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Abstract

:

A new generation of smart meters are called cognitive meters, which are essentially based on Artificial Intelligence (AI) and load disaggregation methods for Non-Intrusive Load Monitoring (NILM). Thus, modern NILM may recognize appliances connected to the grid during certain periods, while providing much more information than the traditional monthly consumption. Therefore, this article presents a new load disaggregation methodology with microscopic characteristics collected from current and voltage waveforms. Initially, the novel NILM algorithm—called the Power Signature Blob (PSB)—makes use of a state machine to detect when the appliance has been turned on or off. Then, machine learning is used to identify the appliance, for which attributes are extracted from the Conservative Power Theory (CPT), a contemporary power theory that enables comprehensive load modeling. Finally, considering simulation and experimental results, this paper shows that the new method is able to achieve 95% accuracy considering the applied data set.
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1. Introduction


Eectricity metering has undergone significant technological progress over the last 30 years, from electromechanical to electronic metering. An essential stage of this evolution arose with Automatic Meter Reading (AMR) [1], which includes the following main features [2,3]:




	
Improved accuracy in terms of energy readings when compared to the preceding electromechanical meters, in which the measuring errors were quite susceptive and dependent on human operators;



	
Automatic and frequent meter readings;



	
Customer support improvement;



	
More consumption information;



	
Support to hourly price charges.








Moreover, the AMR was the basis for the succeeding evolution called Advanced Metering Infrastructure (AMI), which includes the following characteristics [4,5,6]:




	
Bidirectional communication;



	
A power consumption monitoring system;



	
Advanced and accurate sensors;



	
The embedded system is responsible for data collection and manages the required information between meter and utility.








AMI is related to the entire metering infrastructure and ’smart meter’ is the popular name for the power metering device in this infrastructure. The term “smart” makes sense in the data processing approach, that is, the meter might process input data (voltage and current), transforming it into useful output information (e.g., energy consumption, power quality indicators, efficiency, and others). However, the concept of “smart” is not usually well defined, since most of the smart meters on the market do not have any smart functionality. Thus, there is a current demand for innovative and intelligent techniques to provide different sorts of information to utilities and consumers, improving their knowledge about energy use, efficiency, costs, consequently improving energy management. Therefore, researchers all over the world are proposing new tools and methods to provide further information about energy consumption [7,8], as well as proposing innovative ways to save energy [9,10,11,12].



In this context, a new generation of smart meters are called cognitive meters, which propose to use artificial intelligence and load disaggregation methods, also known as Non-Intrusive Load Monitoring (NILM). They recognize appliances connected to the grid during certain periods, while providing much more information to consumers than the traditional monthly consumption. Consequently, consumers’ operations can be inspected to provide them with detailed information about their electrical consumption [13] so they can make better decisions concerning saving electricity, as well as implementing energy management systems for automatic generation/consumption regulation. This is certainly a meaningful advance concerning the relationship between utilities and consumers [11,12,13]. Moreover, “c-meters” can provide advanced functionalities, such as detailed recommendation of when to use some particular appliances (according to statistical behavior, real-time consumption or hourly-energy price) and they can also suggest some tip to save electricity over weeks, months and years.



Hart [14] initially introduced the NILM method, considering active power levels and distributing them into individual appliance data. With such a type of cognition, the consumer profile can be mapped and by using artificial intelligence techniques, new methodologies can be proposed for modern smart meters [7,8,10,14,15,16,17,18,19,20,21,22]. However, although NILM is quite a good approach to detect home appliances, it does not always present a reasonable accuracy, demanding other signal analysis or AI to improve detection accuracy.



Therefore, this paper introduces the Power Signature Blob (PSB)—a novel methodology that correlates a hybrid load disaggregation technique, which is based on feature extraction from current and voltage waveforms with power signatures. In this context, a predefined threshold level is compared to the active power variation, in addition to the power signatures. The procedure uses the difference between the actual active power and the last active power value used to define the step level direction—when the appliance is turned on or turned off. Considering that every step level detection is a new event, the novel NILM method calculates the proper features to classify the load and then, applies machine learning for appliance recognition. For classification, the NILM dataset from [15] was used, including instances of 35 appliances (In this paper, the term sample is defined as a signal acquisition from the voltage and current waveforms, and the term instance represents a dataset sample with the respective features.). Each appliance instance comprises active power and other power components (power factor, reactivity factor, and distortion factor). The features to classify and from the dataset are calculated using a contemporary power theory called Conservative Power Theory (CPT) [23,24]. Hence, the novelty of this paper is a new state-machine NILM that uses and acknowledges a dataset of 35 appliances with features based on power components by the CPT.



The next section discusses the main concept of load disaggregation and different techniques from the literature. Afterwards, the PSB method, using the power decompositions from CPT [23,24,25], is presented. Finally, simulations and experimental results depict the performance of the proposed approach.




2. NILM State-of-the-Art Review


Considering current and voltage acquisition and processing, the literature on NILM can be divided into two main categories—“high-frequency” and “low-frequency”. The low-frequency is the category in which the features are extracted at 1 kHz or less. The high-frequency is the category in which features are extracted at kHz or MHz [15,19]. Table 1 presents a list of NILM studies and the features extracted from the point of view of the attributes.



In 1992, Hart [14] did some pioneering work on load disaggregation, in which he defined Nonintrusive Appliance Load Monitoring (NALM)—NILM is a derivative term from NALM. Such work showed that it is possible to separate power consumption by appliances observing the collective power consumption. To do this, it is necessary to discover the power behavior of each load or appliance. For a long time, this research did not draw attention due to digital device limitations for embedded algorithms. At the same time, Sultanem [40] proposed a different algorithm to Hart’s work and used the PQ trajectory with harmonic decomposition.



