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The efficient operation of the Smart Grid is contingent on the accurate analysis of power
signals, which are often compromised by disturbances. These power signals, captured
by quality monitors, generate substantial volumes of data, thereby necessitating
effective compression strategies to facilitate manageable data transfer and collection.
Besides mitigating the costs associated with data storage, transmission, and encryption,
these compression techniques must ensure minimal reconstruction error to avoid
distortion in the original signal. Moreover, it becomes imperative to eliminate noise for
the attainment of high-quality signals, critical for disturbance detection. In this paper, a
novel method has been developed employing lower-order wavelets (Db3, Db2, Db2,
Db2, and Db1). This method decomposes the signal from the first to fifth level utilizing
wavelet Packet Transform, testing the efficacy on Phasor Measurement Unit data.
Simulation results demonstrate enhanced data compression and noise reduction
compared to previous designs, with the signal being approximately reconstructed. This
innovative approach offers a facile, efficient, economical, and time-saving solution for

smart grid data management, marking a significant advancement in this field.

1. INTRODUCTION

Renewable energy generation, typified by solar power, has
witnessed significant growth, spurred on by climate and
energy challenges [1]. Conventional power sources are rapidly
dwindling, with existing plants demonstrating inefficiency,
obsolescence, and unsuitability. Complications such as
blackouts, brownouts, substantial transmission losses, energy
insufficiency, and power quality issues plague the current
electrical grid. To overcome these challenges, a
comprehensive overhaul of the power supply system is
required [2].

Emerging as a modern electric network, the smart grid
introduces a paradigm shift in power grid operation,
leveraging several advanced technologies [2]. Key
components, including measuring and automation devices in
the generation and transmission systems, smart meters, and
monitors in the distribution systems, are deployed to capture
and process extensive real-time power system monitoring and
measurement data [3]. Given the voluminous data, there is a
critical need for effective compression techniques. A review
of lossless and lossy data compression methods reveals that
transform-based techniques demonstrate superior data
compression and noise reduction compared to Parametric and
Mixed Parametric and Transform methods [3]. Notably,
wavelet transforms and wavelet packet transforms stand out
for their efficacy in compressing non-periodic, transient, and
varying frequency signals, localizing both time and frequency
[3]. The quality of the electrical signal significantly influences
the applicability of smart grid techniques [4]. Several studies
have discussed various data compression techniques for
managing the extensive data generated by smart meters and
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phase measurement units in the Smart Grid [5]. The electrical
signal is often distorted by voltage sag and swell, transients,
harmonics, fluctuating voltage, and notching [6]. Wavelet
transform has been employed for segmenting disturbed signals
[6], and for identifying system abnormalities using voltage and
current signals, thereby reducing storage and bandwidth
requirements [7]. Accurate measurement and monitoring of
smart grid data are crucial for ensuring power signal quality
[8]. Integrated Power Quality Monitoring System (IPQMS)
amalgamates data from power quality monitors and analyzers,
fault detectors, protective relays, and smart meters [8].
Advanced signal processing techniques are commonly
employed in smart grid applications [9]. Lossless compression
techniques have proven effective for managing the high
sampling rate data of the smart grid [10]. Several methods for
detecting faults in the Smart Grid have been reviewed [11].
Smart grid data has been subjected to run-length encoding
for compression and encrypted using lightweight methods [12].
Wavelet transform has been used to divide voltage and current
disturbance signals at various sampling rates [13]. Resumable
load data compression has been employed to reduce
complexity in the smart grid [14]. The Daubechies? (db2)
wavelet has shown superior compression of phase
measurement unit data compared to the coifletl (coifl)
wavelet [15]. Compression sensing methods have been tested
for compression and reconstruction of low-voltage data [16].
Disturbances in power quality have been segmented by
wavelet transform using an adaptive threshold [17]. Minimum
description length criterion has been utilized to select a
suitable wavelet for compressing the disturbance signal using
wavelet transform [18]. Signals have been compressed by
selecting wavelets and levels of decomposition based on the
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frequency of oscillating data [19].

