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In recent years, the smart grid has attracted wide attention from around the world. Large scale data are collected
by sensors and measurement devices in a smart grid. Smart meters can record ﬁne-grained information about
electricity consumption in near real-time, thus forming the smart meter big data. Smart meter big data has
provided new opportunities for electric load forecasting, anomaly detection, and demand side management.
However, the high-dimensional and massive smart meter big data not only creates great pressure on data
transmission lines, but also incur enormous storage costs on data centres. Therefore, to reduce the transmission
pressure and storage overhead, improve data mining eﬃciency, and thus fulﬁl the potential of smart meter big
data. This study presents a comprehensive study on the compression techniques for smart meter big data. The
development of smart grids and the characteristics and application challenges of electric power big data are ﬁrst
introduced, followed by analysis of the characteristics and beneﬁts of smart meter big data. Finally, this study
focuses on the potential data compression methods for smart meter big data, and discusses the evaluation
methods for smart meter big data compression.

1. Introduction
Electricity is an important form of secondary energy, which plays a
vital role in modern economic and social development. The demand for
industrial electricity grows rapidly with the development of an
economy. Furthermore, residential electricity consumption is also increasing signiﬁcantly with the improvement of living standards [1–3].
The electric power industry has become a fundamental industry and
important public utility supporting the development of national
economies [4,5]. At present, the recovery and steady growth of the
world economy has led to rapid increases in the demand for energy [6].
Meanwhile, the world is facing serious resource shortages, environmental pollution, the greenhouse eﬀect and other diﬃcult challenges.
Therefore, it is urgent to develop cleaner energy production and smart
energy systems to alleviate these problems [7].
Information and communication technologies (ICTs) have been
widely used in electric power systems, making power systems more
digital, more intelligent, eﬃcient, and robust [8]. The smart grid is
expected to become a general trend in the development of electric
power system [9–11]. As typical representatives of the new generation
of ICTs, cloud computing, big data analytics and internet of things related technologies have widely penetrated the construction and development of smart grids [12]. Therefore, the data generated by a smart
grid increases dramatically, and the forms of data are increasingly

⁎

complex [13,14]. The data generated in power generation, power
system operation, and electricity consumption combine to form electric
power big data [15,16]. Electric power big data has great potential to
support the optimization of electric power systems and various management decisions. However, it also places great pressure on data
transmission lines and increases storage costs. In addition, the data are
not all valuable; the existence of redundant data also obviously inﬂuences the eﬃciency of big data analysis. Smart meter big data, including voltage, current, and electricity consumption data, is an important component of electric power big data [17]. This data can
provide valuable knowledge for marketing strategies development and
demand side management (DSM) of power companies. For example,
analysis of electricity consumption data can support electric load
forecasting, anomaly detection, and demand response program development [18–20]. Ideally, power generation and system operation can
be optimized in near real time, electricity demand can be predicted
precisely, electricity can be dispatched in timely fashion, electricity
consumption patterns can be discovered accurately, and more eﬀective
pricing mechanisms can be developed. However, smart meters record
electricity consumption details of consumers in near real time and
transmit data to data centres frequently [21]. For example, suppose
there are 100 million smart meters in a smart grid and each record
consist of ﬁve KB. If the data are collected every 15 min, the total
amount of data will reach 2920 TB per year. Eﬃcient data compression
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Fig. 1. Characteristics and application challenges of electric power big data.

methods can relieve transmission pressure, reduce storage overhead,
and enhance data analysis eﬃciency. Thus, a comprehensive study on
the compression of smart meter big data would be beneﬁcial at this
time. Currently, compression techniques involving smart meter big data
have been an important research area for smart grids [22,23].
There have been some research works on electric power big data
[24–26]. Zhou et al. [24] provided a review of big data driven smart
energy management, and the authors presented a system architecture
and its related industrial energy management tools. Tu et al. [25] focused on electric power big data and summarized the latest applications
leveraged by big data technology in smart grids. Diamantoulakis et al.
[26] presented a detailed review of big data analytics for dynamic energy management in smart grids. However, speciﬁc research on smart
meter big data is rarely reported. To the best of our knowledge, this is
the ﬁrst comprehensive review on the compression of smart meter big
data. The objective of this study is to highlight the key research issues in
smart meter big data compression methods, including lossy and lossless
compression. This paper aims to provide a better understanding of the
full potential and to improve data analysis eﬃciency of smart meter big
data, as well as to reduce the transmission pressure and the storage
overhead.
The remainder of the paper is organized as follows. The next section
introduces the development of smart grids, as well as the structure and
characteristics of electric power big data. Section 3 analyses the characteristics and beneﬁts of smart meter big data. In Section 4, it summarizes various popular data compression methods for smart meter big
data and discuss corresponding research issues. The evaluation methods
for smart meter big data compression are discussed in Section 5. Finally,
Section 6 presents the conclusions.

distribution, and consumption [10,32,33]. As a modern infrastructure,
the smart grid can ﬁnd solutions for power system failures with high
eﬃciency, thus reducing the workforce and providing sustainable, reliable, and safe electricity to consumers [34]. It can also integrate renewable and alternative energy resources using automation control
technology and ICTs [35–37]. Development of the smart grid has been
regarded as a major energy strategy to achieve industrial progress and
social sustainable development among many countries of the world.