Considering the P-Q (active and reactive power) analysis, Drenker and Kader [26] validated their NILM method with six loads that operate in steady mode, obtaining an accuracy of around 95%. Cole and Albicki [27] studied the steady-state loads and some loads with slow power changing (such as heat pump compressors) and they considered the total consumption of each load as geometrical shape forms. Norford and Leeb [28] also detected transient status of some loads and created an approximation for these transient statuses. Biansoongnem and Plungklang [29] created a NILM method with 90% of accuracy when testing air conditioning and refrigerators. Using deep learning to detect operational load changes, Xiao and Cheng proposed a method and validated it using the Reference Energy Disaggregation Dataset (REDD) [59].



Powers et al. [31] applied a rule-based algorithm to detect loads with high consumption, such as air conditioning, water heaters and electric space heaters. Likewise, rule-based algorithms were proposed by Farinaccio and Zmeureanu [32] to detect power load behavior, as well as by Marceau and Zmeureanu [33] with the indication of 90% accuracy. With regards to genetic algorithms, Baranski and Voss [34] proposed their employment to detect patterns based on the use of loads frequency.



Ruzzelli et al. [35] created a dataset with low-frequency features of voltages and currents (IRMS, VRMS, IMAX, VMAX) and the power factor (PF) to describe load behavior, and with the P-Q analysis they carried out load disaggregation. Kelly and Knottenbelt [36] used a deep neural network for load disaggregation, as well as the UK Domestic Appliance-Level Electricity (UK-DALE) dataset [60], achieving an excellent performance for that dataset. Figueiredo et al. [37] used the load step changes in active power and the PF to create a dataset and concluded that there is a need to extract other attributes that can better detail the loads, especially those that have the same power and the same behavior as the equivalent circuit.



Kim et al. [38] combined frequency independent features, such as the distribution probability of ON/OFF duration, frequency of appliance usage and the correlation between the usage of various appliances with the active power feature, achieving between 64% to 99.8% accuracy in terms of load disaggregation. Koutitas and Tassiulas [39] replaced time-series power analysis for a set of discrete pulses. They created features based on pulses, such as variance, spike, slope, periodicity, multi-state, and sequence of operation. They reached an accuracy of 85%.



Sultanem [40] is the pioneer of the high-frequency use on NILM applications. Srinivasan et al. [41] used machine learning to recognize the harmonic signatures of 8 loads, and they obtained an accuracy of 99% or more for the load disaggregation. Laughman et al. [42] used the P-Q analysis for similar loads and increased the 3rd harmonic to distinguish them. Bouhouras et al. [43] used harmonic components to create a dataset for load disaggregation with stand-alone loads or combined loads, and the accuracy was between 85% and 95%.



Dong et al. [7] adopted Total Harmonic Distortion (THD) of current waveforms and P-Q analysis for load discrimination, and they used some pulse-based features. Lin et al. [17] created a NILM using features including the THD, P-Q analysis, voltage-current trajectory, current indicators and quadratic programming. The accuracy of this work is generally more than 90%.



Using power theory concepts, Teshome et al. [44] proposed a NILM with components of active, reactive, apparent power, and nonactive currents. Nguyen et al. [45] created a NILM method based on active, reactive and apparent power and used a decision tree (DT) to disaggregate five loads, achieving more than 98.8% accuracy. Huang et al. [46] pointed out that the application of power theories can be a useful tool for load disaggregation, especially for loads that have the same value of active power. In 2003, Tenti and Mattavelli [23,24] proposed the Conservative Power Theory, which allows load modelling in terms of power components. This work was the basis for the load characterization in the NILM dataset proposed by Souza et al. [15,25].



Considering the Continuous Wavelet Transform (CWT), Chan et al. [47] applied it up to the 4th level for the loads, and used Daubechies as mother wavelets, achieving an accuracy of 70%. Su et al. [48], and Duarte et al. [49] compared the Fast Fourier Transform (FFT) with CWT, pointing out the advantages of the CWT during load transients and recommended using CWT for feature extraction for load disaggregation. Chang et al. [52,53] implemented a NILM using active and reactive power with CWT. The authors extracted load features from five filters and applied a genetic algorithm for load identification. They reached almost 100% accuracy but the studies were carried out considering situations of significant discrepancy in power levels.



Gray and Morsi [50] used time-consuming energy to obtain CWT decomposition with Daubechies mother wavelets. The authors presented results comparing the accuracy of applying each order of the Daubechies order and concluded that the higher the Daubechie, the greater the accuracy. Tabatabaei [51] did a similar study, but used power characteristics to create classificatory features and obtained accuracy at around 85%. Gillis et al. [19] proposed a new CWT for NILM applications, obtaining around 94% accuracy for four connected loads at the same time.



Hassan et al. [54] created a NILM method based on V-I trajectory, which used wave-shape features along with the REDD dataset. Similarly, V-I trajectories were mapped to a grid of cells (as a matrix) by Du et al. [18], having a binary value assigned to each of them. On the other hand, 83% of accuracy was achieved by Gao et al. [55] by converting V-I trajectory into a binary image, while using combined features, and considering 11 appliances. Finally, convolutional neural networks were proposed to be used with V-I trajectory by Baets et al. [56], reaching 77.6% of accuracy for the PLAID dataset [61], and 75.46% for the WHITED dataset [62]. Voltage harmonic (FFT) noise has also been used by Patel et al. [57,58], taking into account noise and electromagnetic interference in the range of 36 to 500 kHz. Nonetheless, such a study only highlighted the types of equipment that present multiple operational stages.



To summarize, there are many other studies regarding NILM with different methodologies, feature extraction, different appliances in the validation and different load disaggregation algorithms. Nevertheless, in Teshome et al. [44], the authors indicate the importance of modern power theories and the lack of these elegant circuit analyses to improve the NILM systems. One of these elegant power theories pointed out in Teshome et al. [44] was the CPT. Thus, such a modern power theory is applied in this work to improve the load disaggregation and present a novel NILM technique.



Accordingly, the next section presents the PSB, a new NILM methodology based on a state machine, which analyzes the active power signature (a low-frequency feature), and on the event detection, which finds features from the CPT and triggers the machine learning algorithm that uses the high-frequency attribute dataset proposed by Souza et al. [15].




