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Abstract 

The digitization and IoT advancement is evolving the energy sector. 5G is playing an important role in connecting various smart 
grid modules and stockholders. In this framework, the idea of utilizing smart meters is increasing. A fine-grained metering data 
acquisition and processing is crucial to help the smart grid stake holders. The classical data sampling approach is of time invariant 
nature. Thus, it includes in the acquisition, transmission, and processing stages a large amount of redundant data. This deficit can 
be eliminated by employing the event-driven sampling. It provides a real-time data compression. Therefore, a novel event-driven 
adaptive-rate sampling approach is utilized for the data acquisition and features extraction. The relevant features related to the 
appliances power consumption patterns are subsequently utilized for their identification by employing the support vector machine. 
Results confirm a 3.7 folds compression and processing gains of the suggested approach while achieving 96% classification 
accuracy. Thanks to the 5G network, findings are effectively logged on the cloud for further analysis and decision support.  
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1. Introduction 

The 5G is an important wide spreading technology. Recently it is employed in a variety of applications like smart 
cities [17], wearables [18], smart grid [19] and smart agriculture [20].  

Household smart meters measure power usage in real-time at fine granularities and are considered as the 
foundation of a possible digital electricity grid. Huge numbers of smart meters are being established around the world 
due to their benefits that they are supposed to deliver to the electricity suppliers and its consumers [1], [2], [3].  

During peak hours, the diminishing of the electricity consumption is beneficial [1]. Therefore, providing consistent 
feedback on the electricity usage is beneficial for the end-users to have more details about their consumption of 
electricity which support the measures for effective use of energy [1], [2], [3]. The automatic identification of 
household appliances from their utilization of electricity signatures is getting attention in this framework [1]. One of 
the applications would be detailed electricity billing which is currently a blind measurement at the house meter most 
of the time. Other application might be the optimization of load-shedding, knowing which appliance can turn on or 
off based on the global or local production of electricity.  

Identification of appliance type is a challenging task from a general point of view [4]. There are potential overlaps 
of a large number of types and also there is a wide range of appliances which belongs to the same category. Usually, 
the identification of appliances must ensure specific simplification ability without over fitting on a certain set of 
appliances.  
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1. Introduction 

The 5G is an important wide spreading technology. Recently it is employed in a variety of applications like smart 
cities [17], wearables [18], smart grid [19] and smart agriculture [20].  

Household smart meters measure power usage in real-time at fine granularities and are considered as the 
foundation of a possible digital electricity grid. Huge numbers of smart meters are being established around the world 
due to their benefits that they are supposed to deliver to the electricity suppliers and its consumers [1], [2], [3].  

During peak hours, the diminishing of the electricity consumption is beneficial [1]. Therefore, providing consistent 
feedback on the electricity usage is beneficial for the end-users to have more details about their consumption of 
electricity which support the measures for effective use of energy [1], [2], [3]. The automatic identification of 
household appliances from their utilization of electricity signatures is getting attention in this framework [1]. One of 
the applications would be detailed electricity billing which is currently a blind measurement at the house meter most 
of the time. Other application might be the optimization of load-shedding, knowing which appliance can turn on or 
off based on the global or local production of electricity.  

Identification of appliance type is a challenging task from a general point of view [4]. There are potential overlaps 
of a large number of types and also there is a wide range of appliances which belongs to the same category. Usually, 
the identification of appliances must ensure specific simplification ability without over fitting on a certain set of 
appliances.  
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In order to define its relevant features, the smart meter data undertakes processing and analysis [5]. There are many 

approaches employed for features extraction of appliances consumption pattern like Short–Time Fourier Transform 
(STFT), power factor (PF)and K–means algorithm [6], [7]. 

The device pattern recognition utilizes the extracted features. For load disaggregation, researchers in [6] have 
utilized pattern recognition. The idea is to access the appliance’s specific data without interference. In [7], authors 
employed pattern recognition for leveraging smart meter data to disaggregate the whole consumption of electricity to 
main energy end-uses. Recognition of patterns is mainly based on classification. In this framework, a variety of 
classification algorithms are employed like k-Nearest Neighbor (KNN), Naive Bias and Artificial Neural Network 
(ANN) [7]. 

2. Materials and Methods 

The principle of the proposed system is depicted by the block diagram presented in Fig. 1 where different system 
modules are portrayed in the accompanying subsections. 
 

