and then solved by the improved Viterbi algorithm [24].



This method can reduce the number of state sequences that the ordinary Viterbi algorithm needs to traverse and calculate the complexity. The NILM information is subjected to energy efficiency analysis after principal component analysis (PCA) and standardization processing. Finally, household equipment power consumption and new energy consumption strategies can be obtained through the analysis. At present, the NILM can detect the energy consumption of 51 household appliances. However, NILM equipment suppliers will continuously analyze the characteristics of electrical appliances on the market and update the electrical appliance feature library. If a new appliance is added, the NILM equipment supplier will match the feature library. By constantly updating the NILM feature library, more electrical appliances will be identifiable. If a new appliance is not identified, NILM will alert the equipment supplier, and then the equipment supplier will carry out feature analysis and add it to the feature library.



Non-intrusive information data is subjected to energy efficiency analysis through normalization and PCA. First, it is necessary to classify the users. Then, the entropy weight method is used to combine the same type of electrical data, and the energy consumption of the distributed power source is determined to calculate the index. Finally, power use suggestions are generated according to the results of the comprehensive evaluation.



The eigenvalues obtained from the steady-state load current include the peak value, standard deviation (SD), root mean square (RMS) value, and the number of wave peaks (valleys). These eigenvalues can be used as the load signature (LS) characteristics and provide a vital basis for load identification. Waveform and eigenvalues from the steady-state load current of some types of home appliance equipment are shown in Figure 3 (the red line is the wave peak, the black line is the wave trough, the green line is the RMS, and the yellow line is the SD). Table 1 shows the characteristic values of each load.



The maximum, minimum, RMS, and SD of current can be used as LS characteristics of the load to identify a single load. In the implementation process, the feature-additive criterion (FAC) proposed in [25,26] is utilized. The formula of FAC is as follows:


   Ω j  ( t + Δ t ) =  Ω j  ( t ) +  f  l , j   = (   ∑  i = 1  K    f  i , j   )   +  f  l , j   ,  



(1)




where    f  i , j     represents the eigenvalue  j  of load  i .    Ω j  ( t )   represents the sum of the eigenvalues  j  of  K  loads operating simultaneously at time  t . If the load  l  is working within time   t + Δ t   and the satisfying condition, the characteristics of    f  i , j     satisfy the conditions of FAC, meaning the additive decomposition line load can be used. The unknown mixed load can be directly decomposed into different types of load according to the characteristic values of the database. If the eigenvalue is not satisfied, the load type can be set directly according to the eigenvalue of the history or sample database.





3. Household Energy Efficiency Assessment Method Based on NILM Data


3.1. Construction of Family Energy Efficiency Indicator System


An energy efficiency assessment is affected by many factors, including non-electric factors. If only considering energy consumption factors, the assessment accuracy is likely to be low, which may impede the process of determining the reference value of users’ electricity consumption. For example, the demand for electricity varies among different households and cannot be generalized.



A residential user’s energy efficiency index system based on factors affecting user energy efficiency is established in this paper, and it is divided into three types of first-grade indexes: household information, energy consumption information, and new energy information. As shown in Figure 4, the secondary indicators contain more detailed metrics that can be set based on different geographical variables and the characteristics of the user.



3.1.1. Family Information


Population size is crucial to electricity consumption. This is because, under normal circumstances, if other conditions remain unchanged, energy consumption will rise with the increase in a population. Floor space will also have an impact on household electricity consumption. In general, larger housing areas require more electrical equipment, such as lighting and air conditioning, which results in more electricity consumption. In addition, personal income is closely related to residential electricity use. Higher per capita household income is often accompanied by greater demand for electricity services, such as increased ownership of washing machines and air conditioners, which are frequently used, as well as other high-power electrical appliances that cause unnecessary waste. Thus, the empirical results show that income is the main factor determining electricity demand. The overlap between the family information indicators is minimized in order to reflect the family situation more comprehensively and concisely. Family information A is mainly obtained through questionnaires, which are distributed by the power grid company in the pilot area to all users in the network. When the user’s basic information needs to be added or updated, the user can log into their personal account to update their information.




