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Abstract
Data Compression is an important research area in the field of real time Smart Grid
applications such as smart meters, smart appliances, renewable energy resources, and data storage
devices. Even when high data rates are available, data compression is necessary in order to reduce
the burden of the data transmission and volume of data in Smart Grid systems. In this paper, to
reduce the issues of data transmission and volume of data in smart Grid systems, Particle Swarm
Optimization (PSO) for optimal thresholding in Discrete Wavelet Transform (DWT) is introduced.
In the recent survey, the wavelet based data compression is obtained by applying Hard or Soft
thresholds for ignoring certain wavelet coefficients by manually choosing global and local
threshold values. In this paper an automated threshold selection algorithm is proposed using
wavelet based Particle Swarm Optimization which preserves good trade of between signal to noise
ratio (SNR) and compression ratio (CR). The proposed algorithm is tested using several real time
signals that are simulated under different circumstances in the IEEE 14-bus system and proved to
be more efficient compared to other algorithms.
Keywords: Smart Grid Systems, Data Compression, PSO, Wavelet Transform, Wavelet
Packet Transform, IEEE 14-bus system.

1. Introduction
The evolution of the smart grid system is based on digital technology to improve security,
reliability and efficiency of the electrical system from enormous generation, through the
distribution systems to electricity consumers and an increasing number of distributed generation
and storage devices [1]. The smart grid system comprises a variety of operational and energy
measures including power quality monitors, phasor measurement units (PMUs), smart meters,
sensors and internet protocol (IP) network cameras. According to the smart grid conceptions,
devices associated to power grids have a communication interface, some intelligence and ability
to process data or signals and also to share information [2]-[4]. Therefore, a huge amount of data
exchange and storage is likely to occur. In this context, data transmission and storage is a
challenging task in smart grid systems so that an efficient data compression algorithm is needed.
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Data compression is used to reduce the number of data required for representation of a signal and
thus, reduces the required data to efficiently transmit data signals over distribution systems.
Generally, the data compression algorithms can be classified into lossless and lossy
methods, depending on whether or not all original data can be recovered [5]-[6]. Lossless
algorithms can achieve an exact reconstruction of the original signal, but high compression ratio
(CR) cannot be reached. On the other hand, lossy algorithms do not achieve an exact
reconstruction, but higher CR can be reached. According to that, the commonly used Power
Quality data compression algorithms are lossy in nature.
In the last years, many algorithms such as, Discrete Cosine Transform (DCT), Karhunen
Loeve Transform (KLT), Discrete Fourier Transform (DFT), Discrete Wavelet Transform (DWT)
and Wavelet Packet Transform (WPT) have been developed for the purpose of reducing the size
of a data signals in smart grid applications[7]-[9]. Each of which has identifiable advantage and
disadvantage. Generally, Wavelet based data compression algorithm is used to achieve high
compression ratio with less distortion.
In DWT the compression and denoising features are primarily linked to the selection of the
threshold for the wavelet coefficients such that the regular signal component can be accurately
approximated after the thresholding[10]. For applying this threshold, hard or soft thresholding is
employed, for neglecting certain wavelet coefficients by manually selecting global and local
threshold values. Here, the manual threshold selection becomes very difficult because it depends
on the type of signals and its statistical properties like mean and standard deviation. Hence In this
paper optimum threshold selection based on the PSO algorithm is proposed.
To justify the proposed work, this paper utilizes a set of simulation data to discuss the
advantages of PSO on data compression. The simulated data are obtained under different
circumstances in the IEEE 14-bus system. Simulation results compared with the conventional
discrete wavelet transform and wavelet packet transform and it is observed that the proposed
algorithm results in improved CR & SNR with reduced Mean Square Error.
The organization of this paper is structured as follows. Section II discusses the analysis of
the DWT & WPT based data compression. The proposed data compression algorithm is presented
in Section III. Section IV describes various data signals generated on IEEE 14-bus system model.
In section V, the simulation results are carried out to justify the effectiveness of PSO based data
compression. Finally, the section VI concluding this paper.

