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Abstract— This work adapts a spectral analysis-based com-
pression algorithm, originally designed for single-phase leakage
current signals, for compression of three-phase electrical signals
with real disturbances. A PCA-based preprocessing step is
introduced to reduce dimensionality and improve compression
efficiency. The method is evaluated using real signals containing
representative power quality events. The results show that the
proposed approach achieves higher compression ratios, for in-
stance, in some scenarios exceeding 118:1 and 76:1 for voltage
and current signal, respectively. The reconstruction quality was
comparable to the original algorithm, indicating its suitability
for efficient storage and transmission in smart grid applications.

Keywords— Digital signal processing, compression, power sys-
tems.

I. INTRODUCTION

Emerging applications in Smart Grids, such as power quality
analysis, fault detection, and high-resolution state estima-
tion, require access to raw current signals sampled at high
rates. While synchrophasors reduce data dimensionality by
representing quasi steady-state conditions, they are inherently
limited in capturing transient phenomena, harmonics, and non-
linear distortions that are critical for modern grid analytics [[L].

This shift toward waveform-level monitoring significantly
increases data generation, as waveform acquisition typically
operates at kHz-level sampling frequencies [2]]. In this context,
efficient compression of current signals becomes essential
to enable scalable data transmission and storage. Although
compressing raw current waveforms provides a more complete
representation of system behavior, it introduces significant
challenges due to high data rates and stringent fidelity require-
ments.

Moreover, power systems inherently operate with three-
phase signals, which exhibit strong inter-phase correlations
under both balanced and moderately unbalanced conditions.
Treating each phase independently neglects this intrinsic struc-
ture and leads to suboptimal compression performance. Joint
compression of three-phase current signals can exploit spatial
redundancy across phases, improving compression efficiency
while preserving essential electrical characteristics. This is
particularly important for applications involving fault analysis,
imbalance detection, and protection systems, where the relative
behavior among phases carries critical information.

In this context, compression methods based on spectral
analysis have been proposed, such as Spectral Variation Detec-
tion and Compression System (SVDCS) [3] and its variation
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the Spectral Variation Detection Algorithm (SVDA) [4]. They
have demonstrated an effective solution for monitoring single-
phase current signals. Based on spectral variation detection and
the exploitation of Hermitian symmetry to reduce memory us-
age, SVDA was specifically designed for resource-constrained
Internet of Things (IoT) devices, overcoming limitations of
more computationally demanding algorithms.

This work proposes an adaptation of the SVDA algorithm
for three-phase signals, introducing a new preprocessing stage,
the Principal Component Analysis (PCA) to reduce spatial
redundancy in multi-phase signals. As validated in [5], this
dimensionality reduction is essential to balance high compres-
sion ratios with the reconstruction fidelity.

This modification aims to enable efficient spectral novelty
detection in multi-phase systems while preserving the reduced
computational burden and high reconstruction fidelity that
characterize the original approach.

II. MATERIALS AND METHODS

The proposed method was implemented and evaluated in
MATLAB, providing greater flexibility for algorithm imple-
mentation and performance analysis, while maintaining con-
ceptual consistency with the original approach. This differs
from the implementations in [3] and [4], which target embed-
ded hardware platforms, specifically an Field Programmable
Gate Array (FPGA) and a microcontroller-based system, re-
spectively. The following sections describe the investigated
signal and scenarios, followed by the proposed compression
method.

A. Analyzed Signals

The experimental evaluation of the proposed method is
based on real oscillographic data obtained from the pub-
licly available datasetE] described in [6]. The original dataset
contains three-phase electrical signals acquired from power
systems under different operating conditions, including both
normal operation and a variety of power quality disturbances.
This dataset is organized using the Common Format for
Transient Data Exchange (COMTRADE) standard, specifically
following the IEEE C37.111-2013 ASCII format. In this
structure, each record is composed of a pair of files: a .cfg
file containing configuration and metadata, and a .dat file
storing the corresponding raw signal samples.