While singular value decomposition demonstrates better
compression and reconstruction, it is computationally
complex due to matrices [20-22]. Wavelet transform
compresses and reconstructs signals more effectively than the
discrete cosine transform [23]. Embedded Zerotree Wavelet
Transform has been applied for compressing and denoising
smart grid data [24]. The best basis for wavelet packet
transform is determined by modifying the Shannon entropy
with added weights [25]. Wavelet packet decomposition
compresses and denoises smart grid data using Daubechies
wavelet db2 at the sixth level of decomposition [26]. The
optimal tree is determined by the algorithm of Coifman and
Wickerhauser using normalized Shannon entropy [26]. The
best basis is determined by weighted entropy from the
complete tree obtained from wavelet packet transform using
Symlet wavelet sym8 at the fourth level of decomposition [27].
The threshold is calculated from the modified minimum
description length to reduce noise [27]. However, the methods
mentioned in studies [26, 27] are computationally complex as
both approximation and detail coefficients are decomposed up
to the sixth level [26] and recently in the study [27] at the
fourth level using a large number of filters. The discrete
wavelet transform improves the compression ratio and reduces
complexity [28]. Several data compression methods using
wavelet transform have been reviewed [29].

Given these studies, there appears to be potential for further
complexity reduction while improving the compression ratio,
reconstruction error, and signal-to-noise ratio. In light of this,
the proposed method in this paper uses wavelet packet
transform, combining different wavelet filters with a suitable
threshold at each level. This method aims to reduce
complexity while bettering compression, maintaining high
quality, and minimizing distortion at the fifth level of
decomposition. This approach aims to address the challenges
in the current methods, contributing to the body of knowledge
in this field.

The paper is structured as follows: Section 1 presents
introduction with a detailed review of the relevant literature,
highlighting the gaps this study seeks to fill. Section 2
describes the proposed methodology, while Section 3
discusses the experimental setup and results. Finally, Section
4 concludes the paper with key findings and potential
directions for future research.

With the proposed method, this study seeks to make a
significant contribution to the advancement of smart grid
technology. By leveraging wavelet packet transform and
combining different wavelet filters with a suitable threshold at
each level, it is anticipated that the new method will not only
reduce complexity but also improve compression, deliver high
quality, and minimize distortion at the fifth level of
decomposition. The potential implications of these
improvements on the management and operation of the smart
grid are profound. The main contribution of this research is the
development and testing of a new method for data
compression in smart grids. By implementing this new method,
it is expected that significant improvements can be achieved
in terms of reducing complexity, improving compression, and
ensuring high quality and minimal distortion of data.

Through this research, it is hoped that the challenges
associated with the operation and management of smart grids
can be addressed, thus facilitating the transition from
conventional power sources to more sustainable and efficient
energy systems.
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2. METHODOLOGY

Discrete wavelet transform (DWT) sends the signal through
a low pass filter (LPF) and high pass filter (HPF) following
decimation by two to get approximation coefficients a* and
detail coefficients d?, respectively, as shown in Figure 1 using
multi resolution Pyramid Algorithm. It decomposes only
approximation coefficients further up to a suitable level. The
detail coefficients d' are high-frequency coefficients
containing noise and hence are thresholded by setting zero the
coefficients below the threshold, as per Eq. (1), and now
represented by dl. The signal can be reconstructed using
upsampling by inverse discrete wavelet transform (IDWT), as
shown in Figure 2, using Pyramid Algorithm in reverse [18,
23].

Approximation
coefficients a?

Approximation
coefficients a*

signal 2°

Detail
coefficients ¢

coefficients d!
Figure 1. Decomposition using DWT

Approximation
coefficients a*

Detail coefficients d22

Detail coefﬁcim%
2

Figure 2. Reconstruction using IDWT

signal a®

This section describes the proposed data compression
design in a smart grid using wavelet packet transform. The
discrete wavelet transform develops into a full wavelet packet
tree. The wavelet packet transform  decomposes
approximation and detail coefficients further. The wavelet
coefficients are thresholded for compression and denoising to
approximate the accurate regular signal. Hard thresholding
sets the coefficients to zero whose absolute values are below a
threshold value. Soft-thresholding sets to zero the coefficients
having absolute values below a threshold value, and then
shrinks the non-zero coefficients to zero [18, 26, 27].