2. Discrete Wavelet Transform & Wavelet Packet Transform Based Data
Compression
2.1 Discrete Wavelet Transform
In discrete wavelet transform, the signal is decomposed into approximation and detail
coefficients, Ca1 and Cd1, using a low-pass and high-pass filters and followed by decimation by
two. The same process is applied to the approximation signals [11]-[12].
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This process is repeated in N stages, where each stage is associated to a scale or level of
resolution. WT-based MRA is demonstrated in Fig. 1, where (a) demonstrates the method for
decomposing a signal and (b) demonstrates the method for reconstructing a signal.
As a result the decomposition Process of discrete wavelet transform generates the
approximation/scaling coefficients vector Ca2 and the details/wavelet coefficients vectors Cd1 and
Cd2. The next step in the process is the thresholding process of the detail coefficients which leads
to remove some redundancy data from high frequency component. Accordingly, some coefficients
are discarded which results in reduction of the original file size [13]-[15].

Fig.1 Wavelet Transform Based Multi Resolution Analysis
2.2 Wavelet Packet Transform
The wavelet packet decomposition transform is performed by repeated filtering of the input
signal using two filters. Low pass filter (LPF) and a High pass filter (HPF) are accustomed to
decompose the signal into different scales [16]-[18]. The output co-efficient gained by the low
pass filter and a High pass filter are the approximation coefficient and detailed co-efficient. The
approximation & detail co-efficient is consequently divided into new approximation and detailed
coefficients. The tree structure of wavelet packet decomposition up to second level is shown in
figure 2.

ISSN: 0303-6286

634

Tierärztliche Praxis
Vol 41, 2021

The best tree selection algorithm starts with constructing the full sub band tree grown to a
certain depth. Each node of the tree is allocated to a cost value, by calculating the cost function at
the connected sub band. Then, the tree is cropped by starting from the lowest nodes to the root.
Cropping works as follows.
Let E denote the cost value.
Compare the cost value of the current node (E_current) to that of the sum of the children
nodes (E_children).
If E_current > E_children, then E_current = E_children.
Else, crop the children nodes.
Once the best basis has been selected based on cost function, the signal is represented by a
set of wavelet packets coefficients. The high compression ratio is attained by using the
thresholding to the wavelet packets coefficients.

Fig.2 Tree Structure of Wavelet Packet Transform
The WP decomposition coefficients are thresholded and those having absolute values
below the threshold are discarded which results in compressed data. In DWT & WPT the
compression features are primarily linked to the selection of the threshold for the wavelet
coefficients such that the regular signal component can be accurately approximated after the
thresholding. For applying this threshold, hard or soft thresholding is employed, for neglecting
certain wavelet coefficients by manually selecting global and local threshold values. Here, the
manual threshold selection becomes very difficult because it depends on the type of signals and its
statistical properties like mean and standard deviation. Hence In this paper optimum threshold
selection based on the PSO algorithm is proposed.
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3. Particle Swarm Optimization (PSO)
The particle swarm algorithm is a swarm intelligence optimization algorithm. The main
objective of investigation in optimization is to enterprise the most suitable and competent
algorithm for an assumed optimization task. In the data compression field, the one important
benefit of using the optimization technique is support to rise the compression ratio while retaining
a good quality for the data. To understand the main concept of the PSO algorithm, consider the
two swarms flying in the sky, trying to reach a particular destination. To choose the proper path,
each Particle in the swarm based either on the own best experience that has been saved in memory
or on the experience of the finest current particle in the swarm will select the correct path for
reaching the exact destination faster. Therefore, each particle will requisite to update its position
and velocity constantly.
Let us assume xi and vi as the position vector and velocity vector for the ith particle
respectively. The new velocity vector is calculated by the following formula in equation (1):

vit 1  wv it  c11 ( xi*  xit )  c2 2 ( g i*  xit )

(1)

Then the new position can be updated as follows in equation (2):

xit 1  xit  vit 1

(2)

Where: t is the counter of iteration, w is the inertia weight, ξ1 and ξ2 are uniform random
numbers usually chosen between [0,1], c1 is a positive constant called coefficient of the selfrecognition component, c2 is a positive constant called coefficient of the social component.
Generally c1 and c2 called learning factors and their values usually chosen as c1 c2  2, the index
xi* represents the best fitness value of the particles and the index g i* belongs to the best particle
among all particles in the swarm.
The following steps represent the general pseudo code of the PSO algorithm:
1. Generate the objective (fitness) function f (x)
2. Initialize locations xi and velocity vi for n particles.
*

