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Abstract 

The use of advanced metering infrastructure in a smart grid electricity distribution 

network generates a massive amount of data. The collection of this data will be 

beneficial for utility engineers in many different applications, such as system 

monitoring and enhanced operational processes. These data need to be transmitted to the 

data management and control center via communication networks. However, the limited 

bandwidth in the smart grid communication networks poses a great challenge in 

transmitted data. Hence, the data compression technique will serve as the best solution 

to mitigate this challenge. This research work is dedicated to data compression in a 

smart distribution system. In order to determine the most suitable data compression 

method, experimental tests and assessments were made on the singular valued 

decomposition (SVD). The experiments were done on collected data from a smart 

distribution system in the United Kingdom. The SVD compression was run on different 

sizes of large data, starting from 1 million to 17 million. The results gained show that 

the SVD compression is not feasible for compression of large size data. The 

reconstructed data after the compression process via SVD produce a high error rate. 

Moreover, the SVD compression required more time to compressed large data despite 

its’ simple and straightforward application. Following this, the multiresolution matrix 

factorization (MMF) is proposed as a compression method for smart grid data. MMF 

will compress a data matrix into a core matrix with a lower dimension via a series of 

orthogonal transformations. The MMF required input data is in the form of a symmetric 

matrix. Hence, to suit the need of smart grid data compression, a modification is 

proposed in the formation of the symmetric matrix. The proposed method produces a 

symmetric matrix with a low dimension and small size. Experimental results show that 

MMF is applicable in compressing large size data into a lower dimension matrix with 

low error rates and high in speed. Therefore, the proposed formation of the symmetric 

matrix with a smaller size and dimension can reduce the time taken by the MMF to 

compressed data. The MMF compression technique can reduce the volume of data to be 

transmitted through the communication network and thus save the bandwidth. Besides, 

MMF compression is about three times faster than the SVD, especially with a large size 

matrix. Findings from this study prove that MMF can serve as an alternative data 

compression technique for the smart distribution system, with the potential for an on-

line application due to the high speed and high accuracy of the algorithm. Focusing on 

the need for on-line data transmission over a limited bandwidth communication, an 
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adaptive forecasting framework is proposed in the thesis. The idea of the proposed 

framework is based on data forecasting via long short-term memory (LSTM). 

Forecasting accurate data points at the data center will reduce the number of data sent 

via the communication network. In the proposed framework, the best length of time 

series and the most accurate LSTM model is determined for the current, voltage, active 

power, and reactive power. Experimental results on 15-sequences show that the LSTM 

model can provide accurate forecast values with a total of about 6% to 7% saving of 

communication bandwidth for each measured quantity. Hence, the proposed adaptive 

framework can reduce the number of data sent and at the same time, can provide on-

time data to the data management center.  
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Chapter 1 INTRODUCTION 
 

1.1 The Evolution of Electric Power Grid 

An electrical grid can be defined as an interconnected electrical network that is 

responsible in delivering electricity from power generators to the consumers. The 

electrical grid can be divided into power generators, transmission systems and the 

distribution system. In the conventional electrical grid, the process of electricity 

delivery started from the power generator as the producer of the electrical power, 

followed by the transmission system that will carry the power to the load center, and 

finally the distribution system that will feed the power to the consumers [1]. Central 

generation stations are connected to the electric power grid through a high-voltage 

transmission system and a distribution system. The generators produce electricity via 

fossil fuels and hydro turbines [2]. The generation stations consist of power plants that 

are usually quite large and located far away from highly populated areas. The electricity 

is generated at a few central power plants by electromechanical generators, via the force 

of flowing water or heat engines that were fuelled with chemical combustion or nuclear 

power. The generated electric power then is stepped up to a higher voltage on the 

transmission grid for transmitting the power. The transmission grid then is responsible 

for carrying the power to substations over a long distance. The power then leaves the 

substations and arrive at the distribution grid. Finally, upon reading the consumers’ 

locations, the power is stepped down from the distribution voltage as per required by the 

consumers’ voltage [3].  

This process of electricity delivery in the conventional electrical grid is 

centralized and flows via a one-way hierarchical system, subjected to structural 

weakness and environmental shortcomings. The growing population causes the demand 

for electricity rising steeply. However, the decrease in fossil fuels, the global climate 

change, the greenhouse gas emissions and the capacity limitations of electricity 

generation have been additional threats in the electricity industries [4]. This situation 

poses some challenges to the grid and its operators to fulfil the demand and at the same 

time, to sustain the market with the economy and environmental benefits. Thus, the 

security, reliability and quality of the power being supplied via the conventional grid 

become issues that required a new solution [5]. New grid infrastructure is urgently 

needed to overcome these issues and to fulfil the increasing demand for electrical 
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power. Therefore, a smart grid can provide a viable solution in providing a reliable and 

efficient supply of electricity under conditions of increased demand.  

A smart grid is a modernized electrical grid that equipped with communication 

and intelligent controlling infrastructure. The smart grid requires modern information 

technologies for safer and reliable dispatch of electricity in a multi-directional and 

flexible manner [5]. In general, a smart grid is operated as a transmission and 

distribution network. One of the significant roles in the smart grid system is the use of 

renewable energy in energy management systems. The smart grid can connect the 

production of electricity from renewable energy sources to the grid. The advanced 

technologies in the smart grid enable high levels of renewable energy, such as solar, 

hydro and wind energy, to be included in an electricity system. The use of smart grid 

technology offers a long list of benefits, including the change of electrical power 

production from conventional, fossil-based energy sources to renewable energy sources 

[6]. The advanced technologies in a smart grid offer development of renewable energy 

and efficient energy use that can cope with the increasing demand for electricity and 

yet, reduce the global climate change.  The next section gives a detailed explanation of 

the smart grid and its components.  

 

1.2 Emerging Era of Smart Grids 

A reliable supply of electricity is essential for the modern society and its efficient 

generation and consumption is becoming equally important. A smart grid can be defined 

as an intelligent grid that provides a bi-directional flow of electricity and information 

that is capable of improving the reliability, security and efficiency of an electrical power 

system [7]. More specifically, the smart grid can be regarded as an electric system that 

uses two-way cyber-secure communication technologies, in an integrated fashion across 

electricity generation, transmission, substations, distribution and consumption in order 

to achieve a system that is clean, safe, secure, reliable, resilient, efficient, and 

sustainable. Table 1.1 gives a brief comparison between the conventional electrical grid 

and the smart grid. [3] 

 

 



 

3 

Table 1. 1: Comparison between the conventional electrical grid and smart grid 
Conventional Grid Smart Grid 

Centralized generation Distributed generation 
One-way communication Two-way communication 
Manual restoration Self-healing 
Manual monitoring Self-monitoring 
Failures and blackouts Adaptive and islanding 
Limited control Pervasive control 
Few customer choices Many customer choices 

 

The smart grid is the modernization of the existing power grid using advanced 

technology with digital automation of electric power system, starting from power 

generation to customer appliances. The smart grid can improve quality, reliability, 

efficiency and environmental issues as compared to the conventional power grid [8]. In 

contrast to the conventional power grid, the electric energy generation and the flow 

pattern in a smart grid are more flexible. The smart grid uses two-way flows of 

electricity and information to create an automated and distributed advanced energy 

delivery network. The use of modern information technologies in the smart grid 

provides the grid with self-healing and self-monitoring functions. The smart grid is 

capable of delivering power in more efficient ways and respond to wide ranging 

conditions that occur anywhere in the grid, and thus adopt the corresponding strategies 

[3]. Therefore, the evolution of smart grid relies on advanced power equipment 

technology and improvement in computer monitoring, analysis, optimization and 

control [3]. In 110th United States Congress, the Energy Independence and Security Act 

(EISA 07) highlighted that the development of a smart grid can be coordinated by ten 

essential elements, that are [9]: 

i. The use of digital information and controls; 

ii. Dynamic optimization of grid operations and research; 

iii. Development and integration of distributed energy resources, especially renewable 

sources; 

iv. Development and use of demand response; 

v. Deployment of smart technologies for metering, communications, and automation; 

vi. Integration of smart appliances and consumer devices; 

vii. The use of peak-shaving technologies, including advanced storage technologies; 
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viii. Providing consumers with timely information; 

ix. Development of standards for communication, and interconnection of smart 

devices; 

x. Identifying and lowering potential barriers to adoption of the smart grid [3]. 

Based on the listed points, the smart grid is expected to have economic and 

environmental benefits. To elaborate on the automated and self-healing functions, the 

smart grid will reduce the overall amount of electricity interruption or outage time. The 

use of peak-shaving technology in the smart grid will increase the overall efficiency of 

the system through the reduction in transmission and distribution system losses. The 

deployment of smart technologies for metering, communications and automation in the 

smart grid will allow consumers to manage their energy usage [9]. In the smart grid, 

smart distribution system is the arena where the developments of advanced metering, 

demand response, distributed generation, and reduced outage times, are expected to be 

implemented. Therefore, it is vital to determine the defining characteristics of smart 

distribution. Ironically, most of the federal impetus on the smart grid focused on the 

overall system architecture. However, it is at the distribution level that the changes are 

currently being made by utilities [9]. 

 

1.3 AMI and Big Data  

The whole project in this thesis focuses on power grid operation data. The applications 

of power grid operation data depend on different data sources at various stages of the 

power grid. Power grid operation data is separated into different categories, such as; 

data from smart meters, data through the deployment of AMI, grid assets data (primary 

equipment sensors), third-party data (off-grid data sets), and asset management data 

(smart devices in the grid). This study uses the AMI data collected from a smart 

distribution system in Europe for the analysis on the proposed compression methods.  

One of the key aspects of the smart grid architecture is, the ability to make 

decision on time. In order to achieve this, the data gained in the smart grid should be 

analysed upon generated. This real-time or ‘active’ data can be analysed straight away 

to make just-in-time decisions such as; automated outage detection for proactive 

customer service and self-healing of the grid, detection of current load and critical peak 

conditions [10]. Following this, the deployment of smart sensors and smart meters with 
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advanced metering infrastructure (AMI) is a major component in the smart grid. 

AMI refers to the two-way communications network and involves the integration of 

advanced sensors; smart meters, monitoring systems, computer hardware, software and 

data management systems that enable the collection and distribution of information 

between meters and utilities [11]. AMI systems actually were built upon automatic 

meter reading (AMR) systems; a technology that automatically collects diagnostic, 

consumption and status data from energy metering devices. AMI differs from 

conventional AMR as it enables two-way communications between the meter and the 

central system [3]. Basically, there are two types of AMI needed for information flow in 

a smart grid system, that are: 

i. Information flow from sensor and electrical appliances to smart meters;  

ii. Information flow between smart meters and the utility’s data centers [12]. 

In the smart grid, the main source of data comes from the AMI [13,14]. 

Intelligent devices such as; smart meters, sensors, thermostats and phasor measurement 

units (PMU) that are used throughout the whole process of power generation, 

transmission, distribution, substation and consumption produce vast quantities of data 

[15]. According to [16], the implementation of AMI with the use of intelligent devices 

will surge the number of data collected from 24 million readings a year to 220 million 

readings per day for a large utility company. A tremendous amount of metering data is 

collected in a distribution network with 1 million metering devices, and the volume of 

the data is exponentially growing. For example, a smart meter in the smart grid sends 

consumer energy usage every 15 min. Hence, every million smart meters can generate 

96 million reads per day, instead of one meter reading a month in a conventional grid 

[16].  

A large amount of data collected from all the intelligent devices has driven the 

big data revolution in the smart grid. Big data is a term that is widely used in data 

analytics. There is no apparent and uniform definition of big data at present. Big data 

has many interpretations, but the four key features are highlighted in the concept of big 

data, that are [15] : 

i. volume – the huge amount of data; 

ii. velocity – the speed in collecting, processing and using the data; 

iii. variety – the increasing complexity of the types of data; 

iv. value – the value of the data that supports effective and efficient decision making 

throughout the analysis process.  
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Data captured by intelligent devices in the smart grid clearly relate to all the four 

features, thus satisfying the definition of big data. In order to achieve all the objectives 

in the smart grid and perform on time decisions, the data collected need to be sent to the 

data management and control center. Therefore, communication networks play a very 

crucial role in the development of a smart grid [17]. 

 

1.4 Smart Grid Communication Infrastructure 

Smart grid introduces the concept of ‘information flow’ and ‘energy flow’. In order to 

achieve these objectives, the smart grid requires an excellent communication network. 

The information and communication infrastructure in the smart grid environment needs 

to be reliable, highly-available, scalable, secure, and easy-to-manage. Usually, the smart 

grid is deployed over a large area. The communications infrastructure of the smart grid 

has to cover the entire region in order to connect a broad set of nodes. For this reason, 

the communication infrastructure is a multilayered structure that covers the whole area 

of the smart grid. The smart grid communication network connects power system 

generation, transmission, distributions and consumption systems to the information and 

data centers [18].  

Figure 1.1 shows the general architecture of a smart grid communication 

infrastructure that involves the flow of information and energy. As shown in the figure, 

the information flow requires that the wide area network (WAN), home area network 

(HAN) and neighborhood area network (NAN) communicate with various smart 

devices to manage energy supply efficiently and responds to energy demand.  The 

WAN and NAN connects multiple HANs to local access points [19]. Figure 1.2 

illustrates the schematic of the AMI communication network that involves information 

flow from sensors and electrical appliances to smart meters, and between smart meters 

and the utility’s data center. AMI information is transmitted from smart meters through 

their communication interfaces and carried through the NAN. Basically, there are two 

types of AMI needed for information flow in a smart grid system, that are: 

• Information flow from sensor and electrical appliances to smart meters.  

• Information flow between smart meters and the utility’s data centers 
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Figure 1. 1: Smart grid multi-tier network. 

All the information collected is transmitted to the meter data management 

systems located at the data and control center. The meter data management systems is 

responsible for validating, cleansing and processing the vast amount of data, providing 

long-term data storage, and supporting customer billing and analysis. In the same way, 

meter data concentrators are used to support communication between clusters of meters 

and the meter data management system in the data and control center. Smart meters 

provide periodic interval measurements for 3-phase meters per phase, per line, and for 

the entire 3-phase connection. Hence, a huge amount of data is collected in AMI. Data 

management system is located at the data and control center. Therefore, a 

communication network is needed for the transmission of huge amount of information 

from meter data concentrators and distribution transformers to the data and control 

center [20]. 
 

 
 

 

 
 
 

   
 

Figure 1. 2: The schematic of AMI communication network. 

The communication networks are the nerves and veins system in the whole 

smart grid infrastructure as shown in Figures 1.1 and 1.2. However, transmitting 

information containing real-time data is a huge challenge for the communication 
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network, specifically when it involves big data. One of the primary challenges is how to 

effectively transmit vast information with limited communication bandwidth? 

Information containing real-time data that reflects the health and status of the entire grid 

needs to be sent and exchanged bi-directionally among the grid operators, consumers 

and ecosystem operators. [18]. For this reason, data compression serves as the best 

solution to cater to this challenge in the smart grid communication network.  

 

1.5 Data Compression as a Solution for AMI Information 
Flow 

From an electric utility point of view, it would be useful if all of the data could be 

transmitted to the control center and available for processing and analysis. The collected 

data will be process and analyse for monitoring, control and automation tools of the 

smart distribution system. Considering the diversity of possibilities in monitoring, 

control and automation envisaged for the smart grid, the communications infrastructure 

will have to cope with a huge flow of data among the components of the grid.  

However, communication network can be a bottleneck to achieve this goal. Enormous 

volumes of real-time data collected imposes a high burden on transmission with limited 

bandwidth. For this reason, new algorithms and methodologies that can reduce the 

volume of data to be transmitted through the communication network are needed to 

enable more efficient and effective utilization of monitoring, control and automation 

tools in a smart grid system [20]. Following this, data compression serves as the best 

solution to overcome this and mitigates the burden of the smart grid’s communication 

network.  

Data compression enables the transmission of the huge volume of data while 

maintaining the valuable information contained in the data. New algorithms and 

methodologies that reduce the volume of data through the communications network will 

enable a more structured and successful in monitoring, control and automation tools in a 

smart distribution system. Data compression is capable to transmitted a huge volume of 

data, which can be further used for post-operation steady state analysis. The steady state 

analysis will help utilities to assess the power system performance and to enhance the 

operational process of the distribution system. Therefore, this study proposed a 
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methodology for the compression of large datasets in the context of the smart grid. The 

focus is on the compression of data from different measurements and taken at several 

time instances from a smart distribution system. Generally, the measurement data at any 

given time instant will correspond to the system operating condition. The dataset used 

in this research can be stored in a matrix format which is suitable for data compression.  

 

1.6 Research Motivation 

According to IBM, big data and smart grid provide some quantitative insights on the 

amount of data that utilities are going to deal with in the future in smart grids. Due to 

the increased sampling rate of smart metering devices, IBM forecasts a 3000-fold 

increase in the amount of data being generated as compared to the conventional 

metering system [22]. New data is produced by the smart metering devices in every 

second. In all likelihood, the accumulated data will grow with the progression of time. 

Hence, data compression for the smart grid has been important in the area of power 

systems. Different techniques have been proposed for the compression of power system 

data during the past few years. However, the majority of the proposed compression 

techniques were focused on electrical signal waveforms. There is a lack of research 

done on the compression of the smart grid data as compared to the compression of 

electrical signals waveform [21].  

In the context of smart grid, decision support systems need to incorporate data 

compression mechanisms that deal with big data situations effectively. Data 

compression for smart grid is far from being as mature as it is for speech, image and 

video compression. Smart grid needs data compression techniques that are suitable for 

many distinct applications (such as protection and monitoring the grid) with high 

compression levels to cope with the burden of communication networks [23]. With 

attention to this, there is a need to have a compression technique that can cope with 

finer sampling rates and at the same time gives higher compression rates and yet 

reduces the burden on the communication network.  

 



 

10 
 

1.7 Research Scope  

This research is limited to software analysis and experimental testing. The proposed 

methods were executed on a computer program with Linux and Windows operating 

system. This study does not involve any hardware implementation or testing on any 

PLC, RF-mesh or NAN. The experimental testing on this study used raw data obtained 

from the customer load active system services (CLASS) project that was run by the 

Electricity North West Company. Through this project, smart voltage control had been 

installed in major substations linked to the control center. The installation of this 

metering equipment is in a trial area that represents 17% of the company’s network. The 

data is collected from a smart distribution system. It consists of readings from three-

phase voltage and currents, active power, reactive power and power factor from 

transformers at 55 substations. The recorded data are in the interval of 1-minute and 1-

second, a 24-hours duration, for every single day from April 2015 up until December 

2015 [24].  

 

1.8 Thesis Objective 

The research has the following objectives: 

1) Evaluate the performance of discrete wavelet transform, (DWT) and singular value 

decomposition, (SVD) as compression methods for smart grid data. The limitation 

of both SVD and DWT on the size of the input data and compression speed will be 

determined.  

2) Propose a compression method that can serve as an alternative compression 

algorithm for smart distribution data. The proposed compression is based on 

Multiresolution Matrix Factorization (MMF) with enhancement in the input data for 

MMF compression. 

3) Develop an adaptive framework by forecasting information at the grid data and 

control center. The aim of the adaptive framework is to reduce the number of 

transmitted data and thus, save the usage of the smart grid communication 

bandwidth. 

 



 

11 

1.9 Thesis Contributions 

1) The application of SVD as a compression method was analysed. The SVD 

technique can serve as a simple and effective compression algorithm that can give a 

superior result compared to DWT. However, the larger the size of the input data, 

the higher are the errors and the slower is the running time for the compression 

process. Hence, experimental results in this study prove that SVD compression is 

not capable of compressing huge amount of data. An alternative compression 

technique is needed in the context of the smart grid.  

2) Fast and more robust data compression technique is proposed based on the MMF 

method. The proposed MMF compression can serve as an alternative data 

compression method for smart distribution systems. MMF gives low error rates 

when the data is reconstructed. MMF compression is able to compress a large 

amount of data (up until 9 million) and at the same time, manage to perform the 

compression with  high speed.  

3) A new adaptive forecasting framework is proposed to reduce the number of 

transmitted data and thus, save the bandwidth usage in the smart grid 

communication network. Unlike data compression methods, the use of long short-

term memory, (LSTM) as forecasting method in the proposed framework can 

overcome the problems of online data transmission and reduce the number of data 

sent simultaneously. Besides, results show that the proposed framework can 

determine the sequence of input data and the best LSTM forecasting model with the 

maximum bandwidth saving. 

 

1.10 Thesis Outline 

The outline of the thesis for each chapter are as follows: 

Chapter 2 provides the full literature review on data compression in the context of 

smart grid and power system analysis. In this chapter, previous data compression 

methods are discussed. Additionally, a summary on data reduction technique via 

forecasting strategy is detailed in this chapter.  

 

Chapter 3 provides a detailed evaluation of the existing compression algorithms in the 

smart grid, namely the SVD and the DWT based compression. In this study, the focus is 
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on the limitation and performance of both methods in the compression of data from a 

smart distribution system.  

 

Chapter 4 presents the MMF as a data compression technique for the smart distribution 

system. Details on the theory and MMF algorithm together with all the experimental 

results are presented in this chapter.   

 

Chapter 5 presents a detailed flow of adaptive forecasting framework to tackle the 

problem of bandwidth limitation in smart meter data transmission. The LSTM 

forecasting model and the overall experimental results on the proposed framework are 

discussed in this chapter. 

 

Chapter 6 concludes the overall findings and provides suggestions for future study.  
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Chapter 2 LITERATURE REVIEW 

This chapter discusses in detail about data compression and the literature on data 

compression, focusing on power systems and smart grid. This chapter also discusses in 

particular the evolution of data compression techniques and the requirements in terms of 

the type of data, data quality and its related applications.  
 

2.1 Data Compression 

Compression is a technology by which the size of one or more files or directories can be 

reduced to increase information density, improving storage capacity and increasing the 

speed of data transmission. Compression is very important in the areas of file storage 

and distributed systems [25]. Data compression is the process of representing 

information in a compact form by identifying and using structures that exist in the data. 

The data can be in the form of a text file, numbers which form samples of speech or 

image waveforms, or sequence of numbers that are generated by other processes [26-

27]. The idea of data compression exists as a result of the explosive growth of data in 

the digital world. The advancements of information technology resulted in the 

generation of vast amounts of data. Following this, the storage and transmission of data 

will increase at an enormous rate. Therefore, considering the limited resources, 

numerous data compression techniques have been proposed so that the size of stored 

and transmitted data can be minimized [28].  