The compression retains the coefficients with disturbances
and ignores disturbance-free coefficients which discusses in
the results of the proposed design. It suppresses the noise and
distorts the data. The threshold t; operates for absolute
maximum value of the original coefficients CJ*, as shown
below at the kth node of level m.

t" = (1 — w)xmax| ™| (1)
where, 0<u<l [23]. The threshold can be 100%. The data
compression improves as the threshold increases but it distorts
the signal and it increases the noise level, hence most care to
be taken to select the threshold. The soft thresholding of the
coefficients works as shown below.

cnm = {sign(C;“)(/c;" e afer /> a0

0; if [cm/<em



where, C'™ are the soft thresholded coefficients [26].

DWT
using
Db3

Denoised signal a°

hresholding
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DWT using|
Dbl S

&

a8

Figure 3. Proposed design of wavelet packet decomposition

In the proposed design, as shown in Figure 3, noisy signal
is denoised by using threshold as suitable percentage of the
error between original and noisy signal. Discrete wavelet
transform is used to decompose approximation and detail
coefficients further to get the wavelet packet tree. The
compression process selects Daubechies filters Db3, Db2, Db2,
Db2 and Dbl up to level 5, respectively, and for reconstruction,
Dbl, Db2, Db2, Db2 and Db3 in reverse. DWT and IDWT
used in Figure 3 and Figure 4 are described in Figures 1 and 2,
respectively. It decomposes the denoised signal a° using db3
wavelet by discrete wavelet transform at level 1. It further
decomposes the approximation al and detail coefficients
d} from level 1 using the db2 wavelet by discrete wavelet
transform at level 2. It decomposes the approximation
coefficients a?, a2 from level 2 using Db2 wavelets by
discrete wavelet transform at level 3. It further decomposes the
approximation coefficients a3 and a3, from level 3 using Db2
wavelets by discrete wavelet transform at level 4. It further
decomposes the approximation coefficients afs and a3; from
level 4 using Dbl wavelets by discrete wavelet transform at
level 5.

3z

IDWT
7 /| using Db2

Reconstructed
signal  a® |IDWT
| using
Dh3

IDWT
using Db2

d¢
di Thresholding at level 4 2*

3
dy;

Figure 4. Proposed design of wavelet packet reconstruction

The optimal tree decides the coefficients for the
compression, and then these coefficients reconstruct the signal.
In the optimal tree for compression, the coefficients a3, are
pure approximation coefficients and hence are not thresholded.
The coefficients d3, di,, d3, dZ and a3,, d3g, d3,, d3,, d2 are
not a pure approximation, hence are soft thresholded into
coefficients d35 df¢, d3%, d%? and d35 d33, d3%, d35, d2?
respectively using Eqg. (1) and Eq. (2).

In the optimal tree for reconstruction, the coefficients
ass are reconstructed using inverse discrete wavelet transform
by upsampling a3; and d33 with Dbl wavelet. Similarly, the
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coefficients a33 are reconstructed using inverse discrete
wavelet transform by upsampling af: and d}¢ with Db2
wavelet. Similarly, the coefficients a3 are reconstructed by
upsampling a3® and d32 with db2 wavelet. The coefficients
all are reconstructed by upsampling a3? and d4? with Db2
wavelet. The coefficients ajs are reconstructed using inverse
discrete wavelet transform by upsampling a35 and d33 with
Db1 wavelet. Similarly, the coefficients a33 are reconstructed
using inverse discrete wavelet transform by upsampling a33
and di5 with Db2 wavelet. Similarly, the coefficients a%* are
reconstructed by upsampling a33 and d33 with db2 wavelet.
The coefficients di! are reconstructed by upsampling a%% and
d2? with Db2 wavelet. The signal a° is reconstructed as a®® by
upsampling al® and di! by inverse discrete wavelet transform
with Db3 wavelet.

The non-zero coefficients after decomposition and
thresholding, as per Eq. (1) and Eq. (2), are the addition of pure
approximation coefficients a3; and detail coefficients d33,
d#2, d33, d?2, and a33, d33, 33, d33, d%2after thresholding.

3. RESULTS AND DISCUSSION

MATLAB algorithm works on the wavelet-packet
transform-based proposed design for compressing and
denoising data.