2. Smart grid and electric power big data

2.2.1. Characteristics of electric power big data

2.1. Smart grid

(1) Volume. Large scale power production and consumption data are
collected by thousands of advanced measurement devices in near
real-time. Additionally, very large amounts of external data, such as
temperature, weather, and geographic information data; are also
integrated into electric power big data.
(2) Velocity. An electric power system places extremely high demands
on data processing speed to ensure real-time electricity supply-demand balance and instantaneity. In addition, rapid data processing
is very important for the identiﬁcation and recovery of power
system failures, short-term load forecasting, and other decisions.
Therefore, large scale power production and consumption data
must be processed at a very high speed [42].
(3) Variety. The types of electric power big data are highly complex
and data dimensions are very high. The data not only includes
voltage, current, frequency, and power of each measurement node,
but also includes a large number of power production data, business
data and user data. To further complicate matters, the variety of

2.2. Electric power big data
A smart grid is characterized by the bi-directional mobility of
electricity and information, which aims to establish highly automated
and widely distributed energy exchange networks [38]. As the future
direction of the electric power system development, the smart grid is
constantly being advanced and developed. At the same time, huge
amounts of data are generated by smart meters, power distribution
automated devices, digital protection devices, and other intelligent
devices in the smart grid, thus forming the electric power big data
[24,39]. Speciﬁcally, electric power big data is mainly composed of
user description data, user behaviour data, electric power system internal data, and business systems related data [40]. User description
data refers to the characteristic data of the household population, their
living environment, etc. User behaviour data includes the data of customer service systems, demand response systems, etc. The internal data
of the electric power system contains electricity consumption data,
power production system data, etc. Business system data includes meteorological data, geographic information data, building data, etc. [41].
The general characteristics and application challenges of electric
power big data are shown in Fig. 1.

In the 21st Century, the problems of energy shortage and environmental pollution have become more serious, while the demand for
electricity has increased signiﬁcantly year by year [27]. Traditional
electric power systems can only convert one-third of the energy they
consume to electricity without recycling waste heat, and lose 8% of
total electricity during transmission, whereas only 20% of total electricity capacity is used to meet peak demand [28]. Furthermore, other
problems are inherent in traditional electric power systems, such as the
lack of automatic analysis and the low level of visualization [29]. With
the increasing need to allow access to external energy sources such as
wind, solar, and other clean energy systems, a variety of adverse eﬀects
also emerge, aﬀecting the security and reliability of power system operation [30,31].
A smart grid utilizes advanced communication technology, computer technology and related control technologies to establish an intelligent system for power generation, transmission, substation control,
60
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and data analysis [47].
(3) Challenges in security and privacy protection. Weak security and
privacy protection of electric power big data will inhibit the application of smart grid solutions. In addition, to make the grid more
intelligent and eﬃcient, the scope and application of information
technology in smart grids is expected to expand [48–50], which will
also create new security problems. Therefore, the security and
privacy protection of electric power big data is becoming increasingly important to ensure grid security and reliability.

unstructured data is also increasing, such as network logs, weather
images and geographic location information.
(4) Value. The knowledge discovery of electric power big data is of
great signiﬁcance in supporting power production and distribution,
failures recovery, and energy investment. Moreover, the analysis of
electric power big data contributes to provide personalized energy
eﬃciency services to customers and to create new business models
[43].
2.2.2. Challenges of applying electric power big data

3. Smart meter big data
(1) Challenges in multi-source data fusion. Electric power big data are
not just the data generated by the intelligent sensing devices,
monitoring devices, and communication devices. As solar, wind,
and other clean energy sources access a power grid, large amounts
of temperature data, humidity data, weather data, and geographic
information data are also collected by intelligent devices. Currently,
the signiﬁcance of these data in supporting electric load forecasting,
anomaly detection, and demand side management has been recognized. However, it will be a major challenge to achieve multisource data fusion for eﬀective application of electric power big
data [44].
(2) Challenges in data analysis. Millions of advanced sensors and meters will be further deployed. It is inevitable that massive amounts
of data will be generated [45]. While it is signiﬁcant to extract
valuable knowledge from these data for grid optimization, load
balancing, business planning, and other purposes [46]; new problems and challenges have emerged in the management of data sets

With the development of smart grids, a large number of smart meters have been deployed. Power companies can obtain a large amount
of real-time data through smart meters. Smart meter big data includes
voltage, current, power consumption, and other important parameters
[51–53].
3.1. Characteristics of smart meter big data
At present, power companies have accumulated a large amount of
smart meter data, which cause diﬃculties in data processing and analysis. It is necessary to take full consideration of the characteristics of
smart meter big data to fulﬁl its potential. With the development of
smart grid technology and information technology, the current smart
meter big data has the following primary characteristics.
(1) High dimensionality of data. Smart meters can record users’

Fig. 2. Yearly electricity consumption proﬁles of three residential users in a city of China.
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of electric power system, DSM, and so on.
Fig. 3 shows the beneﬁts of smart meter big data.