3.1.2. Energy Consumption Information


NILM classifies electrical appliances by using the power change information generated by electrical switches during state switching. Based on this information, it estimates the categories and quantities of household appliances, matches the types of electrical appliances in the established feature library, and obtains the energy consumption and time period of the electrical appliances. Through integrating NILM technology into smart electricity meters and using the two-parameter recursive least squares estimation method, as well as the double-variable forgetting factor strategy in line with the development trend of AMI to estimate the errors of electricity meters online [27], the accuracy of the electricity information acquired will be higher, and more types of electrical appliances will be identifiable.



Using the proposed index system, the energy consumption information of household appliances is determined based on non-intrusively measured information, including the energy consumption and usage period of common household appliances. This provides a comprehensive, structured, and concise reflection of household electricity consumption. In this paper, the energy consumption information includes users’ consumption and usage period of 51 household appliances, such as air conditioners, refrigerators, light fixtures, washing machines, and water heaters. Daily energy consumption information was compiled for different households and electric appliances.




3.1.3. New Energy Information


At present, electric vehicles and distributed energy supply systems (both examples of new energy) are becoming more and more popular, and their features of less pollution, large storage capacity, and cost-saving are attractive to consumers. However, the use of electric vehicles puts pressure on the grid load, and the use of plug-in electric vehicles (PEV) can provide frequency regulation services [28]. Power grid companies can conduct demand-side management according to fluctuating needs; so, it is necessary to conduct an energy efficiency assessment of users that charge with charging piles.



Although the installation rate of new energy in China is fairly low, due to the strong support of national policies, there are more electric cars on the street now, and the installation of a distributed power supply will be gradually popularized in the future.



This paper considers the impact of new energy on residential users and reflects the energy usage of households comprehensively. Connecting controllable conventional loads with various new energy storage components and demand-side response means is a method that can adapt to the increasing regulation demands of power systems [29]. There are two kinds of distributed generation: wind power generation and solar power generation. The installation of distributed generation requires registration with the power company, and the C1 indicator in Figure 4 can be obtained from the customer data of the power grid company. Electric vehicles powered by distributed power sources are the way forward in energy consumption as they can reduce reliance on fossil fuels. The energy consumption of electric vehicles (C2) is regarded as a measure to improve home energy efficiency.





3.2. Household Energy Efficiency Evaluation


TOPSIS and visekriterijumsko kompromisno rangiranje (VIKOR) [30] are two kinds of decision-making methods, but the latter requires a criterion weight coefficient and criterion value to be determined, which is difficult to achieve in practical decision-making. However, the TOPSIS method has become mature, and many decision-making problems are solved by TOPSIS. Therefore, this paper adopts a more mature TOPSIS method for comprehensive evaluation.



The current mainstream methods for determining index weights are analytic hierarchy process (AHP) and entropy. However, AHP is greatly influenced by subjectivity; different experts have different opinions on the weights of the indicators, and different households have different characteristics of electricity consumption for household users. If AHP is adopted, its subjective nature will lead to large errors. The entropy method is more objective, depending on the data itself.



The evaluation system has an evaluation index system, adopts k-means to cluster users, classifies users into five different types according to family information A in Figure 4, and adopts the entropy value method to weight the indicators. Finally, TOPSIS is used to conduct a comprehensive evaluation of users so as to obtain corresponding evaluation scores. According to the result of clustering, different types of users or users of the same type are classified and calibrated. This approach is an effective way to obtain the weak links of energy use in households and give corresponding suggestions by comparing the differences in energy use among the different households.



In this paper, the data is preprocessed to delete abnormal and invalid data. Because the existing data in this paper is limited, Monte Carlo simulation is used to obtain more data. Monte Carlo is a calculation algorithm that relies on repeated random sampling [31]. It approximates the expected result of the total data by simulating a large new sample based on the real data.



