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LOAD RECOGNITION BY INTERPRETING THE SMART METER 

DATA: A PERSPECTIVE FOR ENERGY MANAGEMENT IN 

SMART GRID 

Futoon Eissa Alsharif 

SUMMARY 

 
The technological advancements have evolved the deployment of smart meters in 

place of the conventional ones. These smart meters are the vital elements of smart 
grids and are offering significant advantages for various stakeholders in terms of the 
social, environmental and economical constraints. The extensive installations of smart 
meters allow an enormous amount of data collection with a wanted granularity. 
Automatic data acquisition, transmission, processing and analysis are key factors 
behind the success of smart meters. The usage of smart meters is increasing in modern 
societies. A fine–grained metering data collection and analysis is necessary to bring 
benefits to multiple smart grid stakeholders such as energy providers, distributors, 
consumers and governments. The classical sensing mechanism is time–invariant. 
Therefore, it results in the collection, transmission, and processing of a large amount 
of unnecessary data. This work employs the event–driven sensing mechanism to 
achieve real–time data compression. Afterward, the novel adaptive rate techniques are 
employed for the data conditioning, segmentation, and extraction of features. The 
pertinent features regarding the appliances' consumption patterns are afterward used 
for their identification. It is realized by employing the mature Support Vector Machine, 
k–Nearest Neighbor, Naïve Bias and Artificial Neural Network classifiers. The 
applicability of the devised solution is evaluated with the help of five case studies. Final 
results confirm a significant compression gain and the computational effectiveness of 
the suggested solution while securing high classification precisions. This study works 
in alignment with the 2030 vision of Saudi Arabia and the goals of NEOM city. It 
contributes in realizing modern smart–energy related services such as detailed 
electricity consumption billing systems, effective load identification, decision–support 
for dynamic load management, support to hourly price charges, activity of daily living 
recognition, occupancy detection, and monitoring of user–appliance interaction. 

 

Keywords—Smart Meter Data; Consumption Pattern; Automatic Load 
Identification; Event–Driven sensing; Adaptive Rate Processing; Features 
Extraction; Machine Learning. 

           

(296 Words) 
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ARABIC SUMMARY 

 

 العنصر  هي لكونها  التقليدية،  العدادات  من  بدلا   الذكية  العدادات  وانتشار  تطور  في  التكنولوجي  التقدم  ساهم  لقد

 والبيئية  الجتماعية  القيود  حيث  من  المختلفين  المصلحة  ألصحاب  متعددة  مزايا  وتقدم  الذكية  للشبكات  الحيوي

  يُعتبر   حيث  ،المطلوبة  بالدقة  البيانات  من  هائلة  كمية  بجمع  الذكية  للعدادات  الواسع  الستخدام   ويسمح  .والقتصادية

  تزايد   التي  الذكية  العدادات  نجاح  وراء  رئيسية  عوامل  قائيااتل   وتحليلها   ومعالجتها  ونقلها  البيانات  على   الحصول

ا  وتحليلها  الدقيقة  القياس  بيانات  جمع  يعد  لذلك  الحديثة،  المجتمعات  في  استخدامها   إلى   الفوائد  لجلب  ضرورياا  أمرا

  كانت   ثحي  والحكومات  والمستهلكين  والموزعين  الطاقة  مزودي  مثل  الذكية  الشبكة  في  المصلحة  أصحاب   من  العديد

  الغير   البيانات  من  كبيرة   كمية  ومعالجة  ونقل  جمع  عنها   ينتج  لذلك   الوقت  مرور  مع  ثابتة  التقليدية  العينات  أخذ  آلية

  الوقت  في  البيانات  ضغط   لتحقيق  الحدث   على   تعتمد  التي   العينات   أخذ  آلية  استخدام  يتم البحث  هذا  في  لكن  .ضرورية

 بعد  ثم  .الميزات  واستخراج  وتقسيمها   البيانات  لتكييف  الجديدة   التكيفي  لمعدل ا  تقنيات  استخدام  يتم  ذلك  وبعد  الفعلي،

  ناقالت   آلة  استخدام  خالل  من  ذلك  ويتحقق  لتحديدها   األجهزة  استهالك  بأنماط  الصلة  ذات  السمات  استخدام  يتم   ذلك

  تطبيق  قابلية تقييم كوني .الصطناعية العصبية الشبكة ومصنفات المتحيز  والتصنيف األقرب والجار الناضجة الدعم

 أضعاف   ثالثة   من  بأكثر  الضغط  زيادة  النهائية  النتائج  أكدت  وقد  دراسات  خمس  بمساعدة  األولى  المرة  في  المبتكر  الحل

 هذه  جعل الذي األمر فئات، ستة من بيانات لمجموعة عالية تصنيف دقة ضمان مع المقترح  للحل الحسابية والفعالية

  الخدمات   تحقيق  في  لتساهم  نيوم  مدينة  وأهداف  السعودية  العربية  للمملكة  ٢٠٣٠  رؤية  عم  بالتوازي  تعمل  الدراسة

  ودعم   الفعالة  األحمال  وتحديد  التفصيلية  الكهرباء  استهالك  فوترة  أنظمة  مثل  الذكية  بالطاقة  المتعلقة  الحديثة  الذكية

 اإلشغال   واكتشاف  اليومية  الحياة  نشاط  لىع  والتعرف  الساعة  سعر   رسوم  ودعم  الديناميكي  الحمل  إلدارة  القرار  اتخاذ

 .والجهاز المستخدم تفاعل ومراقبة

 

 

 

 

  



 8 

ACKNOWLEDGEMENTS 

 

 

This Master Thesis has been completed successfully and become a reality with the help and 

encouragement of many people. I would like to take this opportunity to extend my sincere 

thanks to all of them.  

 

I would like to take this opportunity to thank all who have helped me in completing my 

master thesis successfully. Special thanks to Dr. Saeed Mian Qaisar for giving me the chance 

to do my research under his supervision. I have been deeply inspired by his vision, motivation, 

and continuous guidance. I would also like to thank him for providing his full support 

whenever required. I would also like to extend my thanks to the chair of the Electrical and 

Computer Engineering Department, Dr. Aziza Ibrahim, and my co–supervisor, Dr. 

Abdulhamit Subasi. 

 

My acknowledgement would be incomplete without thanking the biggest source of my 

strength, my family, who never let things get dull or boring, have all made a tremendous 

contribution in helping me reach this stage in my life. I thank them for putting up with me in 

difficult moments where I felt stumped and for goading me on to follow my dream of getting 

this degree. This would not have been possible without their love and support given to me at 

all times.  

 

Finally, I thank my friends and appreciate them for providing me with their continuous 

help and support. 

 

 

 

Thank you! 

 

 

 



 9 

DECLARATION 

 

 

I hereby declare that this Thesis titled “Load Recognition by Interpreting the 

Smart Meter Data: A Perspective for Energy Management in Smart Grid” is based 

on my original work except quotations and citations which have been duly acknowledged.  

I also declare that the proposed dissertation has not been previously or concurrently 

submitted for the award of any degree, at Effat University, any other University or 

Institution 

 

Name of the Student: Futoon Eissa Alsharif 

 

Date: 22nd April 2020 

  



 10 

TABLE OF CONTENTS 

 

APPROVAL PAGE ........................................................................................................ 3 

SUMMARY ..................................................................................................................... 6 

ARABIC SUMMARY .................................................................................................... 7 

ACKNOWLEDGEMENTS ........................................................................................... 8 

DECLARATION ............................................................................................................. 9 

TABLE OF CONTENTS ............................................................................................. 10 

LIST OF TABLES ........................................................................................................ 12 

LIST OF ABRIVIATIONS .......................................................................................... 15 

CHAPTER 1 .................................................................................................................. 16 

INTRODUCTION ......................................................................................................... 16 

1.1.  Overview ......................................................................................................... 16 

1.2. Problem Statement ......................................................................................... 18 

1.3. Objective ......................................................................................................... 18 

1.4. Importance and Motivation........................................................................... 19 

CHAPTER 2 .................................................................................................................. 21 

BACKGROUND AND LITERATURE REVIEW .................................................... 21 

2.1. Smart Metering .............................................................................................. 21 

2.2. Smart Meter Data Acquisition ...................................................................... 24 

2.3. Features Extraction ........................................................................................ 25 

2.4. Pattern Recognition ........................................................................................ 26 

CHAPTER 3 .................................................................................................................. 33 

METHOD OF RESEARCH ......................................................................................... 33 

3.1 The Hypothesis ............................................................................................... 33 

3.2 The Smart Meter Database ........................................................................... 33 

3.3 The Signal Reconstruction ............................................................................. 35 

3.4 The Event–Driven Sensing (EDS) ................................................................. 37 

3.5 The Event–Driven Segmentation .................................................................. 38 



 11 

3.6 The Features Extraction ................................................................................ 42 

3.7 The Classification Techniques....................................................................... 43 

3.8 The Cross–Validation .................................................................................... 48 

3.9 The Evaluation Measures .............................................................................. 51 

CHAPTER 4 .................................................................................................................. 53 

RESULTS ...................................................................................................................... 53 

4.1 Case (1) ............................................................................................................ 57 

4.2 Case (2) ............................................................................................................ 59 

4.3 Case (3) ............................................................................................................ 61 

4.4 Case (4) ............................................................................................................ 63 

4.5 Extended and Generalized Study for 6–Classes of Appliances .................. 66 

CHAPTER 5 .................................................................................................................. 73 

DISCUSSION ................................................................................................................ 73 

CHAPTER 6 .................................................................................................................. 77 

CONCLUSIONAND FUTURE WORK ..................................................................... 77 

6.1 Conclusion ....................................................................................................... 77 

6.2 Future Work ................................................................................................... 78 

REFERENCES .............................................................................................................. 79 

APPENDICES ............................................................................................................... 85 

Appendix – 1: ............................................................................................................. 85 

Appendix – 2: ............................................................................................................. 86 

Appendix – 3 : ............................................................................................................ 87 

Appendix – 4 : ............................................................................................................ 88 

Appendix – 5 : ............................................................................................................ 89 

   



 12 

LIST OF TABLES 

 

Table 1: Technologies used for smart meter data acquisition [18] ................................... 24 

Table 2: Standard approaches in pattern recognition [29] ................................................ 27 

Table 3: Summary of the Compression Gains for case 1 .................................................. 58 

Table 4: Accuracy for the four–class appliances consumption pattern recognition (K–NN)

 ........................................................................................................................................... 58 

Table 5: Accuracy for the four–class appliances consumption pattern recognition (SVM)

 ........................................................................................................................................... 59 

Table 6: Summary of the Compression Gains for case 2 .................................................. 61 

Table 7: Accuracy for the three–class appliances consumption pattern recognition ( Naïve 

Bayes ) .............................................................................................................................. 61 

Table 8: Summary of the Compression Gains for case 3 .................................................. 63 

Table 9: Accuracy for the four–class appliances consumption pattern recognition ( SVM )

 ........................................................................................................................................... 63 

Table 10: Summary of the Compression Gains for case 4 ................................................ 65 

Table 11: Accuracy for the four–class appliances consumption pattern recognition ( ANN 

) ......................................................................................................................................... 65 

Table 12: Summary of the four study cases ...................................................................... 66 

Table 13:Summary of the Compression Gains for the generalized case .......................... 69 

Table 14:Accuracy for the six–class appliances consumption pattern recognition ( k–NN )

 ........................................................................................................................................... 70 

Table 15: Accuracy for the six–class appliances consumption pattern recognition ( SVM )

 ........................................................................................................................................... 70 

Table 16: Accuracy for the six–class appliances consumption pattern recognition ( ANN )

 ........................................................................................................................................... 70 

Table 17: Accuracy for the six–class appliances consumption pattern recognition ( Naïve 

Bayes ) .............................................................................................................................. 71 

Table 18: Summary for the average classification techniques accuracy for the generalized 

case .................................................................................................................................... 71 

