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Abstract—The power system requires new monitoring and
controls due to changes both at the generation side as well as the
load side. Synchrophasor technology with synchronized and high-
resolution measurements provided by Phasor Measurement Units
(PMUs) has been recognized as a key contributing technology for
advanced situational awareness, including event identification,
where the application of machine learning techniques is a hot
topic recently. However, recent methods focus on supervised
learning techniques that require event records, which may be
unavailable due to labeling cost. Even if labels exist, the uneven
labeled data may cause biased learning models. To address these
challenges, an unsupervised learning approach is proposed for
conducting fast event identification. Specifically, a highly sensitive
and accurate change-point detection method is firstly introduced
for finding events via data distribution changes. After detection,
event type identification is achieved via a two-stage information
filtering. In stage 1, we use cluster number in principal component
analysis (PCA) to split the event types. In stage 2, we narrow down
the type by evaluating cluster compactness for measuring event
severity. Finally, we solve the event localization problem based on
a hierarchical clustering to group PMUs with significant changes
across change points. Numerical results show fast and robust
performances of the proposed methods for different events at
different locations.

Keywords—Event identification, phasor measurement unit, un-
supervised learning, change point detection, hierarchical clustering.

I. INTRODUCTION

Power system complexity is increasing with new technolo-
gies such as intermittent renewable generation and new types
of loads such as electrical vehicles (EVs). To achieve grid
reliability, new methods and tools for enhanced situational
awareness are needed, with advanced functions including fast
and accurate event identification. The growing installation of
Phasor Measurement Units (PMUs) that provide high reso-
lution and synchronized phasor measurements, enables the
development of applications for situational awareness.

With synchrophasors, there are mainly three categories
of data analytical techniques for event identification, namely
optimization based [1], signal-analysis based, and machine
learning based [2] techniques. For optimization methods, they
mainly focus on concrete events like forced oscillations [1]
with specific physical constraints, which may not be general
to common events. For signal analysis, one employs signal pro-
cessing techniques, such as window-based threshold, wavelet
transformation, and Swing Door Trending (SDT) [2]. These
methods focus on detecting the duration of an event in a
long period but lack the ability to integrate spatial correlations
of different signals. Machine learning methods treat each
measurement as a random variable and build classification
models to correlate PMU measurements and the event labels.
Such supervised learning methods include Artificial Neural

Network (ANN) [3], and Long Short-Term Memory (LSTM)
units [4]. However, no matter how accurate these methods are,
they typically face the challenge of insufficient training data
sets for labeling. One reason is that some events are uncommon
and rarely captured in historical PMU measurements. Second,
many event records are missing in utility logs. For example,
[5] claims 1, 013 events could be identified based on a utility’s
PMU records from 2001 to 2010, but only 84 events were
reported in the utility log files. In addition, there are limited
numbers of PMUs, so not all events are captured. Finally, the
uneven labeled data may cause a biased learning model.

For unsupervised learning, [6] identifies PMU measure-
ments with large variance via PCA. [7] builds an event-
type dictionary with subspace spanned from the principal
components. [8] employs hierarchical clustering to cluster
the dynamic behavior of generators. All of these so-called
unsupervised learning methods still need prior information of
event types or locations that are usually unavailable. They also
lack physical understanding and interpretability. For example,
[7] claims variables with high variance are the event locations.
However, this is inaccurate since for example, intermittent
renewable generators might introduce variance in the electrical
quantities without the occurrence of any events.

To address these issues, we propose an unsupervised
learning-based framework with fast event detection, physically
meaningful event type differentiation, and localization. Specifi-
cally, a change-point-detection algorithm is utilized to monitor
statistically significant system changes based on PMU mea-
surements. After segmentation, principal component analysis
(PCA) projects an event segment into three major-variance
axes with physical meaning. Then, we aim at identifying the
event type via a two-stage information filtering process. In
stage 1, we use the cluster number in PCA to roughly quantify
the event types. In stage 2, to narrow down the event type, we
evaluate the compactness of clusters to measure the event’s
severity. Finally, we solve the event localization problem based
on a hierarchical clustering to group PMUs with significant
change across the change point. Extensive simulations are
conducted with General Electric’s Positive Sequence Load
Flow (PSLF) tool to collect data, and our proposed methods
show robust performances.