3. Find g i from min { f ( x1 ), f ( x2 ), ..... f ( xn ) }
4. Take criterion as follows:
While t=t+1
(for) all n particles:
t 1
 generate a new velocity vi using the equation (1)
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t 1
calculate new location xi using the equation(2)



t 1
evaluate the fitness function at new locations xi



*
find xi (the best current location for each particle)
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End the loop (for)
*
 find g i (the best current global location)
End while
*
*
5. Output the final results xi and g i .
3.1 Proposed Data Compression Method
The flow chart of data compression using PSO for selecting the optimum threshold
value at a desired CR is as shown in fig.3. At first PSO algorithm applied to the data, then the
fitness function of the PSO algorithm is represented by

f (T )  CR pso (T )  CR given

(3)

Fig.3 Proposed Data Compression Algorithm
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By this method, the algorithm of PSO will select the suitable value of threshold T that
make the new CR pso reaches the desired CR given value making the objective function minimize
to zero. In this way to compress the data, the selection of compression ratio is the important
process. The same CR resulted from soft or hard threshold method selected as a given CR to
the PSO algorithm so as to compare the performance between these methods.

4. IEEE 14 Bus System Model for Signal Generation
The testing signals are generated by IEEE 14 bus system. The single line diagram of the IEEE
14 bus system test system is shown in Fig.4, where “G” stands for generators, “↓” stands for loads,
and numbers 1-14 are bus numberings.

Fig.4 The Single Line Diagram of IEEE 14 bus system
The buses 1,2,3,6&8 are taken as generator buses and buses 2,3,4,5,6,9,10,11,12,13 & 14 are
taken as load buses. The three different types of signals that are generated from the IEEE 14 bus
system is shown in Table 1.
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Table 1: signals generated from IEEE 14 bus system
S.No

Node Signal Type

Simulation Results from IEEE 14
bus System
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Oscillatory Transient

1

1

2

2

Voltage signal

3

3

Fault Signal

4

6

Harmonic Signal

Signal
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5

8

Sag Signal

6

10

Transient Over Voltage

7

12

Noise Signal

Without loss of information the proposed approach is capable of compressing these different
types of signals, which will be discusses in next section.

5. Results and Discussions
The proposed data compression algorithm has been implemented using MATLAB. The IEEE
14 bus system is adopted as the test system, in which the simulation time is 0.2 s. The algorithm
presented in section III was simulated to evaluate CR, MSE & SNR, for each data matrix
containing 4001  1 i.e. 4001coefficients collected from IEEE 14 bus system.
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Table II: WT and WPT Based Data Compression for Different Signals

WT (db5,3)

WPT(db5,3)

Signals

T

Oscillatory

0.5205

5.9539 12.2404 52.9094

0.5205

7.8760 12.2404 52.9099

0.7655

7.7689 38.3130 73.5424

0.7655

7.8760 35.9031 71.1324

70.1187

7.4507 18.6934 56.4945

70.1187

7.8760 18.6934 56.4935

0.7135

7.4093 33.5260 69.3600

0.7135

7.8760 32.1799 68.0139

389.759

7.5491 19.1981 72.5027 389.7596 7.8760 19.1987 72.5027

15.4201

7.4093

59.0253

15.4201

7.8760

0.0995

1.9385 31.7635 37.8882

0.0995

1.9955 31.4292 37.5539

CR

MSE

SNR

T

CR

MSE

SNR

Transient
Signal
Voltage
signal
Fault
Signal
Harmonic
Signal
Sag Signal
Transient

5.1875

5.1875

59.0253

Over
Voltage
Signal
Noise
Signal

The Proposed algorithm is applied for various test signals (Oscillatory Transient Signal,
voltage signal, harmonic signal, Sag signal, Transient Over Voltage signal, Noise Signal and Fault
signal), in which different CRs were aimed. The obtained results are presented in Table II.
At first the conventional Wavelet Transform method is compared with the wavelet Packet
Transform. Table II show that T (Threshold), CR, MSE and SNR values for WPT&WT based data
compression. For both of this data compression techniques, the threshold is determined based on
the Soft or hard threshold method by manually selecting global or local threshold values.
After thresholding, the amplitude of a large number of detail coefficients which are below the
threshold is set to be zero. In this way, the unwanted data is largely depressed because the small
amplitudes in the wavelet packet coefficients usually reflect the major energy of noise. Because
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only the nonzero coefficients are the interest of analysis and required for the signal reconstruction
at the receiving end, the signal at the transmitting end can be compressed by eliminating all zero
points in the wavelet packet coefficients and then can be sent to the receiving end. From the Table
II, it reveals that the Wavelet Packet Transform method obtains a good compression ratio, with
minimum error for Daubechies wavelet 5 and scale 3.
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Fig.5 WT Based Data Compression for Different Signals