electricity consumption information frequently, including current,
voltage, power, etc. Advanced smart meters can collect smart meter
data every 5–60 min. In 2010, the largest electricity and gas supplier in the United States, PECO, provided a technical solution
which can collect smart meter data once a minute [50], and in the
future, power companies will receive more ﬁne-grained smart
meter data more frequently [54]. The era of smart meter big data is
coming and will bring many opportunities and challenges.
Fig. 2 shows the yearly electricity consumption proﬁles of three
residential users in a city of China.
In Fig. 2, the dimension of power consumption proﬁles is very high.
(2) Large volume of data. Smart meters continue to be deployed with
the development of smart grids. They collect users’ electricity
consumption information with high frequency, and the data volume
grows rapidly. Power companies have to establish special data
centres to store these high-dimensional smart meter data [55,56].
According to current statistics, the total amount of annual load
proﬁle data of 1.658 million households in Ireland produces
216 GB. Comparatively, the population of China is much larger than
Ireland, and more smart meters will be deployed. It is roughly estimated that China's annual load proﬁle data will reach 29 TB [56].
(3) High speed of data acquisition and transmission. ICTs have developed rapidly and have been widely applied in smart grids.
Intelligent devices and smart systems are widely used in smart
grids, and are basically equipped with intelligent processing programs, as well can collect data in near real-time. They can also
signiﬁcantly improve data transmission capabilities [55–57].
(4) High speed of data analysis and processing. The analysis and processing of smart meter big data contribute to predict users’ shortterm load demands, determine the location and causes of power
failures, implement DSM, and so on. At the same time, it places high
demands on the speed of analysis and processing of smart meter big
data to maintain the stability and reliability of the electric power
system.

3.2.1. Electric load forecasting
Electric load forecasting provides the support for power generation
planning and development planning of an electric power system.
Precise electric load forecasting is of great signiﬁcance for the economic, safe, and reliable operation of power system [60,61]. Electric
load forecasting can be divided into long-term load forecasting,
medium-term load forecasting, short-term load forecasting and ultrashort-term load forecasting, corresponding to annual, monthly, singleday, and hourly load forecasting [52,62].
Several methods have been used for electric load forecasting, such
as regression analysis, exponential smoothing, and weighted iteration,
and other improved algorithms including adaptive prediction and stochastic time series. Neural networks and genetic analysis have also been
widely applied to electric load forecasting. Wi et al. [63] proposed a
method that combined fuzzy polynomial regression with weather feature selection and adjustment for electric load forecasting. The method
improves the accuracy and eﬀectiveness of short-term load forecasting.
Kling et al. [64] employed a neural network to predict the current
electric load using historical data from smart meters. The forecasting
model can be implemented by energy suppliers and distributed system
operators to develop optimal power distribution plans. Amjady et al.
[65] presented a hybrid forecasting method with wavelet transform and
a neural evolutionary model to forecast electric load.
A large amount of valid data accumulated by smart meters provides
the foundation for electric load forecasting. However, it is very diﬃcult
to use high-dimensional smart meter data for electric load forecasting
directly. Furthermore, consumer grouping is the core of load proﬁling,
but there exists some problems in clustering such high-dimensional data
[66], so it is necessary to compress smart meter big data to reduce dimensionality.
3.2.2. Anomaly detection of electric power system
Anomalies are commonly referred to as faults in an electric power
system. Additionally, some non-technical electricity losses also fall
within the range of anomalies of electric power systems, such as illegal
power usage and electricity theft [67,68]. How to detect anomalies is
critical for power companies to maintain reliability, safety, and stability
of their systems, and it is also of great importance for ensuring the
safety of users’ electricity consumption information and in reducing
economic losses [69]. Smart meters generally have built-in intelligent
sensors that can send fault information to the fault management system
when power failures occur. The geographic information, climate information, and point of failures information can be used to further
identify the cause and locations of failures. Interactions between smart
meters and operators can also help to determine whether multiple grid
faults exist simultaneously. Currently, neural networks, deep learning,
and other methods have been used to detect anomalies with smart
meter big data.
Power companies can quickly identify failures in an electric power

Valuable information can be mined from smart meter big data
through big data based modelling, and innovative services can be
provided to electricity customers, power supply companies, and society
in general [57,58]. It is estimated that if the data utilization rate increases by 10%, a power company can increase proﬁts by 20–49% [59].
However, the large scale of smart meter data has placed great pressure
on data transmission lines and creates large storage costs to data centres. Therefore, it is essential to compress smart meter big data through
models and methods involving mathematics, statistics, and data analysis.
3.2. Beneﬁts of smart meter big data
Smart meter big data implies valuable information that can be used
to optimize energy eﬃciency, maintain stability and reliability of a
smart grid, and improve the quality of energy services [54]. For example, it has been used in electric load forecasting, anomaly detection