Most homes have a certain number of electrical appliances, such as a refrigerator, washing machine, and air conditioner, which need to be uniformly processed and combined according to Equation (2) for assessment.


   P i  =   ∑  j = 1  n    p j    ,  



(2)




where    P i    is the power of the   i  -type appliance and    P i    is the power of the same type of appliance.



The use of new energy may not reduce energy consumption, but for household expenditure, environmental protection, and other aspects, new energy is the best power choice. This paper quantifies the new energy utilization efficiency to calculate the energy ratio of new energy, which is the ratio of energy consumption of new energy output to total energy consumption of the family, shown in Equation (3):


  η =     ∑  k = 0  m    P k       P Σ    ,  



(3)




where    P k    is the energy consumption of a new energy supply system (e.g., photovoltaic or wind power). When   k = 0  , it means that the family is without DGs, and    P Σ    is the total energy consumption of the household.



According to the power characteristics [32] above, the user is classified by K-Means [33], and similar users use the entropy weight method and TOPSIS [34,35,36,37] to evaluate the energy efficiency of the users.



3.2.1. Entropy Weight Method


The entropy weight method [38,39] is a method to determine the corresponding weight size of each index by comparing the amount of the information it can provided. The steps to determine the weight of an indicator using the entropy weight method are as follows:




	(1)

	
Calculate the entropy of the  j -th indicator


   e j  = − k   ∑  i = 1  n    p  i j   ln  p  i j     ,  



(4)




where    p  i j     is the characteristic weight of the  i -th evaluated object under the  j -th index and   k > 0 ,  e j  > 0   is equal to    p  i j   = 1 / n ,  e j  = k ln n   if    x  i j     is equal for a given  j .




	(2)

	
Calculate the difference coefficient ratio of the indicator


   g j  = 1 −  e j  .  



(5)







The larger    g j    is, the more important the indicator is.




	(3)

	
Determine the weight coefficient


   w j  =    g j   /    ∑  j = 1  m    g j      , j = 1 ,   2 ,   ⋯ ,   m .  



(6)














3.2.2. TOPSIS


TOPSIS is a multi-attribute decision analysis method that sorts a finite number of evaluation indexes by their proximity to the ideal target and evaluates the relative merits of the existing analysis objects. The main steps of the TOPSIS evaluation method are as follows:




	(1)

	
Let the decision matrix be   A =   (  a  i j   )   m × n    , normalize the attribute values, and set the normalized decision matrix   B =   (  b  i j   )   m × n    , where


   b  i j   =    a  i j         ∑  i = 1  m    a  i j  2        , i = 1 , 2 , … , m ; j = 1 , 2 , … , n .  



(7)








	(2)

	
Construct a weighted canonical matrix   C =   (  c  i j   )   m × n    . The weight vector is   w =   [  w 1  ,  w 2  , ⋯  w n  ]  T   , then


   c  i j   =  w j  ⋅  b  i j   , i = 1 , 2 , ⋯ , m ; j = 1 , 2 , ⋯ , n .  



(8)








	(3)

	
Determine the positive ideal solution    C +    and the negative ideal solution    C −   :


   c j +  =  {    max (  c  i j   ) , j   is    benefit   indicator      min (  c  i j   ) , j   is    cost   indicator       



(9)






   c j −  =  {    max (  c  i j   ) , j   is    cost   indicator      min (  c  i j   ) , j   is    benefit   indicator       



(10)







The larger the value of the evaluation index, the better the benefit indicator. The smaller the evaluation index, the better the cost indicator.




	(4)

	
Calculate the distance from each scheme to the positive (negative) ideal solution:


   s i +  =     ∑  j = 1  n     (  c  i j   −  c j +  )  2      , i = 1 , 2 , ⋯ , m ,  



(11)






   s i −  =     ∑  j = 1  n     (  c  i j   −  c j −  )  2      , i = 1 , 2 , ⋯ , m .  