The 4001 samples of different power signal is decomposed via WPT& WT by applying
Daubechies wavelet (db5) at decomposition scale (3) and performance results are shown in Fig.5
& 6. Fig. 5 (a), (b) & (c) shows the original, compressed & reconstructed signal by applying
Daubechies wavelet transform. The length of the WPT&WT coefficients can be observed from
the X-axis of their corresponding plot in Fig.5.
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Fig.6 WPT Based Data Compression for Different Signals

From the simulation results, it has been observed that wavelet decomposition fails to compress
the signal with good compression ratio & reduced Mean square error. Fig.6 shows the
reconstructed signal perfectly matches with the original signal. For the case of WPT, the
decomposition is performed with high compression ratio and minimum distortion. Usually the
above simulations are executed by manually selecting the threshold value using matlab commands
for Wdencmp and WPdencmp.
Hence in this paper an automated threshold selection algorithm is proposed using wavelet
based Particle Swarm Optimization which preserves good trade of between signal to noise ratio
(SNR) and compression ratio (CR). Table 3 show that the Simulation results for optimal
thresholding method using PSO.
By this method, the algorithm of PSO will select the suitable value of threshold T that make
the new CR pso reaches the desired CR given value making the objective function minimize to zero.
In this way to compress the data, the selection of compression ratio is the important process. The
same CR resulted from soft or hard threshold method selected as a given CR to the PSO algorithm
so as to compare the performance between these methods.
There is a small difference between the new CRpso and the desired CRgiven , But this method
produced a good quality for the data signals with less mean square error (MSE). However, such a
method is useful to automatically select the value of threshold for the data signals.
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Table 3: Simulation results for optimal thresholding method using PSO
Signals

Given CR in Threshold

New CR in

% we need

value T

% Obtained square

ratio SNR in

obtained

from PSO

dB

from PSO

Mean

error

Signal to noise

MSE

algorithm
Oscillatory
Transient

5.9539

0.5236

5.9895

11.5318

52.2013

signal

7.7689

0.8923

7.7840

31.2878

66.5171

Fault Signal

7.4507

70.1187

7.4672

16.253

56.4945

7.4093

0.8974

7.4230

30.6920

69.3695

406.2786

7.5633

19.1981

70.7688

17.438

7.4368

4.9878

59.0253

2.0550

21.6994

27.8241

Signal
Voltage

Harmonic
Signal
Sag Signal

7.5491

Transient
Over
Voltage

7.4093

Signal
Noise Signal

1.9385

0.1268

Table III show that CR, MSE and SNR values for Optimized threshold using PSO. From the
Table III, it reveals that the proposed method obtains a good compression ratio, SNR and minimum
error for various test signals (voltage signal, harmonic signal and Fault signal etc.). The
reconstructed signal from Optimized threshold using PSO are presented in Fig.7.
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Fig.7 optimum threshold selection based on the PSO algorithm Reconstructed Signal
for Different Types of Signals

Fig.8 Effect of Mean Square Error for the Different Types of Signals

This bar chart indicates that the proposed method reached a reduced Mean Square Error at
different Data Compression Techniques. In Fig. 8(a) & (b), the MSE at different Method is
delineated, where the average value is computed to be different Types of signals. In this work it is
found that the proposed method obtains a highest compression ratio with reduced MSE.

ISSN: 0303-6286

648

Tierärztliche Praxis
Vol 41, 2021

6. Conclusion
This paper presented an efficient algorithm for data compression in smart grid systems using
the optimized threshold based PSO. The proposed methodology can help the communications
infrastructure to handle with the challenge of transmitting a huge amount of data that will need to
be exchanged in future smart grids. An algorithm for exploring different tradeoff between data CR
and Mean Square Error. The application of PSO, due to its simplicity and effectiveness, has been
proposed. Tests have been performed employing data from IEEE 14 bus system. The obtained
results show that a significant reduction in the volume of data to be transmitted can be achieved,
being the MSE very low after data reconstruction. It was also shown that PSO can be competitive
with other data compression techniques and better SNR and reduced MSE can be achieved for a
very good compression ratio. Without loss of generality, the proposed method can be implemented
in smart distribution systems to mitigate data congestion and improve data transmission and
quality.
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