 
Figure 1.  The system block diagram 

 

A. The smart meter database 
In the examined database, ACS-F2, 15 categories of major home appliances are considered. In total, 225 appliances 

are examined where, for each one, two one-hour monitoring sessions are carried out [8]. The electric consumption 
variables namely real and reactive power flows, RMS current and voltage and frequency and power factor are 
recorded. They are acquired at 0.1Hz sampling rate.  

 
B. The signal reconstruction  

In order to assess the event-driven sensing module, the monitored waveforms are up-sampled [9]. The up-sampling 
is realized by using 4 stages of cubic-spline interpolators and anti-aliasing filters, connected in series. Following the 
up-sampling process, the obtained signal 𝑦𝑦(𝑡𝑡𝑛𝑛) is converted to its quasi analog version�̃�𝑥(𝑡𝑡). Moreover, signals 𝑦𝑦(𝑡𝑡𝑛𝑛) 
and �̃�𝑥(𝑡𝑡) are related byx̃(t) = y(tn/U) where U is the up-sampling factor. 

 
C. The event-driven sensing and segmentation 

The signal acquisition is a basic operation implemented in recent smart meters. Conventionally, signal acquisition 
and processing is based on Nyquist sampling and processing theory [9]. Thus, the parameters of these conventional 
systems are tuned based on the worst practical case [9]. However, for capricious signals such as consumption variables, 
the ADCs used are ineffective [10], [11], [12], [13], [14]. Consequently, the event-driven ADCs (EDADCS) are 
proposed and utilized. They are established based on the Event-Driven Sensing (EDS) and can tune their sampling 
frequency according to the incoming signal discrepancies [14]. A sample is taken at the instant when the band-limited 
analog input signal 𝑥𝑥(𝑡𝑡)crosses any of the predefined thresholds. In this manner, samples are not equally distributed 
in time [13]. The process can be mathematically described by 𝑡𝑡𝑛𝑛 =  𝑡𝑡𝑛𝑛−1 + 𝑑𝑑𝑡𝑡𝑛𝑛 where 𝑑𝑑𝑡𝑡𝑛𝑛 is the time period between 
the current, 𝑡𝑡𝑛𝑛, and the previous, 𝑡𝑡𝑛𝑛−1, sampling instants. For the EDS case, each sample is represented by a pair (𝑥𝑥𝑛𝑛, 
𝑡𝑡𝑛𝑛) where 𝑥𝑥𝑛𝑛 is the amplitude and 𝑡𝑡𝑛𝑛 is the occurrence time. The EDADC acquires only the related information while 
discarding the rest. Hence, a noticeable real-time reduction and gain in compression are achieved in the acquired 
number of samples as compared to the traditional counterparts. Moreover, it reduces the post processing activity and 
the system processing time, and improves the power consumption efficiency [10]-[14], [16]. 

The EDS output is selected and segmented with the Activity Selection Algorithm (ASA) [11], [14]. The ASA is 
already described in [11], [14]. Principally, it is performed by utilizing the sampling non-uniformity and it conserves 
the useful information, like consecutive sampling instants repartitioning, count of samples, etc., in a segment implicitly 
lies in the non-uniformly repartitioned samples. It allows the post features extraction module to exploit the time-
domain characteristics of each segment in order to extract its classifiable features. 
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D. The features extraction 
The features to be classified are mined from each fragment. The event-driven acquisition and fragmentation permit 

the extraction of important information about the signal frequency content in time-domain [15]. Therefore, in contrast 
to alternative arrangements, based on time-frequency based examination, the employed features extraction mechanism 
does not require the complex frequency domain transformation and investigation [9]. The appropriate classifiable 
highlights are elected by utilizing the information in time-domain.  

For each considered appliance two time series, real and reactive power utilization, are considered. Every 
considered waveform is reconstructed, procured with the EDS and fragmented with the ASA. Afterward, four different 
parameters are extracted for each segment. Let 𝑖𝑖 is indexing the 𝑖𝑖𝑡𝑡ℎ selected segment𝑊𝑊𝑖𝑖. Then𝐶𝐶𝑖𝑖, ∆𝐴𝐴𝑖𝑖, 𝐴𝐴𝑚𝑚𝑚𝑚𝑚𝑚

𝑖𝑖 , and 
𝑑𝑑𝑑𝑑𝑚𝑚𝑚𝑚𝑚𝑚𝑚𝑚

𝑖𝑖 are respectively the extracted number of threshold crossings, the peak-to-peak amplitude, the maximum 
amplitude and the average sampling step for 𝑊𝑊𝑖𝑖. 
 