3. The Power Signature Blob Method


3.1. Dataset with the Microscopic Features Extraction


In Souza et al. [15] some techniques for appliance disaggregation were evaluated, and the feasibility of identifying home appliances using pattern recognition algorithms was shown. Two pattern recognition algorithms achieved significant results: Optimum-Path Forest (OPF) [63] and K-Nearest Neighbor (KNN) [64] and the KNN (with K=1) was chosen because of its lower computational time. The voltage and current waveforms from several appliances were measured and decomposed in power components using CPT [23,24]. The CPT allows splitting the power into active, reactive, unbalance and residual parts. These power components help to interpret an appliance as an equivalent circuit, as shown in Figure 1, where vm is the phase voltage, the current iGm coincides with the active current, iLm coincides with the reactive current, and the current source jm coincides with the void current. Gm is the equivalent phase conductance and could be represented as a resistance, Lm is the equivalent phase inductance and could be represented as an inductor. All the mathematical background of the equivalent circuit can be found in Reference [65].



Using the CPT power decomposition, Souza et al. [15] created a dataset of 35 home appliances such as irons, microwaves, refrigerators, washing machines, lamps and others. Each appliance features (CPT active power, power factor, reactivity factor, and nonlinearity factor [25]) refer to a set dimension and each collected instance as a point in the multidimensional space. The pattern recognition algorithm uses this dataset for the classification purpose of the appliance.



Figure 2 shows the Voronoi diagram concerning the 1NN results for the appliance dataset of [15], where each class number represents an appliance. It shows three Voronoi diagrams for the four attributes (P—Active power, PF—power factor, QF—reactivity factor, and VF—nonlinearity factor) from the dataset, presented in two dimensions to help visualize the decision boundaries.



The supervised classification algorithm identifies which appliances consume electricity, according to CPT power terms calculation. However, it is likely that some false positives could be detected (when the appliance is identified mistakenly due to the similarity with others, for example, a 100 W bulb lamp and a 100 W LCD TV with high power factor). Another potential issue concerns some appliances with multiple power stages during the power operation, such as washing machines (with washing, spinning and rinsing). This occurs because the classifier needs to observe various levels of “ON” and “OFF” and could not perform the correct classification. Some methodologies [7,8,10,16,22,37,42,66] were created to solve the multiple power steps problem, and both observe the appliance behavior during time operation. The load power signature is relevant because some appliances do not operate in steady-state, and the method needs to disaggregate with high accuracy. Thus, in Reference [15] there was a microscopic feature dataset for the load classification, but it is required to create a method to observe the appliance power behavior before using the appliance classification.




3.2. Load Power Signatures


As initially pointed out in Reference [14], each appliance has a power signature that is not necessarily a steady-state power, thus Figure 3 presents different appliances’ power behaviors, and the appliances can be classified using power signatures [7,10,14,16,22], as shown in Figure 4.



From Figure 4, an appliance can have a power signature with:




	(a)

	
Constant behavior: In this case, the appliance has steady power behavior over time. It has a high probability of being an appliance with the resistive equivalent circuit, or the appliance is in steady state;




	(b)

	
Multiple power states: The appliance has a high-power peak when starting the operation. This characteristic could be linked to a starting engine, and after such a power step, it presents some power variations without turning off. This case can be related to a motorized appliance such as a washing machine;




	(c)

	
All-time constant: in this case, the appliance is always connected as a standby mode device;




	(d)

	
Approximately linear variation: in this case, there is a linear power variation over time. This variation corresponds to a transitional period until stabilization, such as by temperature (such as an iron) or gas (such as mercury lamp);




	(e)

	
Various operational stages: Some appliances have several power characteristics over time, which can be inductive, resistive or non-linear, etc. Besides, the power could also be switched on and off during the operation. For example, a clothes dryer has a motor that can rotate at different speeds and can also have a heating system to facilitate the drying process;




	(f)

	
Power behaviors with hard sequence detection: This type of appliance is usually electronic, and there are several fast operation stages, making it difficult to recognize the power signature over time. The noises from current and voltage sensors are also aggregated into this power signature category. The printer is an example of this type of load, which has some power steps that vary and switch very quickly.









Hence, considering the possibility of such different appliances’ signatures, it would be important to have a preliminary filter before using any appliance recognition technique, so as to increase the disaggregation accuracy. Thus, the next section presents the proposed approach, which uses CPT power terms and NILM techniques to detect the power signatures, before using the appliance classification method by means of the KNN algorithm.



The power signature behavior was aggregated into the 35 appliances dataset, as can be seen in Table 2. This characteristic is not used as features into the pattern recognition algorithm [15], but it is used to filter and increase accuracy in load detection.




3.3. The PSB Technique


The appliance dataset helps to detect one appliance by execution but might result in a problem, since more than one appliance may be ON during a certain period of time. In such a case, the active power would contain the aggregated value. Therefore, in order to decompose the consumption of each individual load, it is necessary to know how many loads are operating at that time.



Thus, considering the existence of an algorithm to classify the appliances that generate a power event, the set of instances and the appliance class create a new key-pair value. Therefore, a set of instances may contain several classes associated, and the aggregated set of instances can be decomposed considering the type of appliances.



To obtain a more accurate value of load energy consumption, the PSB takes the mean value of each block associated with each class to evaluate the mean active power during that period. Blocks that contain more than one active appliance should use the historical average value from each of them. This procedure is called disaggregation by blocks.



The load identification algorithm uses classification attributes extracted from the difference between two scenarios: before and after an appliance is turned ON. Hence, the step is just a divider between stable states. This guarantees that classifiers represent the appliances altogether, mitigating the noise generated in the transition state.



Subtracting the waveforms of these steps creates an approximation of the load waveform. Then, the CPT algorithm generates the attributes by processing the waveform. Adopting this approach, four features represent the appliances: active power, power factor, reactive factor, and non-linearity factor. Using these elements as attributes in a four-dimensional space, each load will result in a cluster. Therefore, the classification algorithms, such as KNN, can be used to set the frontiers of each load in the space.