Figure 2.1 illustrates an example of the whole process of compression and 

decompression involves in the transmission of text data. The compressor will compress 

the original text data in the full size. The compressor will convert the original text data 

at the sender’s end into a compressed text (zip file). The compressed version then will 

be transferred to the receiver by email/downloading or kept in the storage (archiving). 

Finally, the receiver will convert the compressed version into the original by 

decompressing (unzipping) [25].  

 

 

 

Figure 2. 1: An example of data compression for a text data. 
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2.1.1 History of Data Compression 

The evolution of data compression started in 1838 when Samuel Morse introduced the 

Morse code to compress letters in telegraphs. The Morse code uses smaller sequences to 

represent letters that frequently occurred in telegraphy, and therefore, the message size 

and transmission time can be minimized [29]. In the late 1940s, the modern work on 

data compression commenced parallel with the development of information theory. 

Following this, in 1949, Claude Shannon and Robert Fano invented a systematic way to 

assign code words that are based on probabilities of blocks [26]. Later in 1951, David 

Huffman discovered Huffman coding, an optimal method of data compression by 

minimizing the redundancy using the principle of Morse code. Huffman coding can 

produce the optimal prefix code for any input. The early implementation of Huffman 

coding was done in hardware, where specific choices of codewords were being made as 

compromises between compression and error correction [30]. Further on, the 

development of software compression programs began in the early 1970s with the 

majority of the compression principles were based on adaptive Huffman coding [25].  

In general, data can be compressed by eliminating the redundancy and 

irrelevancy. Data compression reduces file size, hence enables more information to be 

transmitted with lesser transmission time. Nowadays, the development of modern 

technologies makes data compression an essential element in most of the real-time 

applications such as graphics, wireless sensor networks (WSN), satellite imagery, 

geographical information systems, machine learning etc. With the tremendously 

increasing amount of data in different applications, different data compression 

techniques are needed to match the characteristics of the data. Different data 

characterization leads to the development of numerous data compression approaches 

[28]. The next section of this chapter discusses the classification of data compression 

and a detailed review of the existing data compression methods. 

 

2.1.2 Classification of Data Compression 

In the era of the digital world, data compression techniques play a significant role in 

handling a massive amount of data generated in various forms. Up until today, there is 

no universal data compression method that has been proposed to effectively compress 

different types of data in diverse applications. For this reason, many data compression 

approaches were proposed to compress different types of data, such as text, audio, 
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video, images etc. Following this, data compression techniques can be classified based 

on data quality, coding scheme, data type and applications. Figure 2.2 shows the 

hierarchy of the data compression classification [28 ].  

A data compression technique highly depends on the type of data and its 

application. Generally, data compression can compress different types of data, that are; 

text, image, audio and video. Different types of data are associated with different 

applications, thus requiring different data compression techniques. Data compression 

involves the process of transforming the original data into a compact form that will be 

transmitted and then decompressed at the receiving end. Correspondingly, a data 

compression technique can be classified based on the requirements of reconstructed data 

quality, that are lossy and lossless compression. Lossless compression involves no loss 

of information by which all the original data can be extracted when the data is 

decompressed. On the contrary, lossy compression results in some loss of information 

in which the redundant and less relevant information will be discarded when the data are 

compressed. In many applications, the lack of exact reconstruction is acceptable if the 

amount of loss of information is in the range of tolerable error [26-27]. 

The significance of the data compression technique highly depends on the 

application involved, as presented in Figure 2.2. Data compression techniques required 

in medical imaging, WSN, and other specific applications are different from each other. 

Lossless compression techniques are used in the field where the loss of information is 

undesirable such as text, medical imaging, forensics, military imagery and satellite 

imaging [31]. On the other hand, lossy compression is commonly applied in streaming 

media and WSN application, where the approximation of original data is acceptable due 

to the limitations of data transmission [28]. Additionally, data compression techniques 

can also be classified according to coding the scheme as listed in Figure 2.2. Huffman 

coding is a type of optimal prefix code which is widely applied in lossless data 

compression [32]. Due to its more straightforward implementation and lack of patent 

coverage, several versions of Huffman coding have been developed, such as adaptive 

Huffman code, Golomb code, Rice code, and Tunstall code [26]. Arithmetic coding is a 

coding technique to generate variable length codes [33]. Arithmetic coding is superior 

over Huffman coding in the capability to segregate the modeling and coding features on 

the compression technique. There are two versions of arithmetic coding, namely; 

adaptive arithmetic coding and binary arithmetic coding [34]. In 1994, Burrows and 

Wheeler introduced a block sorting compression technique, named as Burrows-Wheeler 
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Transform (BWT) [35]. The idea of BWT is to re-arranges the character string into runs 

of identical characters. The BWT is applicable in situations where the string consists of 

sequences of repeated characters [35]. 

        
Figure 2. 2: Classification of data compression. 

Dictionary based coding is another data compression coding scheme that is 

suitable to be applied if the original data contains more repeated patterns. By using 

dictionary based coding, the data is divided into the frequency of occurring patterns 

[26]. Two types of dictionary based coding are, static and dynamic dictionary. Lempel–

Ziv algorithm (LZ) is a dictionary based coding technique that was developed by 

Lempel and Ziv in 1978. LZ is commonly used in lossless file compression [36]. Run 

Length Encoding (RLE) is a data compression technique that represents the sequence of 

symbols as runs and rest of them are termed as non-runs. RLE is widely used in line 
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drawings, fax, palette-based images like textures, animation and graphic icons. Scalar 

quantization is the process of mapping an input value to a number of output values. 

Whereas, vector quantization is implemented by selecting a set of representatives from 

the input space, followed by the mapping of all other points in the space to the closest 

representatives. Basically, quantization is the easiest way to represent larger set of 

values by a smaller set. Hence, vector and scalar quantization are the most commonly 

used lossy compression techniques [37].  

Wavelet transform is another coding scheme that has emerged as a compelling 

tool for signal compression. Wavelet transform provides the ability to compress data by 

using a number of wavelet coefficients. A good transform coding technique has the 

ability to compress data by using less number of wavelet coefficients. Discrete cosine 

transform, discrete wavelet transform and wavelet packet transform are the most widely 

used transform coding in data compression techniques [38]. As mentioned before, data 

compression techniques can be classified based on the data type, the associated 

applications, the reconstruction quality and the coding scheme. The increasing amount 

of data and various file formats require a compression technique that can fulfil the 

suitability, the structure and the needs of the compressed data. Following this, he next 

section of this chapter explains the criteria needed as a performance measurement for a 

data compression technique.  

 

2.1.3 Performance Measurement of a Data Compression 
Technique  

The performance of a data compression algorithm can be evaluated from several 

aspects, that are [26],[39]: 

i. measuring the relative complexity of the algorithm; 

ii. the memory required to implement the algorithm; 

iii. the time taken to execute the algorithm on a given machine (the speed); 

iv. the amount of compression; 

v. the quality of the reconstructed data.  

The most common measurement to evaluate the efficiency of a compression algorithm 

is the compression ratio. The compression ratio is calculated by taking the ratio of the 

size of uncompressed data and compressed data, or can also be expressed as the 



 

18 
 

reduction in the amount of data required as a percentage of the size of the original data 

[27]. The compression ratio is given by; 

 
Compression	ratio = !"#$	&'	()*&+,-$!!$.	./0/

!"#$	&'	*&+,-$!!$.	./0/
                                            (2.1) 

The size of data can be in terms of bits, depending on the type of data. In short, 

compression ratio defines the average size required to store the compressed data. The 

compression ratio can be termed as bit per bit (bpb), bit per pixel (bpp) in image 

compression technologies and bit per character (bpc) in text compression. Similarly, 

space saving is also another measurement of compression efficiency. Space saving 

defines the reduction in file size relative to the uncompressed size, calculated as [28]; 

Space	savings = 1&.&'	3"0!	")	*&+,-$!!$.	./0/
1&.&'	3"0!	")	()*&+,-$!!$.	./0/

	                                       (2.2) 

 

The speed of compression can be calculated in terms of time taken for the 

processing of the compression algorithm or, it can also be calculated in terms of cycles 

per byte [28]. In many applications, the lack of exact reconstructions is acceptable if the 

amount of loss information is in the range of tolerated error [26]. Hence, a compression 

ratio is good enough as a performance measurement for the lossless compression 

technique. For data represented as a matrix, common metrics are used for error 

calculation such as;  RMSE (root mean square error), MSE (mean square error), MAPE 

(mean absolute percentage error) can be employed to measure the efficiency of a 

compression algorithm. Given the original data, 𝑋4 and the reconstructed data, 𝑌4. 

Equations 2.3 to 2.5 give the formula for each error calculation; 

RMSE = 95
6
∑ (𝑋4 − 𝑌4)6
475                                                             (2.3)  

MSE = 5
6
∑ (𝑋4 − 𝑌4)6
475         (2.4) 

MAPE = @8!9:!
8!

A × 100                                                               (2.5) 

Various measurement quantities have been developed to measure compression 

performance. Note that the performance measurement is based on the type of data 

involved in the application of the compression technique. For example, when the 

application of data compression involves satellite or medical images, traditional metrics 

for error measurement such as MSE, and MPE are used [28]. 
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2.2 Data in Power System 

In power system research, a collection of data can be gained from various sources of the 

whole system. The application for each type of data collection depends on the nature 

and source of the data. This section discusses the source of data in overall power 

systems analysis and the application of the data in terms of short-term and long-term 

duration. 

 

2.2.1 Source of Data in Power System  

Power system data comes from many sources of information and management systems 

such as supervisory control and data acquisition (SCADA) system, energy management 

system, wide area measurement system, operation management system, automatic 

dispatching system, distribution management system, electricity consumption 

information collection system, advanced metering infrastructure (AMI), phasor-

measurement unit (PMU) and telemeter reading. The power systems data volume rises 

sharply with the comprehensive construction of intelligent, digital, and informative 

power grids. The development of the grid becomes the main contributor to the big data 

in power systems. The big data in electric power can be divided into three classes; 

power grid operation data, customer data, and enterprise management data. Power grid 

operation data comes from each aspect of power generation, transmission, substation, 

distribution, utilization, and scheduling. Some examples of power grid operation data 

are power flow data, grid operation key indicators, the devices detecting or monitoring 

data. Customer data includes data involving the customer, such as electricity 

consumption behavior, business expansion information, and other related marketing 

data. Enterprise management data consists of human, financial, and material resources 

management data [5]. 

The whole project in this thesis focuses on power grid operation data. The 

applications of power grid operation data depend on different data sources at various 

stages of the power grid. Power grid operation data is separated into different 

categories, such as; data from smart meters, data through the deployment of AMI, grid 

assets data (primary equipment sensors), third-party data (off-grid data sets), and asset 

management data (smart devices in the grid). Nevertheless, data that comes from 

different sources can be used for various purposes.  
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For example, in power system monitoring, control, protection, and management; 

the data obtained from PMUs, smart meters, and sensors can be used for customer 

service enhancement, predictive analytics, fault diagnosis, and outages prevention, real-

time vulnerability assessment, theft, and cyber-attacks detection and safety, and security 

and reliability improvement. 

 

2.2.2 The Use Data in Power Distribution System 

In power distribution systems, the data collected from field devices will be used for 

numerous applications, including grid operations, electric system planning, power 

monitoring, wholesale market participation, and policy discussions. The tremendous 

amount of data collected in a distribution system can be applied to improve both short-

term distribution system operations and long-term distribution system planning 

processes. 

In terms of short-term system operation, data collected from meters installed can 

be used for automatic billing and settlement as both customer-based electronic meter, 

and concentrator meters are installed in the distribution system. If data on historical 

energy theft is available, it is possible to detect any changes in energy consumption 

trends and thus detect the potential of energy theft. The availability of metering data 

also enables a more accurate and granular load forecast in terms of location and time. 

Data on customer consumption and behavior information will enable the utility 

company to improve the spatial load forecast accuracy by mining electricity 

consumption data and weather information. An accurate load forecast will be beneficial 

for the transmission and distribution system operation. In this case, an accurate forecast 

in the transmission system will reduce the mean error and decrease the utility company's 

annual variable generation cost.  

An electric power system's operation depends on the availability of information 

that will be used in the decision-making process at the control center. In this case, the 

vast amount of data collected in a power distribution system will guide the utility 

decision-maker to make a more accurate decision on the grid's daily operations via state 

estimation. State estimation is the application of power flow equations to measure grid 

conditions by using data collected from field monitors. The applications that rely on 

state estimation to analyze the distribution grid performance are; overloading 

prevention, outage management, distributed energy resources dispatch, and integration 
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with transmission operations. With AMI technology, the error in state estimation can be 

reduced as the metering data with a finer sampling rate will correctly allocate the 

algorithm's load. Hence, the grid operators' decision-making in a utility company is 

improved associate with the use of AMI technology. Additionally, the AMI data 

collected can be leveraged to predict distribution transformers' failure, underground 

cables, overhead lines, and voltage regulation devices. For example, a transformer life 

can be predicted by observing the loading patterns throughout the year. Hence, the AMI 

data on the distribution systems will benefit the utility company in diagnosing their 

equipment by maximizing an effective replacement of the system. 

For the improvement of long-term distribution system planning, data collected 

can be used to transform the distribution system planning process and model customer 

consumption behavior. In the context of the transformation of the distribution system 

planning process, large data sets that consist of a considerable amount of person-hours 

from the department for electric system planning is needed. The AMI data could be 

integrated into the existing planning processes, which will benefit from maintaining the 

primary substation gateway and include redundancy in load estimation if the primary 

monitoring point fails.  In terms of modeling customer consumption behavior, the 

interval meter data is useful to support new retail pricing mechanisms such as 

customer’s response to changes in the transmission system conditions and wholesale 

electricity prices can be accurately measured. Besides, the collected data can be used to 

model and study the differences in customer’s electric energy consumption behavior 

under different pricing mechanisms and incentive programs. The model will provide 

helpful insights on how to quantify, extract and aggregate load flexibility. Additionally, 

findings from the study of customer’s electric energy consumption behavior will also 

facilitate the utilities’ and demand response aggregators’ efforts to refine and tailor 

electricity retail pricing structures and demand response programs. 

 

2.3 Data Compression in Power System and Smart Grid 

The application of data compression in the smart grid is similar to wireless sensor 

networks. The basic WSN configuration is that a large number of sensor nodes are 

densely deployed over a sensor field [40]. Therefore, WSN plays an important role in 

smart grid development. In the smart grid, the nodes are connected by radio frequency 

and PLC (Figure 1.2). Thus, the data are using the wireless medium to travel among the 

nodes for data collection purpose. The size of each sensor node and every sensor 
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component is small. Thus the power source, processing and data memory are low as 

well. Due to this, each sensor node or WSN has limitation in power supply, 

communication bandwidth, processing speed and memory space [41]. Therefore, data 

compression can serve as an effective solution to achieve the maximum utilization of 

limited sensor resources.  

Data compression will compress the sensing data, thus reducing the data 

processing and transmitting load in each node. On another point, compressing the 

sensing data will also reduce the power consumption. Hence the lifetime of the sensor 

network can be extended [41]. This section discusses the available data compression 

techniques in power systems developed by previous studies. Majority of the studies in 

the literature employed different coding based schemes intending to get the best data 

compression algorithm. The research on data compression for power system and smart 

meter big data is extensive. Numerous lossless and lossy compression techniques have 

been proposed. The following discusses several recent and common data compression 

methods in the literature.  

 

2.3.1 Wavelet Transform based Compression  

In the early stages of data compression applied to digital data, Mehta et.al. [39] 

proposed the use of Fast Fourier Transform (FFT) and Adaptive Differential Pulse Code 

Modulation (ADPCM) to compress power systems disturbances. The results from [39] 

show that wavelet analysis appears to be quiet powerful in detecting and localizing 

various types of power quality disturbances. With reference to this, Santosa et.al. 

[42,43] introduced a new approach of data compression for power quality disturbances 

events based on wavelet transform analysis. Results obtained from [42,43] show that 

wavelets managed to give low error rates and good compression ratios, that is varying 

from 5.9:1 to 2.6:1 with 1500 sample data length. Following this, a large and growing 

body of literature investigated the use of wavelet-based analysis as a lossy compression 

tool for power systems. Morlet and Grossman developed wavelets in the early 1980s 

[44].  

Wavelets are a combination of Fourier analysis, functional analysis, harmonic 

functions, numerical analysis etc. Wavelet analysis can be used to localize time-

frequency data and analyse signals by stretching and translation [44]. The 

transformation of wavelet, known as wavelet transform (WT), is an extension idea from 
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a local change of the short time Fourier transform. WT is an effective tool for time-

frequency analysis and signal processing due to its capability of solving the variability 

of window size that does not got affected by the frequency [44]. WT can be categorised 

as discrete wavelet transform (DWT) or continuous wavelet transform (CWT). The 

DWT is widely used for signal coding, and signal and image compression. Whereas the 

CWT is often applied for signal analysis. In wavelet analysis, the signal is represented 

by a wavelet basis with fast attenuation of finite length, and the input signal is matched 

by stretching and translation. [45]. 

A data compression method that is based on WT involves decomposing the 

signal into wavelet coefficients and transient coefficients, followed by a deletion of 

trivial data points. Chung et.al. in [45] proposed the use of embedded zerotree wavelet 

transform (EZWT) coding scheme to compress transient power disturbance signals. The 

idea of proposing the use of EZWT was for overcoming the drawback of the method in 

[42,43] that is only applicable for the relatively fixed compression scheme. Finding 

from this study proved that EZWT gives a better performance in compression ratio, as 

the zerotree manage to reduce redundancies in the power disturbance signal [46]. In the 

following studies, authors in [47] and [48] discovered the use of DWT and wavelet 

packet transform (WPT) to compress the actual power systems disturbances. However, 

the study in [48] proposed use of the minimum description length (MDL) as a criterion 

for the selection of the appropriate wavelet filter. Besides, the use of MDL also gives 

the best number of retained wavelet coefficients for signal reconstruction.  

Due to the excellent and encouraging findings, research in data compression for 

power system data via wavelet-based approaches gained a lot of attention. In 2002, 

Panda et.al. [49] proposed the use of slantlet transform; that is an orthogonal DWT with 

zero moments and improved time localization for the compression of power quality 

events. In another study, [50] used the combination of wavelet transform and Huffman 

coding technique as an efficient approach to compress power system disturbance data. 

This study found that the proposed approach effectively reduced the file size and was 

able to reconstruct the compressed signal back to the original one with only small error. 

Another study in [51] explores the influence of using different mother wavelets, scale 

levels and thresholding to get an optimal compression efficiency and accuracy for 

power system transient data. Focusing on power quality disturbance data, a study in [52] 

proposed the use of integrated spline wavelet and S-transform approach for data 

compression, detection and classification. The proposed S-transform is an extension of 
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Gabor transform and WT, that is based on a moving and scalable localized Gaussian 

window. The S-transform is specifically used in this study for the purpose of 

translatable and scalable Gaussian window. Results from this study show that, detection 

and classification of power quality disturbances via the S-transform produce superior 

results than WT, as the S-transform has a better time-frequency and localization 

property as compared to WT [52].  

In [53], Huang and Joi applied an integrated method based on arithmetic coding 

with WT to compress electrical power disturbance. First, the WT is used to get the best 

wavelet basis such that the disturbance signal can be decomposed optimally. Then, the 

arithmetic coding approach is utilized to reduce the redundancy of data encoding, 

thereby lowering the cost related to data storage and transmission. Results gained 

validate that the proposed method manages to reduce the file size and give very minimal 

error on the reconstruction of the compressed data [53]. Ning et al. [54] decomposed the 

time series signals into proportional coefficients and wavelet coefficients by WT-based 

multiresolution analysis (MRA). Using the proposed approach, the trivial data points 

can be deleted such that the overall size of the data can be compressed. Results show 

that the inverse multi-resolution transform can reconstruct the time series perfectly [54]. 

By using the same approach as in [46], Khan et.al. in [55] applied EZWT to compress 

power system signals for the smart grid. Comparing with [46], the analysis and 

subsequent compression of the EZWT are examined followed by a result comparison 

with WT. Experimental results prove that EZWT is better in compression performance 

than the WT.  

Overall, it can be concluded that the family of wavelet transform can serve as a 

suitable compression method for power system signals and smart grid. EZWT can 

compress data according to different compression ratios. Better results can be obtained 

with modification and enhancement on the wavelet coefficient and function, given that 

the changes are suitable with the characteristic of the compressed data. The majority of 

the researches on wavelet-based compression is focused on power quality disturbances 

and one-dimensional signal compression. Besides many advantages of WT, there are 

some drawback that cannot be eliminated if one considers to compressing data using the 

wavelet-based method. Although the wavelet-based methods can achieve excellent 

performance, it is crucial to have the full information of the data before the compression 

process can be run [54]. Hence, one of the drawbacks of WT is the need to compute all 

the wavelet coefficients. However, some of these coefficients will be discarded when 
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the information is redundant. In addition, the complexity calculation on wavelet 

coefficients and the wavelet packet will add on difficulty and load on the compression 

process. The wavelet-based compression offers a high complexity in the sense that more 

resources are required to perform the computation of the wavelet coefficients. Hence, 

more memory, processor and time are needed in the selected compression process is 

based on WT. Therefore, compressing data via wavelet-based compression will come 

with challenges in some cases.  

 

2.3.2 Dictionary Based Coding and Statistical Approach 

Table 2.1 presents related reference on data compression techniques that is based on 

dictionary based coding and statistical based approach. 

Table 2. 1: Dictionary and statistical based approach for data compression technique. 
Reference Methods Data sources Advantage / Results 
[56] • Principal 

component 
analysis (PCA) 
• Adaptive 

arithmetic 
coding for 
storage of the 
principal 
components.  

Steady state 
operational data, that 
are; voltage, line 
flow, active power 
and reactive power.  

• The PCA based compression 
procedure is made effective by 
storing the significant principal 
components along with the 
corresponding eigen vectors.  
• The efficiency of PCA in 

considered acceptable as a lossy 
compression method. However, 
several issues need further 
investigation, such as; the 
criterion for choosing the 
significant number of principal 
components and the erroneous 
outliers should be detected and 
removed before the data storage 
process. 
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[57] Lossless 
compression 
algorithm; 
• LZMA  
• LZ77 
• ZIP 
Combined with 
different 
prediction 
model  

Archives smart grid  
data series from 
continuous 
monitoring 

• The input data is first to be 
processed with different 
prediction models to utilize 
common features in the data 
sets.  