The rest of the paper is organized as follows. The problem
formulation is in Section II. The proposed unsupervised learn-
ing framework is explained in Section III. Section IV demon-
strates the experiment setting and the representative results of
our proposed methods. Section V shows the conclusion.

II. FRAMEWORK AND MODEL OF THE PROPOSED METHOD
Fig. 1 shows a general idea of the learning model and

framework. Our goal is to indicate 1) whether an event happens



Fig. 1. An illustration of physical-law guided machine learning.

and when it happens, 2) what type the event is, and 3) where
the event locates. To achieve these goals, we first conduct a
change point detection to find when the event happens. Then,
the event type differentiation module helps to cluster the event
type based on the internal property of a specific event. Finally,
the event localization module locates the event for the operator.

For the system model, we assume that there are only
limited numbers of PMUs in the system and we don’t have any
historical labels. The historical PMU streams provide M ×A
samples, where M is the number of total samples and A is
the number of variables, i.e., PMU measurements. To achieve
a fast event identification, we consider T0 seconds of PMU
measurements each time, where T0 is large enough to capture
the dynamics after an event, but not too long to lose the ability
for fast identification. Totally, we have N (N �M ) samples
during T0 seconds. Together, we form the N ×A matrix X .

III. UNSUPERVISED EVENT IDENTIFICATION

A. Event Detection based on Change-Point Method
A change point represents a transition between different

system states according to time-series PMU measurements.
The PMU data matrix is a sequence of A dimensional signal
xi, i.e., X = [x1,x2, · · · ,xN ]T , where superscript T is
the transpose operator. In our setting, some components of
xi can change abruptly at some unknown timestamps t∗ =
[t∗1, t

∗
2, · · · , t∗H ], where t∗1 < t∗2 < · · · < t∗H , and H is the

total number of change points. Therefore, each sub-sequence
{xt∗h ,xt∗h+1, · · · ,xt∗h+1

} (1 ≤ h ≤ H) is generated from the
same system state, e.g., a period of voltage measurements in
one fixed grid structure. Based on the data, a change point
detection algorithm tries to find the estimated time index
T̂ = {t̂1, t̂2, · · ·} via an optimization problem:

T̂ = argmin
T̂

|T̂ |∑
h=1

fc(xth ,xth+1, · · · ,xth+1
) + fpenalty(T̂ ),

where the operator |·| calculates the cardinality of the objective;
the function fc is a cost function that measures the goodness-
of-fit of the sub-sequence, and fpenalty(T̂ ) is a penalty term
that represents the complexity of T̂ . There are many choices
of cost functions, and here we introduce the parametric model.
Basically, we assume the loads are smooth in the small time
period T0 as defined in Section II. Therefore, the elements
of the sub-sequence {xth ,xth+1, · · · ,xth+1

} are generated
from the similar system state and approximately share the
same parametric probability distribution fd(xh|θ), where θ
represents a set of parameters that change abruptly when a
change point happens. Thus, we can use maximum likelihood
estimation to build the cost function:

fc(xth ,xth+1, · · ·,xth+1
) = − sup

θ

th+1−th∑
i=0

log fd(xth+i|θ),

Fig. 2. PSLF simulations for different events.

where we use supθ to represent the process of maximum
likelihood estimation to find the θ, and the negative log-
likelihood is served as the cost function. Distribution function
fd(xh|θ) can be chosen via the prior knowledge of data
distribution. In this paper, we employ ruptures package [9]
in Python to find the optimal change points.