Due to the presence of multiple channels from different
buses within a single COMTRADE record, a preprocessing

IDataset available at: https://doi.org/10.6084/m9.figshare.
28465427
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step was performed to extract only the signals associated
with the disturbances of interest. These selected signals were
then reorganized and stored in binary format to facilitate
efficient processing and reproducibility of the experiments.
The processed dataset, including both the filtered signals
and the original COMTRADE files, has been made publicly
available for reproducibility purposesﬂ

From this dataset, a representative subset of signals was
selected in order to cover distinct types of events relevant to
power quality analysis. The selection includes voltage sags
during motor start, current fluctuations, waveform distortions,
phase sequence errors, fault conditions, and measurement-
related noise. Table [I] summarizes the selected signals and
their associated disturbance types. For some events, both
current (I) and voltage (V) signals are considered, reflecting
the multi-dimensional nature of three-phase systems. This
selection defines the scope of the study, focusing on realistic
and representative scenarios commonly encountered in modern
power networks. In other words, the proposed method can be
applied to voltage or current three-phase signals.

The selected records have a sampling frequency of 1600 Hz
and a fundamental frequency of 50 Hz, resulting in file sizes
ranging from approximately 122 kB to 438 kB. Although a
single oscillographic record may occupy only a few hundred
kilobytes, utilities routinely store thousands of disturbance
records over long periods. For example, the public dataset
adopted in this work contains more than 50.000 real oscil-
lographic records, making efficient compression important for
long-term storage, transmission, and cloud-based analysis.

TABLE I: Tested signals and their characteristics

# Description of events Type
1 1
5 Motor start voltage drop (<95%) =
3 . 1
Motor start current fluctuations
4 \%
5 . . 1
5 Frequency-driven motor fluctuations v
7 . . I
Voltage waveform distortion
8 v
1
o Phase sequence error
10 \
11 | Current phase sequence error 1
12 | Two-phase-to-ground fault (3UO, voltage drop) v
13 | Sensor noise due to measurement fault v

B. Proposed Compression Method

The proposed Spectral Variation Detection Algorithm for
Three-Phase Signals (SVDA-3P) is shown in Fig. [1} It is an
evolution of the previous SVDA [4] and SVDCS [3]], adapted
for three-phase signals. The proposed approach incorporates a
PCA-based preprocessing stage to reduce the dimensionality
of the three-phase signal prior to compression. Originally

2Dataset available at: https://nextcloud.lasseufpa.org/s/
1JtF9Zr90ZBsPbM
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Fig. 1: Overview of the proposed algorithm with four steps,
where the PCA is the main improvement in the previous
algorithm.

introduced in [[7], PCA is a multivariate statistical technique
that transforms a set of possibly correlated variables into a
new set of orthogonal components ordered according to their
variance.

Although transformations such as the Clarke transform can
provide a more compact representation of three-phase signals
through a fixed projection matrix, they do not adapt to the
statistical properties of the data. In contrast, PCA computes
a data-driven orthogonal basis that maximizes the variance
preserved in the retained principal components [8] while
decorrelating the signal channels and reducing their linear
redundancy [9].

The subsequent stages (highlighted in gray in Fig. [T) follow
the original framework proposed in [4]]: segmentation of the
signal into smaller frames, calculation of the Fast Fourier
Transform (FFT) of each frame, and removal of coefficients
based on the energy of consecutive FFT frames. During
signal reconstruction, all corresponding inverse operations are
performed.

In this work, the three-phase signal is represented as a data
matrix X € R¥:*3, where N, is the number of samples and
each column corresponds to one phase. In order to focus the
analysis on variance, the data is first centered by subtracting
the mean of each phase

xﬁj‘“ = II?ij — (fj, (l)
where x;; denotes the sample at time index i € {1,..., N}
and phase j € {1,2,3}, and Z; = N% Zf\il Tij.