• Aggregating model and 
relational models are the most 
useful predictive models for 
optimization of a dictionary of 
lossless compression algorithm 
for data storage. 

• LZMA algorithm is the best 
lossless algorithm to compress 
smart grid archival data. 

[58] 

 

• Adaptive 
Trimmed 
Huffman 
(ATH) 
• Adaptive 

Markov Chain 
Huffman 
(AMCH) 
• tiny LZMA 

(tLZMA) 
• LZMH 

Smart meter data 
with 1-second time 
interval. The data 
consists of readings 
from different 
household 
appliances 

• All datasets were compressed 
individually on a desktop PC. 

• Results show that the LZMH 
gives the best compression 
ratio, while the ATH uses less 
memory and provides the 
fastest processing time as 
compared to AMCH, tLZMA 
and LZMH.  

[59] 

 

Proposed steps 
on compression 
algorithm; 
normalization, 
differential 
coding, variable 
length coding, 
code word 
concatenation, 
entropy coding 
and decoding 
process. 

Load profile data in 
intervals of 1-second 
collected from smart 
meter 

• All datasets were compressed 
individually on a desktop PC. 

• The proposed algorithm allows 
for resumability with very low 
overhead on error-prone 
transmission lines. 

• The proposed approach is 
suitable for compression of 
smart meter load data as it has 
low computational complexity, 
low memory requirement, the 
low overhead for initialization 
and the ability to resume after 
interruption.  
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[21] 

 

• SVD 
• DWT for 

comparison 
purposes 

Steady state data 
(voltage, current, 
active power, 
reactive power and 
power factor) from a 
smart distribution 
system. 

• The compression was done via  
segmentation of the eigenvectors 
matrix that is associated with the 
chosen number of significant 
singular values.  
• The SVD compression is capable 

of reducing the volume of data 
and outperforms DWT in 
compression ratio for voltage, 
current and active power. 
• Similar to [32], further study is 

required for the selected number 
of significant singular values. 

 

 

2.3.3 Conclusion on Data Compression for Power Systems 

Various compression techniques have been proposed for compressing data in the 

application of the power system with the majority of those techniques are devoted to 

power quality analysis and disturbances. The traditional and recently developed data 

compression techniques are reviewed and compared by highlighting their methodology, 

performance and suitability to various type of applications. Every compression 

algorithm has its limitations in certain aspects. However, some of the proposed 

compression algorithms can be optimized for better performance with preservation of 

the compression efficiency. Nevertheless, the results from reviewed compression 

methods provide a useful guideline in the selection of appropriate technique for 

intended applications, or in designing new data compression algorithms [28]. 

Compression methods of smart meter big data are divided into lossy 

compression and lossless compression methods. Lossy compression gives a better 

compression rate as compared to the lossless compression.  If the trade-off between 

compression ratio and information loss is within an acceptable range, the specific 

compression method can be chosen to compress the data. Several other aspects that 

should be considered in the selection of a compression technique, such as the 

complexity of the algorithm, the efficiency and the processing speed. According to [41], 

most of the existing data compression algorithms are not feasible for WSN due to the 

size of the algorithm and the computational speed. Thus it is necessary to design a low-

complexity and small size data compression algorithm for sensor networks. Apart from 
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this, a selection of a compression method is also based on the type of input data. Data 

collected in this study are categorized as text data as it is recorded through the steady-

state measurements from the three-phase transformer of a smart distribution system. 

Thus, text-based data compression is chosen for compressing the associated data.  

 

2.4 Issues in Data Compression for Smart Grid 

In general, many compression methods have been developed and normally a method is 

based on the characteristics of the data to be compressed. Every data has its own 

features; such as the source, variables, pattern, etc. and these features must be 

considered before any compression scheme is to be applied. Therefore, even if a 

particular compression method is very effective for a specific signal, this method is not 

necessarily effective in compressing other signals. For example, the compression 

techniques for speech signals are not suitable for image compression due to the 

differences in signal dimensions and statistics [23]. It appears from the studies 

mentioned above that a considerable amount of literature has been published on various 

compression techniques for the power system signal and measurements. Wavelet-based 

compression are the most widely used techniques. However, the majority of the 

proposed compression techniques were focused on electrical signal waveform; that is 

power quality disturbance which highlights the need related to power quality analysis. 

There is a lack of research on the compression of the steady-state data in comparison to 

the compression of electrical signals waveform [48]. 

Regarding smart grid deployment, decision support systems need to incorporate 

data compression mechanisms that deal with big data situations effectively. According 

to Michel et.al [23], data compression for smart grid is far from being as mature as it is 

for speech, image and video compression. The use of a smart metering system with 

finer sampling rate and various sensors make the smart grid in need of an efficient data 

compression technique that can lower with the burden of communication networks. In 

addition, the smart grid needs data compression techniques that are suitable for many 

distinct applications such as; protection, monitoring, metering, synchrophasor 

measurements, diagnosis etc. With attention to this, there is a need to develop new 

algorithms and methodologies that will give higher compression rates, fast compression 

time and yet reduce the burden on the communication network in a smart grid system. 

 



 

29 

2.5 The Needs for Real-Time Data Compression 

WSN are resource constraint as it is limited in power supply, limited bandwidth for 

communication, processing speed, and memory space. Hence, one possible way to 

achieving maximum utilization the resources is by applying data compression on sensor 

data [41]. In the context of the power system, compression is the most widely used 

technique to overcome the issue of bandwidth limitation in data transmission. Data 

compression enables the transmission of massive volumes of data without the loss of 

valuable information. Several data compression techniques have been proposed in the 

context of smart grid, focusing on lossy compression methods. However, data 

compression methods do not allow the compressed data to be sent straightaway while 

the process is still ongoing [60].  

Majority of the proposed data compression approaches in smart grid systems are 

not done in real time, but are executed routinely off-line during the off-peak time where 

the data will be stored in an archive [61]. According to the study in [61], to provide the 

on-demand service to consumers in a smart grid, the data center needs to maintain the 

metering data ‘alive’, which means all the desired information can be fetched, 

processed, and delivered upon requests. To achieve these, merely hardware support and 

cloud applications of database systems are not enough. Good system design and 

software solutions are essential to provide such kind of services to the control center of 

a smart distribution system [61]. Nevertheless, there are several recent studies proposed 

data compression methods that are capable of tackling the need for online data 

transmission.  

A study by Norman et.al. in [62] proposed a novel algorithm for continuous real-

time power waveforms capture, compression and transmission. The proposed algorithm 

consists of several steps, that are; separation on waveform components (either stationary 

or non-stationary), compression via integer lifting wavelet transform and data reduction 

for significant waveform feature preservation. The proposed algorithm has been 

implemented on a prototype meter and experimental results proved that the proposed 

algorithm is feasible and practical for power quality smart meter applications. With the 

same aim, a study in [63] proposed using Martin Burtscher algorithm for compressing 

online power system data. In this study, an effective remote method invocation (RMI) 

based distributed model was developed to compress the power system data, sending the 

compressed data across the network, decompressing it and retrieving the data. The 
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proposed method is capable of giving a faster rate of data communication once the data 

has been compressed.  

In a different study, [64] proposed a real-time compression algorithm that is a 

combination of exception compression (EC) and swing door trending (SDT) 

compression. The performance of the compression technique was then verified by 

analysis from raw, compressed and reconstructed data of phasor measurement units 

(PMUs). Results from this study show that the combination of EC and SDT 

compression can provide the compression ratios in the range of 6 to 11 and manage to 

reduce the size of the data packet by approximately 75%. In summary, the requirement 

of online data compression that at the same time, can support online data transmission is 

still in high demand. It would be good if this problem can be catered for in a different 

way. Therefore, data forecasting can serve as a solution to mitigate this problem. The 

next section of this chapter discusses data forecasting to tackle the issue of online data 

compression.  

 

2.6 Data Compression and Data Forecasting to Cater the 
Limitation of Communication Bandwidth  

The most logical way to cater for the transmission of massive data in the smart grid is, 

by reducing the volume of data transmitted to the data management and control center. 

In the context of power systems, data compression is the most widely used technique to 

overcome the issue of bandwidth limitation in data transmission. Section 2.1 to 2.3 of 

this thesis discuss data compression methods that have been applied in this context. The 

related issues also explained in Section 2.4 of this thesis. Following this, the next 

chapter of this thesis explores the latest data compression method that has been applied 

in a smart distribution system, which is the SVD method. Although the SVD is the 

latest, simple, and straightforward compression method, another compression method 

that can give faster execution time and high accuracy are needed for large scale data 

size. Hence, Chapter 3 and Chapter 4 of this thesis explore data compression methods 

for the smart distribution system.  

As discusses in Section 2.5 of this thesis, the majority of data compression 

methods proposed do not support online data transmission. According to [65], it is 

important to adopt several approaches to tackle this problem. Hence, a data reduction 

strategy can serve as the best solution. Data reduction can be classified into three 
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different techniques, that are; data compression, in-network processing, and data 

forecasting [65]. In-network processing refers to data aggregation at intermediate nodes 

between the source and the receiving end [65]. A study in [66] applied an in-network 

processing technique by collecting data from smart meters, analyzing and extracting 

information from collected data, followed by transferring them to the utility server. 

However, these works do not support real-time data reduction as it is based on posterior 

data reduction, which is once smart meter data are aggregated  [66].  

Hence, to tackle the need for online data transmission in a different way, an 

adaptive framework is also developed in this thesis. The idea of the framework is based 

on the combination of data forecasting and data transmission. The proposed framework 

can reduce the amount of sent data by forecasting the information at the data 

management and control center. By using this strategy, there will be a saving in 

communication bandwidth as the process of data transmission will be reduced, given 

that the information is forecast accurately at the data and control center. Chapter 5 of 

this thesis gives a detailed explanation of the proposed framework, together with the 

forecasting method used in this context. 
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2.7 Summary 

Compression involves information representation in a compact form when the size of 

data is reduced after the compression process. Depending on the type of compression 

algorithm, the original version of the data can be retrieved via the decompression 

process. Up until today, there are a variety of compression techniques that can be 

classified based on the type of data, reconstruction data quality, the application of the 

data to be compressed, and the coding scheme. In general, compression techniques in 

the context of power systems and smart grid are classified as lossy compression or 

lossless compression. Wavelet transform-based compression is the most widely used 

and well-known technique for power systems and smart grid data compression. 

However, there are still issues that need to be catered to in compressing power system 

data considering the power system signals and features. Additionally, an efficient data 

compression technique is necessary to correspond to the use of the advanced metering 

infrastructure with finer sampling rate in a smart distribution system. Many lossy 

compression techniques have been proposed in compressing data collected from smart 

distribution systems. However, some of the proposed techniques are unable to tackle the 

issue of bandwidth limitation in transmitting the compressed data as well as online data 

compression. Hence, a data compression technique with higher compression rates, fast 

processing time that able to reduce the burden of communication networks in 

transmitting the compressed data are tackle in Chapter 4 of this thesis. Following this, 

an adaptive framework based on the combination of data forecasting and data 

transmission to tackle the online data compression issue is presented in Chapter 5 of this 

thesis. 
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Chapter 3 EVALUATION OF DATA COMPRESSION 
VIA SVD AND DWT 

3.1 Introduction 

The literature review in Chapter 2 shows that the wavelet-transform is the most widely 

used data compression techniques in power systems engineering. Besides, SVD is the 

latest method applied in compressing smart meter data. Thus, this chapter presents the 

evaluation of SVD compression and wavelet-based compression on data collected from 

a smart distribution system. The evaluation of both compression methods is focussed on 

the size of the data matrix, the compression rate and the time taken to compress each set 

of data. Different sizes of datasets from the CLASS project were compressed with SVD 

and DWT based compression methods. The SVD and DWT based compression method 

are able to reduce the volume of data to be transmitted via communication network for 

more efficient and effective utilization of monitoring, control and automation tools in a 

smart grid system. The compressed data via both the SVD and DWT based method then 

can be decompressed and can be further used for the steady state analysis of the 

distribution system. The steady state analysis will help utilities to assess the power 

system performance and to enhance the operational process of the distribution system.  

 

3.2 The SVD 

Singular Value Decomposition (SVD) is a matrix factorization method which is used in 

various domains of science and technology.  Matrix factorization is a representation of a 

matrix into a product of matrices. There are many different matrix factorizations and 

each is used for a different class of problems. The SVD finds wide application in 

science and engineering such as dimension reduction, least square problems, texture 

processing, feature extraction, and data compression.  

SVD is a matrix decomposition of a general matrix, either a real or complex, 

square or non-square matrix. The goal of SVD is to find the best approximation of the 

original data points that is of large dimensions, by using fewer dimensions [67]. The 

SVD of a rectangular matrix 𝐀 ∈ ℜ;×6, where 𝑚 ≥ 𝑛 is a decomposition obtained by 

the orthogonal transformation that produces three matrices given by; 

                                     𝐀 = 𝐔𝐒𝐕𝐓                                               (3.1) 
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where 𝐔 ∈ ℝ;×;, 𝐔𝐓𝐔 = 𝐈, 𝐕 ∈ ℝ6×6, 𝐕𝐓𝐕 = 𝐈 and 𝐒 ∈ ℝ;×6 with 𝐒 =

𝑑𝑖𝑎𝑔(𝑠!, … , 𝑠"). The diagonal elements of 𝐒, 𝑠# ≥ 0 are called singular values of the 

matrix 𝐀. In (3.1), 𝐔 is an 𝑚 ×𝑚 orthogonal matrix and 𝐕𝐓 is the conjugate transpose 

of the 𝑛 × 𝑛 orthogonal matrix. The matrix of 𝐔 and 𝐕 contain eigenvector of 𝐀𝐀𝐓 and 

𝐀𝐓𝐀, respectively. The set of the real numbers {𝑠5, … , 𝑠>} in the diagonal of 𝐒, are the 

singular values of matrix 𝐀 with 𝑟 = 𝑚𝑖𝑛(𝑚, 𝑛) such that 𝑠5 ≥ 𝑠? ≥ ⋯ ≥ 𝑠6 ≥ 0. 

Following this, for 𝑚 ≥ 𝑛, equation (3.1) can be expanded as a sum of rank one 

matrices as follows; 

                   𝐀 = ∑ 𝒖𝒊𝒔𝒊𝒗𝒊𝐓;
475 = 𝑢5𝑠5𝑣5A + 𝑢?𝑠?𝑣?A +⋯+ 𝑢;𝑠;𝑣;A                  (3.2) 

where vectors 𝒖𝒊 and 𝒗𝒊 are the left and right singular vectors of 𝐀, respectively. Since 

the singular values are arranged in decreasing order, the last term will have the least 

effect on the information contained in the matrix 𝐀 [68].  

 

3.2.1 SVD as a Data Compression Method 

SVD can be used as a data compression method by enabling noise reduction and data 

dependencies. To compress a data matrix using SVD, only a few singular values have to 

be retained while the remaining singular values have to be discarded. Note that the 

singular values on the diagonal of 𝐒 are arranged in decreasing order. Thus, the first 

singular values contain most of the information and subsequent singular values contain 

a decreasing amount of information. Following this, the lower singular values can be 

discarded after performing SVD as they contain negligible amount of information [69].  

In this study, the SVD compression technique used is based on the proposed 

methodology in [21]. According to de Souza et.al. in [21], data compression can be 

achieved based on the fact that many matrices occurring in practice do exhibit some 

kind of structure that leads to only a few singular values to be retained in matrix 𝑺. 

Hence, a good approximation of matrix 𝐀 can be achieved based on r significant 

singular values in matrix 𝑺. Let r be the number of significant singular values in matrix 

𝐒. Assume 𝐀\ is the approximation of 𝐀. Then 𝐀\ can be computed by    

      	�̂� = ∑ 𝒖𝒊𝒔𝒊𝒗𝒊𝐓>
475 = 𝑢5𝑠5𝑣5A + 𝑢?𝑠?𝑣?A +⋯+ 𝑢>𝑠>𝑣>A                             (3.3) 

Following this, by replacing 𝐒 with 𝐒B, (3.1) can be express as  

                                                𝐀\ = 𝐔𝐒′𝐕𝐓                                (3.4) 
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where 𝐒B is the new singular matrix that contains only r significant singular values. The 

selection of only r significant singular values, thereby reducing the size of 𝐔 matrix to 

𝑚 × 𝑟 and 𝐕 matrix to 𝑛 × 𝑟 for the reconstruction of matrix 𝐀. Further investigation in 

[21] shows that each matrix 𝐔 and 𝐕 can be partitioned into submatrices that reduce the 

dimension of the matrices. The reduction of a matric dimension will reduce the volume 

of its elements, which proves that SVD is approaching a data compression scheme.  

We discuss the full mathematical process of the matrix partition and submatrix 

computation based on [21]. Referring to [21], each matrix in (3.4) can be partitioned 

into submatrices given by; 

𝐀\ = a
𝐀\55
(>×>) 𝐀\5?

E>×(69>)F

𝐀\?5
E(;9>)×>F 𝐀\??

E(;9>)×(69>)F
b;      𝐔 = a

𝐔55
(>×>) 𝐔5?

E>×(;9>)F

𝐔?5
E(;9>)×>F 𝐔??

E(;9>)×(;9>)F
b; 

        𝐕A = a
𝐕55
(>×>) 𝐕5?

E>×(69>)F

𝐕?5
E(69>)×>F 𝐕??

E(69>)×(69>)F
b;       𝐒B = c𝐒55

(>×>) 0
0 0

d 

Hence, matrix 𝐀\ also can be expressed as follows;  

                                           1𝐀!! 𝐀!$
𝐀$! 𝐀$$

3 = 4
𝐔!!𝐒!!𝐕!!% 𝐔!!𝐒!!𝐕!$%

𝐔$!𝐒!!𝐕!!% 𝐔$!𝐒!!𝐕!$%
7                             (3.5) 

Equation (3.5) is obtained based on matrix multiplication of the right hand side of (3.4). 

The dimension of submatrices in (3.5) have been omitted. Based on the proposed 

matrices partition, the submatrices 𝐒55
(>×>), 𝐔55

(>×>), 𝐔?5
E(;9>)×>F, 𝐕55

(>×>) and 𝐕5?
E>×(G9>)F are 

the only submatrices needed to compute the approximation of 𝐀. To measure the extent 

of compression achieved by using SVD, the compression ratio (CR) is calculated by; 

                                              𝐶𝑅 = #×%
(#'%'()×*

                                                                  (3.6) 

However, the value of the CR that is considered as acceptable typically have to 

be set depending on the limitation of the communications network in sending the 

compressed data. As an alternative, arranging the ratio of the CR will give (3.7) that can 

directly compute the number of significant singular values, r needed in order to meet a 

given CR required.   

        𝑟 = #×%
(#'%'()×+,

                                                                  (3.7) 
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It is observed that the corresponding data matrix will approach the original data with 

high accuracy if the number of singular values is increased. To evaluate the loss of 

information on the SVD compression method, the mean absolute error (MAE) is 

calculated by using the equation below.  

        MAE = 5
(;×6)

∑ ∑ e𝐴(𝑖, 𝑗) − �̂�(𝑖, 𝑗)e6
H75

;
475                             (3.8) 

The following steps summarize the methodology involved when employing the 

SVD technique as in [21]. 

1) The data matrix 𝐀 is formed from the smart distribution data. 

2) Perform SVD to obtain matrices 𝐔, 𝐒 and 𝐕 as in (3.1).   

3) Assign a set of target compression ratios (TCR) and calculate the number of singular 

values, r for each TCR by using (3.7). Rounding r to the nearest integer, as r can 

assume any real-valued number. 

4) Based on the calculated value of r, form submatrices for matrices 𝐔, 𝐒 and 𝐕A. 

5) Reconstruct data matrix 𝐀 using equation (3.5) that based on r significant singular 

values. 

6) Evaluate the performance of SVD compression by calculating the MAE and 

compression ratio. 

These steps are repeated for different sampling rates of the dataset. To compare the 

performance of the SVD compression technique, each of the datasets was compressed 

using DWT and the result gain was evaluated.  

 

3.3 The Wavelet Transform 

 

According to Burrus et.al. in [70],  wavelet is a “small wave” which has its energy 

concentrated in time to give a tool for the analysis of transient, non-stationary, or time-

varying phenomena. Wavelet has the oscillating wave-like characteristics and the ability 

to allow simultaneous time and frequency analysis with flexible mathematical 

foundation [70]. A wavelet transform is a tool that cuts up data functions or operators 

into different scale (or frequency) components, with each component is a resolution that 

is matched to its scale [71].  The wavelet transform of a signal evolving in time depends 

on time and scale. The wavelet provides a tool for time-frequency localization. This 

section provides a brief introduction to the wavelet transform.  
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A signal of function 𝑓(𝑡) can be expressed as a linear decomposition as [70]; 

                                      𝑓(𝑡) = ∑ 𝑎ℓℓ 𝜓ℓ(𝑡)                                           (3.9)    

where ℓ is an integer index for the finite or infinite sum, 𝑎ℓ is the real-valued expansion 

coefficients, and 𝜓ℓ(𝑡) is a set of real-valued functions of 𝑡 called the expansion set. If 

the expansion in (3.9) is unique, the set is called a basis for the class of functions that 

can be so expressed. The orthogonality of the basis is given by; 

                    〈𝜓J(𝑡), 𝜓ℓ(𝑡)〉 = ∫𝜓J(𝑡), 𝜓ℓ(𝑡)	𝑑𝑡 = 0   with   𝑘 ≠ ℓ                         (3.10) 

Following this, the coefficients can be calculated by the inner product; 

                                   𝑎J = 〈𝑓(𝑡), 𝜓J(𝑡)〉 = ∫𝑓(𝑡)𝜓J(𝑡) 𝑑𝑡                                    (3.11) 

Note that, substituting (3.9) into (3.11) and using (3.10) will give the single 𝑎J 

coefficient. If the basis set is not orthogonal, then a dual basis set 𝜓rJ(𝑡) exists such that 

using (3.11) with the dual basis gives the desired coefficients [70]. An expansion of 

(3.9) for a two-parameter system, is given by; 

                                          𝑓(𝑡) = ∑ ∑ 𝑎H,J𝜓H,J(𝑡)HJ                                                  (3.12) 

where both 𝑗 and 𝑘 are integer indices and the 𝜓H,J(𝑡) are the wavelet expansion 

functions that usually form an orthogonal basis. The two-dimensional set of coefficients 

𝑎H,J is known as discrete wavelet transform (DWT) of 𝑓(𝑡) [70]. A more specific form 

indicating how the 𝑎H,J’s are calculated can be written using the inner product as 

𝑓(𝑡) = ∑ 〈𝜓H,J(𝑡), 𝑓(𝑡)〉𝜓H,J(𝑡)H,J                     (3.13) 

if the  𝜓H,J(𝑡) form an orthonormal basis for the space of signals of interest [71]. The 

wavelet series expansion, or the DWT, is in terms of two indices; the time translation 𝑘 

and the scaling index 𝑗.  