(12)








	(5)

	
Calculate the comprehensive evaluation value:


   f i +  =    s i −     s i +  +  s i −    , i = 1 , 2 , ⋯ , m .  



(13)













Finally, the user’s ranking is obtained according to the order of    f i +   ‘s ranking scheme from large to small.





3.3. Application of Energy Efficiency Indicators for Households


3.3.1. Analysis of Measures Based on Energy Efficiency Indicators of Households


The integrated energy management of residential buildings aims to minimize the energy cost of households and improve the self-absorption of renewable electricity production through load transfer [40]. In this paper, the use of household appliances is analyzed to improve energy efficiency and reduce the cost of household energy. After the completion of the energy efficiency assessment, users will receive an assessment score. According to the assessment score, energy efficiency ranking can be conducted among the same type or different types of users. In addition, the ranking results can be used to conduct benchmarking of the users and to give personalized energy saving suggestions by analyzing the differences among users.



According to the assessment results, the indicators in the new energy information are analyzed to investigate whether the improvement of energy efficiency by the new energy equipment is significant, or suggestions are put forward for the households installing distributed generation systems from the perspective of household expenditure. The analysis of the charging of electric vehicles is mainly to investigate whether the charging period is reasonable or not, and recommendations should be given if it is unreasonable. In the case that the new energy equipment is not installed in the home, users can be recommended to install it according to the actual situation.




3.3.2. Energy Efficiency Assessment Process


Based on the above, a flowchart of the energy efficiency evaluation for residential users as shown in Figure 5 is obtained. Users are classified according to user features and non-invasive information, and comprehensively evaluated by the TOPSIS method. The weight of each index in the energy consumption information and the new energy information is determined by the entropy weight method. A specific analysis of the user should be given based on the assessment results. Through the horizontal and vertical standard, the potential energy-use problems of the household should be analyzed, and energy-use suggestions should be given.



Based on the family information index, the ability to analyze specific problems is improved, and the differences between different types of users are distinguished. Relevant energy recommendations can be given according to the specific conditions of the users. The accuracy and credibility of the evaluation are improved based on non-intrusive information. Furthermore, the possibility of adopting energy suggestions is further improved, which can greatly reduce unnecessary energy consumption to improve energy efficiency and provide effective help for demand-side management of power companies. The new energy information index is helpful to improve the utilization rate of clean energy. Therefore, users will consider using more clean energy by vertical and horizontal comparison, and energy efficiency will be greatly improved.






4. Case Study


The current experimental data is the daily electricity consumption data of 20 users within 30 days, including the electricity consumption information of about 51 different electrical appliances obtained by NILM. The family population, income, area, and other information are obtained randomly in the text by the simulation method. Among them, the population range is (1, 5), family income range is (10,000, 30,000) yuan, and house size range is (70, 120) square meters. Therefore, the relevant family information can be obtained through user surveys in practical applications. The example in this paper is completed on a personal computer with a CPU of i3-3.90GHz and a memory of 12GB. Meanwhile, this paper uses MATLAB for algorithm simulation, and all experimental data are processed by MATLAB (R2018a, MathWorks, Tianjin, China, 2018).



The energy efficiency evaluation model is an online operation mode, and the evaluation interval is usually 7 to 30 days. The sampling period of the experimental data in this article is 15 min, which corresponds to the 96-point load data in one day. At present, NILM equipment can detect the usage of 51 different electrical appliances, and the installation of the equipment is still in the pilot stage. Therefore, data on 20 users recorded for more than a year were selected, and 30 days’ worth of data were selected as the experimental data. An energy efficiency assessment can be regarded as a “value-added service” provided by the grid company. To ensure the integrity of the user survey data, pilot users need to fill out user survey reports under the guidance of the grid company.