Table 19: Comparison with state–of–art methods ............................................................ 76 



 13 

LIST OF FIGURES 

 

 

Figure 1: Components of the smart meter data intelligence chain [3] .............................. 16 

Figure 2: Applications and advantages of smart meter [15] ............................................. 22 

Figure 3: Flow chart for load disaggregation [16] ............................................................ 23 

Figure 4: Different methods of features extraction ........................................................... 26 

Figure 5: The system of appliance identification [27] ...................................................... 30 

Figure 6: The block diagram of the system proposed [38] ............................................... 33 

Figure 7: The consumption parameters provided in the database. .................................... 34 

Figure 8: Categories of appliances considered ................................................................. 35 

Figure 9: The process of signal reconstruction ................................................................. 37 

Figure 10: Event–driven sensing [45] ............................................................................... 38 

Figure 11: The sequence of the classical windowing process .......................................... 39 

Figure 12: The block diagram of the activity selection algorithm process ....................... 40 

Figure 13: The process of features extraction common to both real power and RMS 

current instances. ............................................................................................................... 43 

Figure 14: The process of K–NN classification technique ............................................... 44 

Figure 15: SVM classifier description .............................................................................. 46 

Figure 16: The neural network .......................................................................................... 47 

Figure 17: ANN classifier main steps ............................................................................... 47 

Figure 18: The main steps of the Naïve Bayes Classifier ................................................. 48 

Figure 19: A description of k–fold cross–validation process ........................................... 50 

Figure 20: The real power instances for kettles, fridges and freezers, microwaves and 

fans. ................................................................................................................................... 53 

Figure 21: The real power instances for monitors, coffee machines and televisions. ...... 54 

Figure 22: The RMS current instances for kettles, fridges and freezers, microwaves and 

fans. ................................................................................................................................... 54 

Figure 23: The RMS current instances for monitors, coffee machines and televisions. .. 55 

Figure 24: The real power instances digitized with a 4–Bit resolution EDADC for coffee 

machines, fridges and freezers, microwaves and televisions in case 1. ............................ 57 



 14 

Figure 25:The real power instances digitized with a 4–Bit resolution EDADC for kettles, 

fridges and freezers, and fans in case 2 ............................................................................. 60 

Figure 26: The real power instances digitized with a 4–Bit resolution EDADC for kettles, 

fridges and freezers, microwaves and fans in case 3 ........................................................ 62 

Figure 27: The real power instances digitized with a 4–Bit resolution EDADC for 

monitors, televisions, kettles and fridges and freezers in case 4 ...................................... 64 

Figure 28: The real power instances digitized with a 4–Bit resolution EDADC for kettles, 

fridges and freezers, microwaves and fans. ...................................................................... 67 

Figure 29: The real power instances digitized with a 4–bit resolution EDADC for 

monitors and televisions ................................................................................................... 67 

Figure 30:The RMS current instances digitized with a 4–Bit resolution EDADC for 

kettles, fridges and freezers, microwaves and fans. .......................................................... 68 

Figure 31: The RMS current  instances digitized with a 4–Bit resolution EDADC for 

monitors and televisions ................................................................................................... 68 

  



 15 

LIST OF ABRIVIATIONS 

 

 

 

ADC Analog to Digital Converter 

ANN Artificial Neural Network 

ASA Activity Selection Algorithm 

EDADC Event–Driven Analog to Digital Converter 

EDS Event–Driven Sensing  

FN False Negative 

FP False Positive 

GMM Gaussian Mixture Models 

HMM Hidden Markov Models 

ILM Intrusive Load Monitoring 

K–NN K–Nearest Neighbor 

PF Power Factor 

RMS Root Mean Square 

SNR Signal to Noise Ratio 

STFT Short–Time Fourier Transform 

SVM Support Vector Machine 

TN True Positive 

TP True Negative 

 

 

 

 

 

  



 16 

CHAPTER 1 

INTRODUCTION 

 

1.1. Overview 

Household smart meters measure the consumption of power at fine granularities in 

real–time, and they are considered as the foundation of a future smart electricity grid. The 

technological advancements have evolved the deployment of smart meters in place of the 

conventional ones [1], [2]. These meters are the vital elements of smart grids and are 

offering significant advantages to various stakeholders in terms of social, environmental, 

and economic constraints [3]. The broad installations of smart meters allow an enormous 

amount of data collection with a wanted granularity [4]. Automatic data acquisition, 

transmission, processing, and analysis are considered as the key factors behind the success 

of smart meters. The process is depicted with the help of the block diagram in Figure 1. 

 

 

Figure 1: Components of the smart meter data intelligence chain [3] 

 

A fine–grained metering data collection is necessary to bring practical benefits to the 

multiple smart grid stakeholders in terms of efficiency and sustainability [3], [4]. Every 

stakeholder has a different objective from the other: suppliers, which are companies buying 

electricity from the wholesale market and selling it back to consumers in the retail market, 

want to lower the operational overheads associated with manual meter reading and enhance 

customer loyalty potentially. The transmission system and distribution networks operators 

are expecting to get benefited from a more flexible demand side to allow more low–carbon 

technology penetration. Governments are expecting the enhancements of energy efficiency 

in the end–use side, which are provided by smart meters, will help to reach the goals of 

binding carbon reduction. End–users are hoping to get benefited from the lower bills of 

Data Acquisition, Storage

and Transmission

Data Processing

and Analysis

Data Interpretation

and Application
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electricity as they become more aware of energy. With such expectations, it is no surprise 

that smart meters are experiencing a period of rapid growth.  

 

During peak hours, the local consumption of electricity is about 40% of the total 

residential sector consumption and more than a third of the total power demand [5]. 

Consumer awareness will help in predicting the demand and adapt future investments. 

Giving regular feedback on electricity usage is helpful for the end–users to have more 

details about their consumption of electricity which supports the measures for effective use 

of energy [5], [6], [3]. 

 

The classical data acquisition is time–invariant. The data is acquired at a Nyquist rate 

irrespective of its information rate and therefore results in the collection, transmission, 

processing, and analysis of a noticeably large amount of unnecessary data [7]. In this 

context, the event–driven sensing mechanism is used to achieve real–time data 

compression at the stage of data acquisition. In the next step, the original adaptive rate 

techniques are proposed for the data conditioning, segmentation, and extraction of features. 

It affirms a noteworthy compression and computational effectiveness of the designed 

solution compared to the traditional counterparts. 

 

The automatic identification of household appliances from their utilization of 

electricity signatures is getting concern nowadays. One of the applications would be a 

detailed electricity bill 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. Finally, 

another type of application might also emerge such as indirect elderly monitoring and 

intrusion detection. 

 

Identification of appliance type is a challenging task from a general point of view [4]. 

First, there are potential overlaps of a large number of types, such as laptops and tablets for 

instance. Second, there is a wide range of appliances diversity, which belongs to the same 

category due to their different working mechanism and technological changes, which exist 
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among products. Usually, the identification of appliances must ensure specific 

simplification ability without over fitting on a certain set of appliances. 

 

The following part of the report continues with the subsections of the introduction, 

which are the problem statement, the objective and lastly the importance and motivation of 

the research. Furthermore, the report is divided into four more main chapters, which are 

background and literature review, method of the research, results, discussion, and 

conclusion and future work. The method of the research chapter is furthermore divided into 

nine subsections, which are the hypothesis, the smart meter database, the signal 

reconstruction, the event–driven sensing, the event–driven segmentation, the features 

extraction, the classification techniques, the cross–validation and finally the evaluation 

measures. The results chapter is furthermore divided into five subsections as we have five 

case studies. 

 

1.2. Problem Statement 

The technological advancements have evolved the deployment of smart meters. A fine–

grained metering data collection and analysis is necessary to bring benefits to multiple 

smart grid stakeholders. The classical sensing and analysis mechanisms are time–invariant. 

Therefore, it results in the collection, transmission, and processing of a large amount of 

unnecessary data. This work employs the event–driven sensing and analysis approaches to 

achieve real–time data compression and processing effectiveness while securing a high 

classification accuracy. 

 

1.3. Objective 

The objective of this study is to contribute in realizing new energy efficiency services 

like enumerated consumption billing, effective load identification, dynamic load 

management for energy efficiency, etc. 

 



 19 

1.4. Importance and Motivation 

The extensive installations of smart meters allow an enormous amount of data collection 

with a wanted granularity [4]. Automatic data acquisition, transmission, processing and 

analysis are key factors behind the success of smart meters. In order to bring effective 

benefits to the multiple smart grid stakeholders, in terms of efficiency and sustainability, a 

fine–grained metering data collection is necessary [3], [4]. The classical data acquisition is 

of time invariant nature. The data is acquired at a Nyquist rate irrespective of its 

information rate and therefore results in the collection, transmission, processing and 

analysis of a noticeably large amount of unnecessary data [5]. In this framework, 

compressed sensing and analog–to–information conversion solutions have been devised 

[5]–[7]. Recently, the analog–to–information converters are gaining increased attention and 

showed their usefulness in many areas of application where complete reconstruction of the 

signal or full digital domain information extraction is needed [7]. Analog–to–information 

conversion had been used in many studies such as [8], where the authors proposed a new 

mechanism for analog–to–information conversion which allows sub–Nyquist to acquire and 

process Locally Fourier Sparse signals. As they are using random sampling, they designed 

and implemented a Random Analog to Digital Converter that restores important information 

about the wideband signals of Locally Fourier Sparse using few measures and the complexity 

of the computation is low [8]. 

 

In the aim of achieving a greener environment the employment of renewable energy 

sources is evolving. Among renewable energy sources solar photovoltaic panels and wind 

mills are the most frequently employed. However, none of these sources is a constant 

energy provider and their functionality varies according to the weather and seasonal 

conditions and geographical locations. The automatic load recognition techniques can 

contribute in an effective designing and dimensioning of the renewable energy sources. 

Additionally, a corresponding automatic load management can also be realized to optimize 

the usage and maintenance of the available energy resources. Furthermore, decision–

support can be provided for proficiently reducing the consumption bills. Also, an effective 

mapping of average consumer load forecasting, depending on the season and local social 
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activities and festivals could be realized as well for an effective supply–demand 

relationing.  

 

Due to the changes and advances in the Kingdom of Saudi Arabia in all fields and 

sectors, and from the perspective of 2030 vision and its goals of developing cities and 

ensuring high quality services [9], this study also contributes in realizing new smart–energy 

services such as[10], [11]: 

- 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.  

- Decision–Support for dynamic load management, for electricity billing efficiency. 

- Activity of Daily Living (ADL) Recognition: involving the recognition of activities 

that usually involve the use of appliances like; eating, bathing and sleeping.  

- Occupancy Detection: Information about the occupation of a place can be detected by 

the monitoring device to effect control on the appliances for applying energy saving 

measures.  

- User–Appliance Interaction: The knowledge of how many times the user interacts with 

the appliances is also useful in devising an appropriate load monitoring system. 

These are potential applications to be integrated in the coming smart cities in Saudi 

Arabia, like NEOM. 
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CHAPTER 2 

BACKGROUND AND LITERATURE REVIEW 

 

This chapter of the thesis reviews previously conducted studies on smart metering, smart 

meter data acquisition, features extraction and pattern recognition. 

 

2.1. Smart Metering 

Nowadays, the traditional grids of power are being replaced by the smart grids 

around the world [12]. Solar and wind are renewable energy sources which the smart grid 

include [12]. Smart grid allows the two–way of communication and exchanging of data 

between the electricity providers and end–users [12]. Smart meters are seen as the base of 

a future smart electricity grid. They are devices that monitor energy usage to the consumer 

for consumption reduction purposes [13]. In the residential area, these meters determine 

the consumption of power at fine granularities in real time and are being extensively 

deployed worldwide because of their significant advantages to the industry of electricity 

supply and its customers [5], [6], [14]. There are many smart metering applications such 

as quality of power and reliability monitoring, analysis, modelling and forecasting of loads, 

consumer energy management, and much more [15]. The following block diagram 

provided by the authors of [15] shows some examples of the applications and advantages 

of smart meters: 

 

 

 

 

 

 



 22 

 

Figure 2: Applications and advantages of smart meter [15] 

 

The following points represent the characteristics and advantages of smart metering 

mentioned in the above figure[15]: 

- Automatic collection, processing, transmitting, monitoring and usage of metering data. 