The goal of most expansions of a function or signal, is to have the coefficients of 

the expansion 𝑎H,J to give more useful information about the signal than is directly 

available from the signal itself. Another goal is to have most of the coefficients as zero 

or very small, that is a sparse representation. The sparse representation of a signal is 

important for statistical estimation and detection, data compression, nonlinear noise 

reduction and fast algorithms [70]. There are three additional characteristics that are 

more specific to wavelet expansions, or DWT, as list below  [70]. 
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1. Wavelet systems are generated from a single scaling function by simple scaling and 

translation. The two-dimensional parameterization is achieved from the mother 

wavelet 𝜓(𝑡) by 

                    𝜓H,J(𝑡) = 2
"
#𝜓u2H𝑡 − 𝑘v   with   𝑗, 𝑘 ∈ 𝑍                                            (3.14) 

where Z is the set of all integers and the factor 2
"
# maintains a constant norm 

independent of scale 𝑗. This parameterization of the time or space location by 𝑘 and 

the frequency or scale by 𝑗 turns out to be extraordinarily effective. 

2. Almost all wavelet systems satisfy the multiresolution conditions. This means that, 

if a set of signal can be represented by a weighted sum of 𝜑(𝑡 − 𝑘), then a larger set 

can be represented by a weighted sum of 𝜑(2𝑡 − 𝑘).  

3. The lower resolution coefficients can be calculated from the higher resolution 

coefficients by a tree-structured algorithm, called a filter bank. This allows a very 

efficient calculation of the DWT (or also known as the expansion coefficients) and 

relates wavelet transforms to an older area in digital signal processing. 

The operations of translation and scaling are the basis to many practical signals and 

processes, and their use is one of the reasons that wavelets are efficient expansion 

functions [70].  

 

3.3.1 The DWT as a Data Compression Method 

As presented in Chapter 2 of this thesis, DWT is one of the most widely applied 

technique in the compression of power system signals. The DWT uses multiresolution 

filter banks for the time-frequency analysis of non-stationary signals. In order to do this, 

the DWT will decompose a signal into a series of wavelet coefficients 𝑎H,J. The 

approximation space is obtained by projecting onto the scaling function 𝜑(𝑡) while the 

detail space is obtained by projecting onto wavelet functions 𝜓H,J(𝑡)  that are generated 

from a mother wavelet 𝜓(𝑡) , given as in equation (3.14). The implementation of this 

projection operation is via binary sub-band decomposition of the input signal using 

filtering followed by down-sampling. An arbitrary signal can be reconstructed from its 

wavelet series decomposition by summing up the orthogonal wavelet functions, 

weighted by the wavelet expansion coefficients [72]. 



 

39 

In this study, the smart distribution data is stored in a matrix form, thus it can be 

considered as a 2-dimensional matrix with the rows corresponding to non-overlapping 

segments of the measurements data. 2D-DWT can be thought of as the direct two 

dimensional extensions of the regular one dimensional DWT. In 2D, one level of 

wavelet transform will produce four spaces, the first space corresponds to the 

approximation space and the other three correspond to directionally sensitive detail 

spaces. The signal components in approximate and detail spaces are obtained by 

projecting the 2D signal into the scaling function 𝜑 and the wavelet functions 𝜓H,J(𝑡). 

The 2D signal is projected into 𝜑(𝑗, 𝑡), where 𝑗 and 𝑡 refer to time and meters reading in 

the data matrix. For a matrix of size 𝑚 × 𝑛, the sub-band decomposition based on DWT 

is first applied to the rows producing two 𝑚 × $
#  matrices. Then, the same 

decomposition structure is applied to each of the previously obtained matrices. For 

further decomposition, one should simply proceed with the decomposition of the low-

pass approximation matrix at every stage. For the DWT, the compression ratio is 

calculated by taking the ratio between the sizes of the original data matrix to the 

compressed data matrix [72].     

Wavelet functions are dilated, translated and scaled versions of a mother 

wavelet, 𝜓(𝑡). There is an infinite number of mother wavelets such as Haar, 

Daubechies, Biorthogonal, Coiflets, and Symlets. Each mother wavelet comes with an 

associate order to indicate how smooth the wavelet is. The higher the order, the 

smoother the function, but less compact in time. The choice of mother wavelet and the 

order of the wavelet to be used depend on the dominant features of the signal being 

analyzed. Apart from this, the basic functions should match the signal as close as 

possible [72]. As it is for the purpose of performance comparison, DWT based 

compression technique using Daubechies-2 (Db2) and Biorthogonal-1.5 (ior1.5) with 

five levels of decomposition were used to compress the testing data. The choices of Db2 

and Bior1.5 as the mother wavelet and the associated order is due to the similarity 

between the smoothness of the wavelet basis functions and the original signal. The Db2 

and Bior1.5 closely matched the original data matrix as compared to other types of 

mother wavelets.  
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3.4 Evaluation of SVD and DWT compression 

This section provides details of the evaluation of SVD compression on CLASS data. 

Experiments were done on different sizes of the dataset. The primary purpose is to 

evaluate the performance of SVD compression on large size matrix. Additional 

experiments were run on the compression of the same dataset via DWT techniques. 

 

3.4.1 Input Data Matrix 

To analyze the performance of lossy compression, this study will use the CLASS data to 

run the experimental tests. The CLASS data is collected from a smart distribution 

system, consisting of measurements of three-phase voltage (V) and currents (I), active 

power (MW), reactive power (MVar) and power factor from transformers at 54 

substations. For testing the SVD and DWT based compression methods, measurement 

data in 1-min, 5 seconds, 10 seconds, and 20 seconds time intervals over a 24-hours 

duration were used. For each time interval, measurements from different meters were 

stored in a data matrix 𝐀. Figure 3.1 display the formation of the data matrix 𝐀. The 

columns of matrix 𝐀 consist of measurements taken from m different smart meters 

while the rows of matrix 𝐀 are the associated time intervals. Hence, each row of matrix 

𝐀 contains the measurements taken from a given smart meter at each time interval.  

 

𝐴 = y
𝑎55 ⋯ 𝑎56
⋮ ⋱ ⋮

𝑎;5 ⋯ 𝑎;6
| 

Figure 3. 1: The data matrix, A. 
 

Table 3.1 presents the size of the data matrix for each time instant. The 

compression algorithm was run on data recorded at different time intervals, that are 1-

minute, 20-seconds, 10-seconds, and 5-seconds intervals. The shorter the time interval, 

the more volume of data and the larger is the size of the data matrix. For the purpose of 

performance evaluation, the data volume is increased starting from 1 million number of 

data, to 4 million, and finally up until 17 million respective to the size of the data 

matrix.  

 

measurements 

time interval 
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Table 3. 1: Size of data matrix for each time interval. 

Time interval Size of Data Matrix 
Data Volume  

(Number of matrix elements) 
1-minute 972 × 1440 1,399,680 

20-seconds 1026 × 4320 4,432,320 
10-seconds 1026 × 8640 8,864,640 
5-seconds 1026 × 17,280 17,729,280 

 

As previously mentioned, the purpose of this study is to analyze the performance of 

SVD as a lossy compression technique on a different sampling rate of smart distribution 

data. It is stated in [21] that computing a full SVD of 𝑚 × 𝑛 matrix may not be feasible 

for extremely large matrices. Under these circumstances, this study aims to evaluate the 

size of the data matrix that the proposed SVD algorithm can handle. Hence, evaluating 

the compression algorithm with a different time interval for a 24-hours duration will 

give an answer to this particular question. 

 

3.4.2 Performance Evaluation on SVD Compression 

The SVD and DWT data compression techniques were implemented using MATLAB 

software on a PC with Intel Core i7 processor, 3.60 GHz, 32 GB of RAM and 64 bit of 

operating system. Table 3.2 compares the CR and TCR of the SVD technique using the 

proposed algorithm for different sampling rates. In standard practice, the 

communications network will limit the value of CR due to the limitation of the 

bandwidth to transmit the data. Under this circumstance, different situations have been 

considered in which different CRs were aimed [21]. Hence the TCR as shown in the 

first column of Table 3.2 was set prior to calculate the number of singular values, r. The 

CR is calculated using equation (3.6). 
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Table 3. 2: Computed CR, and number of singular values, r of SVD compression. 

TCR 
1-minute 20-seconds 10-seconds 5-seconds 

r CR r CR r CR r CR 
100 6 96.68 8 103.62 9 101.89 10 96.84 
80 7 82.87 10 82.90 11 83.36 12 80.70 
60 10 58.01 14 59.21 15 61.13 16 60.53 
50 12 48.34 17 48.76 18 50.94 19 50.97 
30 19 30.53 28 29.60 31 29.58 32 30.26 
10 58 10.00 83 9.99 92 9.97 97 9.98 
5 116 5.00 166 4.99 183 5.01 194 4.99 
4 145 4.00 207 4.00 229 4.00 242 4.00 

 

 

From Table 3.2, it can be seen that the computed CRs for the 5s time interval 

data are closer to the TCRs as compared to other sets of data. Most of the computed 

CRs for data collected at 1-minute, 10-seconds and 20-seconds time intervals are 

slightly different from the TCRs. The associated plot of the number of significant 

singular values versus TCR is as shown in Figure 3.2. The plot clearly exhibits that the 

number of significant singular values, r are affected by the size of the data matrix. The 

largest size of the data matrix is for 5-seconds dataset, while the smallest size of the data 

matrix is for 1-minute dataset. As can be seen in Figure 3.2, the 5-seconds, 10-seconds 

and 20-seconds required higher number of significant singular values to match the TCR, 

as compared to 1-minute dataset. However, taking a smaller time interval such as 5-

seconds will give a better approximation on the number of significant singular values 

which results in the computed CRs being closer to the TCRs.  



 

43 

 

Figure 3. 2: Plot of the number of singular values versus TCR for different dataset. 
 

The plot of the associated mean error for different time interval data versus 

TCRs is illustrated in Figure 3.3. Referring to Figure 3.3, it is observed that the lowest 

mean error is associated with data which consists of measurements at every 1-minute 

interval, followed by 20-seconds, and 5-seconds and finally 10-seconds interval. Higher 

the TCRs, larger the MAE observed for larger matrix sizes. 

 

            Figure 3. 3: Plot of MAE versus TCR for different sampling rate. 
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Figure 3.4 illustrates the relationship between the number of significant singular 

values and error rates. For the first 100 singular values, the highest MAE is recorded for 

5-seconds dataset, followed by 10-seconds, 20-seconds and the least MAE is for 1-

minute time interval dataset. After the first 100 singular values, the error rates for all 

datasets approach minimum error with almost close to zero. Therefore, the size of a 

dataset have a significant effect on the singular values as well as the accuracy of the 

reconstructed data.  

 

Figure 3. 4: Plot of MAE versus the number of singular values, r for dataset. 
 

This section evaluates the performance of the SVD technique in compressing 

data collected from a smart distribution system. From the experimental results, it can be 

concluded that the larger the size of a data, the higher is the number of singular values 

needed to meet the TCR. Nevertheless, increasing the number of singular values will 

decrease the volume of data to be compressed. Hence the lower error rates when the 

data is reconstructed after the compression process. However, a higher number of data 

needs to be transmitted via communication bandwidth. Therefore, compressing data via 

SVD with a high number of singular values to meet the TCR, will increase the volume 

of data to be transmitted. Therefore, it is important to match the TCR and the associated 

amount of data to be compressed so that the communication bandwidth can be 

optimized in transmitting the compressed data.  
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3.4.3 Comparison with DWT Compression 

For comparison purpose, additional compression tests have been carried out with DWT 

using the Db2 and Bior-1.5 wavelets. To retain the number of wavelet coefficients that 

would meet the same CRs for SVD, different thresholds have been employed for DWT 

compression. However, it was not always possible to exactly match the CRs obtained 

with both techniques due to the discrete nature of this problem [21]. Hence, there is a 

slight difference for the CRs between the SVD and DWT compression techniques. 

Figures 3.5 – 3.8 show the plot of TCR versus CR of SVD, Db2, and Bior-1.5 for each 

testing dataset. From these figures, the closest TCR to the CR is for the largest data size, 

that is 5-seconds dataset. There is a slight difference between TCR and CR for all SVD, 

Bior-1.5, and Db2 when the TCR approaches 100.  

 
Figure 3. 5: Plot of TCR versus CR for SVD, Bior-1.5 and Db2 for 1-minute dataset. 

 
Figure 3. 6: Plot of TCR versus CR for SVD, Bior-1.5 and Db2 for 20-seconds dataset. 
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Figure 3. 7: Plot of TCR versus CR for SVD, Bior-1.5 and Db2 for 10-seconds dataset. 

 

 
Figure 3. 8: Plot of TCR versus CR for SVD, Bior-1.5 and Db2 for 5-seconds dataset. 

 

Tables 3.3 to 3.6 display the results obtained when compressing the 1-minute, 

20-seconds, 10-seconds and 5-seconds time interval datasets with SVD, Db2, and Bior-

1.5. For all sampling rate datasets, results obtained show that the percentage of MAE for 

Db2 and Bior1.5 are smaller than SVD for the CR below 80. However, the errors 

obtained with DWT are much larger than those obtained with SVD for CR above 80. 

For Db2, the error rates increase to more than 40% for 1-minute, 20-seconds, and 10-

seconds dataset.  
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Table 3. 3: Result with SVD and DWT (in percent) for 1-minute time interval dataset. 
SVD Db2 Bior-1.5 

CR MAE CR MAE CR MAE 
96.68:1 1.847 96.54:1 175.418 96.07:1 205.757 
82.87:1 1.246 82.92:1 50.511 81.94:1 0.734 
58.01:1 1.098 57.97:1 0.056 59.56:1 0.056 
48.34:1 1.020 48.19:1 0.029 48.71:1 0.032 
30.53:1 0.651 31.23:1 0.011 31.77:1 0.013 

10:1 0.223 11.69:1 0.003 10.66:1 0.001 
5:1 0.084 5.16:1 0.001 5.11:1 0.0001 
4:1 0.066 3.90:1 0.001 4.13:1 0.0001 

 

Table 3. 4: Result with SVD and DWT (in percent) for 20-seconds time interval dataset.  
SVD Db2 Bior-1.5 

CR MAE CR MAE CR MAE 
103.62:1 4.992 99.90:1 265.881 99.87:1 271.392 
82.90:1 3.297 82.74:1 41.664 82.48:1 0.880 
59.21:1 3.163 59.38:1 0.055 58.71:1 0.047 
48.76:1 2.895 49.32:1 0.028 48.98:1 0.029 
29.60:1 0.889 30:1 0.010 29.97:1 0.009 
9.99:1 0.004 9.95:1 0.002 9.77:1 0.0004 
4.99:1 0.072 4.97:1 0.0004 4.79:1 0.0001 

4:1 0.052 4.02:1 0.0003 4.06:1 0.0001 
 

An extreme increase of error rates for Bior1-5 happens when CR approaches 

100. In this case, it is observed that SVD is capable of achieving better trade-off than 

Db2 and Bior-1.5. This can be possible with the fact that in SVD, the initial singular 

values carry the most relevant information about the data. Comparing the performance 

of DWT compression, overall, the MAE for Bior-1.5 is slightly smaller than Db2 for all 

sampling rates. On another note, it can be observed that the percentage of MAE for 1-

minute data for both SVD and DWT techniques for all CRs are smaller than those errors 

for 10-seconds, 20-seconds, and 5-seconds sampling rate data. Observing Tables 3.3 to 

3.6, it becomes evident that SVD is capable of compressing smart distribution data with 

finer sampling rate with consistent trade-off in the error rates.    
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Table 3. 5: Result with SVD and DWT (in percent) for 10-seconds time interval dataset.   
SVD Db2 Bior-1.5 

CR MAE CR MAE CR MAE 
101.89:1 4.990 99.90:1 265.888 99.88:1 271.395 
83.36:1 4.617 83.03:1 43.511 83.11:1 0.886 
61.13:1 3.366 61.54:1 0.059 60.92:1 0.046 
50.94:1 3.197 51.42:1 0.025 51.04:1 0.026 
29.58:1 2.044 29.78:1 0.008 29.55:1 0.007 
9.97:1 0.196 9.69:1 0.001 9.90:1 0.0003 
5.01:1 0.067 4.84:1 0.0003 4.83:1 0.0001 

4:1 0.049 4.03:1 0.0002 4.04:1 0.0001 

 
Table 3. 6: Result with SVD and DWT (in percent) for 5-seconds time interval dataset.   

SVD Db2 Bior-1.5 

CR MAE CR MAE CR MAE 
96.84:1 3.923 99.90:1 265.888 99.88:1 271.394 
80.70:1 3.919 80.28:1 25.852 80.77:1 0.476 
60.53:1 3.221 60.14:1 0.038 60.14:1 0.035 
50.97:1 3.182 50.14:1 0.019 50.02:1 0.019 
30.26:1 2.653 30.75:1 0.006 30.22:1 0.007 
9.98:1 0.210 9.57:1 0.0007 9.68:1 0.0001 
4.99:1 0.067 5.05:1 0.0002 4.92:1 0.0001 

4:1 0.044 4.01:1 0.0001 4.04:1 0.0001 

 

3.5 Discussion 

The application of SVD as a compression technique for compressing smart distribution 

data with a different time interval for a period of 24-hours was analyzed based on the 

proposed methodology in [21]. Referring to the proposed methodology, performing 

simple matrix multiplication based on expression (3.4) will produce the reconstructed 

data after the compression process. Simulation results obtained show that the SVD 

technique can compress a large size matrix that contains up to 17,729,280 data points. 

The larger the size of a matrix, the more singular values are required to compute CRs 

that meet TCRs. However, the reconstructed data produces higher errors as compared to 

the smaller size data matrices (Figure 3.3). SVD compression method depends on the 

chosen number of singular values. Choosing a small number of singular values will 

increase the volume of data to be compressed. Therefore, the communication bandwidth 

can be saved to transmit the compressed data.  

Comparing the performance of SVD and DWT, the result obtained with the 

DWT compression tend to be better for lower CRs for all different time interval datasets 
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as displayed in Tables 3.3 to 3.6. It is acknowledged that the complexity of calculating 

DWT depends on the length of the wavelet filters, with at least one multiplication per 

coefficient [72]. Therefore, in order to achieve higher CRs via Db2 and Bior-1.5, it is 

necessary to discard not only detail coefficients, but also some approximate coefficients 

[21],[72]. It is observed from the results presented in Tables 3.3 to 3.6, the reconstructed 

data using SVD compression produce stable errors rates for all CRs as compared to 

DWT. For this reason, it is possible to note that the SVD technique can serve as a data 

compression method that is capable of achieving a good trade-off between data 

compression and loss of information in reconstructed measurements. Comparing the 

performance with DWT, the application of SVD in this context is straightforward, 

without requirement on the exploration of different parameters or models, and leads to 

superior performance. As proposed by de Souza et al. in [21], one can combine SVD 

and DWT to obtain better compression results between CRs and loss of information for 

reconstructed measurements that suits a given compression problem. 

Observing the computational time, it takes 25.09s, 8.45s, 4.57s, and 1.42s to 

compress 5-seconds, 10-seconds, 20-seconds and 1-minute datasets respectively. The 

larger the size of the matrix, the more time it takes to compress the data. From the smart 

grid point of view, it would be good if the compression process can be done at high 

speed for the purpose of real-time monitoring on the distribution system. In addition, it 

is better to have recorded data in as small time intervals as possible so that any sudden 

changes can be detected and prompt action can be taken on the distribution system [9]. 

However, for a smaller time interval, the higher the data volume, the larger the size of 

the matrix. Hence, for substantial scale problems, the usage of graphics processing unit 

(GPU) should be considered. A different algorithm for SVD, such as rank-k partial SVD 

can also be considered to reduce the time complexity as proposed in [73]. 
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3.6 Summary 

The application of the SVD as a data compression technique was analyzed and 

compared in this paper. The algorithm was tested by using 4 sets of real data collected 

from a smart distribution system with 1-minute, 10-seconds, 20-seconds, and 5-seconds 

time interval datasets. Results obtained show that there is a significant impact on the 

size of data on the proposed algorithm. The larger the data size, the higher the number 

of significant singular values required to have a low error rate on the reconstructed data. 

The SVD technique can serve as a simple and straightforward compression technique 

for the smart grid. By using the SVD technique, the significant singular values will give 

a good approximation when the compressed data needs to be reconstructed. 

Compressing a data via SVD can reduce the volume of data, depending on the chosen 

number of singular values. However, for large scale data size, another compression 

method that can give faster execution time with low error rates should be considered. 

Therefore, in the next chapter of this thesis, this study will propose another compression 

algorithm to tackle to these needs.   
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Chapter 4 MMF AS A DATA COMPRESSION 
TECHNIQUE FOR SMART DISTRIBUTION 
SYSTEMS 

4.1 Introduction 

Data compression enables the transmission of a massive volume of data without any 

loss of valuable information. A few data compression techniques have been proposed, 

and the majority of the work found in the literature focus on lossy compression 

methods, as presented in Chapter 2. Furthermore, many research on compression 

techniques for power system measurements is focusing on wavelet-based compression. 

Although wavelet compression techniques give an acceptable compression ratio, it has 

been shown in [21] that wavelet transform does not avoid the loss of information in the 

compressed data [42]. The SVD technique in [21] is the latest data compression method 

that has been applied in the area of smart grid. In Chapter 3, this study proved that SVD 

compression is not feasible for compressing large size matrix. However, the use of AMI 

in a smart distribution system will produce a massive amount of data. Therefore, it is the 

interest of this study to explore another compression method that can cater to large size 

matrix. 

