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Abstract—This paper introduces a fully automated and unsu-
pervised technique for detecting step changes in synchrophasor
measurements, without prior knowledge or learning data fea-
tures, and without applying the complex task of baselining and
parameter tuning. Step changes in synchrophasor measurements
occur due to shunt switching, controller set point changes, etc.
With increasing grid oscillations from inverter-based resources
(IBRs), step changes are vital for tracking grid response and an-
ticipating IBR controller-related oscillations. This study identifies
step changes through a nonorthogonal discrete wavelet transform
that relies on smoothed gradient estimation. A non-linear filter
based on a multiscale point-wise product of wavelet coefficients
is proposed, which takes advantage of the broadband feature
of step changes within the space of wavelet coefficients. This
filter also eliminates unwanted signal elements, thus decreasing
the occurrence of false positives. Finally, through the statistical
characterization of multi-scale products, we use an adaptive
multiscale dependent threshold for detecting steps amidst real-
world measurement noise and grid oscillations. Our studies
indicate the effectiveness of our method in detecting step changes
in synchrophasor data, supported by showcasing real-world case
studies and discussing practical applications. Our method also
significantly outperforms the relevant baseline detection methods
by measuring Accuracy, F1 Score, and Precision under both
ambient (noise) and step change conditions.

Index Terms—step detection applications, PMU, nonorthogonal
wavelets, non-linear filtering, adaptive thresholding, real-world
problems.

I. INTRODUCTION

Phasor measurement units (PMUs) deliver precise, time-
synchronized data from various locations, enabling utilities
to enhance their comprehension of grid behavior and their
capacity to detect system issues [1]. PMUs are particularly
useful for managing oscillations from inverter-based resources
and conventional power plants [2]. Using PMUs to monitor
such kind of plant interactions enables new control schemes or
parameter adjustments, preventing oscillations [3]. In addition,
a potential problem that could arise due to weakened power
grid conditions is voltage stability. To address this problem,
PMU data-driven techniques use a Thévenin equivalent [4] of
the grid as seen through a load bus to assess voltage stability.
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A significant challenge in addressing these monitoring issues
practically is the simultaneous interaction of numerous com-
ponents with the grid. Therefore, it is necessary to choose the
suitable data window, where the relevant grid dynamics are
dominant for the problem being addressed.

In the context of monitoring deteriorating grid conditions, it
is possible to address this by identifying instances where there
are step changes in key variables like voltage magnitude and
active/reactive power of a power plant. In [5], a very specific
PV plant response due to a topological change near inverter-
based resources was analyzed by examining step changes in
PMU data; however, this step-like pattern has been manually
identified. Other applications that can be aided by step detec-
tion and time localization include inertia estimation [6] and
generator model validation [7]. Step changes in the measured
signal are also used in system identification with probing-
based methods to find bus sensitivities or impedance equiv-
alents, which are used for the stability analysis of distributed
energy resources (DERs) and the control of DERs based on
inverters [8]. In addition to the applications mentioned above,
step detection also plays an important role in instrumentation
development. The National Metrology Institute (NMI) have
advanced PMU calibration systems [9], [10] to better align
with IEEE Std. requirements. Attention has been paid to
dynamic tests [11] and the definition of accuracy limits for
calibrators. For tests involving magnitude and phase steps,
detecting steps and knowing the time of step change is
crucial [12].

PMU-based monitoring and detection applications exploit
signal processing techniques such as the Fourier transform,
wavelet, etc., as effective means of extracting and analyzing
relevant features of the power grid’s dynamics that are present
in the ambient data [13], [14]. Regardless of the specific
signal processing method used for this purpose, threshold
values are needed to determine if the system performance has
deteriorated. The typical method involves using a “predefined”
threshold, which depends on ambient data to set confidence
levels for identifying large sudden changes [15]. Learning-
based approaches require adjusting various parameters to set
a reliable threshold for identifying events using training data
sets [16], [17]. Implementing these strategies in practice is
difficult due to the need for significant historical data and
prior knowledge to set thresholds. They are primarily designed
to detect events that create significant variations in measured



data (e.g., voltage and frequency), such as outages and trips.
However, they may not be effective at detecting certain
changes of interest for analysis, such as steps in signals under
ambient conditions. As power system dynamics evolve with
the integration of renewables [5], data centers, and emerging
technologies, frequent updates and thorough baselining are
essential to adapt to changing grid dynamics. Furthermore, the
time location of abrupt changes, required to analyze dynamic
responses [18], along with reduced sensitivity to noise and
oscillations—which helps avoid false alarms in practice—are
key features addressed in this study.

To resolve these needs, we employ a gradient estimation-
based non-orthogonal discrete wavelet transformation (DWT)
as described in [19], along with product-based filtering on
adjacent wavelet scales [20], [21], as viable solutions to en-
hance step/edge detection in PMU data. This class of wavelets
is also referred to as Mallat and Zhong (MZ)-DWT. The
proposed non-orthogonal wavelet demonstrates a significantly
better characterization of abrupt changes compared to the
widely used Daubechies orthogonal wavelet [15], as evidenced
by our preliminary analysis of the step detection [see Section
D of Section 3 in [22]].