As in Figure 5, the Phasor Measurement Unit (PMU) signal
is generated in MATLAB Simulink. It adds noise using the
MATLAB function 'awgn' (add white Gaussian noise). The
signal is denoised using the command ‘wthresh’ where 's' is
soft thresholding as per Eq. (2), thr is a threshold that can be a
suitable percentage of the difference between signals X and X,,.
It decomposes the signhal by command 'wavedec' where n is the
decomposition level and 'wname' is the wavelet function. It
obtains the approximation coefficients a and detail coefficients
d by commands ‘appcoef' and 'detcoef' where 'c' is the
decomposition vector of wavelet and 'I' is the bookkeeping
vector containing level-wise number of coefficients. The
threshold is calculated as per Eq. (1) and Eq. (2). The signal is
compressed. It reconstructs the signal using ‘idwt'.

| PMU signal (X) generation in MATLAB Simulink |

|

| Noisy signal X, =awgn(X, SNR in dB. 'measured') |

i

| Denoised signal s=wthresh (X, 's’, thr) |

I

| Signal decomposition by [c, 1] = wavedec (s, n, wname) |

| a=appcoef (¢, |, wname, n) and d=detcoef (¢, |, n) |

I

| Thresholding at each levelis based on Eq.(1) and Eq.(2) |

|

| Signal compression |

|

| Signal Reconstruction by idwt |

Figure 5. MATLAB flowchart of the proposed design

It operates the simulated fault current of Phasor
Measurement Unit (PMU). The file has 8-12 seconds and 18-
22 seconds of data before and after the fault hence the total of



30 seconds to detect and analyze abnormal parts in steady
signals. It selects one thousand twenty-four samples of the
PMU fault current near the disturbance location. The new
design measures the performance by the percentage of
compression ratio (CR), signal-to-noise ratio (SNR) in dB, and
reconstruction error as normalized root mean square error
(NRMSE) as below.

CR
_ No of non zero coef ficients by threshold 100% (3)
" No.of samples in the original signal x °
NOHX (@) — X, (D)2
— ZJ 510 % ©) W
Nl X, (D)2
SNR1 = ( N_IZL“’ ) 2) (5)
izo [ Xn (D) —X(@D]
I_V_—l X (l)Z
SNR2 = = T 6
(m& (%@ - XOF ©

X(i) is original signal free from noise. Xx(i) is the noisy
signal, X(i) is the reconstructed signal, and N represents
samples in the original fault signal. SNR1 is the signal-to-
noise ratio while transmitting, and SNR2 is receiving side
signal-to-noise ratio and decide the success of the
reconstructed signal in reducing noise. NRMSE decides how
accurately the signal is regenerated.

Figure 6 demonstrates the 1,024 samples of the original
PMU current signal. The original signal is mixed with
different noise levels. The denoised compressed data is
transmitted. When denoising reduces the noise, the
compression ratio is the result of it. The signal can be
approximately regenerated and communicates the fault
quickly with power quality. The regeneration of the signal is
not accurate as it ignores undisturbed high-frequency detail
coefficients having noise, and it does not send them on
receiving side. As it sends only a few disturbing coefficients,
the signal is approximate.

The threshold values for the coefficients at each level of
decomposition are calculated as per Eq. (1) and Eq. (2) and
specify the conditions for which it ignores the undisturbed
coefficients and displayed in Table 1 for noisy signal of SNR
18.927.

Figure 7 shows the noisy PMU signal with SNR 15.89dB,
which improves to SNR 57.81dB in the reconstructed signal
shown in Figure 8. Figure 9 shows the noisy PMU signal with
SNR 18.927dB, which improves to SNR 57.78dB in the
reconstructed signal shown in Figure 10. Figure 11 shows the
noisy PMU signal with SNR 21.821dB, which improves to
SNR 58.06dB for the reconstructed signal shown in Figure 12.
Figure 13 shows the noisy PMU signal with SNR 24.541dB,
which improves to SNR 58.163dB in the reconstructed signal
shown in Figure 14. Similarly, Figures 15-18 are noisy PMU
signals, and Figures 19-22 are their reconstructed signals.
Figure 18 shows the noisy PMU signal with SNR 35.349dB,
which improves to SNR 60.049dB in the reconstructed signal
shown in Figure 22.

It shows improved compression and denoising by the
proposed design in Table 2, as analyzed with studies [26, 27].
Figures 7, 9, 11, 13, 15-18 display different noise levels of
PMU signal, and Figures 8, 10, 12, 14, 19-22 represent their
respective reconstructed signals with improved SNR as per
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Table 2. The proposed design has achieved 14.94%
compression; signal-to-noise ratio improved to 60.1dB, and
NRMSE of 0.0250.