E. The classification techniques 
The extracted features are used for the recognition of intended appliances. Processing data full of features is what 

Support Vector Machine (SVM) classification method known for [5]. Support vector machine (SVM) is one of the 
most robust and precise techniques among all important machine learning algorithms. In a two-class learning task, the 
aim of SVM is to locate the best grouping capacity to recognize individuals from the two classes in the preparation 
information. For a linearly separable dataset, a direct order work compares to a separating hyperplane that goes through 
the center of the two classes, dividing the two. Since there are numerous such direct hyperplanes, what SVM 
furthermore ensure is that the best such capability is found by augmenting the margin between the two classes. 
Naturally, the margin is characterized as the measure of space, or partition between the two classes as characterized 
by the hyperplane. Geometrically, the margin relates to the shortest separation between the nearest information focuses 
to a point on the hyperplane. Having this geometric definition enables us to investigate how to enhance the margin, so 
that despite the fact that there are a limitless number of hyperplanes, just a couple qualify as the answer for SVM. The 
motivation behind why SVM demands finding the greatest margin hyperplanes is that it offers the best speculation 
capacity. It permits not just the best order execution (e.g., precision) on the preparation information, yet in addition 
leaves a lot of space for the right arrangement of things to come information (Wu et al., 2008). 

 
F. The cloud based logging 

The classification decisions of the devised system are periodically updated on the cloud by employing the 
MATLAB built in  “thingspeakwrite” function [21]. Later on, the authentication of this cloud based log is verified by 
accessing it with the MATLAB built in “thingspeakread” function. The cloud data is also accessed on smartphones 
with “ThingView” application. It allows the authorized users to access this data any time and everywhere. 

 
G. Performance measures 

In conventional sensing the incoming analog signal is acquired at a fixed sampling 𝐹𝐹𝑟𝑟𝑚𝑚𝑟𝑟. Therefore, the total 
number of samples, 𝑁𝑁, acquired for a considered time length 𝐿𝐿𝑇𝑇 are straight forward to compute 𝑁𝑁 = 𝐹𝐹𝑟𝑟𝑚𝑚𝑟𝑟 ×  𝐿𝐿𝑇𝑇. For 
the event-driven sensing, the sampling frequency is not unique, and it adapts as a function of the input signal temporal 
variations [11], [14]. Therefore, for a considered time length 𝐿𝐿𝑇𝑇 the acquired number of samples can be different and 
are function of the EDADC resolution, the employed quantization scheme and the signal characteristics [10]-[14]. Let 
𝑁𝑁𝐸𝐸𝐸𝐸 is the number of samples obtained in the devised solution. Then the compression gain, 𝐺𝐺𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶, can be determined 
by using Eq.(1).  

 
𝐺𝐺𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 = 𝑁𝑁

𝑁𝑁𝐸𝐸𝐸𝐸
.       (1) 

The identification appropriateness is measured in terms of accuracy. The process can be scientifically 
communicated with the help of Eq. (2). Where, the true negatives (TN) and true positives (TP) are correct 
identifications and false positives (FP) and false negatives (FN)are mistaken ones [6]. 

𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴𝐴 = 𝑇𝑇𝑃𝑃+𝑇𝑇𝑁𝑁
𝑇𝑇𝑃𝑃+𝑇𝑇𝑁𝑁+𝐹𝐹𝑃𝑃+𝐹𝐹𝑁𝑁

× 100%.    (2) 
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3. Results 

The performance of designed approach is contemplated by utilizing the appliance consumption parameters from 
the ACS-F2 dataset [8]. For first evaluation four classes of appliances are considered. It incorporates electric kettles, 
fridges and freezers, microwave ovens and fans. 15 different appliances from each category are considered. Hence, in 
all out 60 ones are considered. Two acquisition sessions of one hour are performed for each appliance. It delivers 120 
multi-dimensional time series of the considered appliances electricity related attributes. In the examined case, the real 
power consumption is considered from each multi-dimensional time series. Hence it results in 120 instances for the 
studied appliances. The recordings are performed at 0.1Hz sampling frequency. Afterwards each instance is up-
sampled with a factor of 10000. In the traditional case, a 12-Bit resolution A/D converter is utilized for digitizing the 
�̃�𝑥(𝑡𝑡). Nonetheless, in the conceived arrangement, the �̃�𝑥(𝑡𝑡) is digitized with a 4-Bit resolution EDADC. Examples of 
the considered real power consumption instances obtained with the EDS mechanism are shown in Fig. 2. 

Fig. 2 displays advantages of using the EDS. It confirms that for a given resolution, 𝑅𝑅, and ∆𝑉𝑉 it adapts its sampling 
frequency in accordance with the signal temporal variations. Therefore, it acquires only the relevant signal 
information. It also diminishes the low amplitude noise by using its noise thresholding capability [11], [14]. It 
enhances the precision of post features extraction and classification processes.    