In this paper, we employ MZ-DWT and a nonlinear filtering
process to establish a robust, adaptive threshold based on
the statistical features of scales, relying solely on available
monitored data without requiring historical data or a training
process for different applications. In summary, the contribu-
tions of this work are listed as follows:

• A three-stage step detection framework, consisting of
nonorthogonal wavelet transformation, non-linear product-
based filtering, and inter-scale thresholding, is proposed
to detect step changes in PMU data, applicable to both
ambient and transient (event) conditions.

• The proposed method exploits nonorthogonal gradient
estimation-based wavelet theory, which is applied for accu-
rate detection of edges/steps with time localization under
noise and natural oscillations. This nonorthogonal trans-
formation provides better signatures of the step changes
across multiscales in the wavelet domain for enhanced
detection purposes.

• A nonlinear filter derived from the pointwise product
of scales generates a detection signal characterized by
reduced noise interference and distinct maxima linked to
step changes in the original data, aiding in thresholding.

• An adaptive threshold is proposed by statistically examin-
ing multiscale dependencies within nonorthogonal wavelet
transforms of PMU signals. This method improves de-
tection accuracy and reduces false alarms by studying
noise characteristics across adjacent wavelet scales in each
monitored window of data, ensuring high adaptivity to the
ongoing dynamical changes in the system.

• The method is a fully unsupervised, automated technique
that requires no historical data or training, no parameter
tuning, and no baselining, which are usually big challenges

in real-world utility settings. The proposed method’s sig-
nificance is further examined for real-world uses, such as
characterizing signal patterns, pinpointing change origins,
and utilizing time localization to select suitable data win-
dows.

In the following section, the proposed methodology is given
(Section II). The numerical studies are presented in Section III.
In Section IV, further applications and discussions are shown,
and Section V provides comparisons with other methods.
Finally, we conclude the paper in Section VI.

II. STEP DETECTION METHODOLOGY

A. Nonorthogonal Discrete Wavelet Transform

The wavelet transform, when applied to a function g(x) at
a designated scale s and specific location x, is represented as
Wsg = g(x)∗ψs(x), where the symbol ∗ denotes convolution
and ψs(x) = ψ

(
x
s

)
defines a re-scaled function.

The signal’s instantaneous characteristics can be highlighted
by designing the wavelet transform as a multiscale edge
detector. Let θ(x) be a differentiable function whose integral
equals one and reaches zero as x→ ∞, and let ψ(x) = dθ(x)

dx ,
then the wavelet transform Wsg(x) expressed as:

Wsg(x) = g ∗
(
s
dθs
dx

)
(x) = s

d

dx
(g ∗ θs)(x). (1)

In this formulation, the wavelet transform Wsg(x) con-
stitutes the derivative of g(x), further smoothed by θs(x).
Particularly, when using a Gaussian function for θ(x), the
identification of local extrema within Wsg(x) becomes similar
to the effective Canny edge detection algorithm [23], [24].

To enhance numerical performance, we confine the scale
s to be along the dyadic sequence (2j)j∈Z. Therefore, the

dilation of ψ(x) by 2j is represented as ψj(x) =
ψ( x

2j
)

2j . The
discrete transform of g(x) at the dyadic scale 2j and specific
location x is defined as:

Wjg = g(x) ∗ ψj(x). (2)

It should be noted that by requiring two strictly positive
constants C1 and C2 provided that C1 ≤

∑+∞
j=−∞ |ψ̂(2jω)|2 ≤

C2 ,∀ω ∈ R, we ensure that the entire frequency spectrum
is covered by the dilations of ψ̂(ω) by 2j , where j ∈ Z.
Consequently, ĝ(ω) and thus g(x) can be reconstructed from
its dyadic wavelet transform. The original function g(x) is
reconstructable from its discrete wavelet coefficients via

g(x) =

∞∑
j=−∞

Wjg ∗ γj(x) (3)

where γ(x) indicates any reconstructing wavelet whose
Fourier transform satisfies

∞∑
j=−∞

ψ̂(2jω)γ̂(2jω) = 1. (4)

In this study, the wavelet ψ(x) is designed as a quadratic
spline function that resembles the first derivative of a Gaussian.



Consequently, the proposed wavelet transform works similarly
to an edge detector. The following subsections will detail the
computation of this wavelet and the discrete decomposition of
this specific wavelet transformation.

1) Defining Quadratic Spline Wavelets: This section de-
fines a class of wavelets suitable for the efficient implemen-
tation of discrete algorithms [19]. The Fourier transform of
the smoothing function ϕ(x) can be expressed as an infinite
product1

ϕ̂(ω) = e−iω
+∞∏
p=1

G(2−pω) (5)

where G(ω) is a 2π periodic function satisfying

|G(ω)|2 + |G(ω + π)|2 ≤ 1. (6)

In the above, |G(0)| is equal to 1, and w represents the
sampling shift, which is adjusted so that ϕ(x) is symmetric
around 0. Expression (5) indicates that

ϕ̂(2ω) = e−iωG(ω)ϕ̂(ω). (7)

A wavelet ψ(x) is defined with its Fourier transform ψ̂(ω)
represented by

ψ̂(ω) = e−iωwH(ω)ϕ̂(ω) (8)

where H(ω) is a function with a period of 2π, and it is proven
that ψ̂(ω), γ̂(ω), and ϕ̂(ω) satisfies

ψ̂(2ω)γ̂(2ω) = |ϕ̂(ω)|2 − |ϕ̂(2ω)|2. (9)

It is assumed that γ̂(ω) can be expressed as

γ̂(2ω) = eiwωZ(ω)ϕ̂(ω) (10)

where Z(ω) represents a function that is 2π periodic. By
substituting (7) and (10) into (9), we have

H(ω)Z(ω) + |G(ω)|2 = 1. (11)

Equation (11) provides a sufficient condition for defining
Z(ω) such that γ̂(ω) corresponds to the Fourier transform of
a reconstructing wavelet, thereby satisfying (4).

