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Abstract

The increasing diffusion of both large nonlinear loads and renewable-based Distributed Energy Resources may cause serious
Power Quality problems, e.g., due to the widespread use of high-efficiency smart power electronics converters (PECs). Despite the
considerable effort in mitigating the harmonic distortion injected by these devices, a reliable and accurate detection of the most
critical harmonic and interharmonic components affecting a distribution system is essential not only for monitoring, but also for
compensation purposes. In this paper, a first step in this direction is proposed. The basic idea is to improve the estimation accuracy
of the spectral support of possible sinusoidal disturbances by merging synchronized measurements collected in different points of
a grid to better compensate critical harmonics and interharmonics through smart PECs. In particular, a coordinated method based
on the local identification of the sinusoidal components in voltage or signal waveforms followed by a weighted average of the
frequency estimates of the most significant components in the grid is presented and evaluated through simulations. The reported
results confirm the feasibility and the benefits of the coordinated approach.

Index Terms
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I. INTRODUCTION

As known, the growing harmonic distortion affecting voltage and current waveforms due to the penetration of both renewable-
based Distributed Energy Resources (DERs) and strongly nonlinear loads poses critical Power Quality (PQ) issues at the
distribution level [1], [2]. For instance, the grid-supporting and grid-forming Power Electronics Converters (PECs) play a
pivotal role for a flexible and safe grid-integration of DERs [3]. However, they often also tend to inject a large amount of
harmonics and inter-harmonics due to the switching electronic devices used for high-efficiency conversion [4], [5]. In fact,
even though the most advanced PECs are designed both to mitigate harmonic and inter-harmonic pollution and to cope with
significant PQ disturbances [6], [7], poor PQ may still cause, among other drawbacks, the sudden disconnections of DERs,
even if advanced anti-islanding systems are used [8].

On the other hand, the PEC controllers may include and provide a variety of functions for voltage regulation, efficient energy
exploitation, load balancing, power factor correction, and overload or thermal protection [9]. Moreover, some recent studies
have highlighted the potentialities of collaborative PECs to improve grid-forming performance, especially when a multitude
of DERs have to be connected to a distribution network [10]. Indeed, harmonic compensation and PQ improvement could be
achieved by using the data potentially collected and shared by multiple devices [11]. Of course, this kind of distributed solutions
requires that local data acquisition and measurement functions are implemented in heterogeneous smart devices. Indeed, they
could and should be used to improve both system observability and monitoring capability as well as to support coordinated
control actions. Some relevant examples of this general idea are: the installation of smart meters for PQ monitoring [12], the
inclusion of algorithms similar to those commonly used in Phasor Measurement Units (PMUs) into the controller of smart
inverters [13], the design of distribution-oriented harmonic PMUs [14], and the increasing diffusion of smart substations [15].
Such upgraded measurement infrastructure could unlock higher-level monitoring applications like harmonic state estimation
[16] or harmonic sources identification [17].

In this scenario, this paper explores the feasibility of using coordinated frequency measurements of the sinusoidal components
identified in different points of a grid to provide a more accurate estimate of their spectral support for harmonics and
interharmonics compensation. In particular, first the ESPRIT-based algorithm described in [18] is applied locally to detect
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the number of sinusoidal components in a voltage or current waveform and their frequencies. Then, the results returned by
this algorithm running on different distributed measurement devices at the same time are combined to estimate the spectral
support of harmonic and interharmonic disturbances. The final goal is to support grid-wide control actions.

The rest of this paper is structured as follows. In Section II, the algorithm used for detecting and estimating the sinusoidal
tones in voltage or signal waveforms is described and the proposed data fusion approach is explained. In Section III some
meaningful results are reported. Finally, Section IV concludes the paper and outlines the future work.