Active power and reactive power are the most commonly used steady-state electrical characteristics in non-invasive load decomposition. To some extent, the usage of load can reflect the user’s electricity consumption behavior, while the probability distribution of the load’s state behavior can provide key characteristic information. In Figure 6, the active power scatter diagram is drawn according to the obtained data of six typical loads for two weeks, with a period of 24 h to show the electrical characteristics and behavior rules of each load. The darker the scatter color, the greater the number of superimposed data points.



As can be seen from Figure 6, there are certain differences in the power characteristics of household load, which can be used to realize non-invasive load decomposition. Different functions and usage habits of the load equipment reflect the unique state behavior rules in each time period throughout the day. For example, dishwashers are typically used before or after meals, and the TV is often turned on in the afternoon or evening.



Figure 7 shows a load decomposition diagram of different types of appliances. The sample period of the electrical data collected during the characteristic analysis of the electrical appliances in the NILM equipment is 1 s. In (a), six types of refrigerators have various load features, and (b) shows the power levels of different types of microwave ovens. Thus, in accordance with the characteristics of load power, it is essential to improve the accuracy of the energy efficiency assessment by fully applying the time characteristics of the equipment and user habits.



4.1. Data Preprocessing


All the electricity consumption data used in this paper were provided by NILM equipment, so the sampling period was 15 min. The user’s personal information was filled in and entered into the database by the user, which was mainly stored and analyzed in Excel. In the experiment data, 51 types of electrical household appliances commonly used in the home were included, such as air conditioners, refrigerators, televisions, water heaters, and washing machines. The names of the appliances are listed in Appendix A.



First of all, the original data were filtered, and all the zero data were deleted. After deletion, there were 20 available users. In addition, the Monte Carlo simulation method was used to simulate the electricity consumption data of ordinary users. Due to the limited data in this paper, the data of only 20 users could be obtained. If only these 20 users are analyzed, the number of samples will be small, the clustering error will be large, and the classification result may not be accurate. Thus, we considered extending the simulation to the data. However, insufficient data expansion is also likely to lead to inaccurate classification results. If the data expansion is large and the computer hardware is limited, the analysis will be slow and clustering results will not be obtained quickly. In summary, the data was expanded to 400 pieces by Monte Carlo simulation in this paper.



Normalize raw data by Equation (14):


  Z =   x − μ  σ  ,  



(14)




where x is the initial value of the data, μ is the population mean, and σ is the population standard deviation.



PCA and cluster analysis together form one of the most convenient and efficient methods for dealing with multivariate and high-dimensional systems in modern multivariate statistical analysis. In this paper, because there is too much electrical information in the evaluation index, it is necessary to reduce the dimension by PCA and then use cluster analysis to classify the user for further evaluation and analysis.




4.2. Cluster Analysis


After PCA processing and analysis of its cumulative variance contribution rate, the first three principal components contain most of the information of the original data set. Therefore, fewer principal components can be used to represent the original data set to achieve dimensionality reduction. After dimensionality reduction, k-means is used to cluster the principal components of the PCA to obtain the user clustering results as shown in Figure 8. After PCA dimensionality reduction, users are divided into five categories by k-means. Some users in the 5th category are similar to those in the 1st, 2nd, and 3rd categories, but others are quite different. The 4th category is different from the other groups and has the fewest users.