Our goal is to define a wavelet ψ(x) as the first-order deriva-
tive of a smoothing function θ(x), which is antisymmetric
and maximizes regularity. Consequently, ψ̂(ω) should exhibit
a first-order zero at ω = 0. Given that |ϕ̂(0)| = 1, it follows
from equation (8) that G(ω) must have a first-order zero at
ω = 0. The set of 2π-periodic functions G(ω), H(ω), and
Z(ω) that meet the defined constraints given by:

G(ω) = eiω/2(cos(ω/2))3, (12)

H(ω) = 4ieiω/2 sin(ω/2), (13)

Z(ω) =
1− |G(ω)|2

H(ω)
. (14)

The periodic functions G(ω), H(ω), and Z(ω) correspond
to the transfer functions of discrete filters with finite impulse

1As shown in [25], the conditions in (6) guarantee that (5) defines a
smoothing function ϕ(x) that belongs to L2(R).

responses. These filters play a crucial role in the computation
of fast wavelet transforms, as described in the next section.

Based on equations (5) and (8), it is inferred

ϕ̂(ω) =

(
sin(ω/2)

ω/2

)3

, (15)

ψ̂(ω) = iω

(
sin(ω/4)

ω/4

)4

. (16)

To ensure that the wavelet ψ(x) is antisymmetric with
respect to 0 and ϕ(x) is symmetric with respect to 0, the
shifting constant w of (7) is set to 1/2. Equation (16) ensures
that ψ(x) is a quadratic spline.

2) Algorithm for Computing Discrete Transforms: This
section presents a discrete wavelet transformation method
to analyze the signal at different scales. We define wavelet
function ψ(x) by three computed filters: H , G, and Z.
Hp, Gp, and Zp are discrete filters formed by inserting 2p−1

zeros among the coefficients of H , G, and Z. Thus, the transfer
functions for these particular filters are represented as H(2pω),
G(2pω), and Z(2pω).

Algorithm 1 performs the wavelet transform on discrete
PMU signal Sd1g. At each level 2j , it splits Sd2jg into Sd2j+1g
and W d

2j+1g.

Algorithm 1: Discrete Wavelet Transformation
Data: PMU signal Sd

1g, scale J , discrete filters Hj and Gj , scaling
constants ςj .

Result: Wavelet coefficients W d
j g and scale coefficients Sd

j g for
each scale j.

Initialization; j = 0;
while j < J do

− Wd

2j+1g = 1
ςj

Sd

2j
g *Hj ;

− Sd

2j+1g =Sd

2j
g *Gj ;

− j = j + 1;
end

For precise Lipschitz exponent estimations each dyadic
increment 2j , the sample values from Sd2jg ∗Hj are adjusted
by ςj to correct discretization effects. This ensures wavelet
modulus peaks at step edges are consistent across scales,
unlike in a continuous paradigm. The ςj factors mitigate
discrete scenario discrepancies, with values for filters in [19].

B. Multiscale Nonlinear Filtering

The signal’s behavior in the wavelet domain depends on its
local smoothness, quantifiable by Lipshitz exponents. g(x) is
Lipshitz continuous at x0 for 0 ≤ α ≤ 1 if a constant K0

exists such that near x0:

|g(x)− g(x0)| ≤ K0|x− x0|α. (17)

The term Lipshitz regularity is assigned to the maximal
limit for all α satisfying (17). Equation (18) describes the
correlation between α and the amplitude of the wavelet as
shown in [26]:

|Wjg| ≤ K1(2
j)α (18)

where K1 indicates a predefined constant. A step discontinuity
has a Lipshitz regularity of zero, generalizable to negative



values for more extreme singularities, such as white noise.
White noise has a Lipshitz regularity of −0.5 [27]. As deduced
from Equation (18), for signal singularities with Lipshitz
regularities α > 0, the wavelet transform magnitudes increase
or remain constant as the scale 2j increases. Conversely, due
to white noise’s negative Lipshitz regularity, the transform
magnitudes diminish quickly across scales.

Implementing MZ-DWT reveals that signal singularities
evolve across scales with noticeable peaks, while noise rapidly
diminishes along these scales. Consequently, multiplying the
wavelet transforms at adjacent scales can be viewed as a
method to amplify edge structures while reducing noise. This
property motivates us to discuss the multiscale nonlinear
filtering method.

Multiscale point-wise products have been suggested to en-
hance peaks associated with steps and suppress noise [20].
Therefore, a practical application necessitates multiplication
at merely two consecutive scales as:

Pjg =Wjg ·Wj+1g. (19)

As a result, in the (noisy) measured signal g = f + ϵ,
f ’s salient features (step changes) become more prominent
in the multiscale-based filtered signal Pj,f as compared to
single scale transformation Wjg. Thus, Pjg is chosen as
our detection signal to set the threshold because it further
diminishes the impact of noise and gives very distinct local
maxima associated with step changes, potentially improving
the step detection process.