In this case, the EDADC output is segmented by using the ASA. The upper bound on the segment length is 𝐿𝐿𝑟𝑟𝑟𝑟𝑟𝑟  
=5min [11], [14]. The ASA, focuses only on the active signal parts and results on average 6 selected segments per 
incoming Instance. However, the number of samples per segment, 𝑁𝑁𝑖𝑖, can vary as a function of the �̃�𝑥(𝑡𝑡) temporal 
variations [11], [14]. 

 
Figure 2.  The real power instances digitized with a 4-Bit resolution EDADC. 

In the conventional case, 𝑥𝑥(𝑡𝑡)is sampled constantly at 0.1Hz irrespective of its temporal variations. It renders an 
accumulation and processing of superfluous samples. In this case, 𝐿𝐿𝑟𝑟𝑟𝑟𝑟𝑟  =5minutes results in a fixed number of 30 
samples per segment regardless of the signal variations. Consequently, it forces the post-processing modules to process 
insignificant data and as a result increases the system processing activity and power loss. 

The obtained compression gains, calculated by using Eq. (1), are summed up in Table I. It depicts that the suggested 
solution attains an overall 3.1 times, 6.6 times, 1.6 times and 3.4 times compression gains respectively for the case of 
kettles, fans, fridges and freezers, and microwaves. It results in an average compression gain of 3.7 times. 

TABLE 1.  SUMMARY OF THE COMPRESSION GAINS FOR 4-CLASSES OF APPLIANCES 

Appliances Overall Compression Gain Average Compression Gain 
Kettle 3.1 

3.7 Fridges and Freezers 6.6 
Microwaves 1.6 
Fans 3.4 
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In this case, 120 instances are considered with four categories of appliances. In order to compensate the limitation 

of dataset size, the 10-folds cross validation approach is employed [5]. The obtained percentage recognition accuracies 
are summed up for the SVM classifier in Table II.  
 
TABLE 2.  THE CLASSIFICATION ACCURACY FOR 4-CLASSES OF APPLIANCES 

Appliances Classification Accuracy (%age) Average Classification Accuracy (%age) 
Kettle 95.7 

96 Fridges and Freezers 96.6 
Microwaves 95.4 
Fan 96.3 

 
Table II depicts the obtained appliances consumption signature recognition accuracies for the case of SVM 

classifier. It shows that for the studied case, the overall classification accuracy of 96%, is obtained with the designed 
assembly of EDADC, time-domain features extraction and SVM classifier. The findings are successfully logged on 
the cloud via 5G network. It is realized by using the MATLAB based “thingspeakwrite” function. The authenticity of 
the cloud based log is confirmed with the MATLAB based “thingspeakread” function and data analysis. 

4. Conclusion 

The digitization and IoT advancement is evolving the energy sector. 5G is playing a significant part in connecting 
various smart grid modules and stockholders. Smart meters are elementary parts of the concurrent smart grids. In this 
paper, a new method is proposed for automatically identifying the major household appliances. It is focused on the 
analysis of events and the extraction and classification of pertinent features in time-domain without using the 
computationally complex frequency domain transformations. It is demonstrated that the suggested approach attains a 
3.7 times compression gain over the conventional counterparts. It aptitudes a valuable diminishing in the system 
processing and post transmission activities. Additionally, system attains an average appliances consumption pattern 
recognition accuracy of 96%. The findings are successfully logged on the cloud via the 5G network. It affirms the 
interest of using the suggested solution in contemporary automatic dynamic load management and enumerated billing 
systems. A future work is to evaluate the proposed approach while considering expended classes of appliances. 
Examining the appropriateness of other robust classifiers like Random Forest, Support Vector Machine, and Rotation 
Forest is another prospect. 
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3. Results 

The performance of designed approach is contemplated by utilizing the appliance consumption parameters from 
the ACS-F2 dataset [8]. For first evaluation four classes of appliances are considered. It incorporates electric kettles, 
fridges and freezers, microwave ovens and fans. 15 different appliances from each category are considered. Hence, in 
all out 60 ones are considered. Two acquisition sessions of one hour are performed for each appliance. It delivers 120 
multi-dimensional time series of the considered appliances electricity related attributes. In the examined case, the real 
power consumption is considered from each multi-dimensional time series. Hence it results in 120 instances for the 
studied appliances. The recordings are performed at 0.1Hz sampling frequency. Afterwards each instance is up-
sampled with a factor of 10000. In the traditional case, a 12-Bit resolution A/D converter is utilized for digitizing the 
�̃�𝑥(𝑡𝑡). Nonetheless, in the conceived arrangement, the �̃�𝑥(𝑡𝑡) is digitized with a 4-Bit resolution EDADC. Examples of 
the considered real power consumption instances obtained with the EDS mechanism are shown in Fig. 2. 