- Automatic meter control. 

- Two–way of communication 

- Gives accurate and up–to–the–minute consumption data to the related people and their 

systems, as well as the user of energy. 

- Provides help to the services which enhance the efficiency of energy for the 

consumption and system of energy. This includes the generating, transmitting, 

distributing of energy and in particular end–uses. 

 

The smart meter database represents the consumption data of typical home appliances 

provided by a smart meter. Many studies have been done using smart meter data, such as 

[16] and [17]. The authors of [16] addressed aggregated demand decomposition 

methodology which was based on submetering that is allowing smart meters measurements 

and Artificial Neural Network. The approach in general results in an estimate of the shares 

of various load classes and a combination of controllable and uncontrollable load within 

the overall expected load, with an implementation of forecast in different demand response 

systems [16]. Figure 3 shows their load disaggregation flow chart. It represents the demand 

decomposition technique in the system of smart meter with just few consumers who have 
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the ability to monitor each appliance they have, as a relatively practical situation for the 

potential smart distribution grid. The authors of  [16] had made two assumptions in this 

regard: 

1) The real power of each appliance can be recorded in the smart meters, whereas 

reactive load is extracted based on probabilities[16]. 

2) Total consumption(actual and reactive power) is already estimated in the substation 

which is in block 5 [16]. 

In block 1, the smart meter data is being preprocessed and collected at a concentrator 

stage [16]. In block 2, the section of the consumption that is sub–metered can be broken 

down into groups or manageable and unmanageable load by directly adding up the 

consumption of the devices which belong to the same group [16]. In the following stage, 

this sub–metric data trains the Artificial Neural Network (ANN) classifier, so that it gets 

the ability to identify the load classification using the active and reactive load graph of the 

controlled consumers [16]. When the ANN is trained, in block 4, the ANN utilizes the 

prediction of the total active and reactive loads at the concentrator stage in block 5 as input, 

and then provides the associated load classification, that is the weighting factors of each 

load group as output in block 6 [16]. 

 

 

Figure 3: Flow chart for load disaggregation [16] 
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2.2. Smart Meter Data Acquisition 

In [17], the researchers presented a three–phase model that was beneficial for the 

suppliers of electricity because of its demand management flexibility and energy control 

effectiveness. Their model was a hybrid machine learning model that included 

unsupervised clustering and supervised classification [17]. It was able to classify the 

consumers of electricity, recognizing their characteristics of consumption, and identifying 

recent customers [17]. In the presented model, to perform load pattern clustering and 

characteristic recognition, all load patterns obtained from the extraction of load patterns 

are used in customer categorization [17]. 

 

There are main steps to do the automatic load recognition, which are data 

acquisition, data processing, features extraction, and finally the classification. In [18], the 

researchers did a review on the technologies used to collect the data from the smart meters. 

The following table summarizes the studies that the authors mentioned in their research 

[18]:  

 

Table 1: Technologies used for smart meter data acquisition [18] 

Description of the Technology Proposed  Study 

Authors proposed a data acquisition scheme for electric meters integrating 

the carrier of the power line with the technology of wireless communication. 
[19] 

Researchers suggested a channel cognition–based power line carrier 

network that can automatically detect and scan for the optimum frequency 

band to ensure system reliability. 

[20] 

Researchers proposed a modulation scheme for forward error correction 

depending on the orthogonal frequency division multiplexing power line 

carrier, thus enhancing the interference and impulse noise of high–speed 

narrow band data transmission as well as other issues associated. 

[21] 

Designed an infrared–based smart meter reader circuit to extend the contact 

distance for infrared collection of data. 
[22] 

The metering reading system integrating the ZigBee technology with the 

infrared communication method was researched by the authors of this paper. 
[23] 
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The authors of this paper proposed a Radio Frequency Identification (RFID) 

smart electricity meter which is based on the known smart electricity meter 

and is also equipped with a RFID data communication unit to transmit 

multiple smart electricity meter data via a wireless high–frequency signal. 

[18] 

 

The metering data is processed and analyzed to extract its pertinent features. In [24] and 

[25], authors have defined the process of features extraction. It is the process of establishing 

a set of features that can, most meaningfully, represent the information that is important 

for analysis and classification. There are many techniques for features extraction of 

appliances consumption patterns like Short–Time Fourier Transform (STFT), wavelet 

transform, and K–means algorithm. Besides, the power factor (PF) and the harmonic 

distortion in the consumption pattern can also be used to identify loads [26], [27], [28]. The 

extracted features are peak values, average values, Root Mean Square (RMS) values of the 

consumption and its harmonics. 

 

2.3. Features Extraction 

Feature selection techniques can be classified into two categories; classical techniques, 

and biologically oriented techniques as the authors of [29] had divided them. The classical 

techniques are represented in statistics or syntactic nature, and the biologically oriented 

techniques can be represented in a neural or genetic–based algorithm [29]. A feature is a 

pattern with reduced–dimension representation [29]. To lower the pattern representation 

dimensions, feature selection and extraction in pattern recognition depends on obtaining 

mathematical techniques [29]. To achieve the reduction of dimensions, either feature 

selection is performed or feature extraction [29]. Some factors can be affected by the choice 

of features, attributes, or measurements [29]. One is the class satisfaction accuracy, second 

is the classification required time, third is the required number of examples for learning, 

and the last is classification performing price [29]. For a feature to be good, it needs to 

meet two conditions, one should not change if any differences happen within a class [29]. 

The second is that it should show the significant differences when distinguishing between 

patterns of different classes [29]. There are many features extraction methods such as non–

transformed signal characteristics, transformed signal characteristics, structural descriptors 
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etc., and the following figure shows the main features extraction methods that were 

mentioned in [29]: 

 

Figure 4: Different methods of features extraction 

 

2.4. Pattern Recognition 

The process of recognizing patterns through the utilization of machine learning 

algorithms is known as pattern recognition as the authors of [30] has defined it. The 

definition of pattern recognition is said to be the categorization of the data depending on 

the gained information or on statistical data which are obtained from patterns [30]. The 

potential application of pattern recognition is considered as one of the significant features 

of pattern recognition [30]. The classical pattern recognition application firstly processes 

the raw data and then converts it to a format that a machine can utilize [30]. There are two 

things included under pattern recognition, which are classification and cluster [30]. In [29], 

a table that provides a summary of the standard approaches in pattern recognition was 

presented: 
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Table 2: Standard approaches in pattern recognition [29] 

Measured Features 
Transformation of 

features 
Structural features 

Amplitude Polynomials Peaks 

Bias Harmonic analysis Derivatives 

Duration Fourier transform Lines 

Phase Wavelet transform Edges 

Energy  Haar transform LPS coefficients 

Moments Karhunen–Loeve transform Parametric models 

Singular values   

Karhunen–Loeve   

Eigenvalues   

   

Feature Selection Classifiers Clustering methods 

Discriminant analysis Euclidian distance Isodata algorithm 

Chernoff bound Mahalanobis distance Fisher’s linear 

Bhattacharya 
Linear discriminant 

functions  
Discriminant  

Divergence Bayesian linear classifier Parsing  

Exhaustive search Maximum likelihood  

Dynamic programming Production rules  

 Density functions  

 Parzen estimator  

 K–NN algorithm,  

 Histogram  

 

A method used to assign a description of a class to any given point in the feature space 

is called a classifier as the authors of [31] had defined it. Many classification methods can 

be used such as K–nearest neighbor (K–NN), support vector machine, artificial neural 

network, rotation forest, random forest, Naïve Bayes, and many more.  
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K–Nearest Neighbor is a classification algorithm in which objects are classified 

depending on the nearest training examples in the feature space[32]. K–NN is considered 

as one of the easiest algorithms in machine learning [32]. For classifying an object, K–NN 

uses the most common one of its neighbors and then the object is assigned to the 

class(which represents the majority vote of its neighbors) [32].  

 

The Support Vector Machine (SVM) is a classification method that constructs a 

hyperplane with N–dimensions which divides the data optimally into two groups [32]. For 

dividing the nonlinear data, the support vector machine is considered as an efficient 

algorithm as it finds an optimal hyperplane [32].  

 

Artificial Neural Network (ANN) is a number of grouped neurons linked network [32]. 

The natural neurons which are in the human brain are considered as an inspiration for an 

artificial neuron to be a computational model [32]. When designing artificial neurons, the 

complexity is being absent unlike the natural neuron [32].  

 

Naïve Bayes is a simple, statistical classification technique that is Bayes’ theorem–

based method. It predicts the probability of a certain sample that belongs to a specific class 

[32]. One of the advantages of this classification method is that it only asks for a small 

quantity of training data to predict the parameters such as, means and variances of the 

variables that are required in the classification [32].  

 

The random forest classifier is a common implementation method that uses a bagging 

approach with a base classifier (which is a random tree) [31]. Bagging is a typical method 

in pattern recognition and machine learning which takes random bootstrap samples and 

makes a classifier for each sample [31].  

 

The device pattern recognition is performed by using the extracted features. In [25], 

authors have defined pattern recognition as a study of how machines can observe, learn to 

distinguish, and make reasonable decisions about the pattern categories. In [26], authors 

have used pattern recognition for load disaggregation. The principle is to get the particular 



 29 

data of the appliance without intrusion. The device database includes load characteristics, 

used to perform the identification [26]. In [27], the authors used pattern recognition for 

leveraging smart meter data to disaggregate the total consumption of electricity. The 

pattern recognition is based on the classification. A method used to assign a description of 

a class to any given point in the feature space is called a classifier [25].  

 

In [33], the authors proposed a fast approach for electrical appliances recognition based 

on analyzing the signatures of smart home load. These signatures are defined by active and 

reactive power and Fast Fourier Transform of the signals of current [33]. The recognition 

algorithm they used to extract a decision tree was C4.5 [33]. One of the advantages of their 

approach was the automated decision tree generation which enables the rapid deployment 

of the detection algorithm irrespective of the smart home [33]. They tested thirteen 

appliances, which were; toaster, electric kettle, two different stove burners, microwave, 

vacuum, oven, coffee maker, blender, two different dryers with different modes, range hoof 

fan, and mixer. The classification rate achieved was 93.4397% of true positive [33]. 

 

The authors of [27] had proposed an approach of automatically identifying the devices 

according to the distributed power measurement and actuation units. They had two 

contributions to their paper. One is introducing their trace–base repository of actual power 

consumption traces, and the other is evaluating the electrical appliances' automatic 

recognition based on the traces collected [27]. They extracted 517 features from the traces 

collected to prepare them for classifier training [27]. They used different classification 

algorithms such as; bagging, Bayesian network, naïve Bayes, random committee, etc. The 

highest classification accuracy they got was 95.5% for the Random Committee classifier 

[27]. Figure 5 shows the architecture of their system. 
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Figure 5: The system of appliance identification [27] 

  

Authors have presented an informal analysis of the original method of pattern 

recognition in [34], they maintained the rate of sampling at 16 seconds per appliance. The 

authors of this paper introduced a computer program in the C programming language for 

total power consumption nonintrusive disaggregation [34]. Sampling and evaluation are 

the modes of the computer program. The operating features of each appliance can be 

extracted from the collected data in the sampling mode by placing at least one current 

sensor for each appliance [34]. In the evaluation mode, to disaggregate the total energy 

consumption, the analysis of the electric signal is done, and only the main electric house 

entrance is monitored [34]. More than 90% is the accuracy that their results recorded in 

approximating the energy consumption of three major appliances which are fridge, 

baseboard heater, and water heater [34]. To recognize ON and OFF operations, the program 

identifies the real power changes with further feature filtering. To check the consistency of 

the identified appliances, the statistic of the duration that are collected throughout the 

training period will be used [34]. Thus, it is possible to distinguish various durations of two 

end uses with the same power draw and reconstruct the unintended ON signal that has 

vanished [34]. This strategy, however, also requires extensive learning[35]. Due to the need 

to develop appliance–specific decision rules, the application for consumer electronics 

devices is difficult[35]. 