Figure 9 is the cluster center curve of the electricity data from each electrical appliance of five types of users. From the trend of the curve, it can be seen that the energy usage for all kinds of consumer electrical appliances is roughly the same. For example, there is an increasing trend for electrical appliances No. 3, No. 13, and No. 24, whereas there is low power consumption for electrical appliances No. 25 through to No. 36. It is worth noting that the power consumption by users in the 2nd category for electrical appliances No. 6 through to No. 8 is higher than that by users in the 3rd category or 5th category, which can be analyzed in the subsequent energy efficiency analysis, and corresponding power consumption suggestions can be given. The description of each appliance is presented in Appendix A. The power consumption of the users in the 1st category is mainly for electrical appliances No. 13, No. 24, and No. 49. Users in the 5th category use more electricity for conventional appliances than other types of users. Users in the 2nd category and 4th category have similar characteristics of electricity consumption for conventional electrical appliances, and the electricity consumption for electrical appliance No. 48 (air conditioner) is relatively prominent. In the subsequent energy efficiency analysis, the rationality of electricity consumption of these two types of users can be analyzed emphatically, and corresponding suggestions for electricity consumption can be given. Compared with other types of users, users in the 3rd category consume less power for electrical appliance No. 48 (air conditioner).



Table 2 shows the specific characteristics of various users, including power consumption, household population, and income. It can be seen that the average power consumption of the 3rd category is the lowest. The power consumption levels of the 2nd category and 5th category are both relatively high, so it is necessary to examine the energy consumption levels of these two types of users and to give corresponding energy recommendations. Since the average energy consumption of the 3rd category users is low, and the family population and house area in Table 2 are at the same level, such types of users can be defined as the “business trip group”. The cluster center of the five types of users has a small gap, and the main difference lies in the user’s energy consumption. The energy consumption levels of users in the 1st category and 4th category are similar. Users in the 4th category have a lower household income, while users in the 1st category have a lower household income and lower population income level.



There are five categories of users: 2nd category—high energy consumption; 1st category—medium and high energy consumption; 4th category—medium energy consumption; 5th category—medium and low energy consumption; and 3rd category—low energy consumption.



The energy consumption levels of five appliances—air conditioners, refrigerators, washing machines, microwave ovens, and dishwashers—were analyzed, and the load decomposition effects are shown in Figure 10. It can be seen that the load decomposition power of microwave ovens, washing machines, and other equipment is quite volatile, but that of air conditioners, refrigerators, and other types of equipment is less differentiated. For each kind of electrical appliance, the load decomposition effect is significant. For electrical appliances with a lower frequency of use, a more accurate load decomposition can be achieved.




4.3. Energy Efficiency Assessment


The weight coefficients are obtained according to Equations (3)–(5) to determine the weights of the indicators. The scores of the final TOPSIS evaluations are obtained from Equations (6)–(12), and the TOPSIS evaluation scores for each category are shown in Figure 11.



According to Figure 11, energy efficiency analysis is performed for various users. On the whole, the evaluation scores of each family are low, so areas of improvement can be easily identified to increase energy efficiency. It can be seen that the maximum number of users in the 3rd category is above 15 points.



The number of users in the 1st category and 2nd category is large, and the overall score is lower than that in the 3rd category. However, it can be seen from the characteristics of all kinds of users that the population of the 1st category is the lowest at about two people, and the income level of the 2nd category is the highest. The energy usage of the 1st category and 2nd category users should be analyzed emphatically, as there may be unreasonable energy usage, such as leaving lights on in unoccupied rooms. The users in the 4th category have the smallest family size and income but a high energy deficit, which results in this category having the lowest sample number.




4.4. Power Suggestion


Firstly, the energy difference between different types of users should be determined, and then the users whose scores ranked first in each category of users should be selected for comparison. The energy line diagrams of the five categories of users are shown in Figure 12.



On the whole, the distribution of energy used by various electrical appliances among different types of users is roughly the same. Among them, the energy used by user 119 is significantly lower than that of other users, and the energy consumption of the electrical appliances increases slightly. The energy usage of user 269 is similar to that of the other users, but the clustering results are different due to population, area, and income; so, user 269 has a high score among all the users. Compared with user 269 and user 119, users 24, 229, and 9 consume more energy for electric appliance No. 13 (refrigerator) and electric appliance No. 49 (air conditioner). Therefore, it should be further investigated whether the users’ appliances have a standby mode or if users are leaving lights on in unoccupied rooms. In addition, some households do not consume energy for electric appliance No. 24 (water heater); so, it can be inferred that these households likely use natural gas rather than electricity to generate hot water.