The diagram from Figure 5 shows the state-machine algorithm with the appliance disaggregation dataset from [15]. The existence of appliance power signatures can be observed, which filter and can make the appliance disaggregation more accurate. Moreover, the methodology has algorithms for handling the ON and OFF events, presented in the diagrams from Figure 6 and Figure 7. The methodology stores the fifteen previous cycles (0.25 s of total samples) of voltage and current waveforms to detect the appliance events if there are two or more appliances turned ON.





4. Validation Results


In this paper, the PSB evaluation was based on simulations and experimental results, as depicted in the next subsections.



4.1. Simulation Results


Table 3 presents the daily appliance schedule for the simulation according to user behavior in the residence.



Therefore, an electrical circuit model was created in PSIM software in order to simulate the power behavior of a residence during an entire day, turning on each appliance according to the scheduled runtime of Table 3.



The simulation collects 256 samples per cycle from current and voltage waveforms and sends them to a Dynamic Link Library (DLL) block. The general DLL block in PSIM allows users to write codes in C or C++, compile them as a Windows DLL, and link them to PSIM using the features of input (from PSIM) and outputs (returning to PSIM). Unlike the simple DLL blocks with a fixed number of inputs and outputs, the general DLL block provides more flexibility and capability in interfacing PSIM with custom DLL files. In this paper, the DLL codes were used to implement the CPT, the KNN and state-machine NILM, according to the algorithms from Figure 5, Figure 6 and Figure 7. The state machine from Figure 5 is a loop responsible for the event decision when there is power consumption changing. If there is power changing, the state machine flows in steps until it detects the power event and triggers the “ON event” (Figure 6) or the “OFF event” (Figure 7). If an “ON event” is detected, the system runs algorithm Figure 6 responsible for classifying the appliance. After that, the algorithm adds the appliance to the turned-on appliance list and saves the waveform status for future comparisons when a new event is triggered. If an “OFF event” is detected, the system runs algorithm Figure 7 that is responsible for classifying the appliance and removing the appliance from the turned on appliance list and saves the waveform status for comparison when a new event is triggered.



Simultaneously, the PSB takes care of four other characteristics:




	
A database receives the current power consumption in kWh every minute;



	
At every turn ON appliance event, the system makes the pattern recognition and sends all the appliance power information to the database, and then, it starts the detected appliance time operation;



	
At every turn OFF event, the system recognizes the appliance that was turned off and updates the database, storing the information from the time the load was switched OFF;



	
If there are power changes, the system verifies the power signature of each appliance that is turned ON and recognizes it as appliance power level changes.








Figure 8 presents the simulation results. The state machine with the classifier algorithm accepted all the loads according to Table 3. Figure 8 shows the CPT power decomposition and, consequently, the moments in which the algorithm performed the appliance identification (turn on and turn off triggers).



Figure 9 shows an example of the operation of the PSB between 09:27 and 10:03 from Figure 8. In this interval, there is the operation of a refrigerator, according to the schedule of Table 3. Following the algorithms of Figure 5, Figure 6 and Figure 7, the state machine has the following behavior:




	
09:27 to 09:30: Active power is stable, and there is nothing to be done at this time;



	
09:30: (ΔP>Error); TON=TN, goto 1;



	
09:30: (ΔP>Error); // waiting for power stabilization;



	
09:31: (ΔP>Error); // waiting for power stabilization;



	
09:31: (ΔP>Error); // waiting for power stabilization;



	
09:32: (ΔP<-Error); goto 5;



	
09:32: (ΔP<Error) and (ΔP>-Error); ON** Event;



	-

	
CPT Features extraction;




	-

	
KNN classifier;




	-

	
Appliance recognition;




	-

	
Recognized appliance added to the appliance list;




	-

	
goto 0;







	
09:32 to 10:00: Active power is stable, and there is nothing to be done at this time;



	
10:00: (ΔP<-Error); TOFF=TN; goto 3;



	
10:01: (ΔP<Error) and (ΔP>-Error); goto 4;



	
10:02: (ΔP<Error) and (ΔP>-Error); OFF event;



	-

	
Waveform difference;




	-

	
CPT feature extraction;




	-

	
KNN classifier;




	-

	
Appliance recognition;




	-

	
Recognized appliance removed from the appliance list;




	-

	
goto 0;







	
10:02 to 10:03: Active power is stable, and there is nothing to be done at this time;








Therefore, the PSB worked as expected, and there was no error in the disaggregation process in the simulations. In this study, there was no error because it is used an appliance dataset with high accuracy and the simulated loads operate in a steady state. However, Section 4.2 will present real appliance cases, including power variations.




4.2. Experimental Results with Household Appliances


The PSB operates with a main loop of 15,360 collected samples. Hence, with a fixed fundamental frequency, this loop takes a second to perform. Then, a four-step procedure tracks rapid power variations. Each step updates the average of the active power evaluated with the last block of samples: 0.25 s of total samples.



Therefore, a predefined threshold level compares the active power variation during the time. Then, the procedure uses the difference between the current average active power and the last one used to define the step level direction: when there is the “power on” or “power off” state of the appliance. Figure 10 shows the behavior of the algorithms from Figure 5, Figure 6 and Figure 7 in this experiment.



In the trigger events—from Figure 6 and Figure 7—the algorithm stores current and voltage waveforms of the last 0.25 s, extracts the current to be considered in the event and calculates the four elements that represent the appliance: active power, power factor, reactive factor, and non-linearity factor. With these elements (attributes), the algorithm uses the classifier algorithm (the KNN) by means of the knowledge dataset from [15]. The classifier returns the label of the appliance, i.e., the algorithm predicts which appliance is turned on (algorithm from Figure 6) or turned off (algorithm from Figure 7). If it is an “ON event” the recognized appliance is added to the appliance list. If it is an “OFF event”, the recognized appliance is removed from the appliance list. After this, the system stores the fifteen waveform cycles of the state to use in a new event trigger. Over time, appliances can be identified, as shown in Figure 11.