This chapter presents a methodology for the compression of the large dataset 

collected from smart metering devices in a smart distribution system. A good data 

compression technique for the smart grid should fulfill several requirements that are; 

simple, efficient, low memory usage and fast execution time [59]. To satisfy these 

requirements, and to get a compression technique that is able to compress large size 

matrix, and yet improve storage space; this study proposes the use of multiresolution 

matrix factorization (MMF) as an alternative compression technique for smart meter 

data. The main idea behind MMF is to incorporate multiresolution analysis into matrix 

factorization by focusing on how the factorization compresses a symmetric matrix [74]. 

Through MMF, a large matrix is compressed to a more manageable size while 

preserving the local information and retaining the original structure of the matrix [75]. 

MMF was introduced by Kondor et.al [74] as a matrix factorization technique in 

machine learning. Apart from matrix factorization, MMF can serve as an alternative to 

the low rank approximation and matrix completion, especially in the context of a graph 

of network.  
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According to Kondor et al. in [74], MMF provides multiresolution matrices that 

can better capture the true nature of matrices in machine learning problems. One of the 

main goals of MMF is to compress a matrix to a more manageable size while preserving 

the local information of each variable and keep the original structure of the matrix. 

MMF is able to uncover soft hierarchical organization in matrices and the covariance 

structure of large collections of random variables, without enforcing a hard hierarchical 

clustering. MMF applies a sequence of sparse orthogonal transforms to a symmetric 

matrix, by capturing the matrix structure at different resolution levels. Multilevel 

factorization usually involves clustering of a matrix level by level until a small number 

of variables or coordinates remain. The algorithmic framework of MMF is inspired by 

ideas from the theory of wavelets and multiresolution analysis. Hence, apart from 

matrix factorization, MMF can be used as a wavelet basis for sparse approximation, 

matrix compression and as a prior for matrix completion. The broader context of MMF 

includes multilevel and multiscale representations and factorizations of matrices and 

graphs in machine learning, numerical linear algebra, and harmonic analysis. Multilevel 

factorizations usually involve clustering of a matrix level by level until a small number 

of variables or coordinates remain. Basically, clustering the coordinates of a matrix is 

based on a carefully crafted objective function [74], [76].  

The MMF compression is able to reduce the data matrix into a manageable size 

while maintaining the information in the compressed data. The proposed MMF method 

is also able to decompressed the data at the sending end of the transmission line on the 

communication network. Therefore, the decompressed data can be used by the utility 

engineers in monitoring, control and automation tools in a smart grid system. Further 

analysis on the decompressed data is useful for the steady state analysis of the 

distribution system. The steady state analysis will help utilities to assess the power 

system performance and to enhance the operational process of the distribution system. 

The next section of this chapter presents the theory of MMF as a data compression 

technique. 
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4.2 The Theory of MMF  

Let [𝑛] denote the set {1,2, … , 𝑛}. Given a symmetric matrix 𝐴 ∈ ℜ6×6 of rank r where 

𝑟 ≤ 𝑛, a sequence of L-level MMF can be written in the form 

𝐀 ≈ 𝐐5A…𝐐L95A 𝐐LA𝐇𝐐L𝐐L95…𝐐5                    (4.1) 

where H is the core matrix that is close to diagonal and 𝐐5, … , 𝐐L is a sequence of 

carefully chosen orthogonal matrices. The multilevel factorization applies a sequence of 

sparse orthogonal transforms to 𝐀 by capturing matrix structure at different resolution 

levels. Typically, for ℓ = 1,2, … , 𝐿, all 𝐐L in (4.1) are sparse kth order rotations i.e. 

orthogonal matrices that are identity matrices except for at most k of their 

rows/columns. 𝐐5 is the first rotation matrix and the first orthogonal transform applied 

to 𝐀. Then the subset of rows/columns of  𝐐5𝐀𝐐5A which interact the least with the rest 

of the matrix will capture the finest scale structure in 𝐀. Therefore, the corresponding 

rows of 𝐐5 are designated level one wavelets.  

Next, a second orthogonal transform is applied that yields 𝐐?𝐐5𝐀𝐐5A𝐐?A and 

split off another subspace of 𝐀 via the second level of wavelets. Moving 𝐐5, … , 𝐐M over 

onto the left-hand side of (4.1), MMF can be represented as in (4.2). 

𝐐L𝐐L95…𝐐5𝐀𝐐5A…𝐐L95A 𝐐LA ≈ 𝐇                    (4.2) 

Note that; 

• In (4.1), each 𝐐ℓ is chosen from some subclass 𝐐, where 𝐐 is a class of highly sparse 

orthogonal matrices. Generally, 𝐐 can be the class of k-point rotations that rotate on 

k coordinates, given by (𝑖5, … , 𝑖J).  

• The effective size of the rotations decreases according to a nested sequence of sets 𝑆, 

where 𝑆L is the subset of 𝑆L95 and so on up until 𝑆5 is the subset of 𝑆N. For ℓ =

1,2, … , 𝐿; the active set at the ℓ0O level is given by 𝑆ℓ, where |𝑆ℓ| = 𝛿ℓ. In this case, 𝛿 

is the dimension of the subspace compression with 𝛿5 ≥ 𝛿? ≥ ⋯ ≥ 𝛿L. This implies 

that after applying 𝐐ℓ at the ℓ0O level, exactly one row/column is removed from 𝑆ℓ 

after each rotation. 

• The 𝐇 matrix in (4.1) and (4.2) is the 𝑆ℓ-core diagonal, and has zero entries except 

for the submatrix [𝐇]P%,P% and the rest of the diagonal. 

 
The rotation process is repeated until some desired number of dimensions in 

split off. The trimming is done at all levels, which finally leads to a sequence of 

compression of 𝐀 as given in (4.3). 
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𝐀 = 𝐀N ⟼𝐀5 ⟼𝐀? ⟼⋯⟼ 𝐀L                   (4.3) 

where 𝐀ℓ = 𝐐ℓ… ,𝐐5𝐀𝐐5A…𝐐ℓA for ℓ = 1,2, … , 𝐿. 𝐀ℓ can also be seen as subspace 

compression of 𝐀 to 𝛿5 × 𝛿5 then 𝛿? × 𝛿? and so on all the way down to 𝛿L × 𝛿L. 

Usually, MMF algorithms use an optimization approach in finding the combination of 

the sets 𝑆5, 𝑆?, … , 𝑆L and the rotations of 𝐐5, 𝐐?, … , 𝐐L. The rotations of 𝐐5, 𝐐?, … , 𝐐L 

minimize the error by quantifying how close the core matrix 𝐇 is to core-diagonal form. 

The optimization problem works in a greedy way by taking 𝐀 through a sequence of 

transformation as in (4.4).  

𝐀⟼ 𝐐5𝐀𝐐5A�����
𝐀&

⟼𝐐?𝐐5𝐀𝐐5A𝐐?A���������
𝐀#

⟼𝐐R𝐐?𝐐5𝐀𝐐5A𝐐?A𝐐RA�������������
𝐀'

⟼⋯⟼

𝐐L …𝐐R𝐐?𝐐5𝐀𝐐5A𝐐?A𝐐RA…𝐐LA�������������������
𝐀%

             (4.4) 

The sequence of transformations of (4.4) can be represented graphically as in 

Figure 4.1. Referring to Figure 4.1, the large grey square is the submatrix 𝐐ℓ while the 

grey ‘tails’ along the diagonal of the 𝐐ℓ are the identity 𝐼69Sℓ95 matrices of rotations 

[76]. As the ℓ-level increases, the large parts of the 𝐐ℓ matrices decrease accordingly. 

Generally, MMF is an approximate factorization of the matrix 𝐀 that tries to figure out a 

combination of 𝐐5, … , 𝐐L and 𝐇 that minimize factorization error as much as possible. 

However, there is no guarantee that the matrix 𝐀 can be brought into a perfectly core-

diagonal form H by using a set number of rotations. Compression of a symmetric matrix 

𝐀 via the MMF requires the error rates to be as minimal as possible. 

 
 

 

     

 
Figure 4. 1: A sequence of transformations of matrix 𝐀. 

 

In the compression of smart distribution data, the Jacobi MMF algorithm was 

applied for the rotations, orthogonal transform, and trimming of the data matrix 𝐀 with 

𝛿ℓ = 𝑛 − ℓ. The Jacobi MMF algorithm is based on a greedy strategy with minimal 

error [74],[76].  

Figure 4.2 presents the flowchart of the Jacobi MMF algorithm. In the Jacobi 

MMF algorithm, the input parameters that need to be set are: the number of rotations 

𝐀 𝐀 𝐇 𝐐!% 𝐐! 
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(k), the MMF level (L), and the symmetric matrix by setting 𝐀N = 𝐀 ∈ ℜ6×6. To 

perform the compression process, L is determined from the basis function of wavelet 

analysis by retaining the scaling function part. The key idea of Jacobi’s method is to 

greedily zero out the off-diagonal elements of 𝐀 by performing a series of Givens 

rotations. Thus, the number of rotations k, is varied based on the size of 𝐀 and the 

associated 𝐐 matrices at each MMF level. Rotation, transformation and trimming 

processes are repeated for each level. Each 𝐐ℓ will make 𝛿ℓ − 𝛿ℓ95 rows/columns of 

matrix 𝐀 as close to diagonal as possible. Applying the Jacobi MMF algorithm will give 

the output of 𝐐5, … , 𝐐L and the core matrix H. The detailed mathematical theory of 

MMF algorithm is presented in [74],[76]. 

 

 
 
 
 
 
 
 
 
 
 

 
 
 
 
 
 

Figure 4. 2: The flowchart of the Jacobi MMF algorithm. 
 

The detailed mathematical theory of the MMF algorithm is presented in 

[74],[76]. Each 𝐐ℓ will make 𝛿ℓ − 𝛿ℓ95 rows/columns of matrix 𝐀 as close to diagonal 

as possible. Compressing a matrix with the MMF method can yield a huge saving on the 

computational cost as the core of matrix H is reduced to 𝛿L × 𝛿L dimensions and, the 

size of each 𝐀 matrix in each level of factorization reduces accordingly. Hence, the 

MMF method can be regarded as a matrix compression method, in the sense that it 

compresses 𝐀 into a core matrix with lower dimension via a series of orthogonal 

transformation 𝐐5, … , 𝐐L. The proposed MMF method also retains the entries on the 

diagonal of the core matrix, H. 

 

Input: Data matrix A 
number of rotation, k 

MMF level, L 
 

Rotations on k-
coordinates (𝑖5, … , 𝑖J) 

for clustering 

Orthogonal transform 
to form 𝐐 matrix 

Trimming on 
rows/columns of 

matrix A to form 𝐀𝑳 

Output: 𝐐!,… , 𝐐&  
and H matrix 
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4.2.1 Modification on the Symmetric Matrix 

The implementation of the MMF compression requires a symmetric matrix as the input 

data. Let 𝐀 be the matrix of the input data. In [74] and [76], the formation of the 

symmetric matrix was done by taking the multiplication of 𝐀 and its transpose; that is 

𝐀𝐀A. An illustration of this is shown through an example of current data as in Table 4.1. 

The smart meter data is initially stored in a vector form according to the time sequence. 

Let 𝐀 be the symmetric matrix consisting of readings in Table 4.1. Following this, 𝐀 is 

a vector of size 10 × 1.  

 

Table 4. 1: Example of current data. 

Timestamp Current (A) 
0:00:00 211.34 
0:01:00 210.90 
0:02:00 211.51 
0:03:00 211.45 
0:04:00 212.08 
0:05:00 209.15 
0:06:00 210.28 
0:07:00 209.54 
0:08:00 209.58 
0:09:00 209.57 

 

Multiplication of 𝐀 with 𝐀𝐓 produced a symmetric matrix with the size of 10 × 10. The 

symmetric matrix of 𝐀𝐀𝐓 with four of the diagonal elements is displayed in Figure 4.3. 

 

 

Figure 4. 3: The symmetric matrix of 𝐀𝐀𝐓. 
 

Based on the above example, note that: 

• Multiplying 𝐀 with 𝐀A will definitely destroy the original reading of the smart meter 

data.  

• The formation of the symmetric matrix via 𝐀𝐀A will increase the dimension of the 

matrix and size of the input data.  

It is important to emphasize that the purpose of compressing smart meter data is 

for future monitoring on the system operation. Therefore, maintaining the data in its 
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original value even after the compression process is highly desirable. Hence, to match 

the MMF requirement and at the same time, to tackle the needs of compressing smart 

meter data, a modification is proposed in the formation of the symmetric matrix. The 

smart meter data is originally stored in a vector form according to the time sequence. 

The proposed formation of the symmetric matrix is presented through an example of 

current data as in Table 4.1. 

Let n be the dimension of a symmetric matrix. For a given symmetric matrix, the 

number of elements is 𝑛?, where 

          𝑛? = 6(695)
?

+ 𝑛 + 6(695)
?

                         (4.5) 

In (4.5), 6(695)
?

 is the number of entries in the upper triangular or lower triangular parts 

and n is the number of entries along the diagonal.  Since for a symmetric matrix, the 

entries in the upper and lower triangular parts are the same, the total number of distinct 

entries in a symmetric matrix is given by: 

6(695)
?

+ 𝑛 = 6(6U5)
?

                       (4.6) 

Given that the number of entries in Table 4.1 is 10, all these 10 entries will be arranged 

in the upper triangular and diagonal parts of the symmetric matrix. Thus, the minimum 

size, n of the symmetric matrix can be calculated as follows 

6(6U5)
?

= 10                                  (4.7) 

Re-arrange the above equation, we have 

  𝑛? + 𝑛 − 20 = 0                        (4.8) 

The quadratic equation solver for the roots are 

𝑛5,? =
9V±√V#9YZ[

?Z
                      (4.9) 

In (4.8), the constant term is always a large negative number while the 

coefficients of the first two terms are always +1.  Hence one of the roots is always 

positive (say 𝑛5) and the other is always negative (say 𝑛?). Since the dimension of a 

symmetric matrix is a positive integer, we ignore the root with a negative sign.  If the 

positive root 𝑛5 is a real number then the minimum positive integer, n corresponding to 

the dimension of symmetric matrix should satisfy, 

𝑛 ≥ 𝑛5                                (4.10) 
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Solving (4.8) using (4.9) will give 𝑛5 = 4 and 𝑛? = −5. Therefore, choosing the 

positive root, 𝑛 = 4	 will give us the optimum size of a symmetric matrix for the 

example data in Table 4.1. Accordingly, the total number of elements in a 4 × 4 

symmetric matrix is 16; where 10 elements are the distinct elements in the upper 

triangular and diagonal parts, and 6 elements which are repeated will be in the lower 

triangular part of the symmetric matrix.  

Let 𝐀 be the symmetric matrix consisting of readings in Table 4.1. By using the 

proposed arrangement, the symmetric matrix of 𝐀 is given by; 

 

                 Figure 4. 4: The symmetric matrix of 𝐀. 
 

In the example given above, the total number of data elements is equal to the total 

number of distinct elements of the symmetry matrix. Sometimes the number of data 

does not match the number of elements of the upper triangular and diagonal part 

(distinct elements of the symmetric matrix). For example; for a 1-minute time interval, 

the total number of data for a given quantity is 1440 (24 hours × 60 minutes). For this 

case, 

6(6U5)
?

= 1440                 (4.11) 

Re-arranging (4.11) will give (4.12);  

𝑛? + 𝑛 − 2880 = 0     (4.12) 

Using the quadratic equation solver in (4.9) to solve for the roots in (4.12) will 

give 𝑛5 = 53.168 and 𝑛? = −54.168. Choosing the positive root 𝑛5, hence, 𝑛 = 54 

will be the optimum suitable size of a symmetric matrix for a 1-minute time interval 

data. Note that, for a 54 × 54  symmetric matrix, the total number of the distinct 

elements is 1485. For this reason, an additional 45 zeros as dummy entries will be added 

in the lower part of the upper triangular and diagonal of the symmetric matrix. The 

MMF process involves rotations and orthogonal transformation in each cluster of data. 

Hence, choosing zero as the dummy entries will not affect this process but make the 

MMF work smoothly as 𝐐 matrices are chosen from a class of highly sparse orthogonal 

matrices (as mention in Section 4.2). A computer program was developed for the 
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210.90 211.51 212.08 209.54
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formation of the symmetric matrix as well as the inverting of the symmetric matrix into 

its original form (vector of time sequence). 

 

4.2.2 Compression Efficiency 

Compressed data will undergo a reconstruction process at the receiving end. Therefore, 

it is important to verify that the loss of information in the compressed data is acceptable 

for further applications. MMF is a lossy compression method which comes with a loss 

of information when the compressed data is reconstructed. Therefore, the loss of 

information is measured in terms of the mean absolute error (MAE) observed when 

comparing the reconstructed data matrix with the original data. As the input data is 

stored in matrix form, the MAE values will explain the average of absolute difference 

between the original data and the reconstructed data. Matrix compression via MMF 

gives a sequence of orthogonal transformation matrices 𝐐5, … , 𝐐L and a core matrix H 

that is close to diagonal. Hence, the reconstruction matrix 𝐀\ can be achieved by taking 

the multiplication of matrices 𝐐 at all levels and the core matrix 𝐇 as given in (4.13).  

𝐀\ = 𝐐5\ …𝐐L95\ 𝐐L\𝐇𝐐L𝐐L95…𝐐5                             (4.13) 

Following this, the expression for computing the MAE is given by, 

MAE = 5
(6&×6#)

∑ ∑ e𝐀(𝑖, 𝑗) − 𝐀\(𝑖, 𝑗)e6#
H75

6&
475                 (4.14) 

Additionally, the plot of original data versus reconstructed data (after decompression) 

will be plotted to verify the error rates. The execution times (in seconds) of the 

compression process were also recorded to evaluate the speed of the MMF compression.  
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4.2.3 The Algorithm 

The block diagram in Figure 4.5 displays the flow of data for the proposed compression 

methodology and the process of MMF compression. The data compression algorithm is 

performed at the sending end of the distribution network, that is; at the data concentrator 

or the control center. The algorithm can be summarized in the following steps: 

 

1) Collected smart meter data at the data concentrator will be the input data. 

2) Formation of the input data in a symmetric matrix. 

3) The MMF compression is performed on the input data by using the Jacobi algorithm. 

The input parameters are: the number of rotations (k), the MMF level (L). 

4) Clustering of the data matrix via rotation process on the k-coordinates.  

5) Orthogonal transformation process on the clustered matrix to get the Q matrix. 

6) Trimming process to get the 𝐀 matrix at the given MMF-level.  

7) The rotation, transformation and trimming process are repeated for each MMF level. 

The MMF algorithm will give the sequence of orthogonal transforms, that are Q 

matrices and the core matrix, H. 

8) The compressed data will go through the communication network. 

9) The data is decompressed by reconstruction process using (4.13). 

10) Compute the error rates using (4.14) to evaluate the loss of information. 
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Figure 4. 5: The data flow of the compression methodology 

 

Before sending the compressed data for the targeted application via a 

communication network, it is necessary to check if the loss of information is acceptable 

or not. MMF compression can be performed again by changing the value of MMF 

parameters (step 3) if the error rates are not acceptable. The compressed data matrix can 

be transmitted if the error rates are small and loss of information is acceptable. 
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4.3 Experimental Results 

This section discusses the experimental results gained from the proposed methodology. 

The performance of MMF compression was evaluated using the smart meter data. A 

comparison with SVD comparison is also assessed in this section. 

 

4.3.1 The Input Data 

Input data for the experimental tests in this study have been pre-processed using raw 

data from the CLASS project, run by the Electricity North West Company. The 

proposed compression method was tested on readings of current (I), voltage (V), active 

power (P), and reactive power (Q) recorded every 1-minute and 1-second time intervals 

[77]. Table 4.2 gives a summary of the dataset used in this study. In order to examine 

the MMF compression on large matrix, the dataset was grouped based on the number of 

stations. The non-zero entries in Tables 4.2 and 4.3 refer to the amount of original data 

recorded. These non-zero entries are arranged in the upper triangular and diagonal of the 

symmetric matrix according to the proposed method in Section 4.2.1. 

 

Table 4. 2: Summary of 1-minute datasets. 

Number of 
stations 

Non-zero 
entries 

(thousand) 

Size of the 
symmetric 

matrix 

Elements  
in upper triangular 

and diagonal 
1 1.44 54 1,485 
5 7.20 120 7,260 
10 14.4 170 14,535 
20 28.8 240 28,920 
30 43.2 294 43,365 
40 57.6 340 57,970 
50 72 380 72,390 

 

Table 4. 3: Summary of 1-second datasets. 

Number of 
stations 

Non-zero 
entries 

(thousand) 

Size of the 
symmetric 

matrix 

Elements  
in upper triangular 

and diagonal 
1 86.4 416 86,736 
5 432 930 432,915 
10 864 1315 865,270 
20 1,728 1859 1,728,870 
30 2,592 2277 2,593,503 
40 3,456 2630 3,459,765 
50 4,320 2940 4,323,270 
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For every 1-minute and 1-second dataset, the MMF compression was run on 

each measured quantity. Table 4.4 presents the file size for each measured quantity used 

in this study. For both 1-minute and 1-second dataset, the largest file size is on I, 

followed by Q, P and V. MMF compression was implemented on each dataset using the 

publicly available libraries developed by Kondor et.al [78]. In this study, the MMF level 

is set to 𝐿 = 4, resulting in the input matrix to be clustered into 4 clusters; namely MMF 

stage 1 up until MMF stage 4. Following this, the number of MMF rotation, k is varied 

from 20 to 60 based on the respective size of the symmetric matrix. For each cluster, the 

rotations on k-coordinates will take place to form the Q matrices. Finally, the core 

matrix, H that will bring the input matrix to a form that is close to diagonal will be 

developed after the trimming process. 

 

Table 4. 4: File size for each measured quantity datasets. 
 Variable I  V  Q P 

   1-minute  
  (kiloByte) 

min 20  17 17 17 
max 985 777 869 850 

   1-second 
(megaByte) 

min  1.2 1.0 1.0 1.0 
max 59.0 46.7 52.2 51.0 

 

4.3.2 The MMF Compression Results 

Results for the MAE of MMF compression per measured quantity for 1-minute and 1-

second dataset are tabulated in Tables 4.5 and 4.6, respectively. Observing Tables 4.5 

and 4.6, a lower error is recorded on P and Q as compared to V and I. Interestingly, 

MMF compression gives a lower error for 1-second time interval dataset of I, Q and P 

for 1, 5, 10 and 20 stations as compared to 1-minute dataset; despite the size of these 

datasets that are larger than the 1-minute dataset. Examining Tables 4.5 and 4.6, it is 

best to say that the accuracy of MMF compression is affected by data value ranges of 

the measured quantity. In this experiment, data value ranges for P and Q are much lower 

than I and V, as presented in Table 4.7.  
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Table 4. 5: MAEs of MMF compression for 1-minute dataset. 
1-minute Dataset (stations) I (A) V (V) Q (Mvar) P (MW) 

1 0.2680 0.2247 0.0023 0.0042 
5 0.5175 0.6868 0.0031 0.0077 
10 0.2324 0.7144 0.0083 0.0043 
20 0.5931 0.1425 0.0057 0.0017 
30 0.1943 0.3540 0.0003 0.0181 
40 0.2496 0.4081 0.0016 0.0160 
50 0.2326 0.1587 0.0004 0.0013 

 
 

Table 4. 6: MAEs of MMF compression for 1-second dataset. 