Next, the standard can be compared among users of the same type to analyze the difference in energy use. Figure 13 shows the line graph of energy use of users 269 and 27 in users of Category 5.



It can be seen from Figure 13 that among users of the same type, the energy consumption trend is similar, and the difference is the energy consumption status of some specific appliances. The low-cost users can use higher energy than high-score users, such as user 269 and user 27. User 27 generates a large amount of electricity during the process of using electrical appliances No. 49 (air conditioner), electrical appliance No. 13 (refrigerator), and electrical appliance No. 24 (water heater). The user may be advised to make power adjustments according to the user’s own situation, such as reducing unnecessary use of electrical appliances and replacing old electrical appliances with more efficient options.





5. Conclusions


Aiming at the development of an intelligent energy-using society, this paper proposes a method of energy efficiency index analysis for household users based on NILM data. Through theoretical research and case analysis, some conclusions are obtained as follows:



(1) A household energy efficiency evaluation index system was constructed, which combines data on family population, household income, housing area, and electrical energy consumption, and the use of NILM data improves the accuracy for delineating a user’s power behavior.



(2) The entropy weight method and TOPSIS method were combined to make a comprehensive and accurate analysis of the power consumption manner, which would help a power company to carry out targeted and efficient marketing for different users, and also increase the service level for power supply.



(3) Combining the analysis results of the energy efficiency indicators, household users could understand the weak points of their own energy efficiency and improve their household electricity efficiency by changing the energy-use mode.



Moreover, along with the development of the economy, users may have more and more demands on energy, and their using habits will differ. Under the new circumstances, the characteristics of energy consumption should be continuously combined with the current user demand, and the existing index system and algorithm should be constantly improved. Especially in the era of data explosion, the evaluation method should be appropriately adjusted considering the problems caused by data volume.







Author Contributions


Conceptualization, S.Z. (Shijian Zhu) and X.K.; methodology, S.Z. (Shijian Zhu) and X.K.; software, S.Z. (Shijian Zhu), X.K. and S.Z. (Siqiong Zhang); validation, S.Z. (Shijian Zhu), X.H. and S.Z. (Siqiong Zhang); formal analysis, S.Z. (Shijian Zhu), X.K. and S.L.; investigation, S.Z. (Shijian Zhu), X.H. and S.Z. (Siqiong Zhang); resources, X.H. and S.L.; data curation, Y.L. and X.H.; writing—original draft preparation, S.Z. (Shijian Zhu), X.K. and S.Z. (Siqiong Zhang); writing—review and editing, S.Z. (Shijian Zhu), X.K. and X.H.; visualization, S.Z. (Shijian Zhu) and S.Z. (Siqiong Zhang);supervision, X.K. and X.H.; project administration, Y.L.; funding acquisition, Y.L. All authors have read and agreed to the published version of the manuscript.




Funding


This research was funded by the National Key Research and Development Program of China (2016YFB0901104); and the National Natural Science Foundation of China under Grant (51877145).




Acknowledgments


The formulation of the experimental scheme and the measurement and recording of the experimental data in this paper were completed with the support of the staff of State Grid Tianjin Electric Power Company, and State Grid Jiangsu Electric Power Company.




Conflicts of Interest


The authors declare no conflict of interest.