C. Adaptive Multiscale Thresholding

This section introduces adaptive multiscale-based thresh-
olding using the inter-scale dependencies of wavelets on the
detection signal Pjg [24]. Considering that the wavelet trans-
form operates linearly, the decomposition of a noisy signal
g = f + ϵ through the discrete wavelet transform is expressed
as:

Wjg =Wjf +Wjϵ (20)

where Wjf represents the wavelet transform of the signal f
without noise, and Wjϵ the transform of the additive noise ϵ.

An adaptive threshold applied to Pjg can differentiate large
step peaks (maxima) from smaller noise peaks, automating
step detection. To this end, assuming the presence of solely
noise ϵ in the input, the multiscale products function, Pjϵ =
Wjϵ · Wj+1ϵ, arises, where Wjϵ and Wj+1ϵ are two noise
components at different scales. These two components are
jointly Gaussian with standard deviations for these are σj and
σj+1, respectively, coupled with a correlation coefficient of

ρj,j+1 =
cov(Wjϵ,Wj+1ϵ)

σjσj+1
. (21)

The standard deviation for the products function Pjϵ is given
by

τ = σjσj+1 ·
√

1 + 2ρ2j,j+1. (22)

In practice, the input is composed of a mixture of noise
and the actual signal, with noise considerably influencing

the response (depending on its level). However, by setting a
threshold td = c · τ , where c > 5, essential edge details are
preserved and noise is suppressed [28].

Inspired by these statistical characteristics, we use td as our
threshold, and we set c = 6 based on our experiments working
with real-world data. Moreover, the correlation of scales is
quantified in [21] under Gaussian noise and is used in our
calculations. For example, the correlation between scales 3 and
4 is 0.68. Regarding the calculation of variance on different
scales, the median absolute deviation (MAD) operator is used
as MAD(Wjg)

0.6745 to calculate the variance on each transformed
scale [29].

It is worth mentioning that assuming noise with Gaussian
characteristics is realistic based on real-world statistical analy-
sis, especially for magnitude signals such as those used in this
study [30], [31]. However, to verify this on the basis of the
available data set, Q-Q plots and the autocorrelation function
can be used to test the Gaussianity of the noise. If it deviates
considerably, a whitening process may be applied to the data.
However, this is beyond the scope of our current study.

D. Proposed Framework for Power System Applications

The proposed three-stage framework for step detection
leverages previous theory and formulations to: 1) apply a
non-orthogonal wavelet transform using smoothed gradient
estimates, 2) use nonlinear filtering through multiplying ad-
jacent wavelet scales to extract a signal with local peaks
indicating steps, and 3) set an adaptive threshold by analyzing
the statistical features of the scales and their products to
distinguish noise from step patterns.

A detailed flowchart of the proposed method and its po-
tential application for energy utilities is depicted in Fig. 1.
This figure additionally delineates the computations executed
at each stage of the method and correlates them with the previ-
ously discussed equations and Algorithm 1. Outlined below is
the sequence of essential steps we employ for each incoming
data window, allowing us to dynamically and efficiently set
the multiscale threshold and adjust to the system’s continuous
changes:

• Stage 1: Wavelet Nonorthogonal Transformations
– Defining the wavelet filters with the computed trans-

fer functions.
– Execute Algorithm 1 to determine scales.

• Stage 2: Non-linear Multiscale Filtering
– Select adjacent non-orthogonal scales.
– Perform a multi-point product of multi scales to

suppress noise and extract step change signatures.
• Stage 3: Adaptive Multiscale Threshold Computation

– Compute the correlation of selected wavelet multi
scales ρ(j,j+1) (see Equation (21)).

– Compute noise variance on each scale.
– Compute the standard deviation of the jointly Gaus-

sian function describing the features of multi (adja-
cent) scales (scales j, j + 1) (see Equation (22)).



– Calculate the multiscale threshold td for the chosen
window data with c > 5, which ensures the reduction
of the probability of false alarms and minimization
of noise impact. The threshold is finally defined as
td = c · τ = c · σjσ(j+1)

√
1 + 2ρ2(j,j+1).

The parameters of the threshold (td), such as the correlation
and variance of adjacent scales (j, j + 1), are computed and
updated in each window and are not fixed values for the entire
dataset. Our method’s distinction lies in its dynamic multiscale
analysis of each data window, utilizing continuous statistical
evaluations to discern noise and step characteristics, thereby
enhancing its adaptability to system changes.

In the subsequent sections, we will showcase the applica-
tions and advantages of the proposed method in detail, with
numerous case studies and comprehensive comparisons with
the relevant technologies.

III. NUMERICAL STUDIES OF REAL-WORLD SCENARIOS

In this section, we demonstrate the proposed method effec-
tiveness using real-world PMU data from Dominion Energy.
The synchrophasor data, reported at a rate of 30 phasors per
second, were obtained from digital fault recorders at different
substations. We focus on the positive sequence voltage mag-
nitude data to evaluate our method.