Fig. 3. Beneﬁts of smart meter big data.
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companies can predict electric load of users precisely, detect and process abnormalities and failures in timely fashion, and implement more
ﬂexible DSM. However, smart meter big data places high burden on
transmission lines and data storage centres [82]. Meanwhile, the highdimensional nature of smart meter data represents diﬃculties for data
analysis and processing, so it is necessary to compress the smart meter
big data.
The research on compression methods for smart meter big data is
extensive. There are three classiﬁcation criteria: (i) Whether compression occurs in real-time; (ii) Whether the compression process involves
static data compression or dynamic data compression; (iii) Whether
lossy compression or lossless compression methods can be applied depending on whether the method can restore the original information
after compression.
In this paper, compression methods of smart meter big data are
divided into lossy compression methods and lossless compression
methods. This classiﬁcation is based on the criterion of whether the
compressed data can be restored to the original data [83,84]. Lossless
compression can completely restore all original information, but lossy
compression will suﬀer some information loss in the recovery of data. In
general, lossy compression has better compression eﬀects than lossless
compression, if the trade-oﬀ between compression ratio and information loss is acceptable when selecting a speciﬁc compression method
[85,86].
In today's smart grid, several data compression methods have been
applied in data transmission, storage, analysis, and mining. Generally,
lossless compression methods are used to compress data for transmission and storage, and lossy compression methods are used to improve
the eﬃciency of data analysis and mining. This study proposed a
compression system for smart meter data to relieve data transmission
line burden and reduce storage overhead in Fig. 4.
The following discusses several common methods of smart meter big
data compression.

system using real-time smart meter data and reduce the interruptions
caused by a power failure to a few minutes, depending on the type of
failure [70]. Furthermore, many smart meters can detect electricity
theft behaviours relatively quickly by detecting the operating behaviour
based on tampering of meter box, wiring changes, and meter software
updating [52].
Anomaly detection in smart grids mainly depends on the data collected by smart meters. Owing to the rapid communication capability of
smart meters, power companies can detect electric anomalies quickly
and take relevant measures to avoid unnecessary economic loss, as well
as maintain the stability and reliability of the system.
3.2.3. DSM
DSM encourages users to consume less electricity at peak hours and
consume more electricity at other times through policy measures,
thereby improving the eﬃciency of power systems by optimizing power
consumption [71,72]. It ensures the stability and reliability of an
electric power system and suppresses short-term increases in electricity
prices [73,74].
The current research on DSM focuses on diﬀerent pricing strategies
and diﬀerent incentives [75]. The price-based strategies include timeof-use (TOU) price, spot price and critical peak price. TOU price charges
diﬀerent prices for electricity consumption at diﬀerent times of the day.
Electricity price increases with the load increase. DSM encourages users
to consume electricity during low load periods, thus eﬀectively reducing the peak loads of the grid. In 1997, Schweppe ﬁrst proposed the
spot pricing strategy [76]. Spot pricing is considered as the optimal
pricing strategy for power systems. Power companies adjust electricity
prices in real-time according to the power supply and demand situation
to stimulate users to consume electricity during low load periods. It can
reduce peak load and achieve the purpose of peak load shifting. If applied fairly, it maintains the stability of the grid while saving electricity
expenditures for users [77,78]. Critical peak pricing is based on TOU
tariﬀs plus a spike rate and reﬂects short-term market costs [79]. As for
incentive strategies, users are rewarded when they comply with the
measures of power companies. The forms of incentives are diﬀerent, for
example, Zhong et al. [80] proposed using discount coupons as incentives. Related to this type of DSM strategy, smart meter data has
been widely applied to estimate demand responses of consumers [81].
DSM can guide and encourage electricity consumers to take the
initiative to change their electricity consumption patterns. It contributes to the stability and reliability of the electric power system. The
premise for power companies implementing DSM is that they can predict users’ demands for electricity at a speciﬁc time, and smart meter
big data is an important resource for electric power load forecasting.

4.1. Lossy compression
Lossy compression compresses data under the condition of sacriﬁcing some part of the information, but ideally retains the most valuable
information of the original data. In this paper, several common lossy
Compression system
Data transmission and
compression subsystem

Data acquisition
module

3.2.4. Other aspects
Smart meters can collect users’ electricity consumption data, communicate with other devices in the smart grid, and transmit relevant
data to power companies in real-time, and smart meter data can reveal
behavioural patterns of users. For example, when electricity consumption is at a low level, it can be inferred that there is no one at home.
When electricity consumption ﬂuctuates during night hours, it suggests
that the family may have a new baby (e.g., breastfeeding behaviour).
With the development of science and technology, smart meters can
even sense which device consumes electricity in the home at any time.
However, the very detailed information about electricity consumption
may become a problem if the information is obtained by third parties,
such as advertising companies and insurance companies, as customer
privacy may be violated [80].

Data storage and
compression subsystem

Data decoding
module

LZ coding module
PCA compression
module
Data transmission
module

Data center
Temporary storage
module

4. Data compression methods for smart meter big data
Smart meters collect user's electricity consumption information in
near real-time and send massive amounts of data to power companies.
Through the processing and analysis of smart meter big data, power

Fig. 4. Compression system for smart meter data to relieve data transmission
line burden and reduce storage overhead.
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(2).

compression methods are discussed, such as wavelet transform (WT),
symbolic aggregation approximation (SAX), principal component analysis (PCA), singular value decomposition (SVD), linear regression
based dimension reduction, and sparse coding (SC).