Nomenclature










	NILM
	Non-intrusive load monitoring
	TOPSIS
	Technique for order preference by similarity to an ideal solution



	RES
	Renewable energy sources
	DSM
	Demand-side management



	DGs
	Distributed generations
	DERs
	Distributed energy resources



	DS
	Distributed storage
	DR
	Demand response



	EVs
	Electric vehicles
	MGs
	Microgrids



	PLC
	Power line communication
	AMI
	Advanced metering infrastructure



	HMM
	Hidden Markov model
	PCA
	Principal component analysis



	SD
	Standard deviation
	LS
	Load signature



	PEV
	Plug-in electric vehicle
	VIKOR
	Visekriterijumsko Kompromisno Rangiranje



	AHP
	Analytic hierarchy process
	RMS
	Root mean square



	FAC
	Feature-additive criterion
	
	








Appendix A




	ID
	Electricity appliances
	ID
	Electricity appliances
	ID
	Electricity appliances



	1
	Printer
	18
	Vacuum cleaner
	35
	Ironing machine



	2
	Soymilk machine
	19
	Rangehood
	36
	Heating small appliances



	3
	Washing machine
	20
	Humidifier
	37
	Kitchen treasure



	4
	Microwave oven
	21
	Air purifier
	38
	Electromagnetic equipment



	5
	Induction cooker
	22
	Juicer
	39
	Heating



	6
	High-Speed Blender
	23
	TV
	40
	Air heater



	7
	Lamp
	24
	Water heater
	41
	Oven



	8
	Computer
	25
	Projector
	42
	Rice cooker



	9
	Drinking fountain
	26
	Electric fan
	43
	Pressure cooker



	10
	Electric kettle
	27
	Exhaust fan
	44
	Stewpan



	11
	Electric heater
	28
	Disinfection cabinet
	45
	Health pot insulation



	12
	Hairdryer
	29
	Bathroom master
	46
	Electric heating equipment



	13
	Refrigerator
	30
	Electric iron
	47
	Electric furnace



	4
	Electric oven
	31
	Coffee machine
	48
	Home theater



	15
	Rice cooker
	32
	Electric health pot
	49
	Air conditioner



	16
	Electric pressure cooker
	33
	Cooking machine
	50
	Dishwasher



	17
	Electric cookers
	34
	Electric kitchenware
	51
	Dehumidifier
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Figure 1. Residential user energy efficiency assessment framework. 
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Figure 2. Energy efficiency assessment structure diagram based on NILM technology. 
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Figure 3. Waveform and characteristic values of the steady-state load current of some types of household appliances. 
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Figure 4. Resident user energy efficiency indicator system. 
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Figure 5. Resident user energy efficiency assessment process. 
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Figure 6. Time distribution of typical load power. 
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Figure 7. Power decomposition of different types of electrical appliances. (a) Refrigerator; (b) Microwave oven. 
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Figure 8. User clustering graph after PCA dimension reduction. 
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Figure 9. Five types of users’ electrical energy consumption clustering center curve. 
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Figure 10. Comparison of the load power of different types of equipment. 
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Figure 11. TOPSIS evaluation result trend. 
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Figure 12. User comparison between different categories. 






Figure 12. User comparison between different categories.



[image: Applsci 10 03820 g012]







[image: Applsci 10 03820 g013 550] 





Figure 13. Comparison between users of the same type. 
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Table 1. Characteristic values of the steady-state operation.
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	Parameter
	Fan
	Heater
	Microwave Oven
	Electric Kettle
	TV
	Number of Wave Peaks





	Max
	0.0178
	0.1999
	0.4049
	0.5450
	0.1209
	3



	Min
	−0.0115
	−0.1937
	−0.4484
	−0.5388
	−0.1096
	3



	RMS
	0.0076
	0.1377
	0.2542
	0.3845
	0.0594
	6



	SD
	0.0071
	0.1378
	0.2543
	0.3848
	0.0594
	3
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Table 2. User characteristics of each type in the clustering result.
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	I. Types
	Average Electrical Energy Consumption (kWh)
	Family Population
	House Area (m2)
	Household Monthly Income (RMB)





	1st category
	6.20
	2
	85
	19,000



	2nd category
	7.56
	3
	110
	26,000



	3rd category
	3.69
	1
	70
	18,000



	4th category
	6.81
	3
	90
	13,000



	5th category
	7.15
	4
	100
	23,000
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