A. Case 1: Characterizing Different Edges

In this case, voltage data recorded for two minutes was
obtained from a 230-kV substation. This data includes one
step, sharp spikes as well as noise (see plot (a) in Fig. 2).
Here, we aim to demonstrate that the proposed approach can
differentiate the step characteristics from other patterns. The
MZ-DWT is applied and four transformations are shown in
plots (b)-(e) in Fig. 2. The first scale (see Fig. 2(b) )includes
high-frequency variations, and each large spike in (a) is repre-
sented as two consecutive spikes moving in opposite directions
in (b). The characteristic features of spikes and noise become
less pronounced in larger scales, (see Fig. 2(d) and (e) ) by in-
creasing the smoothness in the nonorthogonal transformation.
On the other hand, when the step moves upward, larger scale
transformations (especially scales 3 and 4, (d) and (e) in Fig. 2,
respectively) clearly show this step with a distinctive local
maxima. Thanks to the nonorthogonal transformation, the time
frame length and the location of changes are preserved, which
is useful information for selecting the appropriate window of
data for further analysis. This is in sharp contrast to orthogonal
transformations, which change the data length at each scale
of the wavelet transform, thereby losing the timing of the
changes.

To enhance step peaks and reduce noise, we apply nonlinear
filtering using a multiscale point-wise product. We use multi-
scale nonlinear filtering at scales 3 and 4 for step detection,
which suppresses noise and sharpens step peaks. Experiments
show more false extrema with other scales, so scales 3 and 4
are used for all following cases.

Figure 3 shows the results of the proposed nonlinear filter-
ing, with distinct peaks and significantly suppressed noise. It

is important to observe that the peaks are mainly positive due
to the even count of products and the uniform direction of
extrema across various scales. However, peaks from isolated
spikes between 09:09:00 and 09:09:45 in the original PMU
data are reduced due to higher scale smoothing. This enhances
thresholding performance, distinguishing step-related peaks
from other suppressed maxima. Identifying narrow edges and
spikes can be aided by smaller scales, but our focus is on
automating step detection for the utilities needs.

B. Case 2: Controllers’ Interaction
This section examines the response of an OLTC at a

substation near a 69 kV solar power plant. As shown in
[13], oscillations at solar power plants are significant during
morning and late afternoon, under specific controller control
modes. In this substation, due to the OLTC’s proximity to
the solar site, its increased responsiveness adversely affects its
lifetime and maintenance costs. Two scenarios are considered
below.

The first scenario considers the voltage magnitude measure-
ments are shown in Fig. 4(a), where an oscillation is apparent.
Note that it is known that the tap position changes twice
during this voltage period. These changes create two edges
on the voltage data recorded by the PMU, which can hardly
be seen in Fig. 4. All MZ-DWT results shown in Fig. 4 (b)-
(e) indicate the characterized signature (distinctive peaks) of
these two-step changes hidden under severe oscillation. The
multiscale filtered data and threshold can effectively detect
these two peaks exactly, as shown in Fig. 5.

In the second scenario, the voltage data is recorded in the
morning at the same substation and is shown in Fig. 6(a).
Again, when voltage oscillations occur, the number of tap
changes increases, resulting in steps in the voltage magnitude
data, as shown in the plot (a) of Fig. 6. The proposed approach
detects all three small step changes in this case, as illustrated
in Fig. 6(b). Note that the time-stamps are indicated in UTC
time at PM.

These examples demonstrate that detecting step changes
is crucial for analyzing the interactions between controllers
involving IBRs and other devices. Studying these scenarios
may justify the need for PV and OLTC control coordination
to prevent unnecessary operation and maintenance costs, as
suggested in [32].

C. Case 3: Event Detection
Event detection is a popular topic in the field, and it is

known that typical outage events can result in step changes
in the PMU data. We analyze the application of our detection
method for a real-world outage event, shown in Fig. 7. This
event is the result of a line outage occurring within a region
where a 115-kV solar power plant and a switching substation
are located. The proposed method was performed in sliding
window with a window size of 3 seconds, using a total of 90
phasors in each moving window.

Figure 8 shows the detection performance of our approach
in three consecutive moving windows. Although voltage fluc-
tuations exist in windows 1 and 2 (please see (a) and (b) in
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Fig. 1. Flowchart of the automated step detection methodology in PMU data for power system applications.

Fig. 2. An illustration of MZ-DWT, showing (a) the voltage time-series, and
(b) to (e) the initial four scales of the DWT.

Fig. 3. The product of scales and the computed threshold for Case 1

Fig. 8), the detection threshold, indicated by the red dotted
line, does not give a false alarm. In the third window, the
line outage occurs, creating a unique response with two-step
changes which are detected precisely. In this window, the onset
of the first step in PMU voltage data is associated with the
occurrence of the line outage at 7.66 (= 6 + 1.66) seconds.
The step change time within PMU data is computed as the
instance corresponding to the maximum value observed in the

Fig. 4. An illustration of MZ-DWT, showing (a) the voltage time-series, and
(b) to (e) the initial four scales of the DWT.

Fig. 5. The product of scales and the computed threshold for Case 2.

multiscale filtered data Pjg. Consequently, precise estimation
of the event time is indicated by t = argmax(Pjg), which is
equal to 1.66 seconds in the third window.

Detecting abrupt changes and their timing is crucial in
power system studies such as inertia estimation, parameter
identification, online monitoring, etc.



Fig. 6. The profiles of (a) measured voltage data and (b) scales multiplications
and the computed threshold. Note: time-stamps are PM in UTC time.

Fig. 7. Recorded voltage profile for Case 3 (Wi = Sliding window number i)

D. Case 4: Locating The Source of Step Changes

In this section, we consider preprocessed voltage measure-
ments obtained over 12 hours from three PMUs located at
three different 230-kV substations, shown in Fig. 9. The three
substations, SUB A, B and C in Fig. 9, are interconnected
through transmission lines. Furthermore, the capacitor banks
installed at substations A and B are initially connected and
subsequently disconnected. Their operation periods, which
start with a switch-on and end with a switch-off, are high-
lighted in Fig. 9 (orange for A and yellow for B).The voltage
steps (up and then down) during the operation of the capacitor
banks are visible in the PMU data in Fig. 9.