 

In [36], using intrusive load monitoring (ILM), the authors discussed the use of 

Hidden Markov Models (HMMs) for recognition of the appliance. The authors also 
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presented a comparison between stateless modeling based on Gaussian Mixture Models 

(GMMs) and state–based modeling using HMMs.  They used the ACS–F1 database in their 

experiments. This database contains ten different types of electrical appliances signatures 

which are recorded at a low frequency of sampling [36]. These types are; coffee machine, 

computer workstation with monitor, fridge and freezer, Hi–Fi system, lamp, laptop, 

microwave, mobile phone, printer, and TV [36]. Each type has ten different brands [36]. 

ACS–F1 database had specified two evaluation protocols that allow groups to compare 

their results [36]. Two approaches were used in this paper, which are maximum log–

likelihood (HMML) and heuristic (HMMH). Their results showed that GMM had better 

performance than HMML, whereas HMMH had exceeded the GMM. 

 

Hidden Markov Models (HMMs) were comprehensively described and 

demonstrated in [37]. In[37], HMMs were defined as models in which the observation–

generating distribution depends on the state of the Markov underlying and unidentified 

procedure. They offer flexible, common goal time series models, particularly for univariate 

and multivariate series, such as categorical and counting series [37]. HMMs have been used 

in the applications of signal processing for more than thirty years, specifically in the area 

of automatic recognition of speech, but attraction to their theory and its application had 

also spread to other areas, such as all types of recognition, bioinformatics, environment, 

finance, biophysics and ecology [37]. 

 

In [38], authors explained the Gaussian Mixture Models (GMMs). They have 

defined GMMs as functions of parametric probabilities which can be expressed as a 

weighted sum of densities of Gaussian components [38]. A Gaussian Mixture Model 

(GMM) is a function of parametric probability density expressed as a weighted sum of 

densities of Gaussian components [38]. GMMs are frequently used as a parametric model 

for the distribution of probability of continuous measurements or characteristics in a 

biometric system, such as spoken–tract associated spectral characteristics in a speaker 

recognition[38]. GMM coefficients are determined from training samples through using 

repetitive Expectation–Maximization (EM) method or Maximum A Posteriori (MAP) 

approximation from a well–trained previous model [38]. GMMs have been used in 
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biometric systems, particularly in the recognition of speech, because of its capability to 

recognize a large class of sample distributions [38]. One of the important characteristics of 

the GMM is its ability to develop smooth estimations of arbitrary densities [38].  
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CHAPTER 3 

METHOD OF RESEARCH 

 

3.1 The Hypothesis 

The proposed study will contribute in the design and development of efficient systems 

for the dynamic load management, billing cost effectiveness, automatic detailed bills 

generation, etc. The system could be used in a variety of applications like remote micro 

grids, hybrid and electric vehicles, drones, etc. The devised approach is well aligned with 

the 2030 vision of Saudi Arabia and can be well integrated in the NEOM city smart 

metering system. The solution has a potential and it could be commercialized in 

collaboration with the authorities and the industrial partners in Saudi Arabia. 

 

The following block diagram in Figure 6 shows the principle of the proposed system.  

 

 

Figure 6: The block diagram of the system proposed 6 

 

The following subsections describe the different modules of the system. 

 

3.2 The Smart Meter Database 

The database used in this study is ACS–F2. The Appliance Consumption Signature– 

Fribourg 2 (ACS–F2) is the second edition of a collection of signatures of electric 

consumption obtained from electrical appliances in Fribourg, Switzerland, and it is freely 

viewable and accessible on the website: (https://icosys.ch/acs-f2) [39]. ACS–F2 is the 

extension of the ACS–F1 database. The researchers of [39] had increased the number of 

categories from 10 appliances’ categories in the first edition (ACS–F1) to 15 appliances’ 

https://icosys.ch/acs-f2
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categories in the second edition (ACS–F2). The signals of the electric consumption were 

measured using low–end smart plugs. 

ACS–F2 contains the electricity consumption parameters of fifteen different categories 

of major home appliances [39]. These fifteen categories represents the most common and 

continuously used devices in a home or an office [39]. These categories include coffee 

machines, computer stations, fans, fridges and freezers, hi–fi systems, kettles, compact 

fluorescent lamps, incandescent lamps, laptops, microwave ovens, mobile phones, 

monitors, printers, shavers, and televisions. Each category of them has fifteen different 

appliances from different brands. The database is composed of 225 appliances consumption 

parameters. Two acquisition sessions of one hour are carried out for each appliance [39]. 

The electric consumption parameters recorded are clearly shown in Figure 7. These 

parameters include real power, reactive power, RMS current, RMS voltage, frequency, and 

phase of voltage relative to current. These are acquired at the sampling rate of 0.1 Hz. The 

recordings are made in a disaggregated fashion. The electric consumption signature of one 

appliance is registered at a time with Plogg smart meter, designed by Energy Optimizers 

Limited [40]. 

 

 

Figure 7: The consumption parameters provided in the database. 
 

Seven categories of appliances are considered for all the studied cases. It includes kettles, 

fridges and freezers, microwave ovens, fans, monitors, televisions and coffee machines. 

For each intended device, we are focusing on the instantaneous real power consumption 

and the instantaneous RMS current. The following diagram in Figure 8 describes the 

different categories of appliances considered in this study. 
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Figure 8: Categories of appliances considered 

 

There are different appliances from different brands for each category considered as 

shown in Figure 8. The different brands of Kettles for example, include Braun, Grundig, 

Intertronic, Mio Star, Philips, Primotecq, Proline, Rotel, Siemens and Tefal. The different 

brands of fridges and freezers are Ariston, Bauknecht, Bosch, Fagor, Incontro, Lentek, 

Smeg, Zanussi, Primotecq, AEG, Siemens, Miele, FUST Novamatic, FUST 

PrimotecqandFrigelux. The Microwave ovens brands include Electrolux, Haier, 

Intertronic, Koenig, Mio Star, Ok, Samsung, Siemens, Trisa, Severin, Rotel and Durabase. 

The various brands of fans are Bimar, Cat, Ferrari, Daewoo, Honeywell, Howell, 

Intertronik, Kendo, Nikkei, Orieme, Rodeo, Trisa, Valex and Win Global. The monitors 

brands are Acer, Dell, HP, Philips, Samsung and Sun. The different brands of Televisions 

are Humax, LG, My TV, Panasonic, Philips, Samsung, Sony and Toshiba. Lastly, the 

brands of coffee machines include Koening, Dolce Gusto, Lavazza, Nespresso, Rotel, 

Super Matik, Mio Star, Koenig, and Jura. 

 

3.3 The Signal Reconstruction 

The reconstruction process of the signal is the opposite of the sampling process, which 

is also known as interpolation [41]. The sampling is a process that analyzes the value of 
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the continuous–time signal at uniformly distributes points in time to generate a discrete–

time signal from a continuous–time signal [41]. The reconstruction process is the process 

of producing a continuous–time signal that goes along with the points of the discrete–time 

signal (i.e. it simply takes a group of samples and converts them back to a continuous 

function) [41], [42]. For a signal to be reconstructed, the frequency of the analog signal 

must be less than the Nyquist frequency, 
𝑓𝑠

2
. The first step to understand the reconstruction 

process is to generate a train of continuous–time impulse from a sampled signal, which can 

be represented mathematically as follows: 

 

𝒙𝒊𝒎𝒑(𝒕) =  ∑ 𝒙𝒔
∞
𝒏=−∞ (𝒏) 𝜹(𝒕 − 𝒏𝑻𝒔).                                                                            (1) 

 

where 𝑥𝑠 is the sampled signal, and 𝑇𝑠 is the sampling period which is the inverse of the 

sampling frequency, 
1

𝑓𝑠
. An anti–imaging filter with specific conditions is then applied to 

generate an output signal �̃�. The result of the construction process is as follows: 

 

�̃�(𝒕) = ∑ 𝒙𝒔
∞
𝒏=−∞ (𝒏)𝒈(𝒕 − 𝒏𝑻𝒔).        (2) 

 

The considered consumption parameters waveforms are up–sampled with a factor of 

10000. It is performed to evaluate the event–driven sensing module. The up–sampling is 

realized by using an assembly of four cascaded cubic–spline interpolators and anti–imaging 

filters. After up–sampling, the incoming signal 𝑦(𝑡𝑛)  is converted into its quasi analog 

version �̃�(𝑡). The relationship between 𝑦(𝑡𝑛) and �̃�(𝑡) can be mathematically presented by 

using Equation (3). Where U is the up–sampling factor.  

 

�̃�(𝒕) = 𝒚(𝒕𝒏

𝑼
).           (3) 

 

The block diagram in the figure below summarizes the reconstruction process: 
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Figure 9: The process of signal reconstruction 

3.4 The Event–Driven Sensing (EDS) 

The Analog to Digital Converter (ADC) is required in contemporary smart meters. The 

classical ADCs are based on Nyquist's theory of sampling and processing[43]. The design 

parameters of the traditional ADCs are thus selected for the most unfavorable case [43]. In 

this way, in the case of arbitrary signals such as consumption parameters of the equipment, 

such ADCs are not effective [44], [45], [46], [47]. The event–driven ADCs (EDADCs) are 

used in this context [48], [28]. They are based on the event–driven sensing (EDS) and can 

change their sampling frequency depending on incoming signal disparities [46], [47]. The 

event–driven sensing is a part of the sampling class that presents the indirect non–uniformity 

in the process of sampling [46], [47]. In this case, there is a lack of a priori knowledge of the 

sampling instants, which is unlike other non–uniform sampling techniques [46], [47]. A 

sample is taken just after the input band–limited analog signal �̃�(𝑡) crosses one of the 

predefined thresholds as it is clearly show in Figure 10. Therefore, samples are non–

uniformly divided in time. The frequency of the taken samples is dependent on the 

�̃�(𝑡)variations [46], [47]. The levels set is selected in a manner that it exceeds the spectrum 

of the analog signal amplitude Δ𝑥(𝑡) [46], [47]. Figure 10 illustrates the option of dividing 

the thresholds equally. The space between every two thresholds is known as quantum, q. 

Thresholds can also be divided in a logarithmic way, or any other way. In addition, the 

realization of the thresholds can be done in a time–varying manner [46], [47]. 

 

The process can be mathematically expressed by using Equation (4). Where, 𝑑𝑡𝑛 is the 

time distance between the current sampling instance, 𝑡𝑛 , and the previous sampling 

instance, 𝑡𝑛−1. In the case of EDS, each sample is represented by a pair of, (𝑥𝑛, 𝑡𝑛), an 
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amplitude 𝑥𝑛 and a time 𝑡𝑛. 𝑥𝑛 is equivalent to one of the predefined thresholds and 𝑡𝑛 is 

clearly described by the Equation (4). 

 

𝒕𝒏 =  𝒕𝒏−𝟏 + 𝒅𝒕𝒏.         (4) 

 

 

Figure 10: Event–driven sensing [45] 

 

The EDADC only acquires the related information while the rest of the signal is 

overlooked. Hence, a noticeable real–time reduction, compression gain, is attained in the 

acquired number of samples in comparison with the traditional counterparts. It further adds 

in the post–processing activity reduction and the system processing and power consumption 

efficiency [44], [45], [46], [47]. 

 

3.5 The Event–Driven Segmentation 

The segmentation is the process of dividing the signal into several fixed–length 

windows, and this is also known as windowing process [43]. It allows analyzing and 
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effectively extracting the pertinent parameters of the incoming signal. The below block 

diagram in Figure 11 demonstrates the classical windowing process. 