Considering such experiments, the PSB reached 95% of accuracy. The main problem encountered in the method corresponds to the loads with several power changes without the existence of a zero-power instant (i.e., a real turn OFF event). Figure 12 shows an example of an air conditioner with an adjustable speed driver (ASD). In this case, the method of load disaggregation carries out the load identification in the ON event trigger and, in the course of the operation, the power changes without the activation of a new trigger. When the device is turned off, the power level is different from the start of the operation, and the classifier may incorrectly identify the turned off appliance. If there is more than one appliance that is turned on, the algorithm may remove the wrong equipment from the list. If there is only one appliance, the algorithm empties the list.



To solve this problem, the appliance dataset must have a wide range of appliance measuring times and waveforms should consider the last state (in the OFF event trigger). The algorithm from Figure 5 could also be adapted to improve the accuracy in such situations.





5. Conclusions


This work presented a novel load disaggregation method to be used in cognitive meters, making the “smart” concept from smart meters more reasonable.



The novel methodology called PSB uses the power signature technique with a load recognition from an appliance dataset. The method detects the appliance ON and OFF events during the power signature observation, and the method uses classification algorithms to detect the appliance. The association of the classification algorithm and the power signature recognizes appliances that present power variation during their regular operation. The method also recognizes several loads simultaneously.



When evaluating the proposed method through computational simulations, all the loads were classified correctly. The PSB obtained an accuracy of 95% for real data from a typical residence.



In the future, the authors intend to work on energy efficiency evaluation, associated to identifying appliances. Moreover, the authors would like to apply the PSB to other smart grid applications, such as energy management using the concept of Virtual Power Plants and NILM applied to a group of residential installations. Future papers will deal with such ideas and prominent results.







Author Contributions


Conceptualization, W.A.d.S., F.D.G., F.P.M., L.C.P.d.S. and M.G.S.; Formal analysis, F.P.M.; Funding acquisition, F.P.M. and L.C.P.d.S.; Investigation, W.A.d.S.; Methodology, W.A.d.S., F.D.G. and F.P.M.; Project administration, W.A.d.S. and L.C.P.d.S.; Resources, F.P.M.; Software, W.A.d.S. and F.D.G.; Supervision, F.P.M.; Validation, W.A.d.S., F.D.G. and M.G.S.; Writing—original draft, W.A.d.S.; Writing—review & editing, W.A.d.S., F.D.G., F.P.M., L.C.P.d.S. and M.G.S.




Funding


This research was supported by FAPESP (Sao Paulo Research Foundation) grants number 2012/19375-1 and 2016/08645-9, as well as by the Coordenação de Aperfeiçoamento de Pessoal de Nível Superior—Brasil (CAPES)—Finance Code 001.




Conflicts of Interest


The authors declare no conflict of interest. The funders had no role in the design of the study; in the collection, analyses, or interpretation of data; in the writing of the manuscript, or in the decision to publish the results.




References


	



Tamarkin, T.D. Automatic meter reading. Public Power 1992, 50, 934–937. [Google Scholar]

	



Mahmood, A.; Aamir, M.; Anis, M.I. Design and implementation of AMR Smart Grid System. In Proceedings of the IEEE Canada Electric Power Conference, Vancouver, BC, Canada, 6–7 October 2008; pp. 1–6. [Google Scholar] [CrossRef]

	



Ali, A.; Saad, N.H.; Razali, N.A.; Vitee, N. Implementation of Automatic Meter Reading (AMR) using radio frequency (RF) module. In Proceedings of the IEEE International Conference on Power and Energy, Kota Kinabalu, Malaysia, 2–5 December 2012; pp. 876–879. [Google Scholar] [CrossRef]

	



Gungor, V.C.; Sahin, D.; Kocak, T.; Ergut, S.; Buccella, C.; Cecati, C.; Hancke, G.P. Smart Grid Technologies: Communication Technologies and Standards. IEEE Trans. Ind. Inform. 2011, 7, 529–539. [Google Scholar] [CrossRef]

	



Mohassel, R.R.; Fung, A.; Mohammadi, F.; Raahemifar, K. A survey on Advanced Metering Infrastructure. Int. J. Electr. Power Energy Syst. 2014, 63, 473–484. [Google Scholar] [CrossRef]

	



Chien, Y.R.; Yu, H.C. Mitigating Impulsive Noise for Wavelet-OFDM Powerline Communication. Energies 2019, 12, 1567. [Google Scholar] [CrossRef]

	



Dong, M.; Meira, P.C.M.; Xu, W.; Chung, C.Y. Non-Intrusive Signature Extraction for Major Residential Loads. IEEE Trans. Smart Grid 2013, 4, 1421–1430. [Google Scholar] [CrossRef]

	



Fagiani, M.; Bonfigli, R.; Principi, E.; Squartini, S.; Mandolini, L. A Non-Intrusive Load Monitoring Algorithm Based on Non-Uniform Sampling of Power Data and Deep Neural Networks. Energies 2019, 12, 1371. [Google Scholar] [CrossRef]

	



Carroll, J.; Lyons, S.; Denny, E. Reducing household electricity demand through smart metering: The role of improved information about energy saving. Energy Econ. 2014, 45, 234–243. [Google Scholar] [CrossRef]

	



Bouhouras, A.S.; Gkaidatzis, P.A.; Chatzisavvas, K.C.; Panagiotou, E.; Poulakis, N.; Christoforidis, G.C. Load Signature Formulation for Non-Intrusive Load Monitoring Based on Current Measurements. Energies 2017, 10, 538. [Google Scholar] [CrossRef]

	



Geelen, D.; Mugge, R.; Silvester, S.; Bulters, A. The use of apps to promote energy saving: A study of smart meter–related feedback in the Netherlands. Energy Effic. 2019. [Google Scholar] [CrossRef]

	



Chui, K.T.; Lytras, M.D.; Visvizi, A. Energy Sustainability in Smart Cities: Artificial Intelligence, Smart Monitoring, and Optimization of Energy Consumption. Energies 2018, 11, 2869. [Google Scholar] [CrossRef]

	



Raj, K.B. Smart Grid Technology for Smart Homes—Risks and Benefits. In Proceedings of the International Conference on Recent Trends in Engineering, Materials, Management and Sciences, Khammam, India, 25–27 October 2018; Swarna Bharathi lnstitute of Science and Technology: Khammam, India, 2018; Volume 634, pp. 634–640. [Google Scholar]