II. SINUSOIDAL TONES DETECTION AND ESTIMATION

The approach adopted in this paper to detect and to estimate the parameters of critical harmonics and interharmonics in
different points of a grid is based on the iterative algorithm described in [18]. This algorithm relies on Random Matrix Theory
(RMT) and on the Estimation of Signal Parameters via the Rotational Invariance Technique (ESPRIT) [19]. Assuming that K
synchronized AC voltage and/or current waveforms are collected all over a grid (either at different locations or in the same
point but from a different phase), the sequence of samples of the k—th waveform can be modelled as follows, i.e.,

s

where f;, is the sampling rate of the k—th measurement device, Dy, is the unknown number of sinusoidal tones composing
the k—th waveform; Ay 4, fi,q and ¢y q are the Root Mean Square (RMS) amplitude, the frequency and the initial phase,
respectively, of the d—th component of the signal for d = 1,..., Dy and €(-) denotes the sequence of normally-distributed
zero-mean random noise values with variance o7. Assuming that all the parameters in (1) are quasi-stationary, if we denote
with
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(with T being the transpose operator) the vector of the latest M, waveform samples, it can be shown that the autocorrelation
matrix of xj can be expressed and decomposed into singular values as follows, i.e. [19],
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where:

o E{-} is the expectation operator.

e Ay is the diagonal matrix comprising the singular values of Ry. Such values can be split into two subsets: 2D, of them
are approximately proportional to the elements of matrix Py = diag (Ai)l, Aiﬁl, . ,Ai’ Dys Ai, Dk) which includes the
power values of all the sinusoidal tones, whereas the remaining M} — 2Dy, refer to the noise vector subspace.

e Si is the matrix of orthonormal singular vectors associated with the elements of Aj. Again, the first 2D columns of
Sy (that are included into matrix Sop, ) refer to the sinusoidal tones, while the singular vectors in Sy, —2p, refer to the
noise singular values.

« Finally, I represents the identity matrix of size specified in the subscript.

The singular values and singular vectors resulting from (3) can be used to detect the sinusoidal tones in (1), as well as
their frequency and RMS amplitude, as explained in Sections II-A and II-B, respectively. Finally, Section II-C explains how
these results can be potentially merged to achieve a better and more reliable grid-area estimation of the actual harmonic and
interharmonic content.

A. RMT-based Sinusoidal Tones Detection

Given Lj consecutive data vectors as defined in (2), the maximum likelihood estimator of the autocorrelation matrix (3) is
simply
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This estimate should be refreshed at a quite high rate, e.g., any time a new record of M} samples is acquired. The values of
My, and Ly have to be as small as possible to keep the initial latency and the overall computational burden low. Also, to ensure
that the phase angles of all sinusoidal components in (1) are quite uniformly swept between O and 27 at the beginning of
different records, M}, must not correspond to an integer number of cycles of any sinusoidal tone. This is a necessary condition
to avoid that the estimation of R, is biased [18]. Once matrix Rk is estimated through (4), the number of sinusoidal tones can
be found by comparing the singular values of the matrix with a threshold that in principle depends on the statistical distribution



of the noise singular values only. The number of singular values that exceed this threshold provides an estimate of Dj. The
main steps of this iterative algorithm are briefly recalled below. The details and the underlying theory are instead explained
in [18] and [20], [21], respectively.
1) First of all, the singular values of f{k in matrix Ak = diag (:\m, e S\k, ]\/]k:) are arranged in descending order.
2) Starting from the initial assumption that just the fundamental tone is present in (1) (that is equivalent to assume that
Dy = j = 1), the variance of the noise floor for a given number of sinusoidal tones j is estimated iteratively as follows,

ie.
1 M,
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where 63(j,0) = ﬁ_% ZZIQQ i1 S\k,m, is just the average of the singular values attributed to the noise subspace, and
the corrective terms py, ;(t) (with ¢ = 1,...,25) are the larger real-valued solutions of equations
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These corrective terms tend to remove the bias affecting the noise variance estimates due to the estimation errors associated

with the singular values of the identified sinusoidal tones. Note that equations (5)-(6) must be solved in loop iteratively till

when either the values of 67(j,¢) no longer change significantly (e.g., with variations below 1 %) or the solutions of (6)

are no longer real-valued. In such conditions, the estimated noise variance for a given j is referred to as 6% ;= (7,% (4, 1).
3) Leveraging this result, the following hypothesis test is performed, i.e.
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is a threshold based on the Tracy-Widom distribution of the largest estimated singular value of a pure random noise
matrix [21]. In particular, if 3 << 1 represents the target false alarm probability (namely the acceptable probability of
wrongly detecting a sinusoidal tone), the parameters of (8) result from [21]
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4) 1If the null hypothesis Hy is rejected (i.e., Hy is true), the algorithm starts over by incrementing j by 1. Otherwise, the
algorithm ends returning Dy = j.