The proposed method is applied to the three streams of PMU
data at the different substations, and the results from nonlinear
filtering with multiscale products are presented in Fig. 10. Our
method effectively detects the step changes that we focus on
in this application.

Let us concentrate on the period highlighted in orange in
Fig. 10, during which the capacitor bank in substation A is
connected at the beginning and disconnected at the end of this
colored interval. As shown in Fig. 10(a), the magnitudes of the
peaks in substation A are greater during this interval compared
to the magnitudes in plots (b) and (c), which represent the
voltage at substations B and C, respectively. This confirms
the fact that the capacitor bank switching occurs at SUB

Fig. 8. The product of scales and the computed threshold (shown with dotted
red lines) for three consecutive windows: (a) Window 1, (b) Window 2, and
(c) Window 3

Fig. 9. The profiles of voltage in three real-world substation.

Fig. 10. The product of scales and the computed threshold (shown with dotted
red lines) for three different locations: (a) Substation A, (b) Substation B, and
(c) Substation C.

A, as the voltage is affected by the injection of reactive
power at the substation where it is measured. Now, our focus
shifts to the period highlighted in yellow, where the capacitor
bank of substation B is connected at the beginning and then
disconnected at the end of this interval. As shown in Fig. 10(b),
associated with SUB B, the multiscale filtered data reveal
higher maxima (peaks) at the onset and end of this yellow-
colored interval compared to other maxima shown in plots (a)
and (c) for SUB A and SUB C within the same time interval.

These findings demonstrate that the peaks of multiscale
products are not only useful for detecting step changes but
also can serve as a criterion for identifying the source of
these changes. Identifying the location where the step change
originates from and subsequently selecting the appropriate
window of data from the available PMUs at different locations
is useful for power system studies, such as computing Q-V
sensitivities to assist in voltage stability analyses [33]. For
illustration, we used two consecutive data windows from the
bus in SUB A for Q-V sensitivity analysis. In the first window,
the step change occurs due to an external source (grid-induced
action), while in the second window, the step change occurs
due to internal source (switching on of a capacitor bank) in
SUB A, denoted as a locally-induced action. The sensitivities
dV/dQ in windows 1 and 2 are computed for the bus in
SUB A using the linear regression routine in statsmodels [34],
yielding: - 0.012 and 0.049, respectively. The observed positive
values can be attributed to the activation of the capacitor
bank in SUB A, which raises the voltage magnitude and
concurrently introduces extra reactive power. The systematic
application of the proposed automated method along with the
sensitivity computations can help utilities in planning studies,
such as studying the sensitivity of a particular bus and finding
impedance equivalents from the perspective of that bus, as
shown in the examples in [35].



Fig. 11. The profile of (a) voltage magnitude before and after the step change,
(b) outputted power under the dynamic response, and (c) the detection signal
and thresholding.

IV. FURTHER APPLICATIONS

A. Supporting Parameter Estimation for Dynamic Equivalents

Dynamic equivalents can be used for stability analysis for
a grid (or portion thereof) where a model is not available,
or where a low-order simplified representation is needed. The
equivalent model represents the whole or part of the actual
power system, for which estimated parameters are needed. To
automate this process for utilities, it is important to detect step
changes in the data stream and locate its time of occurrence.

To illustrate part of this process, we consider a synthetic
first-order dynamic response in [18] under 0.8% step change
in the voltage signal, as shown in Fig. 11(a). Meanwhile,
Fig. 11(b) shows the system’s dynamic response under this
step change. Applying the method proposed in this paper, the
step change is detected accurately and its timing is located
using our proposed method, as shown in Fig. 11(c).

Now, consider a scenario in which we have an extensive
stream of data. The proposed method can effectively identify
and select the appropriate windows where the step changes
occur, facilitating dynamic response analysis. Furthermore, the
proposed threshold can be used to separate noise from the
underlying pattern, helping to reconstruct clean measured data
without noise using the inverse of wavelet transformation. This
can significantly improve data quality, a necessary task for
the accurate identification of the parameters of the equivalent
model [18].

B. Supporting Model Validation for Stability Analysis

Power system stability analysis requires accurate physics-
based models. The model becomes inaccurate when there is
a discrepancy between the assumed model and the actual
measured response. Model validation is necessary to confirm
the accuracy of the model and, consequently, that of the
different stability analyses that use the model. One of the
particular stability analysis methods of interest is small-signal

Fig. 12. The spectrogram of the system’s actual response.

stability, where the system’s dominant modes and mode-shapes
are determined and stability margins are determined [36]. This
stability analysis can alternatively be performed using PMU
data [37]. Hence, a difference between the mode estimates vs.
modes determined using a physics-based model can indicate
potential inaccuracies in the physics-based model, as long as
the mode estimates have been obtained with relatively low
variance [38]. Hence, model validation w.r.t. small-signal anal-
ysis would imply comparing the error between the identified
and computed modes modes, and could be performed based
on different methods, such as residual-based analysis [39].