1-second Dataset (stations) I (A) V (V) Q (Mvar) P (MW) 
1 0.0196 0.0156 0.0004 0.0004 
5 0.0320 0.1041 0.0005 0.0021 
10 0.0054 0.3013 0.0025 0.0060 
20 0.0784 0.6504 0.0031 0.0096 
30 0.8570 0.1321 0.0035 0.0099 
40 0.4081 0.5434 0.0021 0.0056 
50 0.6875 0.7399 0.0029 0.0083 

 

 Table 4. 7: Data values ranges per measured quantity. 

Variable I (A) V (V) Q (Mvar) P (MW) 

min 33.40 6344 0.0010 0.4940 
max 851.43 1382 2.3370 9.8340 

 

Figures 4.6 and 4.7 present the processing time for MMF compression for the 1-

minute and 1-second datasets, respectively. The recorded processing time involves the 

whole process of MMF compression and the decompression process. Observing Figure 

4.6, the overall processing time for MMF compression for the 1-minute dataset is within 

the ranges of 0.1 seconds to 2.4 seconds. Apparently, for 10, 30 and 40 stations dataset, 

MMF process took longer time to compressed P as compared to the I, V and Q. 

However, the fluctuation of the processing time for all quantities of 1-minute dataset are 

not affected by the size of the input data, as there in no increasing pattern with respect to 

the increase in data size.  
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Figure 4. 6: The plot of data size for the 1-minute dataset and the associate MMF 
processing time for each stage. 

 

For the 1-second dataset, the processing time for MMF compression ranges from 

1 second up until 174 seconds (Figure 4.7). As shown in Figure 4.7, the 50 stations 

dataset took the longest time to process due to the largest file size. Overall, the 

processing time of 1-second dataset for each measured quantity is almost the same.  

 

Figure 4. 7:  The plot of data size for the 1-second dataset and the associate MMF 
processing time for each stage. 
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Comparing Figures 4.6 and 4.7, the processing time of the MMF process for the 

1-second dataset is more stable as compared to the 1-minute dataset. The reason for this 

is the finer sampling rate of 1-second data that results in less fluctuation on the recorded 

readings. The processing time for MMF compression for 1-minute and 1-second dataset 

are presented in Tables 4.8 and 4.9 respectively. The recorded times are for the MMF 

processes, that are orthogonal transform, data matrix clustering and the formation of 

MMF matrix on each stage. The recorded times do not include the decompression 

process.  

 

Table 4. 8: Processing time for MMF process (in seconds) for 1-minute dataset. 
1-minute Dataset  

(stations) I (A) V (V) Q (Mvar) P (MW) 

1 0.0907 0.4682 0.1172 0.0760 
5 1.0363 0.9773 0.6286 0.7167 
10 0.7572 0.7308 1.1343 1.2579 
20 1.2136 0.4432 1.0196 0.5812 
30 0.8512 0.8860 0.4995 1.3502 
40 1.0900 0.8978 0.9248 1.9406 
50 1.3707 0.8464 0.6630 1.0167 

 
Observing both tables, it is evidence that the MMF processing times for the 1-

second dataset are longer and more stable than the 1-minute dataset. Overall, the results 

of this study indicate that the bigger the size of a data file, the longer the time it takes 

for MMF to complete its compression process. MMF algorithm requires different types 

of processes such as rotations within each cluster, orthogonal transformation and 

trimming on the active set. Hence, the complexity of the MMF process leads to the 

longer processing time for a larger size of data. 

 

Table 4. 9: Processing time for MMF process (in seconds) for 1-second dataset 
1-second Dataset 

(stations) I (A) V (V) Q (Mvar) P (MW) 

1 1.0928 0.8362 1.6959 0.9728 
5 7.0538 5.9268 5.5701 6.7856 
10 15.3765 23.2900 11.2030 14.1090 
20 33.0139 36.4600 28.3820 27.9820 
30 43.4051 60.0830 48.5640 40.3200 
40 98.2473 101.0600 76.8220 81.3420 
50 111.7444 136.3800 111.0300 104.4100 
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MMF compressed a data matrix by trimming on rows or column of input matrix 

𝐀 to form 𝑨L at each MMF stage. Figures 4.8 and 4.9 show the reduction in matrix 

dimension for each 1-minute and 1-second dataset. Observing both figures, it is clearly 

shown that, at each MMF stage 1, the input data matrix is in its full size. Moving to 

MMF stage 2 and so on, the matrix dimension gradually reduces for each 1-minute and 

1-second dataset. However, the size of the reduction is not equally the same for each 

data. The last stage of the MMF compression will give the core matrix, that has the 

smallest matrix dimension as compared to all stages before it. Therefore, the reduction 

on the volume of the input data enables MMF compression to compress a large volume 

of data with minimal storage space. 

 

Figure 4. 8:  The plot of data size of the 1-minute dataset for each MMF stage.

 
   Figure 4. 9: The plot of data size of the 1-second dataset for each MMF stage. 
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4.3.3 Performance Comparison with SVD Compression 

In order to evaluate the performance of MMF compression, additional experiments were 

run with the SVD compression as presented in Chapter 3 [21]. It is proven in Chapter 3 

that SVD compression outperforms wavelet-based compression and SVD compression 

is able to reduce the number of sent data. SVD compression was chosen for the 

comparison purpose, as the approach of SVD compression involves operation on the 

data matrix but at the same time, manages to preserve the significant features of the 

input data, which made SVD comparable to MMF. Moreover, SVD compression is the 

latest method in compressing smart meter data. SVD compression was run on the 

current dataset for each 1-minute and 1-second time intervals. The number of significant 

singular values for SVD is varied according to the size of the dataset and the 

compression ratio gained by MMF compression. However, it was not always possible to 

have a perfect match in compression ratio for MMF and SVD due to the different nature 

of both techniques. Figures 4.10 and 4.11 present the bar plot for the error rates of the 

reconstruction matrix for MMF and SVD compression. It is observed in both figures, 

the MAE for the MMF compression is much lower than the SVD compression. For 1-

minute dataset, the MAE for the SVD compression ranges from 1.8 to 4.2 while the 

error rates for MMF ranges between 0.2 and 0.6.  

 

Figure 4. 10: MAE for MMF and SVD compression for 1-minute dataset. 
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For the 1-second dataset, the error rates of MMF compression for the 1, 5, 10 

and 20 dataset are much lower than the SVD compression. The error rates for MMF 

compression exhibit an increasing pattern for the 30, 40 and 50 stations dataset. 

Nevertheless, the increase of the MMF error rates are still much lower than the SVD 

compression. Overall, the results gained from the error rates in Figures 4.10 and 4.11 

prove that the reconstruction matrix of the MMF compression is closer to the original 

matrix (before compressed) as compared to the SVD compression.    

 

Figure 4. 11: MAE for MMF and SVD compression for 1-second dataset. 
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      Figure 4. 12: The plot of original data and reconstructed data via MMF and SVD. 
 

Correspondingly, the associated processing times for MMF and SVD 

compression were recorded for the 1-minute and 1-second current dataset. A clear 

graphical view of these are presented in Figures 4.13 and 4.14. For the 1-minute dataset, 

the execution time for MMF compression exhibits a rapid fluctuation of alternate 

increasing and decreasing pattern for the whole dataset. Whereas, the execution times of 

SVD compression are more stable, with a slight increase from 20 stations dataset 

onwards. Figure 4.14 shows the execution time of both MMF and SVD compression 

methods for the 1-second dataset. Observing Figure 4.14, it is clearly shown that MMF 

compression is significantly faster than SVD in compressing large matrices. Increasing 

the size of a data matrix will increase the execution time of both MMF and SVD 

compression. Nevertheless, SVD compression required more time in compressing large 

data as compared to MMF. The MMF method required 112 seconds to compress a file 
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The plot in Figure 4.14 proves that MMF compression is significantly faster in 

compressing large matrix than SVD compression.  
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Figure 4. 13: The execution time of MMF and SVD compression for 1-minute dataset. 

 
Figure 4. 14: The execution time of MMF and SVD compression for 1-second dataset.  

 

4.4 Discussion 

This section discusses the loss of information and processing time for MMF 

compression based on the results gained in the previous section. A discussion on the 

comparison with SVD compression is also presented in this section.  

1 5 10 20 30 40 50
number of stations

0

0.2

0.4

0.6

0.8

1

1.2

1.4

Ex
ec

ut
io

n 
tim

e 
(s

ec
on

ds
)

MMF
SVD

1 5 10 20 30 40 50
number of stations

0

50

100

150

200

250

300

350

Ex
ec

ut
io

n 
tim

e 
(s

ec
on

ds
)

MMF
SVD



 

72 
 

4.4.1 Error Rates (Loss of Information) 

This study proposed a modification in the formation of the symmetric matrix, 𝐀 as the 

input data for the MMF compression. The proposed method produces a symmetric 

matrix with lower dimension and lower size as compared to the symmetric matrix 

produced by 𝐀𝐀𝐓. Findings from this study show that the larger the size of the input 

data, the longer the time required for the MMF to complete the compression process 

(Table 4.9). Therefore, the proposed formation of the symmetric matrix can reduce the 

time taken by MMF; particularly in the context of the smart grid.  

In this chapter, the performance of the MMF compression on smart meter data 

was evaluated. The computed errors in Tables 4.5 and 4.6 indicate that the error rates 

for MMF compression are very low. The relevance of the absolute error is clearly 

supported by the line plot in Figure 4.12 and the associated data value ranges in Table 

4.7. Figures 4.10 and 4.11 prove that MMF introduces lower MAE in the compression 

process as compared to SVD. Besides, the results in Table 4.7 revealed that the 

efficiency of MMF compression is affected by the data values range. MMF compression 

is a lossy compression method, and hence cannot avoid the loss of some information 

[42]. The amount of compressed data may increase, but the compression ratio and 

accuracy are acceptable if these quantities are in the order of magnitude of the data [42]. 

In addition, the choice of compression ratio and loss of information depends on the 

application of the compressed data and the limitations of the communication network 

[21]. 

The MMF compression involves rotations within each cluster, orthogonal 

transformation and trimming the active set to obtain the core matrix. Despite the 

complex process of MMF compression, MMF is high in accuracy and has fast 

processing time for large matrices, as compared to SVD (Table 4.9 and Figure 4.14). 

The SVD method depends highly on the selected number of significant singular values 

as explained in [21]. A high number of singular values will result in high accuracy and 

low compression ratio, and hence will increase the communication requirements. 

Whereas increasing the compression ratio in MMF method implies increasing the 

number of rotations, k at each stage, which will result in a lower error and eventually 

save bandwidth as the core matrix becomes smaller in size (Figures 4.8 and 4.9). Hence, 

compressing data via MMF will optimize the use of the communication network 

[74],[76]. To justify this, Figure 4.15 shows plots for the matrix dimension and the 

associated error rates (Frobenius norm) for MMF stage 1 and the core matrix.  
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Figure 4. 15: Matrix dimension and error rates for MMF stage 1 and core matrix. 
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data. Larger the data, longer the execution time needed for MMF compression. The plot 

in Figure 4.14 clearly shows that MMF compression is dramatically faster as compared 

to the SVD in compressing large matrices. Consistent with this finding, it is mentioned 

in [21] that computing a full SVD for a matrix with a dimension of 𝑛5 × 𝑛? has a time 

complexity of 𝑂(𝑚𝑖𝑛{𝑛5𝑛??, 𝑛5?𝑛?}), which proves that SVD method is not feasible for 

extremely large matrices.  

Although MMF compression can serve as a fast compression algorithm, the 

application in this study was done for off-line data. The execution for off-line data 

compression will be done during the off-peak times as the data will be stored in an 

archive, and the system needs to freeze the service to make the data consistent. 

However, the massive data that are automatically generated by smart meters can easily 

exhaust the computational resources if the system downtime is high, and hence will 

slow down the system performance [79]. Therefore, it is recommended to run a live data 

compression technique so that the compressed data can still be queried and operated. 

Taking into account the acceleration of MMF compression, there is a potential for this 

algorithm in real-time smart meter data application in the future. In addition, the 

implementation of MMF compression on a prototype meter that can communicate in the 

network should be considered in future work.  

 

4.5 Summary 

This chapter explores an alternative approach for data compression in the context of 

power system engineering. In this chapter, it is proven that MMF is worth applying as a 

data compression technique in the context of the smart grid. In summary, the results 

from the numerical experiments indicate that MMF can serve as an alternative 

compression method for smart meter data with low error rates when the data is 

reconstructed. Compressing data via MMF will benefit in the application of steady-state 

analysis, such as power flow and state estimation [80]. In power flow analysis and state 

estimation, forecasted quantities are often employed, which may be far less accurate 

than the reconstructed data via MMF compression. However, several aspects should be 

considered before performing the MMF compression especially on the nature and 

structure of the dataset. Although compression speed of both MMF and SVD decreases 

with the size of a dataset, MMF compression is about 3 times faster than SVD.  
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MMF gives acceptable compression results and is applicable as a fast algorithm 

for compressing large data. In addition to these advantages, it is important to realize that 

MMF compression is low on memory requirements. Hence, MMF can be a good choice 

to compress smart meter data when high accuracy, fast execution time and a small 

memory footprint are desired. It is apparent from this study that MMF compression is 

efficient for handling large-scale data produced in a smart grid distribution system. The 

high speed of MMF in compressing large-scale data makes this algorithm suitable for a 

possible online compression technique for smart meter data in the future.   
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Chapter 5 ADAPTIVE FORECASTING FRAMEWORK 
USING LSTM METHOD 

5.1 Introduction 

The smart grid collects a vast amount of data at an unprecedented speed. However, the 

generated data traffic by the smart devices will place a considerable load on the 

communication infrastructure and computational resources of the smart grid. As 

mentioned in Section 1.4 of this thesis, the limited bandwidth of the communication 

network then becomes a constraint for the transmission of the data [21]. Therefore, the 

most logical way to solve this problem is to reduce the volume of data transmission to 

the control center via a data reduction strategy as mentioned in Section 2.41 of this 

thesis.  

In the context of power systems, data compression is the most widely used 

technique to overcome the issue of bandwidth limitation in data transmission. Various 

types of data compression techniques are presented in Chapter 2 until Chapter 4 of this 

thesis. Nevertheless, data compression methods do not allow the compressed data to be 

sent straightaway while the process is still on-going [60]. Data compression approaches 

in smart grid systems are not done in real-time, but are executed routinely off-line 

during the off-peak time and the data is be stored in an archive [66],[79]. According to 

the study in [79], to provide on-demand service to consumers in a smart grid, the data 

center needs to maintain the metering data ‘alive’, which means all the desired 

information can be fetched, processed, and delivered upon request. To achieve these, 

merely hardware support and cloud applications of database systems are not enough. 

Good system design and software solutions are essential to provide such kind of 

services to the control center of a smart distribution system [79],[81]. 

 Hence, to fulfill these needs, a data reduction framework that is based on 

forecasting technique is developed in this study. This chapter discusses a proposed 

framework that can reduce the amount of sent data by forecasting at the control center. 

By using this strategy, there will be significant savings in communication bandwidth as 

the volume of data transmission will be reduced, and the information will be forecast at 

the control center. The prediction method will be based on time series forecasting via 

long short-term memory (LSTM), which is a special type of recurrent Neural Network 

(RNN). This framework will result in a reduction of the amount of data sent and thus 

save communication network. At the same time, the proposed framework will be able to 
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cater to the needs of online data transmission.  

 

5.2 The Proposed Framework 

Figure 5.1 presents the data flow of the proposed framework. As previously mentioned 

in Section 1.4 of the thesis, the collected data at the distribution transformer and meter 

data concentrator will be sent to the control center. These data will be gathered for 

future applications. To begin with, the collected data at the control center will be 

selected based on a particular length of time series. The selected time series will be used 

as the input data for the forecasting model development. Then, the forecasting model 

will be developed using the LSTM method. The experimental test will be done to 

determine the most suitable length of time series and the associated LSTM forecasting 

model. The model development process involves the training of input data and testing 

the accuracy of the forecast model via validation.  The detailed process of the 

forecasting model development is discussed in the next section of this chapter. If the 

model is trained on the input data well, then the model with that length of time series 

will be used to forecast forward points.  

To evaluate whether the forecast data points are acceptable or not, the margin of 

error is set based on the prediction interval [82]. A 100(1 − 𝛼)%		prediction interval is 

calculated as; 

	𝑥G ± 𝑧)
#

]*
√J

                   (5.1) 

In (5.1), 𝑥G is the last data value for the particular sequence, 𝑠^ is the standard deviation 

of the forecast errors, 𝑘 is the forecast size and  𝑧)
#
 is the appropriate percentage point of 

a standard normal distribution [83-85]. The last values of the input data were chosen 

due to the data dependency and the rapid fluctuation of the input data. If a particular 

predicted value does not fall in the calculated prediction interval, the forecast data will 

be omitted. Instead, the system will request the distribution transformer and meter data 

concentrator to transmit the omitted values. Thus, the transmitted data will replace the 

forecast value in such cases. Otherwise, if the forecast points fall in the prediction 

interval, the forecast data points will be the input for the next LSTM training and at the 

same time, will be merged with transmitted data for further applications by the data 

management center.  
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Figure 5. 1: Block diagram of the proposed framework. 
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points are used as the input data for the second sequence, with the remaining data points 

from 3901 to 7200 are transmitted from the distribution transformer and meter data 

concentrator. The whole forecast data points (from 3601 to 3900) and transmitted data 

(from 3901 to 7200) will be merged to form the next sequence of input data, and also 

for further application by data management center.  

 

 

 

 

 

 

Figure 5. 2: The sequences of input data for the forecasting model. 
 

Note that, by using this strategy, the amount of transmitted data can be reduced 

as part of the information will be forecast at the control center. In a standard data 

transmission procedure, for 2-hours duration, a total of 7200 data points will be 
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bandwidth for other use. However, the challenges in the proposed framework are: 

i. To determine the suitable length of time series of the input data for better 

forecasting. 

ii. To determine the associated LSTM forecasting model that gives the most accurate 

forecast values with maximum bandwidth saving.  

The next section of this chapter discusses how to tackle these challenges together with 

the experimental results.  
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5.3 LSTM Model Development and Length of Time Sequence 

This section discusses a detailed step by step process of LSTM forecasting model 

development and the selection of the length of time series as the input data of the model. 

Justification on the selection of forecasting model via RNN is also presented in this 

section. This section begins with a detailed explanation of the theory of RNN and 

LSTM.  

 

5.3.1 RNN for Time Series Data 

Recorded data at the distribution transformer and meter data concentrator are classified 

as time series, as the metering data are recorded in regular time intervals. Accurate data 

forecasting is a challenge due to the nonstationary and nonlinear nature of the data. In a 

long period, it is difficult to forecast accurately such data via time series models. 

Therefore, robust and effective forecasting methods are needed to cater to this problem 

[85]. In this study, this challenge is tackled by using LSTM, which is a class of deep 

learning approaches based on RNN.  

Artificial Neural Networks (ANNs) are a set of nonlinear self-adaptive methods 

that are driven by data, which means there is no need for any prior knowledge of the 

relationship between the forecasting models and the data [86-88]. RNN is a class of 

ANN that has strong adaptability to time series analysis as RNN introduces the concept 

of sequences into the structural design of network units [89]. RNN allows the signal to 

travel from both forward and backward by introducing loops in the network that allow 

internal connections among hidden units. Such internal connections made RNN more 

suitable for exploiting the information in the past data in order to forecast future data 

[90]. A standard RNN has a series of repeating modules that treat the hidden layers as 

successive recurrent layers. This structure of RNN can be unfolded to produce the 

outputs of a neuron component sequence at discrete time steps corresponding to the 

input time series. The diagrammatic sketch of the RNN architecture is as shown in 

Figure 5.3. Given an input vector of time series with 𝐱 = {𝑥5, 𝑥?, . . , 𝑥G}. The RNN 

computes the hidden state sequence 𝐡 = {ℎ5, ℎ?, . . , ℎG} and the output sequence 𝒐 =

{𝑜5, 𝑜?, … , 𝑜G} iteratively using the following: 

                   ℎG = 𝜎u𝑾𝑥G + 𝑼ℎG95 + 𝒃(_)v                               (5.2) 

                   𝑜G = 𝜎u𝑽ℎG + 𝒃(`)v                   (5.3) 
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In (5.2) and (5.3), 𝑾,𝑼,	and 𝑽 are the weight matrices, 𝒃 denotes bias vector, and 𝜎 is 

an activation function [91]. 
 

 

 

 

 

 

 

     Figure 5. 3: The architecture of RNN and its unfolding structure. 
 

The RNN process of carrying memory forward using (5.2) and (5.3) will 

produce a right prediction for the next time step in a time series that is based on the 

input data at the current time step. However, for the long term dependencies in data, it is 

a great challenge to train the RNN via backpropagation. The accumulation of the growth 

or shrinkage of the backpropagation gradient will cause the gradients to explode or 

vanish over many time steps [92]. Hence, LSTM based RNN was introduced to 

overcome this problem.  