 

 

Figure 11: The sequence of the classical windowing process 

 

The output of EDS is non–uniformly placed in time. Therefore, it cannot be 

segmented by using the traditional windowing algorithms [43], [44], [45]. A novel Activity 

Selection Algorithm (ASA) is used in this framework [44], [45]. It segments the output of 

the EDADC in variable–length windows. The idea is to use the non–uniformity of the 

sampling method, which provides information about the local signal parameters, to choose 

only the signal related parts. In addition, each chosen signal part characteristics are being 

analyzed in order to extract its local features. Such extracted features can be later used to 

adjust the proposed method features and operation, leading to an efficient result comparing 

with the conventional counterparts. This method of selection and extraction of local 

parameters is known as the activity selection. The process of activity selection is 

demonstrated in Figure 12 below. The ASA is performed by utilizing the sampling non–

uniformity, and it conserves the useful information, like consecutive sampling instants 

repartitioning, count of samples, etc. [47]. The Event–Driven Analog to Digital Converter 

(EDADC) provides the nonuniform data to the ASA which selects the relevant parts. 

Within the whole length of the signal, a series of selected windows would be defined [45]. 

To lower the system processing activity and therefore lowering the consumption of the 

power, activity selection is highly significant [45]. Comparing to the classical method, one 

of the reasons for the computational gain obtained by the proposed method is that during 

the inactive parts of the signal, there is no processing carried out [45]. It allows the post 

adaptive rate features extraction and results in the extraction of pertinent classifiable 

features in the time domain. 
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Figure 12: The block diagram of the activity selection algorithm process 

 

The activity selection ability is highly significant in order to reduce the proposed 

system processing activity and therefore reducing its consumption of power. The definition 

of ASA is as follows: 

 

 

 

 

 

 

 

𝑑𝑡𝑛 here is given by Equation 4. 𝑇0 is the bandlimited signal 𝑥(𝑡) fundamental period 

and it is equal to the reciprocal of 𝑓𝑚𝑖𝑛. The active parts of the non–uniformly sampled 

signal are detected by 𝑇0 and 𝑑𝑡𝑛. 𝑥(𝑡) is considered as an inactive signal if the calculated 

time delay is greater than half of the fundamental period (𝑑𝑡𝑛 >
𝑇0

2⁄ ). To ensure the 

Nyquist sampling principle for 𝑓𝑚𝑖𝑛, the time delay is chosen to be less than or equal to 

half of the fundamental period (𝑑𝑡𝑛 ≤  
𝑇0

2⁄ ). 

 

𝐿𝑟𝑒𝑓 is the window length reference and it is measured in seconds. This reference is 

chosen based on two things, one is the characteristics of the input signal, and the other is 

the resources of the system. The 𝐿𝑟𝑒𝑓 is bounded by two limits, which are the upper limit 

and the lower limit. The upper limit on 𝐿𝑟𝑒𝑓 is demonstrated by the maximum number of 

𝑤ℎ𝑖𝑙𝑒 (𝑑𝑡𝑛 ≤  
𝑇0

2⁄  𝑎𝑛𝑑 𝐿𝑖  ≤  𝐿𝑟𝑒𝑓) 

𝐿𝑖 =  𝐿𝑖 + 𝑑𝑡𝑛; 

𝑁𝑖 =  𝑁𝑖 + 1; 

𝑒𝑛𝑑 
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samples that can be processed by the system at once. Whereas the lower limit on the other 

hand is demonstrated by the rule that the window length reference is greater than or equal 

to the fundamental time period (𝐿𝑟𝑒𝑓 ≥ 𝑇0), which should be taken into account so that a 

proper spectral representation is obtained. 

 

𝑊𝑖 is the 𝑖𝑡ℎ chosen window, and its length 𝐿𝑖 is measured in seconds. The upper limit 

on 𝐿𝑖  is represented by 𝐿𝑟𝑒𝑓 . The number of non–uniform samples placed in 𝑊𝑖  is 

represented by 𝑁𝑖, which is located on the 𝑗𝑡ℎ active part of the non–uniformly sampled 

signal. Here, 𝑖 as well as 𝑗 are both part of the set of natural numbers, ℕ∗. The activity of 

the 𝑗𝑡ℎ signal can be longer than 𝐿𝑟𝑒𝑓. In this situation, it is broken down into more than 

one chosen windows. For each chosen window, the above explained loop is repeated, which 

happens during 𝑥(𝑡) observation length. 𝑖 gets incremented every time before beginning 

the next loop, and 𝑁𝑖 and 𝑇𝑖 are initialized to zero. The following mathematical expression 

describes the calculation of the maximum number of samples, 𝑁𝑚𝑎𝑥, that can be located 

within a selected 𝐿𝑟𝑒𝑓. 

 

𝑵𝒎𝒂𝒙 =  𝑳𝒓𝒆𝒇  ×  𝑭𝒔𝒎𝒂𝒙        (5) 

 

The ASA also shows some interesting features that are not available in the traditional 

windowing process. One of these features is the ability to extract the value of the sampling 

frequency for each window selected. Since the sampling frequency of the EDADC for a 

given M is associated to the local variations of 𝑥(𝑡), each selected window obtained with 

ASA can therefore have a specific sampling frequency. The ASA's other common features 

are that it can choose only the related parts of the sampled signal for level crossing. It can 

also compare the chosen length of the window with the activity of the signal it contains. 

 

In the traditional case, the process of windowing cannot choose only the sampled signal’s 

important parts. In addition, the length of the window stays constant and cannot be adjusted 

based on the activity of the input signal it contains. Therefore, if in the classical case the 

sampling frequency is selected to be greater than the Nyquist frequency (𝐹𝑠 > 𝐹𝑁𝑦𝑞) to 



 42 

satisfy the condition of the Nyquist sampling, then the entire period of 𝑥(𝑡) will be sampled 

at 𝐹𝑠, neglecting the time variations of the 𝑥(𝑡). More than the related information part in 

𝑥(𝑡)  would be processed because of the nature of time invariant that the traditional 

sampling and windowing operations have. 

 

3.6 The Features Extraction 

The features to be classified are mined from each segment. Because of the event–driven 

acquisition and, the segments allow extracting important information about the signal 

frequency content in time–domain [49]. Therefore, in contrast to alternative solutions, 

based on frequency or time–frequency based analysis, the employed features extraction 

mechanism does not require the computationally complex frequency domain 

transformation and analysis operations [43]. The pertinent classifiable features are 

extracted by using the non–uniform data in the time–domain. 

 

For each intended appliance, instantaneous real power consumption and instantaneous 

RMS current are considered. Each parameter waveform is reconstructed, acquired with the 

EDADC and segmented with the ASA. Afterward, four different features are extracted for 

each segment. Let 𝑖  is indexing the ith  selected segment Wi . Then 𝐶𝑖 , Δ𝐴𝑖 , 𝐴𝑚𝑎𝑥
𝑖 , and 

𝑑𝑡𝑚𝑒𝑎𝑛
𝑖  are respectively the extracted number of threshold crossings, the peak–to–peak 

amplitude, the maximum amplitude and the average sampling step for 𝑊𝑖 . Along with 

these extracted features from each segment, we are also considering the sampled version 

of the incoming instance either real power instance or RMS current instance, which is 

sampled using EDADC, 𝑥𝑛 , and we are also using the first derivative of the sampled 

version of the instances, 𝐷𝑥𝑛. The sampled version of the incoming instances, their first 

derivatives and the features extracted are being used in order to enhance and improve the 

accuracy of the system. The following figure shows the process of features extraction for 

real power instance and RMS current instance. 
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Figure 13: The process of features extraction common to both real power and RMS current 

instances. 

3.7 The Classification Techniques 

The extracted features are used for the recognition of intended appliances. The k–Nearest 

Neighbor (K–NN), the Support Vector Machine (SVM), Artificial Neural Network (ANN) 

and Naïve Bayes classification methods are used in this framework. 

 

3.7.1 K–Nearest Neighbor (K–NN) 

The K–NN is regarded as easy but powerful classifier and its ability of delivering high 

quality results even for applications which are known of their complexity [50]. It depends 

on the nearest feature space training examples [25]. It classifies the concerned object 

according to its majority vote by its neighbors [25]. In a data set, the features’ distance is 

used by K–NN to decide which data belongs to what class. When the distance in the data 

is near, a group is formed, and when the distance in the data is far, other groups are formed. 

A category membership might be the output of the K–NN classifier. The categorization of 

an object is done through the majority vote by its neighbors, the object being assigned to 

the most common classification among its k nearest neighbors ( k could generally be a 

small positive whole number). The object is assigned solely to the nearest neighbor’s single 

classification if the k equals one [50]. The following figure represents the main steps of K–

NN classification technique. 
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Figure 14: The process of K–NN classification technique 

 

3.7.2 Support Vector Machine ( SVM ) 

The Support Vector Machine (SVM) classification technique is known for processing 

data full of features. Among all significant machine learning techniques, SVM is one of 

the most accurate and robust algorithm. In a mission of two–class learning, SVM’s 

objective is to determine in the training data the best grouping capacity to identify 

individuals from both classes. 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.  SVM builds a hyperplane with N–dimension, which divides the information 

into two optimal groups [25]. It is extensively used to evaluate and learn from initial data, 

and then use it for classification and regression analysis, in a group of associated supervised 

learning techniques [25]. The standard SVM is a double class SVM. It takes input data 

from the two different possible classes and predicts the possibility for each class, making 

it a non–likely binary linear classifier among the two possible classes [25]. Given the 

collection of training samples in each class, the SVM learning algorithm constructs a model 

that takes new instances in one category or another [25]. The SVM classifiers are also used 
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in the multi–class classification in which the classifiable data can belong to any class [25]. 

SVM provides the best capacity of speculation, and that is the purpose behind the SVM 

requiring seeking the greatest margin hyperplanes. 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). The following figure represents a description of the SVM classifier. 
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Figure 15: SVM classifier description 

 

3.7.3 Artificial Neural Network ( ANN ) 

Processing data full of features is what ANN classification method known for [50]. ANN 

is a model of neural network which is the part of artificial intelligence. Instead of 

programming the procedure system to do a certain number of tasks, this classification 

method teaches the system to perform tasks [26]. Artificial Intelligence System (AI) is 

developed to execute these tasks. It is a useful model that can understand the patterns 

hidden in the data that duplicate useful information fast and accurately. Neural networks 

are one case of these AI models. AI systems should be constantly discovered from 

knowledge [50]. The most available approaches are the artificial intelligence techniques in 

the fields of evaluation in relationships with dissimilar information. A man–made neural 

network consists of several artificial neurons that, according to requirements, are 

correlative together. The neural network's goal is to turn the inputs into critical outputs [4]. 

The teaching mode may be monitored or not controlled. In the presence of noise, neural 

networks learn. The neural network can be simply demonstrated as shown in Figure 16. 
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The main steps of the ANN classification technique is clearly described in the following 

Figure 17.  

 

 

 

Figure 16: The neural network 

 

 

Figure 17: ANN classifier main steps 
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3.7.4 Naïve Bayes 

The Naïve Bayes classification method is used. Naïve Bayes can be described as a 

short version of the Bayes theorem [5]. It functions in a way that the probability of one 

attribute is not affected by the probability of another attribute. It develops independent 

assumptions of 2Q for a series of Q attributes. Authors of [16] examined some of the Naïve 

Bayes classification method key performance criteria. They concluded that the classifier 

accuracy is a function of training data noise, bias, and variability. Only by choosing good 

training data, the noise can be reduced. Bias is the error that is caused by very large 

groupings in the training data. Variance is the error caused by the fact that these groupings 

are too small. The main steps of the Naïve Bayes classification techniques are described in 

the following figure. 