To illustrate, we consider a mode estimation algorithm
based on the Yule-Walker method, which is established for a
synthetic system with a 1 Hz mode [13]. We now evaluate the
validity of a corresponding simulation model by examining its
system response under ambient conditions, e.g., considering
load or generation variations, controller responses, etc., and
by using residual analysis. If the simulation model’s response
is valid, only small residuals close to zero should appear.
Otherwise, larger residual values indicate a mismatch between
the model and the actual system.

To perform this analysis, we produce two data sets, the
“actual” system response, which includes unmodeled dynam-
ics compared to the “simulation” model, illustrated in Fig.
12. This figure shows the spectrogram of our system’s actual
response with mode changes over time. Next, recall that
our power system model includes only a 1 Hz mode. By
visual inspection of Fig. 12, it can be observed that the
actual response of the system contains two modes, while
the simulation model contains only one mode. This implies
that the simulation model is not accurate, as it does not
model certain dynamics observed in the actual response. To
quantify this, in Fig. 13(a), the residual changes due to the
mismatch between the actual response of the system and the
simulation model appear as step changes. Hence, the proposed
step detection method can identify inaccuracies in the model
as the system condition changes, as shown in Figure 13(b),
making it suitable for testing the validity of the model.

Please note that the illustrations in the previous two sections
are meant to discuss the potential applications of the proposed
methodology for different types of studies. The applications in
question require further development, which is not within the
scope of this paper.



Fig. 13. The profile of (a) residuals, and (b) step detector.

Fig. 14. Samples of generated scenarios with step changes. Each color
corresponds to a different scenario.

V. COMPARISON OF METHODS

A. Quantitative Comparisons

In detection methods, there are two primary steps: first, the
original signal is characterized and referred to as the detection
signal, followed by setting a threshold for this detection signal.
The effectiveness of this thresholding process is closely linked
to the quality of the detection signal obtained.

We generate 100 scenarios that involve step changes and
another 100 scenarios that represent normal operating condi-
tions for detection analysis. Each synthetic PMU data stream
is 5 seconds long and is “reported” at 30 phasors per second.
Signal-to-noise ratio (SNR) values of 40, 50, and 60 are
randomly added to the signal, creating realistic Gaussian noise.
Moreover, small magnitude step changes, ranging from -3%,
-2%, -1% to 1%, 2%, and 3% of the signal, are randomly
applied to a signal with a magnitude of 1. Fig. 14 shows a
few samples of the generated scenarios.

Using the prepared data set, different step detection ap-
proaches are compared as follows:

• The orthogonal db1 wavelet is used for signal characteri-
zation because it shows promising performance in power
system studies that deal with abrupt change detection
[15]. This choice is meaningful and intuitive because of
the step-like pattern of the db1 or Haar wavelet. Our
experiments show that the results of scale 3 and scale
4 of this transformation provide distinctive features as a
detection signal to be used for step detection. Universal
thresholding is used for these cases because it is effective
and relevant for wavelet applications [40], [41].

• A gradient estimator employing an FIR filter configured
as [-1, 0, 1] is used [21]. This is not based on wavelet

theory. This approach is used effectively in edge/step de-
tection problems. The threshold based on Median Absolute
Deviation (MAD) [42], is used to detect steps.

• A Hilbert-based detection method proposed in [43] is
adopted for comparison with the proposed method. The
Hilbert-based method was used for step detection of sig-
nals in the context of phasor measurement unit calibration
as described in [43].

• A data-driven detection method with multi-band features,
as proposed in [44], [45], is selected for our comparisons.
This was used for event detection problems and creates
signal bands with statistical features to capture overshoots
and undershoots in PMU data, as described in [44], [45].

• Our proposed gradient estimation-based wavelet is used
to characterize the signal. The MAD-based threshold is
set on a single wavelet scale. In another strategy, we use
multiscale filtering of our proposed wavelet and then the
proposed thresholding method on it, which is our best
proposed solution for step detection.

We aim to detect steps (positive class) versus non-steps
(negative class) and analyze the performance of the models
using different metrics. ACC measures the proportion of
correct detections (both steps and non-steps) out of the total
number of cases. It is defined as:

ACC =
TP + TN

TP + TN + FP + FN
(23)

where TP represents True Positives, which are correctly
detected steps; TN indicates True Negatives, which are cor-
rectly identifying non-steps; FP is False Positives, incorrectly
detecting steps; and FN represents False Negatives, which are
undetected step changes. Moreover, precision (PRE) measures
the proportion of correctly detected steps out of all cases
detected as steps. It is defined as:

PRE =
TP

TP + FP
(24)

The F1 score represents the harmonic mean of Precision and
Recall, offering a balanced metric that is particularly valuable
in scenarios where both false positives and false negatives are
critical, such as in power system applications. This score is
defined as:

F1 = 2× PRE × Recall
PRE + Recall

(25)

where Recall is expressed as TP
TP+FN . These metrics evaluate

detection or classification performance by providing a quanti-
tative measure ranging from 0 to 1 [46].

As indicated in Table I, our proposed method based on
multiscale thresholding significantly outperforms others in
different metrics across 200 scenarios. To visualize this as-
sessment, we chose to show two scenarios with step changes,
as illustrated in Fig. 15.(a) and Fig. 16.(a). The unsuccessful
detection performance of the Hilbert-based technique [43] and
the data-driven detection solution [44] are shown in Fig. 15.(b)
and 16.(b), where the computed thresholds could not detect
step changes.
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Fig. 15. Illustrative comparison with Hilbert-based method [43]: a) signal with step changes, b) Hilbert-based detection performance, c) proposed method’s
performance.