Fig. 2 displays advantages of using the EDS. It confirms that for a given resolution, 𝑅𝑅, and ∆𝑉𝑉 it adapts its sampling 
frequency in accordance with the signal temporal variations. Therefore, it acquires only the relevant signal 
information. It also diminishes the low amplitude noise by using its noise thresholding capability [11], [14]. It 
enhances the precision of post features extraction and classification processes.    

In this case, the EDADC output is segmented by using the ASA. The upper bound on the segment length is 𝐿𝐿𝑟𝑟𝑟𝑟𝑟𝑟  
=5min [11], [14]. The ASA, focuses only on the active signal parts and results on average 6 selected segments per 
incoming Instance. However, the number of samples per segment, 𝑁𝑁𝑖𝑖, can vary as a function of the �̃�𝑥(𝑡𝑡) temporal 
variations [11], [14]. 

 
Figure 2.  The real power instances digitized with a 4-Bit resolution EDADC. 

In the conventional case, 𝑥𝑥(𝑡𝑡)is sampled constantly at 0.1Hz irrespective of its temporal variations. It renders an 
accumulation and processing of superfluous samples. In this case, 𝐿𝐿𝑟𝑟𝑟𝑟𝑟𝑟  =5minutes results in a fixed number of 30 
samples per segment regardless of the signal variations. Consequently, it forces the post-processing modules to process 
insignificant data and as a result increases the system processing activity and power loss. 

The obtained compression gains, calculated by using Eq. (1), are summed up in Table I. It depicts that the suggested 
solution attains an overall 3.1 times, 6.6 times, 1.6 times and 3.4 times compression gains respectively for the case of 
kettles, fans, fridges and freezers, and microwaves. It results in an average compression gain of 3.7 times. 

TABLE 1.  SUMMARY OF THE COMPRESSION GAINS FOR 4-CLASSES OF APPLIANCES 

Appliances Overall Compression Gain Average Compression Gain 
Kettle 3.1 

3.7 Fridges and Freezers 6.6 
Microwaves 1.6 
Fans 3.4 
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In this case, 120 instances are considered with four categories of appliances. In order to compensate the limitation 

of dataset size, the 10-folds cross validation approach is employed [5]. The obtained percentage recognition accuracies 
are summed up for the SVM classifier in Table II.  
 
TABLE 2.  THE CLASSIFICATION ACCURACY FOR 4-CLASSES OF APPLIANCES 

Appliances Classification Accuracy (%age) Average Classification Accuracy (%age) 
Kettle 95.7 

96 Fridges and Freezers 96.6 
Microwaves 95.4 
Fan 96.3 

 
Table II depicts the obtained appliances consumption signature recognition accuracies for the case of SVM 

classifier. It shows that for the studied case, the overall classification accuracy of 96%, is obtained with the designed 
assembly of EDADC, time-domain features extraction and SVM classifier. The findings are successfully logged on 
the cloud via 5G network. It is realized by using the MATLAB based “thingspeakwrite” function. The authenticity of 
the cloud based log is confirmed with the MATLAB based “thingspeakread” function and data analysis. 

4. Conclusion 

The digitization and IoT advancement is evolving the energy sector. 5G is playing a significant part in connecting 
various smart grid modules and stockholders. Smart meters are elementary parts of the concurrent smart grids. In this 
paper, a new method is proposed for automatically identifying the major household appliances. It is focused on the 
analysis of events and the extraction and classification of pertinent features in time-domain without using the 
computationally complex frequency domain transformations. It is demonstrated that the suggested approach attains a 
3.7 times compression gain over the conventional counterparts. It aptitudes a valuable diminishing in the system 
processing and post transmission activities. Additionally, system attains an average appliances consumption pattern 
recognition accuracy of 96%. The findings are successfully logged on the cloud via the 5G network. It affirms the 
interest of using the suggested solution in contemporary automatic dynamic load management and enumerated billing 
systems. A future work is to evaluate the proposed approach while considering expended classes of appliances. 
Examining the appropriateness of other robust classifiers like Random Forest, Support Vector Machine, and Rotation 
Forest is another prospect. 
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