LSTM is an efficient RNN architecture that can be utilized to learn temporal 

sequences and long term dependencies accurately. The LSTM was mainly designed to 

overcome the vanishing gradients problem of the standard RNN when dealing with long 

term dependencies. In time series forecasting, long time dependence is a typical 

scenario because the current data points are related to the previous data points. In fact, 

long-time dependence is the basis for time series forecasting [86-87]. In contrast to the 

RNN which has a simple unit structure in the hidden layer, LSTM has a more 

complicated structure of hidden layers. Especially, LSTM introduces the concept of gate 

and memory cells in each hidden layer. A memory block of LSTM cell consists of a 

forget gate (𝑓G), an input gate (𝑖G), an input modulation gate (𝑚G), an output gate (𝑜G), a 

memory cell (𝑐G) and hidden state (ℎG). The computation for each gate is given by: 
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                              𝑓G = 𝜎u𝑾(a)𝑥G + 𝑼(a)ℎG95 + 𝒃(a)v	                              (5.4) 

         𝑖G = 𝜎u𝑾(4)𝑥G + 𝑼(4)ℎG95 + 𝒃(4)v                  (5.5) 

               	𝑚G = 𝑡𝑎𝑛ℎu𝑾(;)𝑥G + 𝑼(;)ℎG95 + 𝒃(;)v                  (5.6) 

                           𝑜G = 𝜎u𝑾(`)𝑥G + 𝑼(`)ℎG95 + 𝒃(`)v                  (5.7) 

In (5.4) to (5.7),  𝑥G is an input vector, ℎG95 is the previous hidden state in 

LSTM network, 𝑾 and 𝑼 are the weight matrices, 𝜎 is the logistic sigmoid function, 

tanh is the hyperbolic tangent function and 𝒃 is the bias vector. From these gates, the 

memory cell (𝑐G) and hidden state (ℎG) are calculated as below: 

                  𝑐G = 𝑖G ∙ 𝑚G + 𝑓G ∙ 𝑐G95                  (5.8) 

            ℎG = 𝑜G ∙ tanh	(𝑐G)                             (5.9) 

where “∙” means pointwise multiplication of two vectors. The forget gate, (𝑓G) allows 

the LSTM to forget the previous input data and reset the memory cells. The input gate 

(𝑖G) controls the current input of the memory cell.  

The input modulation gate (𝑚G) modulates the information of 𝑖G so that it is 

possible for the memory cells to access and store the information over a long time 

period. The output gate (𝑜G) controls the memory cell (𝑐G) to transfer information to the 

hidden state (ℎG) and hence produce an output of the successive network. With these 

gates and cells, such architecture of LSTM networks is capable of learning the 

fluctuation pattern in long-term time series and finally produce accurate predictions 

[91]. Following this, the next section of this chapter contains an explanation of LSTM 

forecasting model development for the proposed framework. 

 

5.3.2 LSTM Forecasting Model Development Process 

Figure 5.4 presents the steps involved in the LSTM model development and forecasting 

process. In this study, the input data is a time series in the form of an input vector 

(𝑥5, 𝑥?, … , 𝑥6) with n time steps. In the first place, the input data will undergo data pre-

processing to eliminate any missing values and transformed into a stationary series. The 

data collected from smart meters may contain missing values, which will cause 

inconsistencies that will affect the forecasting process. Therefore, data pre-processing 

was run on the input data to improve the performance of the proposed approach.  
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Figure 5. 4: Step by step of LSTM model development and forecasting process. 
 

The following are the data pre-processing procedures used in this study; 

i. Data cleaning 

There are likely to have a few missing data in the collected smart meter readings. 

If there are missing values, the values will be replaced by taking the mean of the 

respective dataset. This procedure was applied due to the fluctuation of the 

metering data. Hence, taking the mean of the dataset will give the best 

approximation to the missing data [84]. 

ii. Data transformation  

Data transformation is the process of bringing out data to a particular scale. The 

smart meter data are dramatically rapid in fluctuation and not stationary. Hence, 

the raw data will undergo a data transformation process, such as detrending, 

power transform, square root and log transform [93]. A stationary series is 

required for the LSTM model so that the values of the time series will likely be 

inside the LSTM training data and the forecast values are high in accuracy [82].  
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For the input (𝑥5, 𝑥?, … , 𝑥6) with 𝑛 time steps, 90% of the dataset is used as the training 

set and the remaining 10% will be the testing dataset. Hence, 90% the training data is 

(𝑥5, 𝑥?, … , 𝑥G) and the remaining (𝑥GU5, 𝑥GU?, … , 𝑥6) will be the testing data. This 

percentage was chosen as the size of input data is large enough to train with LSTM 

network. The more the number of training points, the more accurate is the forecasting 

[91]. 

The next step is to define the LSTM input parameters. As mentioned in the 

previous section, the architecture of the LSTM network depends on hidden layer size, 

the size of the network features, the size of responses and the number of iterations for 

each training. At this stage, the selection of the training options and principal 

parameters are based on the LSTM network that gives minimal error rates. Several 

combinations of the LSTM parameters are used in the training set, so that the most 

accurate network can be achieved. At this point, the LSTM model that trained the 

training data well will be validated via the 10% testing dataset. The accuracy of the 

forecasting model is evaluated by; 

i. plot of the forecast values versus the testing data (model validation plot). The plot 

will give a graphical view of how close the forecast values are from the testing 

data. 

ii. the error rates, that are the root mean square error (RMSE), the mean absolute 

error (MAE) and the mean percentage error (MPE). These error rates determine 

the precision by comparing the deviation between the estimated values and real 

data. The error rates are calculated by; 

RMSE = 9 5
;
∑ (�̈�4 − 𝑥4)?;
475                 (5.10) 

                         MAE = ∑ |de!9d!|
+
!,&

;
                            (5.11) 

                MPE = 5NN%
;

∑ (d!9de!)
d!

;
475                 (5.12) 

where �̈� is the forecast value based on the LSTM model, 𝑥 is the original value and m is 

the number of predicted data points. If the error rates are low and the associated plot of 

model validation exhibits almost similar pattern as the testing data, the LSTM model 

will be used for forecasting points ahead. Otherwise, the LSTM model will be revised 

and improvement on the principal parameters will be made.  
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Once the most accurate LSTM model is verified, the model will be used to 

forecast the forward values. LSTM can only predict data one step at a time. The aim of 

this study is to forecast the values for multiple time steps. In order to achieve this, 

multi-step forecasting is performed iteratively using the predictive outputs of the 

previous steps by composing the input sequence with the forecast values.  

 

5.3.3 Length of Time Series 

It is crucial to determine the most suitable length of time sequence together with the 

number of time steps that will give the most accurate LSTM forecasting model. The 

proposed framework was tested on data collected from a smart distribution system. The 

raw data is from the CLASS project, where smart meters were installed in substations in 

the North West of England, and the collected data were linked to the data and control 

center [77]. The proposed framework was tested on data of current (I), voltage (V), 

active power (P), and reactive power (Q) data recorded every 1-second time interval on 

a random day for randomly selected substations. Figures 5.5 – 5.8 show the plot of raw 

data of I, V, P and Q data for an hour. The rapid fluctuations of the data for the whole 

one hour period for all quantities are noticeable.  

 

         Figure 5. 5: The plot of raw data of I for a duration of an hour. 
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Figure 5. 6: The plot of raw data of V for a duration of an hour. 

 

Figure 5. 7: The plot of raw data of P for a duration of an hour. 
 

The line plots in Figures 5.5 – 5.8 are proof that the collected data exhibit 

random fluctuations, and there is no trend in the series. Thus, data transformation is 

required to transform the data into a stationary time series for better performance on the 

LSTM forecasting model. The transformation of the data was done by detrending the 

series via the curve fitting approach with the least-squares fit line. The detrended 

version of the series then will undergo the forecasting process via the proposed LSTM 

network.  
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        Figure 5. 8: The plot of raw data of  Q for a duration of an hour. 
 

Due to the rapid fluctuation of the collected data, it would be good if the time 

sequence is neither too long nor too short. Together with this, the transformed data of I, 

V, P and Q are divided into different lengths of time series, starting from 1 minute to 10 

minutes (from 60 up until 600-time steps). Table 5.1 presents the length of time series 

and the associated number of time steps, the number of training data and testing data for 

the LSTM network. For this purpose, the data split method for LSTM training and 

testing is as explained in Section 5.3.2. LSTM forecasting model was developed for 

each length of time series in Table 5.1.  

 

Table 5. 1: The length of time series and the associated number of training and testing 
data for the LSTM model development for each quantity.  

Length of time 
series (minutes) 

Number of 
time steps (n) 

Number of 
training data 

Number of 
testing data 

1 60 48 12 
2 120 108 12 
3 180 162 18 
4 240 216 24 
5 300 270 30 
6 360 324 36 
7 420 378 42 
8 480 432 48 
9 540 486 54 
10 600 540 60 
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The proposed framework aims to forecast multiple values for the selected time 

series, as mentioned in Section 5.2 and given in Figure 5.2. Therefore, for each time 

series in Table 5.1, the model development and forecasting process were done 

iteratively for a period of 15 sequences. Therefore, the most accurate LSTM model and 

multiple forecasting values on each sequence number can be determined. As an 

example, Table 5.2 presents the points of input data, prediction points and the 

transmitted data points for the 5-minutes length of time series. Referring to Table 5.2, 

note that the forecasting process was repeated up until 15 times. The prediction points 

and transmitted data will be merged to be the input for the next sequence of the LSTM 

forecasting model. For the 5-minutes time length with 15 sequences, a total of 450 

forecast points can be predicted. Note that the number of predicted points is equal to the 

number of testing data in Table 5.1.  

 

Table 5. 2: The input data, prediction points and transmitted data for 5 minutes length of 
time sequence.  

Sequence 
number 

Points of input data 
for LSTM model 

Prediction points 
(using developed 

LSTM model) 

Transmitted data (by 
the control center) 

1 1-300 301-330 331-600 
2 301-600 601-630 631-900 
3 601-900 901-930 931-1200 
4 901-1200 1201-1230 1231-1500 
5 1201-1500 1501-1530 1531-1800 
6 1501-1800 1801-1830 1831-2100 
7 1801-2100 2101-2130 2131-2400 
8 2101-2400 2401-2430 2431-2700 
9 2401-2700 2701-2730 2731-3000 
10 2701-3000 3001-3030 3031-3300 
11 3001-3300 3301-3330 3331-3600 
12 3301-3600 3601-3630 3631-3900 
13 3601-3900 3901-3930 3931-4200 
14 3901-4200 4201-4230 4231-4500 
15 4201-4500 4501-4530 4531-4800 

 

5.4 Experimental Results 

This section discusses the results gained from the proposed framework. The results 

presented in this section are on the accuracy of LSTM model development and forecast 

points.  
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5.4.1 LSTM Model Development and Length of Time Sequence 

A memory block of the LSTM cell consists of a forget gate, an input gate, an input 

modulation gate, an output gate, a memory cell, and hidden states. The computation for 

each gate is based on the logistic sigmoid function and the hyperbolic tangent function, 

tanh [85-86],[91]. Thus, the activation function of the LSTM layer is sigmoid.  For each 

length of time sequence in Table 5.1, the LSTM training solver is set to adaptive 

moment estimation. This solver was chosen as the optimizer in the training process due 

to computational efficiency and required little memory. Thus, good forecasting results 

can be achieved at minimal processing time [85]. Different values of the dropout rate 

were added to the LSTM forecasting model to prevent over-fitting or under-fitting for 

each length of time sequence. The initial learning rate varies from 0.005 to 0.05, subject 

to the length of time sequence and the measured quantity. Similarly, the number of the 

hidden unit is 2, and the training iteration is set within 100 to 150. Several testing on the 

LSTM network was done before the best combination of input parameters was chosen 

for each length of time sequence in Table 5.1. Different input parameters were set for 

the different measured quantity (I, V, P and Q).  

  Following this, results from the developed LSTM forecasting model are 

analyzed. Tables 5.3 and 5.4 list the error rates for the LSTM model on validation data 

for a total of 15 sequences for each length of time series of I, V, P, and Q. Referring to 

Table 5.3, the lowest RMSE for I is achieved by 9-minutes length of time series, 

whereas the 7-minutes length of time series gives the lowest MAE and MPE. For the 

voltage quantity, the lowest RMSE is on the 2-minutes length of time series. However, 

the 3-minutes time series gives the smallest MAE and MPE for V.  

 

Table 5. 3: Error rates on model validation of I and V for a total of 15 sequences on 
each time series. 

Length of time 
series (minutes) 

I V 
RMSE  MAE MPE RMSE  MAE MPE 

1 6.4810 8.2133 18.5058 4.5430 5.6231 4.4844 
2  7.1373 8.5295 23.3064 4.1215 5.6235 3.5801 
3 5.2871 6.3083 4.7049 4.2274 5.3241 3.5616 
4  5.1514 5.9384 10.0557 7.1108 8.1771 5.8066 
5 5.3494 6.4537 3.9394 4.1908 5.0541 3.3868 
6 4.3030 5.0180 4.4877 4.7072 5.7503 4.1686 
7 3.7612 3.9728 3.3336 5.0429 6.2046 4.5870 
8 4.3721 5.0939 3.8177 5.3216 7.3612 10.7610 
9 3.7440 4.1889 10.5548 6.0194 8.0681 4.4227 
10 4.9006 5.7202 17.4680 8.9236 13.3703 11.6284 
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  The error rates on LSTM model validation for P and Q are given as in Table 5.4. 

The smallest value of RMSE, MAE and MPE for P is achieved by the 2-minutes time 

series. Therefore, input data with 2-minutes of time series will serve as the best input for 

the LSTM forecasting model on P. Observing the last three columns of Table 5.4, the 

results revealed that the lowest RMSE for Q is for the 8-minutes time series. On the 

contrary, the lowest MAE and MPE for Q are given by the 3-minutes length of time 

series. As there exists a difference in the lowest value of RMSE, MAE and MPE for I, 

V and Q, further evaluation on the accuracy of the LSTM via the plot of model 

validation is done.  

 

Table 5. 4: Error rates on model validation of P and Q for a total of 15 sequences on 
each time series. 

Length of time 
series (minutes) 

P Q 
RMSE  MAE MPE RMSE  MAE MPE 

1 0.0404 0.0435 2.4964 0.0108 0.0126 1.93628 
2  0.0211 0.0266 1.0848 0.0108 0.0121 2.47232 
3 0.0427 0.0380 1.2173 0.0084 0.0049 1.73115 
4  0.0340 0.0343 3.3013 0.0094 0.0111 2.41745 
5 0.0296 0.0297 1.4167 0.0057 0.0069 6.74457 
6 0.0311 0.0313 3.1474 0.0053 0.0057 3.85853 
7 0.0307 0.0310 3.3543 0.0058 0.0069 4.01657 
8 0.0316 0.0317 14.4370 0.0051 0.0054 2.49026 
9 0.0308 0.0309 2.0795 0.0060 0.0064 1.98080 
10 0.0290 0.0293 3.4874 0.0055 0.0061 3.85261 

 

  The plots of model validation for I, V, P, and Q were assessed for all 15 

sequences. Figures 5.9 – 5.20 show the plots for a selected sequence of the respective 

length of time. The plot of model validation for 7-minutes time series on the sixth and 

fifteenth sequences of I are as shown in Figures 5.9 and 5.10. Both Figures 5.9 and 5.10 

clearly show that the observed and forecast data via the LSTM model have an almost 

similar pattern at the majority of the data point. Although most of the forecast data in 

the sixth and fifteenth sequences are below the observed data, the difference on the data 

value are not too high based on the error calculated. 
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Figure 5. 9: Plot of model validation for the 7-minutes time series of I on sixth 

sequence.  

 
Figure 5. 10: Plot of model validation for the 7-minutes time series of I on fifteenth 

sequence. 

 

In the same way, the plot of model validation for 9-minutes time series on the sixth and 

fifteenth sequences are as shown in Figures 5.11 and 5.12. Referring to Figure 5.11, the 

plot shows that the forecast data via the LSTM model for 9-minutes time series on the 

sixth sequence are far away from the observed data. As the overall forecast data are 

located far above the observed data, it can be said that the LSTM model fails to predict 

the values accurately.  
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Figure 5. 11: Plot of model validation for the 9-minutes time series of I on sixth 

sequence. 
 

Additionally, the plot of model validation for 9-minutes time series on the fifteenth 

sequence is in Figures 5.12. Observing the figure, it shows that the LSTM model for 9-

minutes time series fails to forecast the data values accurately as all the forecast values 

are below the observed data. In this case, the forecast data plot is having a very different 

pattern than the observed data. 

 

 
Figure 5. 12: Plot of model validation for the 9-minutes time series of I on fifteenth 

sequence. 
 

Hence, the plot of model validation in Figures 5.9 – 5.12 show that the LSTM model for 
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the developed LSTM model overfit the training data. Therefore, the 7-minutes time 

sequence is the most suitable length of the series of input data for the current, I.  

Plots of model validation for 2-minutes and 5-minutes time series on the fourth 

and tenth sequences for V are as shown in Figures 5.13 – 5.16. It is apparent from 

Figures 5.13 that the forecast data via the LSTM model on the fourth sequence are very 

diverged from the real data. Similarly, the LSTM model fails to predict the values of V 

on the tenth sequence for the 2-minutes time series, as shown in Figure 5.14. Therefore, 

the LSTM model with 2-minutes time series is not suitable to forecast the values of 

voltage. 

 
Figure 5. 13: Plot of model validation for the 2-minutes time series of V on fourth 

sequence. 

 
Figure 5. 14: Plot of model validation for the 2-minutes time series of V on tenth 

sequence. 
 

Figures 5.15 and 5.16 display the plot of model validation for the 5-minutes time 
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shows that the forecast data pattern is almost similar to the observed data, with one 

point above the observed data (data point 1225). Similarly, the plot of model validation 

on the tenth sequence (Figure 5.16) shows that there are some points where the LSTM 

model fails to predict the voltage accurately. However, the LSTM model has an almost 

similar pattern with the forecast data is close to the observed data starting from point 

3080 onwards. Comparing all the plots of model validation for the LSTM model for 2-

minutes and 5-minutes time series, it is clearly shown that the 5-minutes length of time 

series will give a more accurate forecasting model for V. The 5-minutes input data will 

predict forward points accurately as the LSTM model was well trained.  

 

 
Figure 5. 15: Plot of model validation for the 5-minutes time series of V on fourth 

sequence. 

 

Figure 5. 16: Plot of model validation for the 5-minutes time series of V on tenth 
sequence. 
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Plots of model validation for the developed LSTM models of Q are presented in 

Figures 5.17 - 5.20. The plot of LSTM model validation for the 8-minutes length of 

time series for Q on sixth and fifteenth sequences are as shown in Figures 5.17 and 5.18, 

respectively. Observing Figures 5.17 and 5.18, both of these plots clearly show that the 

forecast Q data via the LSTM model exhibits an almost similar pattern as the observed 

data. All the forecast data on the sixth and fifteenth sequences for the 8-minutes time 

series are located close to the forecast data. For this reason, it can be said that the LSTM 

model with 8-minutes time series can be used to predict the Q data.  

 

 

Figure 5. 17: Plot of model validation for the 8-minutes time series of Q on sixth 
sequence. 

 

Figure 5. 18: Plot of model validation for the 8-minutes time series of Q on fifteenth 
sequence. 
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However, comparing Figures 5.17 and 5.19, both plots show that the LSTM model 

forecasting values are slightly above and below the testing data. All the forecast data for 

the 3-minutes time series on the sixth sequence are above the observed data (Figure 

5.19). Whereas the majority of the forecast data of Q on the fifteenth sequence are 

below the observed data (Figure 5.20). Besides, the line plot of forecast data in Figures 

5.19 and 5.20 are having different patterns than the observed data. For an 8-minutes 

time series, 48 data points are forecast and compared with the testing data. Whereas, for 

a 3-minutes time series, 18 data points will be predicted at each sequence. In this case, a 

shorter length of input data with a smaller number of forecast values is preferable so 

that the error rates are not extremely high for the forward values. Therefore, considering 

the error rates in Table 5.4 and Figures 5.17 - 5.20 below, the 3-minutes time series will 

serve as the most suitable length of input data for the Q quantity. 
 

 
Figure 5. 19: Plot of model validation for 3-minutes time series of Q on sixth sequence. 

 

Figure 5. 20: Plot of model validation for 3-minutes time series of Q on fifteenth 
sequence. 
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Following this, for each I, V, P and Q, the best length of time series are 7-

minutes, 5-minutes, 2-minutes and 3-minutes, respectively. Once the length of time 

series together with the LSTM model is determined, the next step is to forecast the 

forward values for each quantity based on the selected length of input data. The next 

section of this chapter presents the results gained on forecasting the forward values for 

I, V, P and Q. 

 

5.4.2 Error Rates on Forecast Values 

The goal of this study is to provide a forward prediction of information via the 

developed LSTM model, so that the usage of the communication network can be 

reduced. Following this, the LSTM forecasting model with the selected length of input 

data is utilized to forecast the forward values.  

Table 5.5 presents the results gained for I on the forecasting of forward values. 

Note that, for every 7-minutes input data, 42 forward points will be forecast for I. Thus, 

a total of 630 data points are predicted in 15 sequences. Overall, the first sequence of 

input data gives minimal error rates as compared to the following sequences. However, 

the error rates of I are high in the ninth sequence. For this situation, the proposed 

framework will request data to be transmitted for non-accurate forecast values. In this 

study, the original data are accessible. Therefore, the error rates of the forecast value in Table 

5.5 can be calculated using (5.10) – (5.12). However, in the real application, the original future 

values are not available. In this sense, the prediction interval is calculated for each sequence to 

validate the accuracy of the forecast values.  

The prediction interval is computed using (5.1) based on the standard confidence 

level, which is 90% [84]. A prediction interval provides a range that the real observation 

lies within. The associate prediction interval and the percentage of forecast data that fall 

in the prediction interval are presented in the last three columns of Table 5.5. Observing 

these columns, the percentage of forecast values on each sequence that falls in the 

prediction interval is reasonably acceptable. More than 60% of the forecast data points 

in each interval lies within the real data. However, only 43% of the forecast points fall 

in the prediction interval on the ninth sequence. Therefore, the framework will request 

the original data values to be transmitted if the predicted values are not in the prediction 

interval. 
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Table 5. 5: Error rates and the prediction interval for the 7-minutes input data of I. 