(a) (b) (c)
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Fig. 16. Illustrative comparison with data-driven method [44]: a) signal with step changes, b) Data-driven detection performance, c) proposed method’s
performance.

Referring to Fig. 15.(b), observe that the Hilbert-based
method shows high sensitivity to noise, causing false alarms
under ambient data, which is also evident in the metric scores
in Table I. Meanwhile, as it can be observed in Fig. 16.(b),
the data-driven method establishes thresholds directly on the
original data and creates overshoot and undershoot bands,
which results in poor detection performance. In contrast, our
proposed method first transform the data to obtain better
signatures and then establishes the threshold on the new
representation of the data.

Observe in Figs. 15.(c) and Figs. 16.(c) that our method
is capable of recognizing the step changes as it established a
threshold that can effectively detect them in both cases. This is
thanks to the three-stage process where the data transform into
a well-represented domain with nonorthogonal wavelets, the
noise is suppressed efficiently with multiscale product filtering,
and finally, computing a multiscale adaptive threshold based
on the grid conditions and signal features.

It should be pointed out that the second-best performing
method is also based on our proposed wavelet transforma-
tion, but implements a single-scale threshold. This results in
performance degradation when compared with the proposed
multiscale-based method, as evidenced by an 8.4% drop in
PRE. Despite this, it still outperforms all baseline methods
thanks to the effective data transformation with our suggested
nonorthogonal wavelet method.

B. Qualitative Comparisons

Our method presents several benefits, as detailed below:
1) Application Versatility: As shown in Sections II, the

proposed method can be used for multiple applications such
as effectively detecting capacitor bank switching, OLTC re-
sponses to IBR operations, line outages, and newly induced
modes under oscillations. It also pinpoints the timing of these

TABLE I
COMPARING THE PERFORMANCE OF STEP DETECTION APPROACHES

Detection Strategy ACC % F1 % PRE %
Universal threshold with db-1 (scale 3) 0.680 0.712 0.648
Universal threshold with db-1 (scale 4) 0.610 0.675 0.579
Gradient estimation with FIR filter 0.735 0.749 0.712
Hilbert-based method 0.579 0.695 0.541
Data-driven detection method 0.625 0.640 0.614
Proposed wavelet with single-scale thresholding 0.865 0.874 0.817
Proposed wavelet with multiscale thresholding 0.905 0.905 0.901

changes, which is crucial for automated utility studies, includ-
ing model validation and parameter estimation. In contrast,
the studies in [15] and [17] focus solely on detecting events
that cause significant changes in the magnitudes of measured
signals and do not demonstrate applications for ambient data
analytics or the tracking of changes under ambient conditions.

2) Robustness to Ambient Noise: A challenge in working
with real-world synchrophasor data is the effect of random
load variations, which excite small-signal dynamics under
normal conditions and are referred to as ambient data. Ambient
data pose challenges in detection, such as the risk of false
positives in detection applications (e.g. the Band 1 filter
used to monitor WECC in BPA [47]). The proposed method
demonstrates minimal sensitivity to noise and system dynamic
changes by employing a highly robust threshold that is updated
based on noise levels (see Table 1) and grid dynamical
conditions (see Section III, Figures 7 and 8). This capability
will be particularly beneficial in the future, given the increased
integration of IBRs, data centers, and new components that
influence system dynamics [5]. In contrast, other statistical
and signal processing methods, such as MAD and universal
thresholding [40], [45], often struggle to effectively distinguish
noise features from the underlying desired patterns compared



to our method.
3) Adaptivity without Requiring Historical Data: The

method does not require prior knowledge or historical data
to establish a baseline to characterize normal behavior in
detection. Instead, it relies solely on data from the monitored
window, without requiring the complex task of setting pa-
rameters, and it adapts to evolving changes, making it highly
practical, robust, and adaptive. Unlike conventional studies that
require extensive baselining studies and training datasets [48],
the proposed method can be effectively applied without the
burden involved with existing and emerging methods [15],
[16], [17], [49]. This is particularly important because, in
practice, large datasets are not always well-organized, stored,
or cleaned for analysis, and may not be applicable for the
actual power grid of interest.

VI. CONCLUSIONS

This paper introduced a robust framework for detecting step
changes in real-world PMU data. The operation of different
power equipment frequently appears as steps in synchrophasor
data, and accurately detecting and locating these steps can sig-
nificantly help in selecting appropriate data windows for power
system studies, understanding controller responses, detecting
events or set point changes, conducting root cause analysis,
and to support other analysis applications.

The proposed method was developed using the nonorthogo-
nal wavelet transformation and smoothed gradient estimation.
It was designed to characterize edges in signals at multiple
scales using local maxima while preserving temporal infor-
mation in all scales. Motivated by the Lipschitz regularity
concept, multiscale product theory was then applied to ef-
fectively extract distinctive step-related features across scales
while filtering out noise. Finally, the adaptive threshold on the
multiscale filtered data completed the detection task in our
automated step detection process.

The proposed approach was able to detect both small and
large step changes in synchrophasor data effectively while
providing information on the instant of the step changes. The
method does not require historical data or learning datasets,
making it practical for real-world problems. Furthermore, we
illustrated how the method can support practical applications
by showcasing various case studies.
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