	



Hart, G.W. Nonintrusive appliance load monitoring. Proc. IEEE 1992, 80, 1870–1891. [Google Scholar] [CrossRef]

	



Souza, W.A.; Marafão, F.P.; Liberado, E.V.; Simões, M.G.; Da Silva, L.C.P. A NILM Dataset for Cognitive Meters Based on Conservative Power Theory and Pattern Recognition Techniques. J. Control Autom. Electr. Syst. 2018, 29, 742–755. [Google Scholar] [CrossRef]

	



Zeifman, M. Disaggregation of home energy display data using probabilistic approach. IEEE Trans. Consum. Electron. 2012, 58, 23–31. [Google Scholar] [CrossRef]

	



Lin, S.; Zhao, L.; Li, F.; Liu, Q.; Li, D.; Fu, Y. A nonintrusive load identification method for residential applications based on quadratic programming. Electr. Power Syst. Res. 2016, 133, 241–248. [Google Scholar] [CrossRef]

	



Du, L.; He, D.; Harley, R.G.; Habetler, T.G. Electric Load Classification by Binary Voltage–Current Trajectory Mapping. IEEE Trans. Smart Grid 2016, 7, 358–365. [Google Scholar] [CrossRef]

	



Gillis, J.M.; Alshareef, S.M.; Morsi, W.G. Nonintrusive Load Monitoring Using Wavelet Design and Machine Learning. IEEE Trans. Smart Grid 2016, 7, 320–328. [Google Scholar] [CrossRef]

	



Le, T.T.H.; Kim, H. Non-Intrusive Load Monitoring Based on Novel Transient Signal in Household Appliances with Low Sampling Rate. Energies 2018, 11, 3409. [Google Scholar] [CrossRef]

	



He, H.; Liu, Z.; Jiao, R.; Yan, G. A Novel Nonintrusive Load Monitoring Approach based on Linear-Chain Conditional Random Fields. Energies 2019, 12, 1797. [Google Scholar] [CrossRef]

	



Kwak, Y.; Hwang, J.; Lee, T. Load Disaggregation via Pattern Recognition: A Feasibility Study of a Novel Method in Residential Building. Energies 2018, 11, 1008. [Google Scholar] [CrossRef]

	



Tenti, P.; Mattavelli, P.; Morales Paredes, H.K. Conservative Power Theory, sequence components and accountability in smart grids. In Proceedings of the International School on Nonsinusoidal Currents and Compensation, Lagow, Poland, 15–18 June 2010; pp. 37–45. [Google Scholar] [CrossRef]

	



Tenti, P.; Paredes, H.K.M.; Mattavelli, P. Conservative Power Theory, a Framework to Approach Control and Accountability Issues in Smart Microgrids. IEEE Trans. Power Electron. 2011, 26, 664–673. [Google Scholar] [CrossRef]

	



Souza, W.A.; Liberado, E.V.; da Silva, L.C.P.; Paredes, H.K.M.; Marafão, F.P. Load analyser using conservative power theory. In Proceedings of the International School on Nonsinusoidal Currents and Compensation, Zielona Gora, Poland, 20–21 June 2013; pp. 1–6. [Google Scholar] [CrossRef]

	



Drenker, S.; Kader, A. Nonintrusive monitoring of electric loads. IEEE Comput. Appl. Power 1999, 12, 47–51. [Google Scholar] [CrossRef]

	



Cole, A.I.; Albicki, A. Data extraction for effective non-intrusive identification of residential power loads. In Proceedings of the IEEE Instrumentation and Measurement Technology Conference, St. Paul, MN, USA, 18–21 May 1998; Volume 2, pp. 812–815. [Google Scholar]

	



Leeb, L.K.N.S.B. Non-intrusive electrical load monitoring in commercial buildings based on steady-state and transient load-detection algorithms. Energy Build. 1996, 24, 51–64. [Google Scholar] [CrossRef]

	



Plungklang, S.B.B. Non-Intrusive Appliances Load Monitoring (NILM) for Energy Conservation in Household with Low Sampling Rate. Procedia Comput. Sci. 2016, 86, 172–175. [Google Scholar] [CrossRef]

	



Xiao, P.; Cheng, S. Neural Network for NILM Based on Operational State Change Classification. arXiv 2019, arXiv:1902.02675. [Google Scholar]

	



Powers, J.T.; Margossian, B.; Smith, B.A. Using a rule-based algorithm to disaggregate end-use load profiles from premise-level data. IEEE Comput. Appl. Power 1991, 4, 42–47. [Google Scholar] [CrossRef]

	



Zmeureanu, L.F.R. Using a pattern recognition approach to disaggregate the total electricity consumption in a house into the major end-uses. Energy Build. 1999, 30, 245–259. [Google Scholar] [CrossRef]

	



Zmeureanu, M.M.R. Nonintrusive load disaggregation computer program to estimate the energy consumption of major end uses in residential buildings. Energy Convers. Manag. 2000, 41, 1389–1403. [Google Scholar] [CrossRef]

	



Baranski, M.; Voss, J. Genetic algorithm for pattern detection in NIALM systems. In Proceedings of the IEEE International Conference on Systems, Man and Cybernetics, The Hague, The Netherlands, 10–13 October 2004; Volume 4, pp. 3462–3468. [Google Scholar] [CrossRef]

	



Ruzzelli, A.G.; Nicolas, C.; Schoofs, A.; O’Hare, G.M.P. Real-Time Recognition and Profiling of Appliances through a Single Electricity Sensor. In Proceedings of the IEEE Communications Society Conference on Sensor, Mesh and Ad Hoc Communications and Networks, Boston, MA, USA, 21–25 June 2010; pp. 1–9. [Google Scholar] [CrossRef]

	



Kelly, J.; Knottenbelt, W. Neural NILM: Deep Neural Networks Applied to Energy Disaggregation. In Proceedings of the ACM International Conference on Embedded Systems for Energy-Efficient Built Environments, Seoul, Korea, 4–5 November 2015; ACM: New York, NY, USA, 2015; pp. 55–64. [Google Scholar] [CrossRef]