From the centered data, the covariance matrix C € R3*3
is computed, capturing the correlation between phases. The
eigenvalue decomposition of C is then performed, yielding
the eigenvalues \; and corresponding eigenvectors v; € R3*!
for i-th component. The eigenvalues represent the variance
explained by each principal component, while the eigenvectors
define the projection directions.

To reduce dimensionality, only the first Ng,. components
are retained according to an energy criterion. Specifically,
the smallest number of components is selected such that the
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Fig. 2: Original current signal 11 from Tableand its principal
components decomposition.

cumulative explained variance satisfies:

Nspc )\
2i=i' i 5 g )

Z?:l Ai

In practice, this results in retaining one or two eigenvectors,
while the remaining eigenvectors associated with low variance
are discarded.

The eigenvalues are sorted in descending order, and the
centered signal is projected onto the new basis defined by the
selected eigenvectors. Let V € R¥Nere denote the matrix
formed by the first NNy,. eigenvectors associated with the
largest eigenvalues. The projection of the original three-phase
signal onto the reduced subspace is then given by X, = X..V,
where the elements of X, are given by ().

This stage outputs a reduced data matrix X, € RNe*Neve
where 1 < N, < 3 represents the number of retained princi-
pal components. This dimensionality reduction step decreases
the number of channels to be processed in subsequent stages,
reducing computational complexity and data redundancy while
preserving most of the signal energy. Fig. [2 shows the original
signal and its Principal Components (PCs) after PCA. The
sinusoidal behavior of the signal is preserved in PCIl and
PC2, whereas PC3 contains low energy and can therefore
be discarded without significantly affecting the quality of the
reconstructed signal.

The transformation parameters (mean vector and selected
eigenvectors) are stored and transmitted as side information,
enabling signal reconstruction at the decoder, where all inverse
operations are performed. In Fig. these parameters are
represented in the preamble. Specifically, V e R¥>Nepe
contains the eigenvectors that define the projection basis, and
X = [Z1, T2, T3] stores the mean values of the original three-
phase signal.

After dimensionality reduction, each column of X, is
segmented into Ny frames, as shown in Stage B of Fig.
Each frame contains Np,. samples. In stage C, the FFT is
applied to each frame. Since the input signals are real-valued,
only (Nppe/2) + 1 complex coefficients are retained due to
the conjugate symmetry property, as illustrated in the output
of block C. These coefficients are stored by separating their
real and imaginary parts, resulting in NN, + 2 real-valued
elements per frame, as detailed in Fig. [3]
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Fig. 3: Example of the data structure in the signal transforma-
tion stages for Ny, = 2.

The final step (D) of the algorithm consists of lossy
compression applied to the FFT coefficients of the frames,
referred to as FI'T_FRAMES. Fig. E] illustrates how the
data structure evolves from the original three-phase signal to
the input of this step.

With the data previously segmented and transformed into
the frequency domain, spectral analysis is performed over all
FFT frames for each principal component. The foundation
of the SVDA-3P algorithm, illustrated in Fig. [] remains
conceptually similar to the original SVDA, with no significant
structural modifications.

Thus, the procedure is independently executed for each FFT
frame composed of (Npp./2) 4+ 1 complex coefficients.

For each frame f and each principal component X, the
corresponding FFT coefficients are processed according to
the flowchart shown in Fig. ] The analysis is performed
coefficient-wise for each frequency index ¢, from the DC
component up to the Nyquist frequency.

To track spectral variations, four auxiliary vectors—MIN,
MAX, SUM, and CNT—are employed. These structures mon-
itor the temporal evolution of each spectral coefficient and
count their occurrences across frames. A key element of the
method is the use of a frequency-dependent threshold. Instead
of a single global value, the algorithm adopts a tolerance
vector 7(q), defined for each frequency index ¢, as originally
proposed in [3]. This threshold is given by v(¢) = G ¢~ 7%,
where G is a gain factor and § is an exponent that controls
the decay rate of the threshold across the frequency spectrum.
In the experiments, 3 was set to 0.001 and kept constant for
all components. The parameter G was defined individually
for each component X,, as the maximum magnitude among
its coefficients.