 

 

Figure 18: The main steps of the Naïve Bayes Classifier 

 

3.8 The Cross–Validation 

Cross–validation is a widely applicable and extremely useful tool in machine learning 

for several tasks, like accuracy evaluation, feature selection, or parameter adjustment [51]. 
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It is used in a variety of machine learning techniques, like learning based on examples, 

artificial neural network or induction of decision tree [51]. Cross–validation is one of the 

most commonly used techniques of data resampling to determine a predictive model's 

ability to generalize and to avoid overfitting [52]. Normally the learning function (or 

learning algorithm) f is performed for the whole learning collection to construct the final 

model for predicting real future cases [52]. Cross–validation cannot be applied on the final 

model [52]. In the model building phase, the aim of the cross–validation is to provide an 

approximation for the performance of this final model on new data[52].Selection of 

features is usually an important part of the process of building a model. It is important here 

that predictive features are chosen using only the training set, not the whole learning set; 

otherwise the predictive error calculation can be highly biased [52]. Suppose predictive 

features are first selected based on the whole learning set, and the learning set is then split 

into validation sets and training sets. It implies that the data from the validation sets has 

been used for predictive feature selection [52].But the data in the validation sets work only 

to validate the model – it is not supposed to use those same data in any other way; 

otherwise, the information leakage will lead the estimation to be biased downwards, which 

means it underestimates the true prediction error [52]. Cross–validation is often used to 

fine–tune the parameters of a model, for instance, the optimum number of nearest 

neighbors in a k–nearest neighbor classification method [52]. For different values of the 

tuning parameter, cross–validation is performed multiple times, and the parameter that 

reduces the cross–validated error is then used to construct the final model [52].Cross–

validation thus solves the issue of overfitting [52]. 

 

For cross–validation, the data is separated into two sub–samples, an 𝑛 − 𝑣  size 

calibration sample, and a 𝑣  size validation sample [53]. The first sample is used to 

approximate the pattern, the second is used to estimate the predicted variance [53]. Model 

selection cross–validation techniques use a small 𝑣, usually 𝑣 = 1, but the above steps are 

repeated for all attainable sub–division of the sample data into two sub–samples of the 

appropriate sizes [53]. The cross–validation principle is the average of the projected 

predicted differences over these repetitions [53].This technique is known as one–item out 

cross–validation if 𝑣 = 1 [53]. The corresponding cross–validation principle is in many 
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situations simple and direct to measure and is an estimator of the estimated difference for 

a sample of size 𝑛 − 𝑣 [53]. 

 

There are many techniques which are used for estimating the error of the 

classification, and one of these techniques and the most common used one is the K–fold 

cross validation. In this technique, the set of data is split into k–folds, the training of the 

classifier is done using 𝑘 − 1 folds, and the value of error is determined by using the 

remaining fold to test the classifier [54]. In the end, the value of the average of the errors 

dedicated in each fold is the k–cross validation error estimation [54]. Therefore, there are 

two elements which k–cross validation error estimation technique depends on; the training 

set and the partition into folds. The following figure demonstrates the process of k–fold 

cross–validation. 

 

 

Figure 19: A description of k–fold cross–validation process 
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3.9 The Evaluation Measures 

3.7.1 Compression gain 

In classical sensing, the incoming analog signal is acquired at a fixed rate. Therefore, the 

total number of samples, acquired for a considered time length, 𝐿𝑇, is straight forward to 

compute. Let 𝐹𝑟𝑒𝑓 be the selected sampling frequency for the acquisition of the smart–

meter data. Then, the sampling step, the distance between two consecutive sampling 

instants, 𝑇𝑟𝑒𝑓 =  
1

𝐹𝑟𝑒𝑓
, is unique in this case. Therefore, the acquired number of samples, N, 

for the considered time length, LT, can be calculated by using Equation (6). 

 

𝑵 =  𝑭𝒓𝒆𝒇 ×  𝑳𝑻.         (6) 

 

For the event–driven sensing, the sampling frequency is not unique, and it adapts as a 

function of the temporal variations of the input signal [46], [47]. Therefore, for a considered 

time length, LT , the acquired number of samples can be different and are a function of the 

EDADC resolution, the employed quantization scheme, and the signal characteristics [46], 

[47], [48], [49]. Let NED be the number of samples obtained in the devised solution. Then 

the compression gain, GCOMP, can be calculated by using Equation (7).  

 

𝑮𝑪𝑶𝑴𝑷 =  
𝑵

𝑵𝑬𝑫
.                                                                                                                  (7) 

 

3.7.2 Classification accuracy  

The performance of the classification is evaluated in terms of precision. Equation 

(8) expresses the process mathematically. Where true negative (TN) and true positive (TP) 

classifications are accurate. An illustrative example of TP is the classification of a 

microwave instance as a microwave. A TN example is that a microwave instance is not 

categorized as either a refrigerator or a TV. A false positive (FP) occurs when it is 

fundamentally contrary when the outcome is not properly expected as positive. An instance 

of FP is the classification of a microwave or fridge as a television. If the result is not 

correctly recognized as adverse, a false negative (FN) occurs when it is a positive [25]. An 
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example of FN is the failure to identify a microwave instance as a microwave. 

 

𝑨𝒄𝒄𝒖𝒓𝒂𝒄𝒚 =  
𝑻𝑷 +𝑻𝑵

𝑻𝑷+ 𝑻𝑵+ 𝑭𝑷+ 𝑭𝑵
×  𝟏𝟎𝟎%.                                                 (8) 
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CHAPTER 4 

RESULTS 

 

The performance of proposed system is studied by using the ACS–F2 database [39]. 

Seven different appliances are considered in different conducted studies. These are kettles, 

coffee machines, fridges and freezers, microwave ovens, fans, monitors and televisions. 

Two different consumption parameters from each considered appliance are considered 

namely instantaneous real power consumption and the instantaneous RMS current [55]. 

Examples of the instantaneous real power consumption and the instantaneous RMS current 

instances for the intended appliances are respectively shown in Figures 20 to 23.  

 

 

Figure 20: The real power instances for kettles, fridges and freezers, microwaves and fans. 
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Figure 21: The real power instances for monitors, coffee machines and televisions. 

 

 

Figure 22: The RMS current instances for kettles, fridges and freezers, microwaves and fans. 
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Figure 23: The RMS current instances for monitors, coffee machines and televisions. 

 

It is evident from the results which the proposed solution produces in the extended and 

generalized case that a 3.8 times decrease in the acquired samples is achieved as compared 

to the classical approach. Conclusively, the proposed solution has shown a significant 

reduction in the cost, power consumption, circuit area, activity as well as the design 

complexity as compared to the classical approach. To illustrate the interesting features of 

the proposed technique five case studies are employed. In this framework, the intended 

appliance consumption parameters are taken from the ACS–F2 database [39]. 

 

For all the studied cases, the real power consumption and the RMS current are 

considered from each multi–dimensional time series. The recordings are performed at 0.1 

Hz sampling frequency. Afterward, each instance is up–sampled to obtain �̃�(𝑡). In the 

devised solution the �̃�(𝑡) is digitized with a 4–Bit resolution EDADC. Afterward, each 

instance is up–sampled with a factor of 10000. In the classical case, a 12–Bit resolution 

A/D converter is used for acquiring the �̃�(𝑡) [39]. However, in the devised solution, the 

�̃�(𝑡) is digitized with a 4–Bit resolution EDADC. It confirms a drastic diminishing of the 

suggested solution circuit complexity while comparing with the classical solution.  
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In these cases, the output from the EDADC is segmented by using the ASA. The upper 

bound on the segment length is chosen as 𝐿𝑟𝑒𝑓 =5 minutes [44], [45]. The ASA focuses 

only on the active signal parts and results in an average of 6 selected segments per incoming 

instance. However, the number of samples per segment, 𝑁𝑖 , can vary as a function of 

thetemporal variations of �̃�(𝑡) [44], [45]. 

 

The figures of real power instances digitized with 4–bit resolution EDADC for all the 

cases display the advantages of using EDS. It confirms that for a given resolution, M, and 

∆V it adapts its sampling frequency following the temporal variations of the signal. 

Therefore, it acquires only the relevant signal information. It also diminishes the low 

amplitude noise by using its noise thresholding capability [44], [45] and enhances the 

precision of post features extraction and classification processes.    

 

In the classical case, 𝑥(𝑡) is sampled at a constant rate of 0.1Hz irrespective of its 

temporal variations. It provides an accumulation and processing of superfluous samples. In 

this case, 𝐿𝑟𝑒𝑓 = 5 minutes 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. 

 

In the conventional system, a reduced sampling rate and a greater quantization step may 

also be used. However, Firstly, it can lead to a reduction in the ADC performance in terms 

of the Signal to Noise Ratio (SNR), as the SNR output is inversely related to the quantum 

value used in the system [45], [56]. In the case of EDADC, the SNR performance is 

independent of the quantum value and is based on the sampling instants measuring counter 

clock frequency and resolution [45], [56]. Secondly, the uniform sampling–based approach 

will make it challenging to extract the relevant features of incoming instants in the time–

domain. Such strategies, therefore, require the use of both time and frequency domain 

features extraction approaches and can increase the computational complexity of the 

system and the processing load compared to the designed strategy. 
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4.1 Case (1) 

At first, the four categories of appliances are considered. It includes coffee machines, 

televisions, microwave ovens, and fridges and freezers. Fifteen appliances of different 

brands from each category are considered. Therefore, in total 60 appliances are taken into 

account. Two acquisition sessions of one hour are carried out for each appliance. It results 

in 120 multi–dimensional time series of the considered appliances' electricity–related 

characteristics. These results are presented in [57]. In this paper, Qaisar and Futoon have 

studied examples of the considered real power consumption instances, acquired with the 

EDS mechanism which are shown in Figure 24. 

 

 

Figure 24: The real power instances digitized with a 4–Bit resolution EDADC for coffee 

machines, fridges and freezers, microwaves and televisions in case 1. 

 

The achieved compression gains, calculated by the use of Equation (7), are summed 

up in Table 3. It depicts that the proposed solution achieves a total of 2.1 times, 6.6 times, 

1.6 times and 3.2 times compression gains respectively for the following appliances; coffee 
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machines, fridges and freezers, microwave ovens and televisions.The compression gain in 

fact shows how much we are going to gain in terms of the reduction in the amount of the 

collected information and in the amount of information that is going to be processed and 

transmitted. It assures a noticeable reduction in the arithmetic complexity, and the power 

consumption of the proposed solution compared to the conventional approach. Also, 

embedding the EDS in smart meters significantly decreases the activity of data storage and 

transmission compared to standard methods. It additionally enhances the effectiveness of 

the designed strategy over the concurrent ones. 

 

Table 3: Summary of the Compression Gains for case 1 

Appliances Compression Gain 

Coffee Machines 2.1 

Fridges and Freezers 6.6 

Microwave ovens 1.6 

Televisions 3.2 

 

In this case, 120 instances are considered for four considered categories of appliances. 

70% of these instances are used to prepare the reference templates and the remaining 30% 

is used for the purpose of testing. To compensate for the limitation of dataset size the 10–

folds cross–validation approach is employed [25]. 

 

The obtained percentage of the recognition accuracies are respectively summed up for 

the K–NN and the SVM classification techniques in Table 4 and Table 5.  

 

Table 4: Accuracy for the four–class appliances consumption pattern recognition (K–NN) 

Appliances 
Classification Accuracy 

(%age) 

Average Classification 

Accuracy (%age) 

Coffee Machines 92.4 
93 

Fridges and Freezers 93.4 
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Microwave ovens 92.5 

Televisions 93.8 

 

Table 5: Accuracy for the four–class appliances consumption pattern recognition (SVM) 

Appliances 
Classification Accuracy 

(%age) 

Average Classification 

Accuracy (%age) 

Coffee Machines 94.7 

95.4 
Fridges and Freezers 95.6 

Microwave ovens 94.9 

Televisions 96.3 

 

Table 4 depicts the obtained appliances' consumption signature recognition accuracies 

for the case of the K–NN classifier. These are 92.4% for coffee machines, 93.4% for fridges 

and freezers, 92.5% for microwave ovens and 93.8% for televisions. The resulting average 

recognition accuracy is 93%. 