B. ESPRIT-based Frequency and RMS Amplitude Estimation

Once the number on sinusoidal components is known, the corresponding singular vectors in S, p, can be extracted from Sk
to build the following two (Mk —1) x 2Dk matrices, i.e., Sle Tar,—1 O]Sng and Sng =10 Ip— 1}Sgpk Given that
in the case of sinusoidal tones Sozk = Sle\Ij where U is a rotation matrix [19], it follows easily that

U = (S}, Sp1.) " 'Sh1, Sp2, (10)

Quite importantly, all the eigenvalues 71, ..., 7,5 of matrix ¥ have unit magnitude, while their phase angles are the normalized
positive and negative angular frequencies of the detected sinusoidal components. Therefore, the estimated frequency of such
components expressed in Hz are given by

‘;ﬂ_ arctan2 <In’l(7’2d 1) Re(%ggzk_l)) ’ (11)
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where arctan2(y,x) is the 2-argument four-quadrant inverse tangent function. Notice that only the odd-indexed eigenvalues
of matrix U are considered in (11) because, for each frequency component a pair of complex-conjugate eigenvalues exists.



Therefore, just the absolute value of the phase of one of them is sufficient to extract the estimated frequency. Observe also
that the meaning of index (fk in (11) may differ from the meaning of index d in (1), since some of the actual components in
the k—th signal could be misdetected.

The RMS amplitude values of the same sinusoidal components result instead from the singular value decomposition of R;.
Indeed, recalling that each pair of singular values associated to the same sinusoidal tone are approximately equal, it follows
from (3) that
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Note that in (12) the estimation bias due to the noise variance is properly corrected and the two singular values associated to
the same tone are averaged to reduce estimation uncertainty.

C. Coordinated Spectral Support Estimation

In this paper, the spectral support of possible sinusoidal disturbances is defined as the set of frequencies at which significant
harmonics or interharmonics are detected in the majority of the K collected waveforms. It is worth emphasizing that different
distributed measurement devices may return frequency and amplitude estimates at different reporting rates. Assuming that the
values returned by (11)-(12) are properly time-stamped, only the estimates that can be properly aligned in time should be
merged together. Under this assumption, the accuracy of the frequency estimates based on (11) depends on the ratio between
the power of each sinusoidal component and the noise power level. The greater this ratio, the lower the frequency estimation
uncertainty [18]. For this reason, we propose to merge the frequency estimates returned by (11) for different waveforms,
but corresponding to the same component, as described below. For the sake of simplicity, in this paper, we will refer to
the “prevailing” sinusoidal components as those tones that are detected in more than K /2 waveforms. To this purpose, the
frequencies fk i for all values of indexes cik =1,... ,ﬁk and k = 1,..., K are clustered into subsets whenever the maximum
difference between pairs of them is +1.5Hz. Recalling that the subsets with less than K/2 of nearby frequency values are
discarded, just D < maxy, Dj, groups of frequency values to be merged remain. Thus, the frequencies of the spectral support
result from the following weighted average, i.e.

. A2
ZK f N k.dy ot
k=1Jk,dg ot 5’i .

o 1By, s
Fa = g dion =1,....D (13)
K k.dp tot
k=1 &2 .
k| Dy

where cihtot is the index cik corresponding to the dtot —th prevailing component identified in the grid. If such component is
not detected in the k—th waveform, /Alk’ A 0. It is interesting to notice that the additional computational burden of the
coordinated estimation is almost negligible compared with that of the local algorithms described in Sections II-A and II-B.
This is indeed dominated by the estimation and SVD computation of matrix Ry.