Table 3 describes the proposed design having simple lower-
order filters with level 5, whereas Khan et al. [26] have utilized
db2 up to level 6 and Khan [27] has utilized higher order
wavelet sym8 up to level 4. The proposed design utilized few
lower order filters due to low levels, whereas, in studies [26,
27], they use more filters due to higher levels. Hence the
proposed design has less complexity than studies [26, 27].
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Figure 6. Original faulty PMU signal
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Figure 22. Reconstruction with SNR 60.049 dB



Table 1. Threshold for ignoring undisturbed coefficients

Approximation Coefficients Detail Coefficients
Threshold for Low Pass Threshold for High Pass Threshold for Low Pass Threshold for High Pass
Coefficients Coefficients Coefficients Coefficients
Level 2 - 3.3705 - 0.4495
Level 3 - 3.867 - 0.5491
Level 4 - 0.4691 - 3.1607
Level 5 - 1.4835 1.2215 1.9338
Table 2. Performance comparison of PMU data for 1024 samples
Original Signal SNR (dB) % CR SNR2 (dB) NRMSE
Proposed design 15.89 15.04 57.81 0.0326
[26] 15.89 15.2 52.393 0.436x107°
[27] 15.89 - 37.764 12.65x107°
Proposed design 18.927 14.94 57.78 0.0327
[26] 18.931 155 54.928 0.243x107°
[27] 18.927 - 40.842 6.229x107°
Proposed design 21.821 15.23 58.06 0.0317
[26] 21.826 15.6 56.939 0.153x107°
[27] 21.821 - 43.727 3.205x107°
Proposed design 24541 15.23 58.163 0.0313
[26] 24.547 15.3 58.07 0.118x107°
[27] 24.541 - 46.394 1.734x1075
Proposed design 27.82 15.33 59.672 0.0263
[26] 27.826 15.4 59.151 0.092x1075
[27] 27.82 - 49.526 0.843x107°
Proposed design 30.316 15.33 59.713 0.0262
[26] 30.321 15.4 59.653 0.082x107°
[27] 30.316 - 51.807 0.499x1075
Proposed design 32.252 155 60.1 0.0250
[26] 33.84 155 60.051 0.075x107°
[27] 32.252 - 53.483 0.339x107°
Proposed design 35.349 15.5 60.049 0.0252
[26] 35.778 155 60.029 0.075x107°
[27] 35.349 - 54.882 0.246x10~°
Table 3. Discussion of complexity in proposed design
Proposed Design [26] [27]
Method Wavelet Packet Transform Wavelet Pa}c_ket Wavelet packet Transfor_rr_1 with Weighted entropy
Decomposition and modified MDL
Level of Decomposition 5 6 4
Wavelets db3, db2, db2, db2, dbl Db2 Sym8
Complexity Less complex col\:’lc;)rlix More complex

4. CONCLUSION

The paper describes the proposed design based on the
wavelet packet transform for compressing and denoising data.
The proposed design achieved better computational
complexity with a better compression and signal-to-noise ratio
at level 5 using Db3, Db2, Db2, Db2 and Dbl wavelets. The
noisy PMU signal with SNR 15.89dB, achieves CR 15.04%,
SNR 57.81dB and NRMSE 0.0326 in the reconstructed signal.
The noisy PMU signal with SNR 18.927dB, obtains CR
14.94%, SNR 57.78dB and NRMSE 0.0327 in the
reconstructed signal. The noisy PMU signal with SNR
21.821dB, obtains CR 15.23%, SNR 58.06dB and NRMSE
0.0317 for the reconstructed signal. The noisy PMU signal
with SNR 24.541dB, improves to SNR 58.163dB and achieves
CR 15.23% and reconstructed signal with NRMSE 0.0313.
The noisy PMU signal with SNR 32.252dB, improves to SNR
60.1dB and gets CR 15.5% and NRMSE 0.0250 in the
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reconstructed signal. It has achieved 14.94% compression,
signal-to-noise ratio 60.1 dB and NRMSE 0.0250 for PMU
data. The data compression and storage are cost-effective, and
it transfers the data fast as it uses a smaller number of filters.
It is possible to reduce the complexity further. It is possible to
further improve data compression and noise reduction and
reduce reconstruction errors. It gives a small reconstruction
error NRMSE which has a limitation; hence there is future
scope to reduce it further.
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