A spectral novelty is detected when the absolute vari-
ation of a coefficient exceeds this tolerance, i.e., when
IMAX(q) —MIN(q)| > ~(¢g). This formulation allows the
algorithm to ignore small fluctuations and noise that fall within
the tolerance band while capturing significant spectral changes
associated with real electrical events.

The parameters G and [ play a fundamental role in
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TABLE II: Compression performance comparison.

SVDA SVDA3P R

L. NMSE (dB) CR NMSE (dB) gain
A B C A B C

1| 74 | 263 ] 257 | 262 | 112 | 261 | 257 | 25.7 | 1.50
2 | 326 | 321 | 333 327 | 470 | 328 | 327 | 327 | 144
3| 75 [ 268 | 255 262 | 114 | 255 [ 257 | 264 | 1.52
4 | 334 | 326 | 323 | 324 | 492 | -320 | 324 | 327 | 147
5 | 90 | 270 | 253 | 269 | 114 | 272 | 276 | 280 | 1.27
6 | 319 | 315 | 313 | -33.0 | 465 | -31.6 | -31.8 | -31.6 | 1.46
7 o6 | 82 |-114| 75| 06 | 77 | -116 | 81 | 098
8 | 812 ] -31.8 | 328 | -31.7 | 1185 | -329 | -32.7 | -33.0 | 1.46
9 | 04 | -160 | 115 [ 122 | 04 | -121 | <141 | -133 | 1.00
10 [ 631 ] 323 321 | 318 | 925 | 324 | 323 | -324 | 147
11 | 543 | 274 | 267 | 273 | 762 | 274 | 267 | 273 | 1.40
12 [ 305 ] 280 [ 265 | 303 | 648 | -184 | -194 | -18.7 | 2.13
13| 34 | -149] 123 -100]| 46 | -141]-113] 88 | 1.39

| LSUM(q) <«—SUM(q) + coef. fft(q)l 3 !

CNT(q)—CNT(q) + +
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Fig. 4: Compression method based on spectral variation anal-
ysis proposed (step D of Fig. . Adapted from [4]].

controlling the trade-off between compression efficiency and
reconstruction fidelity. Specifically, G acts as a global scaling
factor: decreasing G reduces the threshold values, making the
algorithm more sensitive to small variations and improving
reconstruction fidelity at the cost of lower compression ratios.
Conversely, increasing G raises the thresholds, causing more
coefficients to be treated as redundant, which increases the
compression ratio but may lead to the loss of fine spectral
details.

The parameter (3, in turn, controls how sensitivity is dis-
tributed across the spectrum. Proper tuning of J ensures that
the algorithm remains less sensitive near the fundamental
frequency, where signal energy is dominant, and more sensitive
at higher frequencies, where relevant low-energy spectral
components might otherwise be neglected.

A detailed sensitivity analysis of the parameters G and §3,
including their influence on the trade-off between compression
ratio and reconstruction error, was previously presented in [4].

The output of stage D corresponds to the compressed repre-
sentation of the signal, illustrated in the lower-right corner of
Fig. 4] This compressed data is represented by Nj,. matrices
in the form MC,, € R**"™» where n, denotes the number of
spectral novelties detected for the p-th PCA component, and
p=1,..., Ng,.. Note that n, is different for each principal
component since the number of spectral novelties detected

depends on the characteristics of each principal component.
Each column of MC,, stores four fundamental pieces of
information associated with a detected novelty: the frequency
index ¢, the frame index f, the accumulated sum SUM/q),
and the repetition counter C NT(q). The vectors SUM (q) and
CNT(q) store, respectively, the accumulated sum of the coef-
ficients at frequency position ¢ and the number of consecutive
frames in which the coefficient remained stable, i.e., its varia-
tion was lower than the threshold +(q). During reconstruction,
the decoder uses the ratio SUM (q)/CNT(q) together with
the frame index f to recover the average coefficient values
and correctly distribute them over the corresponding frames.