Yi =

m

∫ R f (x ) φ ⎛⎝ x −αmnb ⎞⎠ dx

Ti

∑
j = Ti − 1+ 1

Yj
(2)

Here, j is the index value of load data, i is the index value of the converted load data, Ti is the ith time breakpoint, and Yi is the average
value of the load in the ith time period [66,95]. Then the amplitude is
divided into several intervals, and each interval is represented with
diﬀerent characters. That is to say, diﬀerent Yi correspond to diﬀerent
characters [96].
SAX can greatly reduce data dimensions and has been widely applied in data compression of smart meter big data. Notaristefano et al.
[97] presented an improved algorithm for classical SAX that divides the
time domain irregularly. The approach allows for denser partitioning
when high-load variations occur. In [66], the authors divided the time
domain through in-depth analysis of TOU tariﬀs and user behaviour,
where the amplitude interval division is determined by the (statistical)
fractile of data. This method achieves a better compression eﬀect, but
the method may ignore some data points that possess important information. Wijaya et al. [98] transformed smart meter data into symbols by means of SAX. The authors not only compressed the data, but
also overcame the diﬃculties of massive data analysis. At the same
time, some analysis algorithms used for character have been applied to
smart meter data to expand data analysis and mining methods.
In general, SAX can compress real-time data eﬀectively, especially
massive and high-dimensional data, such as smart meter big data. As a
lossy compression method, SAX achieves high compression ratios. The
crux of SAX is the partition of time domain and amplitude interval,
which inﬂuences the data compression. SAX is more eﬃcient compared
with PCA and Sammon Mapping and can be embedded in smart meters.
However, the data recoverability of SAX is poor and some important
information may be lost after compression.

4.1.1. WT
Wavelets were developed by Morlet and Grossman in the early
1980's as a perfect combination of Fourier analysis, functional analysis,
harmonic functions, numerical analysis, etc. They can be used to localize time-frequency data and analyse signals by stretching and
translation [87]. WT, as a new transform analysis method, inherits and
extends the idea of local change of the short-time Fourier transform. At
the same time, it solves a variability problem in that window size does
not change with frequency, so it is an eﬀective tool for time-frequency
analysis and processing of signals [88]. Generally, WT can be divided
into discrete wavelet transform (DWT) and continuous wavelet transform (CWT) categories. DWT is usually used for signal coding and CWT
is often employed to analyse signals. DWT has also been widely used in
signal and image compression. The signal is represented by a wavelet
basis with fast attenuation of ﬁnite length, and the input signal is
matched by stretching and translation. The basic formula of DWT is as
follows.

(Wφ f )(m , n) = < f , φm, n > = α|− 2

1
Ti −Ti − 1

(1)

Ning et al. [89] decomposed the time series into proportional
coeﬃcients and wavelet coeﬃcients by WT-based multi resolution
analysis (MRA). Then trivial data points were removed to achieve data
compression. The inverse multi-resolution transform can reconstruct
the time series perfectly. WT can also eﬀectively suppress sine-wave
and white noise. If the algorithm is embedded in the monitoring
equipment of the smart grid, the data can be compressed before sending
it to a data centre. In [90–92], WT is used to compress power quality
data and power system disturbance. The method not only reduces the
burden on data communication lines in a smart grid, but can ﬁnd any
disturbance or fault in remote relay protectors and acts as a fault recorder. However, the compression ratio requires further improvement.
Khan et al. [93] presented a wavelet packet decomposition method for
data de-noising and compression. The authors extended the wavelet
decomposition tree into a complete binary tree. By searching for the
best binary tree from a certain number of discrete wavelet packets, the
method can provide a better signal representation than simple wavelet
decomposition, and achieve a higher compression ratio. However, the
time complexity of the method is high.
WT-based data compression methods involve decomposing time
series into proportional coeﬃcients and wavelet coeﬃcients, and then
trivial data points are deleted. The objective of the method is to determine the best wavelet coeﬃcients and optimal decomposition scale.
In this case, a 0-tree wavelet transform can compress data according to
diﬀerent compression ratios. Wavelet packet decomposition can
achieve good noise reduction and compression, as well as guarantee the
integrity of information. Finally, most research has focused on one-dimensional signal compression in smart grids and the eﬀect is no better
than image compression. Overall, the compression methods based on 0tree WT and wavelet packet can achieve better compression performance than the simple wavelet transform method.

4.1.3. PCA
PCA has been widely used in statistical analysis. It is a multivariate
statistical method used to investigate the correlations among multiple
variables and study how to reveal the internal structures of a number of
variables through a few principal components. To retain as much information of the original variables as possible, a small number of
principal components are derived from the original variables and they
are not related to each other. Speciﬁcally, the principle of PCA is
transforming a set of variables into a set of linearly independent variables through orthogonal transforms. The variables after transforming
are called principal components.
PCA is often regarded as a linear dimensionality reduction method,
which uses as few variables as possible to maintain the original data
characteristics [66]. This lossy compression method has been widely
applied in data compression in smart grids [66,96,99–101]. Mehra et al.
[96] presented a method for smart grid data compression using PCA
and iterative PCA. By comparing the experimental results under system
steady state and system fault conditions, the authors found that the
method can eliminate Gaussian noise in signals and eﬀectively compresses steady-state and transient signals. Das and Rao also employed
PCA to compress steady-state data in an electric power system successfully [100]. There are many other papers that use PCA to extract the
most valuable features of data from load proﬁles [99,101,102].
The most important challenge in data compression using PCA is how
to determine the number of principal components, which has great
impact on the compression performance and the amount of information
loss after compression. PCA has been widely used in power consumers
clustering. It is generally employed to reduce the dimension of smart
meter big data and obtain ﬁne-grained results, and is of great signiﬁcance for improving data mining eﬃciency. The advantage of PCA is
that it can eﬀectively eliminate noise while achieving data compression. With the growth of smart meter big data, power companies need