 

The recognition accuracies for the case of SVM are summed up in Table 5. These are 

94.7% for coffee machines, 95.6% for fridges and freezers, 94.9% for microwave ovens 

and 96.3% for televisions. The resulting average recognition accuracy is 95.4%.  

 

Tables 4 and Table 5, show that for the studied case, the best average classification 

accuracy of 95.4% is achieved with the SVM method. The K–NN follows with 93% 

accuracy. In this case, the SVM performs better because of its ability to avoid the most 

irrelevant nodes while classifying an instant under test. 

 

4.2 Case (2) 

The results in this case were presented in [55]. Qaisar and Futoon have studied three 

categories of appliances considered in this case, which are electric kettles, fridges and 
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freezers, and fans [55]. Fifteen appliances from each category are considered [55]. 

Therefore, in total 45 appliances are taken into account [55]. Two acquisition sessions of 

one hour are carried out for each appliance [55]. It results in 90 multi–dimensional time 

series of the considered appliances electricity–related characteristics [55].The 

classification technique used in this case is the Naïve Bayes classifier [55]. Examples of 

the considered real power consumption instances acquired with the EDS mechanism are 

shown in Figure 25 [55]. 

 

 

Figure 25:The real power instances digitized with a 4–Bit resolution EDADC for kettles, fridges 

and freezers, and fans in case 2 

 

The obtained compression gains, calculated by using Equation (7), are summed up 

in Table 6 [55]. It depicts that the suggested solution attains an overall 3.1 times, 6.6 times, 

and 3.4 times compression gains respectively for the case of kettles, fridges and freezers, 

and fans [55]. The compression gain in fact shows how much we are going to gain in terms 

of the reduction in the amount of the collected information and in the amount of information 

that is going to be processed and transmitted. It assures a noticeable reduction in the 

arithmetic complexity, and the power consumption of the proposed solution compared to 

the conventional approach. Also, embedding the EDS in smart meters significantly 
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decreases the activity of data storage and transmission compared to standard methods. It 

additionally enhances the effectiveness of the designed strategy over the concurrent ones. 

 

Table 6: Summary of the Compression Gains for case 2 

Appliances Compression Gain 

Kettles 3.1 

Fridges and Freezers 6.6 

Fans 3.4 

 

In Table 7, The recognition accuracies percentages achieved for appliances consumption 

signature for the case of Naïve Bayes are summarized [55]. It shows that for this studied 

case, the average classification accuracy of 91.9% is obtained with the designed solution.  

 

Table 7: Accuracy for the three–class appliances consumption pattern recognition ( Naïve Bayes ) 

Appliances 
Classification Accuracy 

(%age) 

Average Classification 

Accuracy (%age) 

Kettles 93.5 

91.9 Fridges and Freezers 90.5 

Fans 91.4 

 

4.3 Case (3) 

 In this case, 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. The results from this case were presented 

in [58]. Qaisar and Futoon et al. have shown examples of the considered real power 

consumption instances obtained with the EDS mechanism which are presented in Figure 26. 



 62 

 

Figure 26: The real power instances digitized with a 4–Bit resolution EDADC for kettles, fridges 

and freezers, microwaves and fans in case 3 

 

Using Equation (7), the obtained compression gains are calculated, and are summed 

up in Table 8. 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 microwave ovens. The compression gain in fact shows how much we are 

going to gain in terms of the reduction in the amount of the collected information and in 

the amount of information that is going to be processed and transmitted. It assures a 

noticeable reduction in the arithmetic complexity, and the power consumption of the 

proposed solution compared to the conventional approach. Also, embedding the EDS in 

smart meters significantly decreases the activity of data storage and transmission compared 

to standard methods. It additionally enhances the effectiveness of the designed strategy 

over the concurrent ones. 
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Table 8: Summary of the Compression Gains for case 3 

Appliances Compression Gain 

Kettles 3.1 

Fridges and Freezers 6.6 

Microwave ovens 1.6 

Fans 3.4 

 

In this case, 120 instances are considered for four considered categories of appliances. 

70% of these instances are used to prepare the reference templates and remaining 30% are 

used for the testing purpose. In order to compensate the limitation of dataset size, the 10–

folds cross validation approach is employed [25]. The obtained percentage recognition 

accuracies are respectively summed up for SVM classifier in Table 9.  

 

Table 9: Accuracy for the four–class appliances consumption pattern recognition ( SVM ) 

Appliances 
Classification Accuracy 

(%age) 

Average Classification 

Accuracy (%age) 

Kettles 95.7 

96 
Fridges and Freezers 96.6 

Microwave ovens 95.4 

Fans 96.3 

 

4.4 Case (4) 

 The results in this case were presented in[59]. In this case, Qaisar and Futoon have 

studied four categories of appliances. It includes electric kettles, fridges and freezers, 

televisions and monitors. Fifteen appliances from each category are considered. Therefore, 

in total 60 appliances are taken into account. Two acquisition sessions of one hour are 

carried out for each appliance. It results in 120 multi–dimensional time series of the 

considered appliances electricity–related characteristics. Examples of the considered real 
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power consumption instances obtained with the EDS mechanism which are presented in 

Figure 27. 

 

 

Figure 27: The real power instances digitized with a 4–Bit resolution EDADC for monitors, 

televisions, kettles and fridges and freezers in case 4 

 

The obtained compression gains, calculated by using Equation (7), are summed up 

in Table 10. It depicts that the suggested solution attains an overall 3.1 times, 6.6 times, 

2.2 times and 6.0 times compression gains respectively for the case of kettles, fridges and 

freezers, monitors and televisions. The compression gain in fact shows how much we are 

going to gain in terms of the reduction in the amount of the collected information and in 

the amount of information that is going to be processed and transmitted. It assures a 

noticeable reduction in the arithmetic complexity, and the power consumption of the 

proposed solution compared to the conventional approach. Also, embedding the EDS in 

smart meters significantly decreases the activity of data storage and transmission compared 
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to standard methods. It additionally enhances the effectiveness of the designed strategy 

over the concurrent ones. 

 

Table 10: Summary of the Compression Gains for case 4 

Appliances Compression Gain 

Kettles 3.1 

Fridges and Freezers 6.6 

Monitors 2.2 

Televisions 6.0 

 

In this case, 120 instances are considered for four considered categories of 

appliances. 80% of these instances are used to prepare the reference templates and 

remaining 20% are used for the testing purpose. In order to compensate the limitation of 

dataset size, the 10–folds cross validation approach is employed [25]. The obtained 

percentage recognition accuracies are summed up for the ANN classifier in Table 11.  

 

Table 11: Accuracy for the four–class appliances consumption pattern recognition ( ANN ) 

Appliances 
Classification Accuracy 

(%age) 

Average Classification 

Accuracy (%age) 

Kettles 95.6 

95.9 
Fridges and Freezers 96.5 

Monitors 95.3 

Televisions 96.2 
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The following table summarizes the average classification accuracies for all the 

cases discussed above. 

 

Table 12: Summary of the four study cases 

 

 

The SVM in Case 3 achieves the best performance. But this result cannot be 

generalized because the performance of other classifiers were studied on different 

categories of appliances. 

 

4.5 Extended and Generalized Study for 6–Classes of Appliances 

 In order to generalize the results, in this case, six categories of appliances are considered 

and four classification techniques are used for the appliance recognition. The categories of 

appliances include kettles, fridges and freezers, microwave ovens, fans, monitors and 

televisions. Fifteen appliances of different brands from each category are considered. 

Therefore, in total 90 appliances are taken into account. Two acquisition sessions of one 

hour are carried out for each appliance. It results in 180 multi–dimensional time series of 

Case # Appliances Categories 
Average Classification Accuracy 

(% age) 

1 
Coffee machines, fridges & freezers, 

microwaves and TVs 
K–NN = 93 SVM = 95.4 

2 Kettles, fridges & freezers, and fans Naïve Bayes = 91.9 

3 
Kettles, fridges & freezers, microwaves and 

fans 
SVM = 96 

4 Kettles, fridges & freezers, monitors and TVs ANN = 95.9 
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the considered appliances' electricity–related characteristics. The classification techniques 

used in this case are k–NN, SVM, ANN and Naïve Bayes. Examples of the considered real 

power consumption instances and RMS current instances obtained with the EDS mechanism 

which are presented in Figure 28, Figure 29, Figure 30 and Figure 31. 

 

 

Figure 28: The real power instances digitized with a 4–Bit resolution EDADC for kettles, fridges 

and freezers, microwaves and fans. 

 

 

Figure 29: The real power instances digitized with a 4–bit resolution EDADC for monitors and 

televisions 
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. 

Figure 30:The RMS current instances digitized with a 4–Bit resolution EDADC for kettles, 

fridges and freezers, microwaves and fans. 

 

 
Figure 31: The RMS current  instances digitized with a 4–Bit resolution EDADC for monitors 

and televisions 

 

In real implementation the current cannot be measured directly and needs the current to 

voltage transformation. It is due to the fact that most of the real life data converters are 

based on the acquisition of voltage waveforms. It could be realized by using charge 

resistance or transimpedance mountings. However, for this simulations based study the 

realization and design of this module is not considered.  
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The obtained compression gains, calculated by using Equation (7), are summed up 

in Table 13. It depicts that the suggested solution attains an overall 3.1 times, 6.6 times, 

1.6 times, 3.4 times, 2.2 times and 6.0 times compression gains respectively for the case of 

kettles, fridges and freezers, microwaves, fans, monitors and televisions. 

 

Table 13:Summary of the Compression Gains for the generalized case 

Appliances Compression Gain 

Kettles 3.1 

Fridges and Freezers 6.6 

Microwave ovens 1.6 

Fans 3.4 

Monitors 2.2 

Televisions 6.0 

 

The compression gain in fact shows how much we are going to gain in terms of the 

reduction in the amount of the collected information and in the amount of information that 

is going to be processed and transmitted. It assures a noticeable reduction in the arithmetic 

complexity, and the power consumption of the proposed solution compared to the 

conventional approach. Also, embedding the EDS in smart meters significantly decreases 

the activity of data storage and transmission compared to standard methods. It additionally 

enhances the effectiveness of the designed strategy over the concurrent ones. 

In this case, 180 instances are considered for four considered categories of 

appliances. 80% of these instances are used to prepare the reference templates and 

remaining 20% are used for the testing purpose. In order to compensate the limitation of 

dataset size, the 10–folds cross validation approach is employed [25]. The obtained 

percentage recognition accuracies are summed up for the k–NN, SVM, ANN and Naïve 

Bayes classifiers respectively in Table 14, Table 15, Table 16 and Table 17. 
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Table 14:Accuracy for the six–class appliances consumption pattern recognition ( k–NN ) 

Appliances 
Classification Accuracy 

(%age) 

Average Classification 

Accuracy (%age) 

Kettles 91.5 

90.9 

Fridges and Freezers 91.4 

Microwave ovens 90.6 

Fans 91.8 

Monitors 89.9 

Televisions 90.3 

 
Table 15: Accuracy for the six–class appliances consumption pattern recognition ( SVM ) 

Appliances 
Classification Accuracy 

(%age) 

Average Classification 

Accuracy (%age) 

Kettles 93.5 

93.6 

Fridges and Freezers 94.5 

Microwave ovens 93.6 

Fans 94.3 

Monitors 92.3 

Televisions 93.1 

 
Table 16: Accuracy for the six–class appliances consumption pattern recognition ( ANN ) 

Appliances 
Classification Accuracy 

(%age) 

Average Classification 

Accuracy (%age) 

Kettles 94.6 

94.4 
Fridges and Freezers 95.5 

Microwave ovens 93.3 

Fans 95.2 
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Monitors 94.2 

Televisions 93.8 

 

Table 17: Accuracy for the six–class appliances consumption pattern recognition ( Naïve Bayes ) 

Appliances 
Classification Accuracy 

(%age) 

Average Classification 

Accuracy (%age) 

Kettles 87.6 

86.9 

Fridges and Freezers 88.2 

Microwave ovens 85.9 

Fans 88.4 

Monitors 84.8 

Televisions 86.3 

 

To summarize the results for the different classifiers in this case, the following table 

represents the conclusion of this case: 

Table 18: Summary for the average classification techniques accuracy for the generalized case 

Appliances 

Average K–NN 

Classifier 

Accuracy 

Average SVM 

Classifier 

Accuracy 

Average ANN 

Classifier 

Accuracy 

Average Naïve 

Bayes 

Classifier 

Accuracy 

Kettles 

90.9 93.6 94.4 86.9 

Fridges and 

Freezers 

Microwave 

ovens 

Fans 



 72 

Monitors 

Televisions 

 

From the above table, it is clearly shown that the ANN classifier achieves the best 

performance. From these final results, it can be concluded that the employed assembly of 

the EDADC, the ASA, the time–domain features extraction and the ANN classifier provide 

the best appliances consumption patterns recognition. 