III. RESULTS AND DISCUSSION

To evaluate the impact of the dimensionality reduction stage,
the signals listed in Table [[] were compressed using both the
proposed SVDA-3P and the original SVDA for comparison.

Since SVDA was originally designed for single-phase sig-
nals, its application to three-phase data was performed inde-
pendently for each phase, without any preprocessing step to
exploit the correlation between them.

Table [lI] presents the obtained Compression Ratios (CRs)
and the Normalized Mean Squared Errors (NMSEs) values,
which are used to assess reconstruction quality by comparing
the original and reconstructed signals. The compression ratio
is defined as the ratio between the size (in bytes) of the
original signal and its compressed representation. As discussed
in Section[[I-A] the selected disturbance signals were extracted
and stored in binary format. The reconstruction error was
evaluated using the NMSE, computed independently for each
phase as described in [4].

Based on the results presented in Table[]] it can be observed
that, in general, the proposed SVDA-3P improves the compres-
sion ratio in cases where the original SVDA already achieves
satisfactory performance. This indicates that the dimensional-
ity reduction stage effectively exploits the correlation between
phases, reducing redundancy without significantly degrading
reconstruction quality.

In contrast, for cases such as signals 7 and 9, where the
original SVDA already exhibits limited compression perfor-
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mance, the proposed method provides little or no improvement
in the compression ratio. In these scenarios, the intrinsic char-
acteristics of the signals impose fundamental limitations on
the effectiveness of the spectral variation-based compression
approach.

A more detailed analysis of specific cases highlights the
impact of the dimensionality reduction stage on compression
performance. For instance, the current signal 1 achieved an in-
crease of approximately 50% in compression ratio, improving
from 7.4 with the original SVDA to 11.2 with the proposed
SVDA-3P. In this case, the PCA stage retained only N, = 2
principal components, while the third PC remained close to
zero, similarly to the behavior illustrated for signal 11 in
Fig. 2| Consequently, discarding this component had little
impact on the reconstructed signal quality.

On the other hand, signal 12 also produced N, = 2,
but the discarded third PC contained relevant information for
reconstruction. This effect can be observed in the obtained
NMSE, which remained around —18 dB. In contrast, signals
7 and 9 produced N, = 3, indicating that no dimensionality
reduction was achieved after the PCA stage. As a result, the
compression ratios obtained with SVDA and SVDA-3P were
essentially the same for these cases.

An example of waveform reconstruction is shown in Fig. 5]
which presents the original and reconstructed waveforms, as
well as the residual error for Signal 8. In this case, the com-
pression ratio increases significantly from 81.2 to 118.5 when
using SVDA-3P. Despite this improvement, the reconstructed
signal closely follows the original waveform, with NMSE
values remaining around —32 dB across all phases.

In scenarios involving noisy signals or disturbances with
strong spectral variability, the compression performance tends
to degrade, as discussed in [3], [4]. Under such conditions, the
algorithm interprets these variations as relevant information,
reducing its ability to identify redundancy in consecutive FFT
frames.

Finally, the proposed SVDA-3P significantly enhances per-
formance in most scenarios by effectively leveraging strong
inter-phase correlations. Its main limitations in achieving high
compression ratios are found in scenarios characterized by
significant noise or highly complex spectral content.

IV. CONCLUSIONS

This work proposed an extension of the SVDA algorithm [4]
for three-phase signals through the introduction of a PCA-
based preprocessing stage. The results demonstrate that ex-
ploiting inter-phase correlation effectively increases compres-
sion ratios in scenarios where the original method already
performs well, while preserving reconstruction quality, as
indicated by comparable NMSE values. The method maintains
the low-complexity characteristics of SVDA, however, its
performance remains limited in signals with high noise levels
or significant inter-harmonic content, where spectral variability
reduces redundancy and hinders compression efficiency. These
limitations are inherent to the spectral variation detection
approach and highlight the need for future strategies to better
handle non-stationary and spectrally complex signals.
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Fig. 5: Comparison of signal 8 with its reconstructed version
after compression.
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