4.1.2. SAX
SAX is a powerful method for data dimension reduction and compression, especially for dealing with time series data with small lowerbound Euclidean distance [66,94]. It discretizes time series data into
symbolic strings. SAX involves two steps: First, the time series data are
represented by piecewise aggregation approximation (PAA), and then
the data processed by PAA is represented as a discrete string. PAA is
used to replace discrete amplitude values with the average value of the
amplitude over a period of time, which can be expressed using formula
64
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was used as the regression function in [113] Furthermore, a variable
time-interval constant function was used to achieve better compression
[114,115]. The selection of regression function aﬀects compression
eﬀect, so it is advisable to evaluate diﬀerent regression functions for
diﬀerent data sources to achieve the best compression eﬀect.
Linear regression is a traditional statistical method and its development is mature. Its application in smart meter data compression is
extensive. Because of the high dimensionality of smart meter big data,
we usually adopt piecewise linear regression to complete data compression. The choice of regression function is very important when
smart meter big data is compressed, and both the variability and the
length of the time interval have major impact on compression eﬀect.

faster data analysis capabilities. PCA provides an eﬀective means to
reduce data dimensions, promotes data mining eﬃciency, and should
beneﬁt the management of smart grids
4.1.4. SVD
SVD is an important matrix decomposition method based on linear
algebra and is an extension of normalized matrix unitary diagonalization in matrix analysis. It is very popular in signal processing, statistics
etc. Assuming Z is an m × n matrix, all of the elements belong to a ﬁeld
M , and M is either a real number ﬁeld or a complex number ﬁeld, then
the singular value decomposition can be described by formula (3).

Z = X ∑ Y*

(3)
4.1.6. SC
SC is an artiﬁcial neural network method and is characteristic of
spatial locality, directivity, and band-pass of the frequency domain. As
a data compression and feature extraction technology, SC is widely
employed in image processing and semantic recognition. The sparsity of
smart meter big data provides the possibility for data compression using
SC [85].
Wang et al. [85] provided a smart meter data compression method
based on sparse and redundant representation. The authors compressed
the data from a single smart meter and extracted a variety of partial
usage patterns (PUPS) from load proﬁles. A number of training and
optimization processes were applied to determine the redundant partial
usage patterns, and each load proﬁle was decomposed into linear
combinations with very few PUPS components. Assuming x i is a load
proﬁle denoted as x i = [x i,1, x i,2 , ⋯x i, n]T , it represents a set of k elementary vectors where each vector is a PUP.

Here, X is an m × m unitary matrix; ∑ is a m × n positive deﬁnite
diagonal matrix, and Y * is the conjugate transpose of Y and is also an
n × n unitary matrix. The diagonal elements of ∑ are called singular
values [103,104]. Then the singular values of a given data set are arranged according to their importance. Data dimensions are reduced by
discarding unimportant feature vectors according to certain criteria.
SVD has been successfully applied in image compression and other
data compression ﬁelds [105–109]. In [105], an SVD based lossy
compression method was proposed. The method was performed on the
data obtained from diﬀerent measurement devices at diﬀerent time
points in a smart grid. It is simple to use and has high data compression
eﬃciency. Thus, they developed a new method to compress electric
power big data.
SVD has been used in image compression widely, but application in
smart meter big data compression is still in its infancy. However, the
decomposition is simple, eﬃcient, and is able to achieve an acceptable
compression eﬀect. After data reconstruction, the loss of information is
very low. If combined with other methods, SVD may achieve higher
compression ratios. These advantages will promote its research in the
ﬁeld of smart meter big data compression.

k

xi =

k=1

(5)

In (5), dk is the kth PUP, ai, k is a coeﬃcient vector of the k PUPS,
and these k PUPS form a redundant dictionary D (k > n) . Given the
dictionary D (k > n) , searching for sparse vectors is called encoding.
The linear combination of the base vectors is called the reconstruction
of the load proﬁle. Yu et al. [86] used SC to ﬁt the load proﬁle, and
achieved good compression of smart meter big data. Then, the compressed data was used to predict a user's electricity demand. Similarly,
to compress data in a smart grid and enhance the data transmission
speed, Rui et al. [116] employed SC to process the data.
SC is an eﬀective pattern extraction technology, and has been used
in user's load proﬁles ﬁtting extensively. With this method, users’ load
proﬁles can be broken down into partial use patterns. Compared with
PCA and DWT, SC can achieve a higher compression ratio with lower
information loss after compression. The performance of SC is determined by the sparse coeﬃcient, if the appropriate sparse coeﬃcient
cannot be found, the recovery of compressed data will be signiﬁcantly
degraded.