	



Figueiredo, M.B.; de Almeida, A.; Ribeiro, B. An Experimental Study on Electrical Signature Identification of Non-Intrusive Load Monitoring (NILM) Systems. In Adaptive and Natural Computing Algorithms; Springer: Berlin/Heidelberg, Germany, 2011; pp. 31–40. [Google Scholar]

	



Kim, H.; Marwah, M.; Arlitt, M.; Lyon, G.; Han, J. Unsupervised Disaggregation of Low Frequency Power Measurements. In Proceedings of the SIAM International Conference on Data Mining, Mesa, AZ, USA, 28–30 April 2011; pp. 747–758. [Google Scholar] [CrossRef]

	



Koutitas, G.C.; Tassiulas, L. Low Cost Disaggregation of Smart Meter Sensor Data. IEEE Sens. J. 2016, 16, 1665–1673. [Google Scholar] [CrossRef]

	



Sultanem, F. Using appliance signatures for monitoring residential loads at meter panel level. IEEE Trans. Power Deliv. 1991, 6, 1380–1385. [Google Scholar] [CrossRef]

	



Srinivasan, D.; Ng, W.S.; Liew, A.C. Neural-network-based signature recognition for harmonic source identification. IEEE Trans. Power Deliv. 2006, 21, 398–405. [Google Scholar] [CrossRef]

	



Laughman, C.; Lee, K.; Cox, R.; Shaw, S.; Leeb, S.; Norford, L.; Armstrong, P. Power signature analysis. IEEE Power Energy Mag. 2003, 99, 56–63. [Google Scholar] [CrossRef]

	



Bouhouras, A.S.; Gkaidatzis, P.A.; Panagiotou, E.; Poulakis, N.; Christoforidis, G.C. A NILM algorithm with enhanced disaggregation scheme under harmonic current vectors. Energy Build. 2019, 183, 392–407. [Google Scholar] [CrossRef]

	



Teshome, D.F.; Huang, T.D.; Lian, K. Distinctive Load Feature Extraction Based on Fryze’s Time-Domain Power Theory. IEEE Power Energy Technol. Syst. J. 2016, 3, 60–70. [Google Scholar] [CrossRef]

	



Nguyen, M.; Alshareef, S.; Gilani, A.; Morsi, W.G. A novel feature extraction and classification algorithm based on power components using single-point monitoring for NILM. In Proceedings of the IEEE Canadian Conference on Electrical and Computer Engineering, Halifax, NS, Canada, 3–6 May 2015; pp. 37–40. [Google Scholar] [CrossRef]

	



Huang, T.D.; Wang, W.; Lian, K. A New Power Signature for Nonintrusive Appliance Load Monitoring. IEEE Trans. Smart Grid 2015, 6, 1994–1995. [Google Scholar] [CrossRef]

	



Chan, W.L.; So, A.T.P.; Lai, L.L. Harmonics load signature recognition by wavelets transforms. In Proceedings of the International Conference on Electric Utility Deregulation and Restructuring and Power Technologies, London, UK, 4–7 April 2000; pp. 666–671. [Google Scholar] [CrossRef]

	



Su, Y.; Lian, K.; Chang, H. Feature Selection of Non-intrusive Load Monitoring System Using STFT and Wavelet Transform. In Proceedings of the IEEE International Conference on e-Business Engineering, Beijing, China, 19–21 October 2011; pp. 293–298. [Google Scholar] [CrossRef]

	



Duarte, C.; Delmar, P.; Goossen, K.W.; Barner, K.; Gomez-Luna, E. Non-intrusive load monitoring based on switching voltage transients and wavelet transforms. In Proceedings of the Future of Instrumentation International Workshop, Gatlinburg, TN, USA, 8–9 October 2012; pp. 1–4. [Google Scholar] [CrossRef]

	



Gray, M.; Morsi, W.G. Application of wavelet-based classification in non-intrusive load monitoring. In Proceedings of the IEEE Canadian Conference on Electrical and Computer Engineering, Halifax, NS, Canada, 3–6 May 2015; pp. 41–45. [Google Scholar] [CrossRef]

	



Tabatabaei, S.M.; Dick, S.; Xu, W. Toward Non-Intrusive Load Monitoring via Multi-Label Classification. IEEE Trans. Smart Grid 2017, 8, 26–40. [Google Scholar] [CrossRef]

	



Chang, H.H. Non-Intrusive Demand Monitoring and Load Identification for Energy Management Systems Based on Transient Feature Analyses. Energies 2012, 5, 4569–4589. [Google Scholar] [CrossRef]

	



Chang, H.; Lian, K.; Su, Y.; Lee, W. Power-Spectrum-Based Wavelet Transform for Nonintrusive Demand Monitoring and Load Identification. IEEE Trans. Ind. Appl. 2014, 50, 2081–2089. [Google Scholar] [CrossRef]

	



Hassan, T.; Javed, F.; Arshad, N. An Empirical Investigation of V-I Trajectory Based Load Signatures for Non-Intrusive Load Monitoring. IEEE Trans. Smart Grid 2014, 5, 870–878. [Google Scholar] [CrossRef]

	



Gao, J.; Kara, E.C.; Giri, S.; Bergés, M. A feasibility study of automated plug-load identification from high-frequency measurements. In Proceedings of the IEEE Global Conference on Signal and Information Processing, Orlando, FL, USA, 14–16 December 2015; pp. 220–224. [Google Scholar] [CrossRef]

	



De Baets, L.; Ruyssinck, J.; Develder, C.; Dhaene, T.; Deschrijver, D. Appliance classification using VI trajectories and convolutional neural networks. Energy Build. 2018, 158, 32–36. [Google Scholar] [CrossRef]

	



Patel, S.N.; Robertson, T.; Kientz, J.A.; Reynolds, M.S.; Abowd, G.D. At the Flick of a Switch: Detecting and Classifying Unique Electrical Events on the Residential Power Line (Nominated for the Best Paper Award); UbiComp 2007 Ubiquitous Computing; Springer: Berlin/Heidelberg, Germany, 2007; pp. 271–288. [Google Scholar]