III. TESTS AND RESULTS

The proposed approach has been validated by performing different tests with a modified and reduced version of the 50 Hz
CIGRE European Low Voltage (LV) distribution network shown in Fig. 1 [22]. The tests have been implemented in RTDS
that is a power system simulator capable of reproducing the system dynamics from DC up to 3 kHz [23]. Thus, it is able
to simulate realistic operating conditions even in the presence of harmonics and interharmonics. The voltage and current
waveforms obtained from RTDS have been considered as the reference values. A different amount of white Gaussian noise
has been added to the reference waveforms to simulate the effect of various random uncertainty contributions (e.g., due to
the environment and the acquisition stage). As a consequence, in what follows, the results obtained for different values of
Signal-to-Noise Ratio (SNR) are reported. The wideband noise contributions affecting the waveforms collected at different
nodes are assumed to be independent.

Three measurement points on the LV side of the grid have been considered, corresponding to the red dots (buses 2, 5, and
8) in Fig. 1. Each measurement device is supposed to measure the three-phase bus voltages and the three-phase currents of an
adjacent line, as indicated by the arrows in the figure.

The local detection and frequency estimation of the sinusoidal components is based on the algorithm described in Sec-
tions II-A and II-B, which is applied to every phase signal, both for voltages and currents. The coordination step is based
on the merging procedure described in Section II-C and applied to the estimates collected from the three aforementioned
instruments.

In this paper, the analyzed scenarios have been simulated considering the presence of harmonics in both the voltage and
the current waveforms. In RTDS, the harmonics are simulated considering the joint effect of medium voltage (MV) supply
and low voltage (LV) nodes distortion. Different operating conditions have been considered to assess the performance of the
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Fig. 1. Test Network, modified and reduced version of the CIGRE European LV grid.

proposed approach. The results are reported by focusing on components frequency estimation accuracy because of its relevance
for spectral support estimation.
The testing set-up settings are summarized below.

e Three harmonics (of order 3, 5 and 7) have been considered in all tests.

e In a second group of tests a further interharmonic at 75 Hz has been added.

o The SNR at nodes 2 and 8 in Fig. 1 is assumed to be larger than at node 5.

« For the sake of simplicity, but with no loss of generality, the sampling rate is set to fs, = fs = 10 kHz for all waveforms.

o Therefore, the number of samples per record and the data record length are also the same at all nodes, i.e., M = M = 268
and Ly = Mj,. N = 10* measurements are collected from each device. As a result, the total duration of each experiment
is about 275 s.

The first test (i.e, with harmonics only) has been carried out considering SNR = 55 dB at node 2 and 8 and SNR = 65
dB at node 5. These voltage harmonic components are injected from the MV side of the grid, namely at node 1 in Fig. 1. In
addition, also an harmonic current injection at node 8 has been considered. As a result, the maximum amplitude of the 3rd,
the 5th and the 7th voltage harmonic components, are about 1.5 %, 0.9 % and 0.7 %, respectively, of the fundamental.

As an example of the obtained estimation results, Fig. 2 shows the box-and-whiskers plots of the harmonic frequency
estimation errors corresponding to the voltage waveforms. In particular, a comparison between the frequency errors achieved
considering the voltage waveforms at node 8 only and those obtained from (13) is reported. In the single-node case, each
frequency estimate is obtained by averaging the frequency estimates of the three phases.

The accuracy improvement achievable with the proposed approach is rather evident. For instance, focusing on the 7th
harmonic, the 75th percentile of frequency error decreases from 50.8 mHz to 10.3 mHz. Moreover, while the uncertainty range
using local measurement data depends only on the power of each harmonic (thus errors increase with the harmonic order in
this test), in the coordinated case the range of frequency errors is rather equalized.

Similar considerations hold for current signals. Fig. 3 reports the box-and-whiskers diagrams of the frequency estimation
errors associated with the 3rd, the 5th and the 7th harmonics of the current waveforms. Also in this case, the idea to aggregate
the frequency estimates of different harmonics in a coordinated manner, to improve the spectral support estimation of the
sinusoidal components of the current waveforms, brings about a tangible improvement. As mentioned above, the three-phase
branch currents of lines (2,3), (5,4) and (8,7) are measured (the indexes indicate also the current direction).

The performance of the proposed technique has been also assessed by computing the corresponding root mean square
estimation errors (RMSEs). It is important to highlight that the presented results do not include all the possible sources of
uncertainty of the measurement chain (e.g., due to the measurement transducers).
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Fig. 2. Frequency estimation errors of three harmonics of the measured voltage waveforms: coordinated vs. single node (node 8) approach.
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Fig. 3. Frequency estimation errors of three harmonics of the measured current waveforms: coordinated vs. single branch (branch (8, 7)) approach.