4.1.5. Dimension reduction method based on linear regression
Linear regression uses dummy variables to estimate the eﬀect of
explanatory variables of diﬀerent quantitative levels on the explained
variables. In economics, there is a linear relationship between explained
variables and explanatory variables before the value of an explanatory
variable T reaches a certain level T ′. When the value of the explanatory
variable reaches or exceeds T ′, the relationship with the explained
variable will change. At this point, if we know the inﬂection point of T ,
we can use dummy variables to estimate the slope of each section of the
line [110].
A piecewise linear interpolation approach was proposed in [111].
First, N0 data points are read, and the least squares method is used to
obtain vectors β1 andβ0 . Next, the mean square error and unbiased
standard deviation are identiﬁed. Then N0 data points are read again to
determine whether the current line is still valid through noise estimation. If Yi is not within the (±m) range of results predicted by formula
(4)

y = β0 + β1 x,

∑ a i , k dk

4.2. Lossless compression

(4)

Lossless compression is a compression method that can preserve all
the information of the original data. In the morden smart grid, lossless
compression methods are usually employed to relieve pressure on the
communication lines. This paper focuses on two common lossless
compression algorithms, namely Huﬀman coding and the Lempel-Ziv
(LZ) algorithm.

then the least squares estimation is carried out again until the ﬁtting of
all data points is completed. When the “energy error” is 0.001%, the
method achieves a compression ratio of 100:1. Considering that the
accuracy of typical hardware standards is within 0.5%, the method can
maintain the integrity of the information and is a lossless compression
to a certain extent. Eichinger et al. [112] applied a piecewise linear
regression and learned diﬀerent levels of polynomial regression functions to compress smart meter big data. The technique ensures that the
user-deﬁned maximum deviations from the original values do not exceed any point in the compression time series. There are some related
works that have focused on the selection of regression functions. For
example, a constant function with an approximate ﬁxed-length interval

4.2.1. Huﬀman coding
Huﬀman coding is a coding method involving variable word length,
which constructs a codeword with diﬀerent preﬁx and the shortest
average header length based on the probability of occurrence of certain
characters. It is sometimes referred to as the optimum coding. The main
processes of Huﬀman coding are as follows. First, given a binary tree
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initial set T = {t1, t2, ⋯tm} ，each binary tree has only one root node
with weight wi , and its left and right sub-trees are empty. Next, the two
trees with smallest weight root nodes in T are selected as the left and
right sub-trees of the newly constructed binary tree. The weight of the
root node in the new binary tree is the sum of the root nodes weights of
the left and right sub-trees. Then the two trees are deleted from T and
the new binary tree is added to the set T in ascending order. Finally, the
second and third steps are repeated until there is only one binary tree in
set T [117–119].
Zeinali et al. [120] discussed an adaptive form of Huﬀman coding.
Only one pass is needed to construct a Huﬀman tree. A novel compression method was proposed for Wireless Sensor Network data based
on the principle of adaptive Huﬀman coding [121,122]. It encodes the
elementary characters in the diﬀerence value. However, Huﬀman
coding has limits regarding encoding and decoding eﬃciency as the
length of the code is variable.
As a traditional compression algorithm, it has an edge on compressing smart meter big data due to of its ability for perfect data recovery. However, the compression ratio is not very high and the algorithm eﬃciency is low compared with other compression algorithms.
With the creation and development of LZ algorithms, Huﬀman coding is
gradually being replaced in smart meter big data compression.

accurately restored to original data; (ii) Whether the required storage
space ratio before and after compression is large; (iii) Whether the
compression algorithm is simple to apply. It would also be better to
achieve real-time compression and decompression.
The common lossy compression methods of smart meter big data
include WT, SAX, PCA, SVD, linear regression, and sparse coding. LZ
encoding and Huﬀman coding algorithms are two commonly used
lossless compression methods. Generally, lossy compression methods
have higher compression ratios than lossless compression methods.
However, lossy compression methods have a certain amount information loss, and the loss in each method is diﬀerent. It is important to
measure the loss of information and compression ratio under diﬀerent
requirements. For example, for smart meter data transmission to a data
centre, it would be better to use lossless compression methods to ensure
the integrity of electricity consumption data. In the mining of smart
meter big data, lossy compression methods can accelerate data mining
eﬃciency. Furthermore, diﬀerent compression methods have diﬀerent
advantages and disadvantages, and they are suitable for diﬀerent applications. For example, lossless compression methods are generally
employed to compress data before they are transmitted to data centres,
thus relieving the pressure on data transmission lines and reducing the
cost of storage. Lossy compression methods have been widely applied to
alleviate the data mining issues in the smart meter big data environment.
Table 1 lists the advantages and disadvantages of some data compression methods.
Compression rate generally refers to the size of compressed data
divided by the size of data before compression. For example, if the size
of a 100 M ﬁle changes to 90 M after compression, the compression rate
is 90/100 × 100% = 90%. The lower the compression rate the better it is,
but the lower compression rate will cause longer compression and decompression time. For the compression of smart meter big data, the
compression rate refers to the ratio of the amount of data before
compression to the amount of data after compression. For example, if
the original data volume is 1000 GB, compressed data size is 10 GB, the
compression ratio is 100. Table 2 lists the compression ratios of several
data compression methods.
In Table 2, the lossy compression methods mainly achieve higher
compression ratios than the lossless compression methods.
There exists another evaluation standard of compression results,
which is the running time of the compression algorithm. Running time
is very important for compressing data in real-time and for further data
analysis. The embedded 0-tree wavelet algorithm is faster than the
simple wavelet transform, and it is considered highly suitable for realtime data compression, especially for smart meter big data [72]. Because studies regarding running time of smart meter big data compression are few, it is diﬃcult to provide a detailed comparison among
diﬀerent compression methods. Generally, the running times of lossless
compression algorithms are longer than those of lossy compression algorithms.
The selection of a data compression method may depend on its intended use, involving trade-oﬀs among compression rate, information
restorability, and algorithm eﬃciency.