	



Gupta, S.; Reynolds, M.S.; Patel, S.N. ElectriSense: Single-point Sensing Using EMI for Electrical Event Detection and Classification in the Home. In Proceedings of the ACM International Conference on Ubiquitous Computing, Copenhagen, Denmark, 26–29 September 2010; pp. 139–148. [Google Scholar] [CrossRef]

	



Kolter, J.Z.; Johnson, M.J. REDD: A public data set for energy disaggregation research. In Proceedings of the Workshop on Data Mining Applications in Sustainability, San Diego, CA, USA, 21 August 2011; Volume 25, pp. 59–62. [Google Scholar]

	



Kelly, J.; Knottenbelt, W. The UK-DALE dataset, domestic appliance-level electricity demand and whole-house demand from five UK homes. Sci. Data 2015, 2, 150007. [Google Scholar] [CrossRef]

	



Gao, J.; Giri, S.; Kara, E.C.; Bergés, M. PLAID: A Public Dataset of High-resoultion Electrical Appliance Measurements for Load Identification Research: Demo Abstract. In Proceedings of the ACM Conference on Embedded Systems for Energy-Efficient Buildings, Memphis, Tennessee, 3–6 November 2014; pp. 198–199. [Google Scholar] [CrossRef]

	



Kahl, M.; Haq, A.U.; Kriechbaumer, T.; Jacobsen, H.A. Whited-a worldwide household and industry transient energy data set. In Proceedings of the International Workshop on Non-Intrusive Load Monitoring, Vancouver, BC, Canada, 14–15 May 2016. [Google Scholar]

	



Papa, J.P.; Falcão, A.X.; Suzuki, C.T.N. Supervised pattern classification based on optimum-path forest. Int. J. Imaging Syst. Technol. 2009, 19, 120–131. [Google Scholar] [CrossRef]

	



Cover, T.M.; Hart, P.E. Nearest neighbor pattern classification. IEEE Trans. Inf. Theory 1967, 13, 21–27. [Google Scholar] [CrossRef]

	



Tenti, P.; Paredes, H.K.M.; Marafao, F.P.; Mattavelli, P. Accountability in Smart Microgrids Based on Conservative Power Theory. IEEE Trans. Instrum. Meas. 2011, 60, 3058–3069. [Google Scholar] [CrossRef]

	



Bouhouras, A.S.; Milioudis, A.N.; Labridis, D.P. Development of distinct load signatures for higher efficiency of NILM algorithms. Electr. Power Syst. Res. 2014, 117, 163–171. [Google Scholar] [CrossRef]








[image: Energies 12 02641 g001 550]





Figure 1. Load equivalent circuit by Conservative Power Theory (CPT). 
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Figure 2. K-Nearest Neighbor (KNN) decision boundaries of the CPT appliance dataset. 
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Figure 3. Individual appliance events. 
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Figure 4. Different appliance power signatures. (a) Constant behavior; (b) Multiple power states; (c) All-time constant; (d) Approximately linear variation; (e) Various operational stages; and (f) Power behavior with hard detection. 
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Figure 5. State-machine algorithm of the PSB. 
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Figure 6. Event ON Trigger. 
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Figure 7. Event OFF Trigger. 
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Figure 8. Daily consumption of electricity by household appliances. (a) Load disaggregation behavior in simulation; (b) CPT power components behavior in simulation. 
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Figure 9. Detailed consumption and state-machine behavior between 09:27 and 10:03. (a) Load disaggregation behavior between 09:27 and 10:03; (b) Active power behavior between 09:27 and 10:03. 
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Figure 10. Trigger algorithm validation. 
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Figure 11. Trigger and load disaggregation validation. 
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Figure 12. Air conditioning with an inverter example. 
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Table 1. Summary and categorization of some Non–Intrusive Load Monitoring (NILM) techniques— relevant works and their main features.
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Sampling

	
Signal Sampling Technique

	
Features (Attributes)

	
References






	
Low-frequency

(Macroscopic)

	
Active/reactive power signature and variation

	
P, Q

	
[14,26,27,28,29,30]




	
Active power signature and variation

	
P

	
[31,32,33,34]




	
Power signature and power indicators

	
P, IRMS,URMS,IMAX,UMAX,PF(λ)

	
[35,36]




	
Power signature and power quality indicators

	
P, PF(λ)

	
[37]




	
Load on or off probability

	
PloadON, PloadOFF

	
[38]




	
Temporal discrete power pulses

	
Ppulse(t)

	
[39]




	
High-frequency

(Microscopic)

	
Harmonic decomposition

	
P, Q, H1,3,5,⋯,N

	
[40,41,42,43]




	
Power signature and harmonic decomposition

	
P, THD

	
[7,17]




	
Power signatures and Power Theory

	
P, Q, S or A, H, If, CPTcomponents

	
[15,44,45,46]




	
Wavelets

	
Wcoef,We

	
[19,47,48,49,50,51,52,53]




	
Voltage and current trajectory

	
VItraj

	
[18,54,55,56]




	
Harmonic noise in power transients

	
Hf,36≤f≤500Hz

	
[57,58]




	
Combination of independent features

	
VItraj, i(t), p(t) and others

	
[17]








Note: P: active power; Q: reactive power; IRMS: effective current; URMS: effective voltage; UMAX: maximum voltage; IMAX: maximum current; PF(λ): power factor; PloadON: load on probability; PloadOFF: load off probability; Ppulse(t): time power pulse; H1,3,5,⋯,N: nth harmonic components (n = 1, 3, ..., N); THD: voltage or current total harmonic distortion; S or A: apparent power; H: harmonic power; If: inactive current; CPTcomponents: CPT power components; Wcoef: wavelet coefficients; We: wavelet equivalent coefficients; VItraj: voltage vs current trajectory; Hf: non-fundamental power components; i(t): instantaneous current; p(t): instantaneous power.
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