 In conclusion, the proposed solution results in significant reduction in the 

complexity and consumption of power, lowering the operation of data transmission 

compared with the classical method, and boosting the performance of the system. 
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CHAPTER 5 

DISCUSSION 

 

Home smart meters are used in real time for calculating power usage at the finest 

granularities, and are seen as the basis of the future smart grid. In place of the conventional 

ones, the technological advances have changed the use of smart meters. Such meters are 

the essential elements of smart grids and are providing important benefits to different 

stakeholders with regard to social, environmental and economic constraints. A huge 

amount of data collection with a desired granularity is caused by the enormous 

deployments of smart meter. The key factors in the success of smart meters are the 

automatic data acquisition, transmission, processing and analysis. 

The collection of fine–grained metering data is important to give practical advantages to 

several stakeholders of smart grid in terms of performance and sustainability. There are 

different goals for different stakeholders: vendors for example would like to reduce the 

operating expenses involved with traditional meter reading and significantly increase the 

loyalty of the consumer. The operators of the transmission systems and distribution 

networks want to take advantage of a more robust demand side that enables lower carbon 

technology penetration.Governments aim to achieve the objectives of reducing the carbon 

emissions by increasing the energy efficiency in the consumer side, which is given by smart 

meters. Consumers are having better awareness of energy, therefore, they are expecting to 

benefit from the reduced electricity bills. With these goals, it is not surprising that smart 

meters are having a faster growth period. 

From a generalized viewpoint, identifying the type of device is a difficult task because 

of the following reasons: 

- There are possible overlaps among a wide variety of  types, for example laptops 

and tablets. 

- There is a wide range of devices that fall under the same group because of their 

unlike operating mechanisms and technical changes that occur among appliances. 
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Generally, the appliance identification must guarantee the precise ability to simplify 

without exceeding a certain number of appliances. 

Nowadays, the concern is getting into identifying the appliances of a household 

automatically through the use of their signatures of electricity. There are many applications 

of appliances identification. The following points represent some of these applications: 

- An electricity bill with more details of consumption, which is now an unknown 

measurement in the meter at home. 

- Load–shedding optimization, understanding which device will turn ON or OFF on the 

basis of the local or worldwide electricity demand. 

- Certain program types like elderly indirect supervision and intrusion detection. 

 

The classical way of acquisition of data is time–invariant. The data is collected at a rate 

of Nyquist, regardless of their rate of information, which results in a substantially large 

amount of unwanted data being collected, transmitted, processed and analyzed. The 

classical analog–to–digital converters sample and process the data based on the principle 

of Nyquist. The parameters of design of these classical analog–to–digital converters are 

therefore chosen for the most unfavorable scenario. This implies that these analog–to–

digital converters are not efficient for arbitrary signals like appliance usage parameters. 

The event–driven sensing mechanism is employed in this framework at the stage of 

data acquisition to attain real–time data compression. In the following step, the essential 

adaptive data processing, segmentation and extraction techniques are suggested. Compared 

with classical counterparts, it confirms a significant compression and computational 

efficiency of the method proposed. In this study, EDADCs were used. They work based on 

event–driven sampling, and they can adjust their frequency of sampling according to the 

variations of the incoming signal. Based on the results represented in the chapter of results 

previously, it is evident that the different compression gains for the various studied cases 

performed assure a noticeable reduction in the arithmetic complexity, and the power 

consumption of the proposed solution compared to the conventional approach. Also, 

embedding the EDS in smart meters significantly decreases the activity of data storage and 

transmission compared to standard methods. It additionally enhances the effectiveness of 
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the designed strategy over the concurrent ones.To conclude, the proposed solution results 

in significant reduction in the complexity and consumption of power, lowering the data 

transmission operation compared with the classical method, and boosting the system 

performance while securing high automatic appliances identification precision. 

In Saudi Arabia, the air conditioners (ACs) are considered as the major 

consumption appliances in any home or in any facility. But for the moment, the database 

which we have studied in this thesis is dealing with homes in Europe that is why this 

database does not contain the signatures of air conditioners. In Europe, air conditioning is 

mainly tackled by hot radiators which are working on the basis of circulating the hot water 

in the home, and this hot water is supplied from the centrally heated services which are 

heating the water and then supplying it through good insolent pipes to different building 

and facilities. Moreover, we believe that soon databases which include air conditioners 

signatures from Saudi Arabia will be available especially after the installments of smart 

meters around the Kingdom. 

Implementing the event–driven signal acquisition and processing technique in 

smart meters is still quite a new idea [14]. It is not evident to make a comparison between 

the suggested technique and the state–of–art techniques as they are based on classical 

sampling and processing techniques. Nevertheless, a comparison has been made among the 

main previous researches using the same database of appliances [39], [60], [61]. The 

following table represents the comparison among the classification accuracies for all the 

researches considered. 
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Table 19: Comparison with state–of–art methods 

 

Study Features Extraction Classification Accuracy (%) 

[39] 

zero-normalization: 

Time Series  

+ 

Delta coefficients 

+  

Delta–Delta coefficients 

Gaussian Mixture 

Model (GMM) 
89.8 

[60] 

Entropy of: 

Time Series  

+ 

Delta coefficients 

+  

Delta–Delta coefficients 

Hidden Markov 

Models  

(HMM) 

93.6 

[61] 

zero-normalization:  

real power, reactive power, RMS 

currents Time Series  

+ 

Delta coefficients 

+  

Delta–Delta coefficients 

Hidden Markov 

Models  

(HMM) 

93.9 

This 

study 

real power and reactive power time 

series + SPADC + ASA, 𝐶𝑖, ∆𝐴𝑖, 

𝐴𝑚𝑎𝑥
𝑖 , and 𝑑𝑡𝑚𝑒𝑎𝑛

𝑖  

ANN 94.4 

 

Table 19 shows that the proposed technique ensures greater accuracy compared to 

the previous ones [39], [61], [60]. The key benefit of the proposed system over the counter 

equivalents is the significant compression gain. Moreover, it guarantees a significant 

efficiency in the processing and power consumption of the proposed solution over the 

equivalents. In addition, a significant reduction in data storage and transmission activities 

is also ensured. On the other hand, the disadvantage of this method is that it is still a new 

method, it is not tested on a variety of appliances or extended databases of appliances. Later 

on, when it is going to be tested with more databases, it will be validated globally.  
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CHAPTER 6 

CONCLUSIONAND FUTURE WORK 

 

6.1 Conclusion 

A new method is proposed for automatic recognition of the major household appliances 

consumption pattern. It is based on the event–driven processing and the time–domain 

features extraction and classification. Unlike traditional tactics, it does not require the 

computationally complex frequency–domain features extraction. With the help of 

preliminary results, it is demonstrated that the integration of Event–Driven Analog to Digital 

Converter and Activity Selection Algorithm significantly decreased the number of samples 

to process. Five case studies have been done. Each case had different categories of 

appliances and different classification techniques have been performed for each study case. 

It has been concluded from the generalized and final case, that a 3.8 times decrease in the 

collected number of samples is achieved over the classical approach. It confirms the devised 

system's drastic computational complexity reduction over classical counterparts. It is 

demonstrated that the suggested approach attains an average appliance consumption pattern 

recognition accuracy of 94.4% using the Artificial Neural Network classification method. It 

confirms the interest of using the suggested solution in contemporary automatic dynamic 

load management and enumerated billing systems. 

 

Due to the changes and advances in the Kingdom of Saudi Arabia in all fields and sectors, 

and from the perspective of 2030 vision and its goals of developing cities and ensuring high 

quality services, this study also contributes in realizing new smart–energy services such as 

improved accuracy in terms of energy readings, automatic and frequent meter readings, 

customer support improvement, more consumption information, support to hourly price 

charges, etc. These are several possible technologies that can be implemented into Saudi 

Arabia's future smart cities such as NEOM. 

 

 



 78 

6.2 Future Work 

A future extension to this research is to investigate the proposed approach while 

considering extended categories of appliances. The proposed system performance depends 

on the chosen system parameters like resolution, reference segment length, quantization 

scheme, parameter extraction, and classification algorithms. Development of an automatic 

mechanism to choose the optimal system parameters for a targeted application is another 

future task. Another research axis is investigating the system performance for higher 

resolution, adaptive quantization schemes and other robust classifiers like Rotation Forest, 

Random Forest, etc. 
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APPENDICES 

Appendix – 1: 

 

A paper that got accepted in the Complex Adaptive Systems (CAS 2019) Conference 

under the title of “Event–Driven System for Proficient Load Recognition by Interpreting 

the Smart Meter Data”. The conference was held in Penn State Great Valley Conference 

Centre between the 13th and 15th of November 2019, and the paper will be published in 

the Procedia of Computer Science soon. 
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Appendix – 2: 

 

A paper that got accepted in the 2019 International Conference on Electrical and 

Computing Technologies and Applications (ICECTA 2019) under the title of “ An 

Adaptive Rate Time–Domain Approach for a Proficient and Automatic Household 

Appliances Identification ”. The conference took a place between November 19 and 21, 

2019 at the American University of Ras Al–Khaimah. The paper has been indexed in IEEE 

Xplore and Scopus. The following is the citation of the paper: 

 

S. M. Qaisar and F. Alsharif, "An Adaptive Rate Time-Domain Approach for a 

Proficient and Automatic Household Appliances Identification," 2019 International 

Conference on Electrical and Computing Technologies and Applications (ICECTA), Ras 

Al Khaimah, United Arab Emirates, 2019, pp. 1-4. 
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Appendix – 3 : 

 

Participated in the 9th Saudi Arabia Smart Grid Conference (SASG 2019) which was 

held in Jeddah between the 10thand12thofDecember 2019. The participation was by a poster 

under the title of “Event–Driven Time–Domain Method for Effective Identification of 

Major Appliances by Analyzing Smart–Meter Data”. 
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Appendix – 4 : 

 

A paper which got accepted in the 17th International Learning and Technology 

Conference (L & T 2020) under the title of “Appliance Identification Based on Smart Meter 

Data and Event–Driven Processing in the 5G”. The conference was held in Jeddah, at Effat 

University and took a place on the 30th of January 2020. The accepted papers will be 

published in Procedia of Computer Science. 
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Appendix – 5 : 

 

A paper which got accepted in the International Conference on Harmonics and Quality 

of Power 2020 (ICHQP 2020) under the title of “Efficient Detection of Appliance 

Consumption Pattern by Using Level–Crossing Sampling ”. The conference would have 

been taken a place between 22nd and 25th of March 2020, in Dubai, United Arab Emirates, 

but it had been postponed until further notice because of the ongoing worldwide health 

issues of Corona Virus. The theme of the conference is Power Quality in the Green 

Economy–development of enabling approaches for sustainable power systems. The 

accepted papers will be indexed in IEEE Xplore and Scopus. 

 

 