4.2.2. Lempel-Ziv (LZ) algorithm
LZ is a compression method invented by Lempel and Ziv based on
the table search algorithm. The basic principle of the LZ algorithm is to
create a compiled table based on the characters extracted from the
original text ﬁle data. An index of each character in the compiled table
is used to replace the corresponding character in the original text ﬁle
data [123]. Suppose that the data symbol set S = {s1, s2,⋯sm} has m
symbols and the input data symbol sequence is U = {u1, u2, ⋯un} . Encoding divides the sequence into diﬀerent segments. First, one symbol is
taken as the ﬁrst segment, and then continue to segment (a subsequent
segments may contain several symbols). If the symbols of the next
segment are the same as previous segments, a following symbol is
added to form a new segment together that is diﬀerent from previous
segments. All the segments are used to construct a dictionary. When the
dictionary reaches a certain size, the process of segmentation should be
checked to determine whether there is a duplicate phrase in the dictionary. If there is a repetition, a new symbol will be added to one of the
duplicate phrases in the dictionary until the source sequence ends. The
resulting code words consists of a segment number and a symbol
[124,125].
With further research, some improved compression algorithms
based on LZ have been proposed. Zeinali et al. [120] used the LZW
algorithm to replace a repetitive string with a single code word in the
dictionary and assign a new reference number to the dictionary for the
new codeword. The algorithm allocates new code words for subsequent
characters, and then the compression processing of smart meter big
data is performed. A tiny Lempel Ziv Markov Chain algorithm was also
introduced in [122], where a 128-byte constraint history window was
used for the dictionary encoding step and range encoding was completely ignored. Kraus et al. [126] proposed a method to compress
smart grid data and compared it with LZMA. The authors found that the
compression ratio of LZMA is limited to a certain extent.
It is vital to choose the appropriate total length of the dictionary list
in LZ algorithms. With increasing data sequence, the eﬃciency of LZ
will increase. As a lossless compression method, LZ can save all the
information of the original data and can be used to compress some key
data. The algorithm has been widely applied in measurement equipment to relieve transmission pressure on communication lines.

6. Conclusions
With the continued development of smart grids, the number of
smart meters are increasing and smart meter big data is growing rapidly. It is very important to compress the data to relieve transmission
pressure on communication lines and reduce the storage overhead of
data centres, as well as to enhance the eﬃciency of data mining. This
paper analyses the characteristics and applications of smart meter big
data, discusses various compression methods that may be applicable to
smart meter big data, and discusses evaluation considerations (e.g.,
compression ratio, algorithm speed).
The compression methods applicable to smart meter big data can be

5. Compression results evaluation of smart meters big data
There are essentially three evaluations pertaining to compression of
smart meter big data: (i) Whether the compressed data can be
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Table 1
Advantages and disadvantages of some data compression methods.
Methods

Data sources

WT

Advantages

Phasor data
Power quality data

WPD

PMU data

SAX

Smart meter data

PCA

SVD

Phasor data
Smart meter data
Steady-state data

Linear Regression

Metering data from
substations
Smart meter data

SC

Smart meter data

Huﬀman coding
LZ

Smart grid data
smart grid or power
quality data

Disadvantages

compress disturbance signals
• ItIt can
depress sinusoidal and white noise
• It can
can ﬁnd the disturbances and faults
• Better
representation
• Satisﬁedsignal
• removal features preservation and redundancy
data processing
• Fast
extract features and make data discrete
• ItIt can
eﬀectively eliminate Gaussian noise
• It can
can eﬀectively compress steady-state and
• transient
signals
information loss
• Low
control of compression ratio
• Flexible
operation and high eﬃciency
• Simple
reconstruction of original data
• Accurate
• High compression ratio

• It can compress data and extract patterns eﬀectively
data recovery
• Complete
• Simple encoding and decoding

Group

Category

Methods

Compression ratio

References

Lossy
Compression

Wavelet
Transform

Daubechies
wavelet
2Daubechies
wavelet
WPD
WPT and LZW
SVD
LZW Chain
LZMH

6:1 to 3:1

[90]

5.4:1

[89]

8.98:1
10:1
27.8:1
7.8:1
5:1 to19:1

[93]
[92]
[105]
[105]
[122]

Lossless
Compression

in selection of a suitable W function
• Diﬃcult
• High time complexity
• Poor data recovery
• It may lose some pivotal data points

• High time complexity
information loss
• High
in selection of a proper regression
• Diﬃcult
function
in selection of a proper sparse
• Diﬃcult
coeﬃcient
time-consuming
• Very
compression ratio compared with lossy
• Low
compression

[89–92]

[92,93]

[66,98]
[93,100–102]

[105]
[113–115]

[85,86,116]
[120–122]
[120,126]

References

Table 2
Compression ratios of several data compression methods.

Wavelet
Packet
SVD
LZW

• Diﬃcult in selection of order and scale of WT
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