The quantitative comparison of the RMSE values associated with the local and coordinated estimation of voltage and current
harmonic frequencies is illustrated in Table I. Observe that the RMSE values of the frequency estimates obtained with the
coordinated approach are almost the same or even lower than the best RMSE values based on local measurements only.
The measurement device placed at node 5 is the least affected by noise and thus it provides the most accurate frequency
measurements for each harmonic order. Nevertheless, the coordinated approach leads to further improvements. In general, the
RMSE values obtained with the coordinated approach are three or more times lower than those achieved with local measurements
at nodes 2 and 8, although they also depend on the harmonic order, In this simple configuration, the measurement devices



TABLE I
COMPARISON OF LOCAL AND COORDINATED HARMONIC FREQUENCY ESTIMATION ERRORS WHEN BOTH VOLTAGE AND CURRENT WAVEFORMS ARE
CONSIDERED

. Component RMSE
H::)l;rgg:nc frequency | Method [mHz]
[Hz] Voltages Currents
Coordinated 10.3 14.0
Node 2 35.3 50.6
3 150 Node 5 | 106  15.2
Node 8 32.2 54.9
Coordinated 22.7 18.4
Node 2 67.3 63.9
> 250 Node 5 | 225 216
Node 8 75.7 110
Coordinated 21.7 28.3
Node 2 82.9 61.0
7 350 Node 5 | 252 304
Node 8 89.9 115

installed at nodes 2 and 8 greatly benefit from the “feedback” provided by spectral support estimation at node 5, thus confirming
the potential of a coordinated monitoring scheme.

To better investigate the advantages of the proposed solution, an analogous comparison is performed by injecting an additional
75-Hz voltage interharmonic disturbance on the MV side of the grid. The interharmonic amplitude has been set equal to 40 %
of the third harmonic component at the same node. Table II reports the RMSE values of the harmonic and interharmonic
frequency estimates obtained using both voltage and current signals. The interhamonic component is lower than the others
and its estimation is less accurate but the results confirm the advantages of introducing the coordinated approach for spectral
support estimation. Indeed, the frequency estimates based on (13) are always more accurate than the local ones when current
signals are considered. For voltage signals, a slight degradation with respect to the results based on local measurement can
be observed at node 5 when seeking the interharmonic position in the spectrum (i.e., the most difficult to find). This is due
to the fact that the coordinated spectral support estimation depends also on the estimated RMS amplitude of each component
(see (13)), that is in turn affected by some uncertainty. This issue is more relevant when only few local estimates of weak
components with significant differences in estimation accuracy are merged as in the proposed scenario. However, also for
voltage signals, the coordinated approach tends to mitigate the frequency errors for all the other components.

In the unlikely case that the interharmonic frequency is a multiple of f,/Mj, the performance of the local detection algorithm
degrades, but it mainly affects that component only. Indeed, further tests (not reported for space constraints) revealed that all
the other harmonic components are still identified correctly and their frequencies are still estimated (and merged) with good
accuracy, provided that the interharmonic component amplitude is not very large, as it commonly occurs in practice.

IV. CONCLUSIONS

A critical problem in distribution systems affected by a large penetration of renewable-based generators and nonlinear loads
is the high harmonic and interharmonic distortion level. Such a distortion should be estimated and, if possible, the most critical
components should be compensated, e.g., by using the control features of smart power electronic converters. In this paper, we
assume that various smart devices commonly deployed in distribution systems are equipped with an algorithm able to measure
the frequency of the local harmonics and interharmonics affecting current and voltage waveforms. Such local estimates are then
combined to estimate the spectral support of the prevailing sinusoidal disturbances over a given portion of the grid. Some tests
have shown that the proposed approach is effective and feasible. This is a first step towards novel strategies for power quality
improvement in active distribution grids. Future research studies will aim at improving the proposed coordinated data fusion
approach through a more sophisticated clustering technique. Also, a deeper analysis of the possible uncertainty contributions
is needed.
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