Sequence 
Number 

Forecast 
point RMSE MAE MPE 

90% Prediction 
Interval (PI) Percentage 

forecast 
value in PI Upper 

(PI)  
Lower 

(PI) 
1 421-462 4.4881 3.7061 0.0055 504.59 505.89 85.00 
2  841-882 9.8320 8.3888 0.0072 519.24 521.88 62.33 
3 1261-1302 9.0842 7.5447 0.0091 519.90 522.50 65.33 
4  1681-1722 6.3479 5.7630 0.0002 500.60 501.96 72.00 
5 2101-2142 8.4782 7.1697 0.0138 494.59 496.91 69.00 
6 2521-2562 7.1831 5.3961 0.0099 495.02 497.46 70.33 
7 2941-2982 5.1219 3.7249 0.0050 491.44 493.24 78.00 
8 3361-3402 7.7647 6.5662 0.0123 496.52 498.64 70.67 
9 3781-3822 12.6685 11.4235 0.0235 487.48 490.30 43.00 
10 4201-4242 8.5686 6.5360 0.0100 501.29 504.13 68.67 
11 4621-4662 5.6398 4.7244 0.0042 498.38 499.96 75.00 
12 5041-5082 5.6610 5.0729 0.0101 496.90 498.20 74.00 
13 5461-5502 5.2787 4.1798 0.0022 482.99 485.69 76.33 
14 5881-5922 5.2787 4.1798 0.0022 473.77 475.43 77.00 
15 6301-6342 8.1879 7.4357 0.0157 477.33 479.09 68.00 

 

Table 5.6 presents the error rates and prediction interval of forecasting forward 

values for V. The most suitable length of input data for V is 5-minutes, provided with 

450 forecast points for a total of 15-sequences. Observing the values of RMSE, MAE 

and MPE in Table 5.6, it is best to say that the error rates are acceptable considering the 

data value range of V. In this study, the data value range of V lies within 6586V and 

6714V. However, less than 50% of the forecast data fall in the predicted interval on the 

second, fourth and fourteenth of the sequences. In the real application, it should be 

considered to transmit the recorded metering data when the forecast values are falling 

out of the prediction interval.  

The results gained in Section 5.4.1 show that the 2-minutes time series is the 

best length of input data for P. Following this, the LSTM model with 2-minutes input 

data was used to forecast 180 data points on 15 sequences. The results are tabulated in 

Table 5.7. The error rates are relatively acceptable overall, 60% of the predicted values 

fall in the prediction interval on each sequence. However, only 41% of the predicted 

values are in the prediction interval in the second sequence. Therefore, it is best to say 

that the 2-minutes time series can serve as the best length of input data for the P 

quantity.  
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Table 5. 6: Error rates and the prediction interval for the 5-minutes input data of V. 

Sequence 
Number 

Forecast 
point RMSE MAE MPE 

90% Prediction 
Interval (PI) Percentage 

forecast 
value in PI Upper 

(PI)  
Lower 

(PI) 
1 301-330 2.6133 2.0489 0.0003 6675.50 6676.50 50.00 
2  601-630 6.1387 5.9460 0.0009 6669.53 6670.47 43.33 
3 901-930 1.9094 1.3410 0.0002 6675.58 6676.42 73.33 
4  1201-1230 3.8843 3.3633 0.0151 6679.41 6680.59 43.33 
5 1501-1530 3.8013 2.3080 0.0104 6685.08 6686.92 60.00 
6 1801-1830 6.9636 6.4766 0.0291 6686.22 6687.78 63.33 
7 2101-2130 6.5310 6.3858 0.0287 6680.58 6681.42 73.33 
8 2401-2430 4.4629 2.5304 0.0113 6689.88 6692.12 90.00 
9 2701-2730 3.5340 2.0362 0.0091 6685.12 6686.88 70.00 
10 3001-3030 4.7574 3.8475 0.0173 6686.15 6687.85 63.33 
11 3301-3330 3.3372 2.1813 0.0098 6683.23 6684.77 53.33 
12 3601-3630 3.3813 1.7449 0.0078 6684.12 6685.88 93.33 
13 3901-3930 4.3646 3.2064 0.0144 6684.10 6685.90 53.33 
14 4201-4230 6.0299 4.6213 0.0207 6690.82 6693.18 46.67 
15 4501-4530 3.8657 2.5853 0.0116 6685.12 6686.88 86.67 

 

Table 5. 7: Error rates and the prediction interval for 2-minutes input data of P. 

Sequence 
Number 

Forecast 
point RMSE MAE MPE 

90% Prediction 
Interval (PI) Percentage 

forecast 
value in PI Upper 

(PI)  
Lower 

(PI) 
1 121-132 0.5545 0.5516 0.0954 5.7869 5.8431 66.67 
2  241-252 0.8190 0.8180 0.1451 5.6106 5.6514 41.67 
3 361-372 0.5563 0.5517 0.0956 5.7259 5.7961 58.33 
4  481-492 0.6051 0.6014 0.1046 5.6689 5.7351 66.67 
5 601-612 0.3132 0.2971 0.0503 5.8349 5.9331 75.00 
6 721-732 0.6654 0.6636 0.1164 5.6492 5.6988 58.33 
7 841-852 0.4598 0.4559 0.0783 5.8232 5.8828 66.67 
8 961-972 0.4798 0.4769 0.0817 5.8068 5.8592 66.67 
9 1081-1092 0.5403 0.5344 0.0942 5.6325 5.7115 75.00 
10 1201-1212 0.4181 0.4127 0.0712 5.8128 5.8792 58.33 
11 1321-1332 0.6708 0.6698 0.1191 5.6423 5.6797 58.33 
12 1441-1452 0.5003 0.4956 0.0864 5.6779 5.7461 75.00 
13 1561-1572 0.5532 0.5505 0.0971 5.6682 5.7218 58.33 
14 1681-1692 0.6224 0.6208 0.1107 5.6157 5.6603 83.33 
15 1801-1812 0.7046 0.7038 0.1264 5.5935 5.6265 58.33 
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Table 5.8 displays the results for a 3-minutes length of time series with a total of 

270 forecast points for Q. Given that the data value range for Q is from 0.195 MVar to 

0.379 Mvar. Hence, the small values of RMSE, MAE and MPE, meaning that the 

LSTM model with 3-minutes length of input data provides accurate forecast values of Q 

on each sequence. The value of error rates is supported by the majority of the forecast 

data as they fall in the 90% prediction interval of each sequence. However, data 

transmission is needed in-between forecast point on 541 to 558 as there are only 39% of 

the forecast data falling in the prediction interval. 

Table 5. 8: Error rates and the prediction interval for the 3-minutes input data of Q. 

Sequence 
Number 

Forecast 
point RMSE MAE MPE 

90% Prediction 
Interval (PI) Percentage 

forecast 
value in PI Upper 

(PI)  
Lower 

(PI) 
1 181-198 0.0186 0.0096 0.0266 0.3586 0.3714 55.56 
2  361-378 0.0150 0.0100 0.0297 0.3365 0.3455 72.22 
3 541-558 0.0277 0.0216 0.0578 0.3681 0.3819 38.89 
4  721-738 0.0113 0.0054 0.0161 0.3261 0.3339 83.33 
5 901-918 0.0145 0.0090 0.0270 0.3345 0.3435 66.67 
6 1081-1098 0.0131 0.0064 0.0190 0.3335 0.3425 66.67 
7 1261-1278 0.0152 0.0106 0.0316 0.3336 0.3424 55.56 
8 1441-1458 0.0169 0.0080 0.0227 0.3460 0.3580 88.89 
9 1621-1638 0.0234 0.0223 0.0706 0.3112 0.3168 55.56 
10 1801-1818 0.0210 0.0167 0.0500 0.3369 0.3471 57.78 
11 1981-1998 0.0140 0.0087 0.0266 0.3246 0.3334 55.56 
12 2161-2178 0.0124 0.0099 0.0317 0.3160 0.3220 66.67 
13 2341-2358 0.0152 0.0098 0.0292 0.3294 0.3386 77.78 
14 2521-2538 0.0164 0.0127 0.0407 0.2879 0.2961 50.00 
15 2701-2718 0.0152 0.0142 0.0480 0.2908 0.2952 52.22 

 

5.4.3 Percentage of Communication Bandwidth Saving 

As highlighted in Section 5.2, the main aim of the proposed framework is to reduce the 

usage of the communication network in sending an enormous amount of data to the 

management and control center. Thus, the number of accurate forecast data point in 

each sequence is determined so that the saving gained via the proposed method can be 

calculated. The percentage of bandwidth saving based on the length of time series for 

each I, V, P and Q is calculated and the result is tabulated in Table 5.9.  
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Table 5. 9: Results on future forecast for all measured quantity. 

Quantity 
Length of 
time series 
(minutes) 

Total number of 
accurate forecast 

points in 15 
sequences 

Total number 
of transmitted 

data in 15 
sequences 

Percentage 
of 

Bandwidth 
Saving 

I 7 442 6300 7.02 
V 5 289 4500 6.42 
P 2 116 1800 6.44 
Q 3 170 2700 6.30 

 

The overall current data that need to be transmitted in 15 sequences of 7-minutes 

length of series are 6300 data points. Findings from this study show that the LSTM 

model managed to forecast a total of 442 data points accurately in 15 sequences. Thus, 

442 data points need not to be transmitted via communication network. Therefore, a 

total of 7.02% of bandwidth communication can be saved by not transmitting this 

information to the data and control center. For each V, P and Q, the LSTM developed 

model managed to forecast 289, 116 and 170 accurate data points, respectively. The 

overall data that need to be transmitted in 15 sequences of V, P, and Q are 4500, 1800 

and 2700 data points. Therefore, the percentage of bandwidth saving by not sending the 

data in 15-sequences are 6.42% (V), 6.44% (P) and  6.30% (Q). Note that the calculated 

bandwidth saving is applicable for a total of 15-sequence of the forecasting process. 

Considering a long time period, more data points can be predicted and will yield a 

higher saving on bandwidth.  

 

5.5 Discussion 

In this work, a data reduction strategy that is based on the LSTM forecasting technique 

is proposed. The proposed framework aims to reduce the amount of transmitted data 

such that the bandwidth of communication can be saved. Besides, the proposed 

framework can cater to the need of online data transmission as the forecasting process 

occurs at the control center. Hence, to tackle the aims of the proposed framework, data 

forecasting using the LSTM model is examined. Following this, different lengths of 

time series were tested so that the most suitable length of input data is determined 

(Table 5.1). Additionally, to achieve the best length of time series as the input data, the 

LSTM network was also tested on a larger size of time series (starting from 11-minutes 

up until 30-minutes time period). Nevertheless, the longer the data period, the prediction 

quality drops and hence, the higher are the error rates. In contrast to the standard neural 

network prediction, this situation occurs due to the rapid fluctuation and nonstationary 
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pattern of the data. The longer the data period, the more oscillations occur in the input 

data, thus the higher variation in the forecast values. Therefore, this study is focusing on 

1-minute up until 10-minutes length of time series.  

It is best to say that the accuracy of the LSTM forecasting model is affected by 

data value ranges of the measured quantity as shown from Tables 5.3 to 5.8. In this 

experiment, data value ranges for P and Q are much lower than I and V, as shown in 

Table 5.10. Smaller the data values, lower the error rates on the model validation and 

forecast accuracy. However, there is no guarantee that the low error rates will give 

accurate forecast values. Therefore it is best to examine the validation of the model via 

line plot and double-check the forecast accuracy using prediction interval. 

Table 5. 10: Data value ranges per measured quantity. 

Variable I (A) V (V) P (MW) Q (Mvar) 

min 459.53 6586 5.136 0.195 
max 530.94 6714 5.962 0.379 

 

Findings from this study suggest that the suitable time series for the input data of 

LSTM are 7-minutes, 5-minutes, 2-minutes and 3-minutes for I, V, P and Q, 

respectively. These length of time series are sufficient enough to maintain the forecast 

accuracy for each quantity. The LSTM required a short duration of time; from 2-

minutes to 5-minutes to forecast values for P, Q, and V. The small value of error rates 

indicates that the LSTM forecasting model manages to predict forward values of P, Q, 

and V accurately using a short-time period. An accurate forecast value will result in low 

data transmission in AMI communication. For a total of 15-sequences of input data, the 

percentage of the bandwidth that can be saved on each quantity are; 7.02% (I),  6.42% 

(V), 6.44% (P) and 6.30% (Q). Although the percentage of bandwidth that can be saved 

for I, V, P and Q are small, note that the calculation was made for only 15-sequences. If 

we consider the number of data that can be predicted in a long term (for example in one 

week), there will be a huge saving in the bandwidth of communication as a lot of data 

points can be forecast at the data center. Together with this, finding the most suitable 

length of time series as the input data for the LSTM model is crucial in conjunction with 

the amount of accurate forecast points and the total bandwidth that can be saved. 

This study proposed an adaptive framework using the LSTM network for data 

forecasting. The proposed framework has the potential for more extensive applications 

in the context of power systems engineering. LSTM has the ability to learn and predict 
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high dimensional data [87]. In the same way, the proposed framework can be applied in 

forecasting load data, electricity demand, or electricity consumption on different types 

of customers. In addition, the LSTM forecasting model can be applied for multivariate 

data with changes in principal parameters and data split procedures. When more 

variables are used in the framework, the more bandwidth can be saved. Thus, further 

work can focus on using the proposed framework for forecasting multidimensional data. 

In applications that involve extensive collections of data, long sequences or large 

networks, it is recommended that the LSTM prediction is made on multidimensional 

model with the graphics processing unit (GPU) for better and faster forecasting.  

 

5.6 Summary 

This chapter explores an alternative approach to tackle the bandwidth limitation in 

sending massive amount of data in the smart grid. An adaptive framework is proposed 

with the aim to minimize the amount of information flow to the data management 

center. The proposed framework employed the LSTM forecasting model to obtain 

predictions on forward points of data. The forecasting process via LSTM was made 

according to the historical information of the data. The proposed solution is the first to 

tackle the said problem in such a way that forecasting accurate data is employed and 

data transmission can be reduced. The proposed approach was tested on real data 

collected from a smart distribution system. The multiple step prediction based on LSTM 

had an excellent performance on the measured quantities. Experiments have been 

conducted to demonstrate that LSTM-based RNN is capable of forecasting the input 

data on the given time series. The proposed approach can actively help the smart grid 

communication in saving the bandwidth by reducing the number of data sent.  
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Chapter 6 CONCLUSION AND FUTURE WORK 

6.1 Conclusion of the Thesis 

This thesis has made the following contributions towards data compression in the 

context of the smart grid. The contributions can be summarized as follows: 

1. Analysis on the application of the SVD as a data compression method is presented.  

2. The capability of the MMF method in compressing a large amount of data with high 

speed is presented.  

3. An adaptive forecasting framework to reduce the number of transmitted data and 

thus, save the bandwidth usage in the smart grid communication network is 

presented. 

 

Some of the main results and contributions are described in details as below: 

Firstly, the application of SVD in compressing smart meter data is analysed in 

Chapter 3 of the thesis. The performance of SVD was evaluated on increasing size of 

data volume, starting from 1.4 million to 17 million. This study proves that the larger 

the size of data, the higher the errors produced by the reconstructed data of the SVD 

compression. Comparing the SVD with DWT based compression, the error rates of the 

reconstructed data using the SVD are more stable than the DWT compression. 

Identically, both the SVD and DWT based compression require more time to compress 

large size data matrices. However, for the real-time monitoring of the distribution 

system, high accuracy and faster execution time of a compression method are needed in 

the smart grid. Therefore, an alternative compression algorithm is considered to tackle 

the need for sending a massive amount of data produced in the smart grid. 

Following this, Chapter 4 of this thesis presents the MMF as an alternative data 

compression method for the smart grid. The MMF is a matrix factorization method that 

has been applied in machine learning and graph networks. This research explores the 

application of MMF as a data compression method in the context of the smart grid. The 

MMF method applies a sequence of sparse orthogonal transforms to the input data by 

capturing matrix structure at different resolution levels. Input data of the MMF 

compression is in the form of a symmetric matrix.  
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On account of this, a modification is proposed in the formation of the symmetric 

matrix to suit the need for data compression in the smart grid. By using the proposed 

formation of the symmetric matrix, MMF compression was performed on different sizes 

of input data. The performance of the MMF in compressing large size data was 

evaluated and compared with the SVD compression. Findings from this study show that 

the MMF can serve as an alternative data compression technique for the smart grid. By 

using MMF, the loss of information in the reconstructed matrix are much lower than the 

SVD. Moreover, the proposed formation of the symmetric matrix can reduce the time 

taken by the MMF to compressed data. MMF is high in accuracy and able to compress 

large matrices fast. MMF is about three times faster than the SVD in terms of execution 

time of the compression process. In addition, MMF compression is low in memory 

requirements as the dimension of the compressed matrix is reduced into the core matrix. 

Hence, the MMF can be a right choice of a data compression method for the smart grid.  

Although MMF compression can serve as a fast compression algorithm, the 

application in this study was made for off-line data that is stored in an archive. 

Considering the massive data that are automatically generated by smart meters, live data 

compression and transmission is required so that the data analysis can be done ‘on-time’ 

without query. Therefore, in Chapter 5 of this thesis, an adaptive forecasting framework 

is proposed as an addition to data compression in the smart grid. The framework focuses 

on forecasting smart meter data at the data management and control center. The 

proposed framework can reduce the amount of data sent, provided that the LSTM model 

forecasts the forward values accurately. In conjunction with this, the most accurate 

LSTM model with the most suitable length of time series was determined for voltage, 

current, active power and reactive power. The effectiveness of the proposed framework 

was verified by evaluating the developed LSTM forecasting model and calculation of 

the percentage of bandwidth saving for the measured quantities.  

 

6.2 Future Work 

Listed below are proposed future work: 

i. The SVD compression technique presented in Chapter 3 shows that compressing 

data via SVD is highly dependent on the chosen number of singular values. 

Referring to the proposed methodology, performing matrix multiplication based on 

the number of singular values will produce the reconstructed data during the 
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decompression process. SVD can serve as a simple and straightforward 

compression technique. For future work that involves substantial scale problems, 

the usage of SVD with a graphics processing unit (GPU) should be considered. A 

different algorithm for SVD, such as rank-k partial SVD, can also be considered to 

reduce the time complexity of the compression process. However, when dealing 

with a massive amount of data produced in the smart grid, another compression 

method that can give faster execution time with low error rates should be 

considered. Hence, the use of MMF in compressing smart meter data is presented in 

Chapter 4. 

 

ii. The proposed formation of the symmetric matrix in Chapter 4 involves the 

arrangement of the elements in the upper triangle and diagonal of the matrix. The 

proposed formation of the symmetric matrix can reduce the size of the data matrix 

and make the MMF process faster. As part of future work, the proposed approach 

on the formation of the symmetric matrix can be extended in a case involving a 

combination of the different measured quantities. In this study, the Jacobi MMF 

algorithm was applied for the rotations, orthogonal transform, and trimming 

process. For future work, it is proposed to run the MMF compression using a 

greedy parallel or randomized algorithm, as explained in [74]. Different input on 

the number of rotations, MMF levels, and the trimming process can be considered 

by taking into account the nature and structure of a data matrix. Taking into account 

the acceleration of the MMF compression, it is suggested to implement the MMF 

compression on a prototype meter that can communicate with the network. 

 

iii. An adaptive forecasting framework via LSTM is proposed to cater to the need for 

‘on-time’ data analysis of the smart grid. The methodology of the proposed 

framework is based on the combination of data forecasting and data transmission. 

The presented framework was tested separately on data of voltage, current, active 

power, and reactive power. The proposed adaptive framework can be applied to 

multidimensional variable data simultaneously. For this purpose, the multivariable 

LSTM forecasting model can be considered. Besides, other data transformation 

strategies and length of time-series that can handle high-dimensional data should be 

examined. Additionally, the work can be expanded to formally model the data using 

other approaches of time series forecasting. Although neural networks have 

achieved great successes in time series forecasting, it is recommended to combine 
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the neural networks and statistical models in improving forecasting performance. In 

applications that involve extensive collections of data, long sequences, or large 

networks, it is recommended that the proposed adaptive framework is implemented 

on graphic processing unit (GPU) for better forecasting. Besides, an experimental 

examination of the proposed adaptive framework over a smart grid wireless 

network is also worth further investigation.  

 

Apart from this, as part of the future work in the broad context of data compression for 

power systems, it is also suggested that: 

 

1. Synchronized measurements became recently an affordable tool ready to be 

implemented not only at transmission system level but also at distribution level, 

mostly in conjunction with the applicability of the smart grid approach. As a 

preliminary step of introducing Phasor Measurement Units (PMUs) on a larger scale, 

extensive measurements campaigns, primarily dedicated to power quality purposes, 

can be conducted within medium and low voltage grid. The extremely high volume 

of data can be stored in a special dedicated database, from which information 

regarding events can be retrieved together with their associated local time stamp. For 

future work, it is proposed to study data resulting from several voltage waveform 

long-term monitoring campaigns in order to highlight their relevance both to the 

steady-state conditions and event identification of the distribution grids. 

Communication issues can also be highlighted, as most of the monitoring units are 

located in remote areas, without a dedicated physical layer for data transfer.  

 

2. It is also suggested to study a data compression method of power distribution 

systems based on SVD. Firstly, the distribution systems can be put into matrix for 

subsequent compression. Then, the data compression method of distribution systems 

based on SVD can be proposed. This method can compress the distribution systems 

data and hence the storage space can be saved. In order to measure the compression 

effect of this method, the number of measurement indexes can be presented. Finally, 

the real data collected can be used for experimental verification.  

 

3. Modern smart distribution system requires storage, transmission and processing of 

big data generated by sensors installed in electric meters. On one hand, this data is 
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essentially required for intelligent decision making by smart grid. But on the other 

hand; storage, transmission and processing of that huge amount of data is also a 

challenge. For future work, it is proposed to present an approach to compress this 

information that only relied on the traditional matrix decomposition techniques 

benefitting from low number of principal components to represent the entire data. A 

cascaded data compression technique that blends different methods can be a future 

work in order to achieve high compression rate for efficient storage and transmission. 

In the initial two stages, two lossy data compression techniques can be used, namely 

the SVD and normalization method. The third stage can achieve further compression 

by using the technique of Sparsity Encoding (SE) which is a lossless compression 

technique which only having appreciable benefits for sparse data sets. 
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Appendix A Plot of stationary data after 
transformation 

A.1 Example plots of original data. 

Current  data with 2-minutes length of time series. 

 
Current  data with 5-minutes length of time series. 
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Current  data with 10-minutes length of time series. 
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A.2 Example plots of stationary data. 

Example plots of stationary data after the transformation process (detrending).  

 

Current  data with 2-minutes length of time series. 

 
 

Current  data with 5-minutes length of time series. 
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Current  data with 10-minutes length of time series. 
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A.3 ACF plots of stationary data. 

Example ACF plots of stationary data after the transformation process. 

 

Current  data with 2-minutes length of time series. 

 
Current  data with 5-minutes length of time series. 
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Current  data with 10-minutes length of time series. 
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