B. Event Type Identification via Clustering and Compactness

Since there are no labels indicating the event types, our
unsupervised learning methods use two stages to narrow down
the possible event type with physical understanding. In the first
stage, we conduct principal component analysis (PCA) to form
clusters and focus on the most important features. By counting
the cluster numbers, we can roughly classify the possible event
types. For example, line trip and generator trip have 2 clusters
and the line faults have 3 clusters. In the second stage, we
evaluate the compactness of normal and event data distribution
as different events have different levels of severity. Such a two-
stage quantification helps us obtain the event type estimation.

1) Principal Component-Based Data Pre-Processing: The
event severity depend on the dynamic process of an event.
Therefore, different events will have different dynamic devia-
tions due to different grid parameters in the dynamic process.
For example, Fig. 2 presents the dynamic voltage magnitude
signals in one node. To capture this dynamic deviation, we
sample data from the pre-event mode to post-event mode and
obtain a voltage-magnitude matrix X , where a row represents
samples and a column represents nodes.

For extracting the most important features for our two-stage
event type identification, we utilize PCA to find the major-
variance directions. Without loss of generality, we assume X
is centralized, leading to the direct application of the singular
value decomposition (SVD) for PCA: X = USV T , Y =
XV . The columns of V represent principal components and
we can project the original matrix into the PCA-based space



Fig. 3. PCA and rescaling for event type differentiation.

to obtain data matrix Y . For example, Fig. 3 visualizes the top
three principals’ data points in Y , which correspond with the
first three columns in Y . Green nodes represent the pre-event
mode data; orange nodes represent the dynamic data and blue
nodes represent the post-event mode data. The events include
line trip, generator trip, single-phase-to-ground fault, phase-to-
phase fault, and three-phase fault. From the figure, we observe
the following patterns.

• Pattern 1: line trip and generator trip have 2 clusters
and other line faults have 3 clusters, where the 3rd

cluster lies far away from the 1st and 2nd clusters
in the horizontal plane, spanned by the 1st and 2nd

components.

• Pattern 2: the data distribution has different compact-
ness, including the distances between different clusters
and the density of each cluster.

2) Stage 1: Clustering According to Dynamic Modes:
Pattern 1 suggests that the dynamic deviation for line faults
and the post-event mode deviation for line trip or generator
trip account for the maximum variance of X , i.e., the deviation
in the horizontal plane. Since line trip and generator trip
come from switching off a breaker, they have relatively small
transient processes in Fig. 2. Therefore, the 3rd cluster does
not exist in Fig. 3. Furthermore, since different events have
different deviations, the compactness of data is different with
respect to the deviation, leading to pattern 2.

To obtain clusters in the PCA-based space, we measure
the distance between data points. However, the weights for
different principals are different in terms of distance calcula-
tion. For example, in Fig. 3, the cluster under normal operation
in the line faults stretches mostly in the 3rd component, but
this disturbs the aim to capture the dynamic deviation that
mainly lies in the 1st component. In this sense, the length
in the horizontal plane should have a bigger weight, since
horizontal plane represents the most data variance due to the
first and second principles. Therefore, a rescaling is introduced
to weight points in Y matrix: Φ(Y )(a) = λaY (a), 1 ≤ a ≤ A,
where Y (a) and Φ(Y )(a) are the ath column of Y and Φ(Y )
matrices, respectively. λa is the corresponding eigenvalue for
the ath feature. The mapped data is shown in Fig. 3, we find
that the cluster extension in the 1st component is emphasized.

Subsequently, the stage 1 clustering is introduced to find
the number of clusters in PCA-based space. Specifically, we
utilize a fixed benchmark XB that contains normal states (e.g.,
voltage magnitude measurements in PMUs) under various
loading conditions. Then, we combine XB with the dynamic
segment and post-event segment of an event XE (obtained
via change point detection) into the training data matrix
X = [XB , XE ]T . The rescaling mapping transforms the X
matrix into Φ(Y ) = [Φ(Y B),Φ(Y E)]T matrix. Since Φ(Y B)
represents the normal cluster, we only need to do clustering for
Φ(Y E). Thus, a top-down hierarchical clustering is introduced
to find the number of clusters and divide the event type.

Basically, the algorithm views initial points in Φ(Y E) as
one big cluster and recursively splits the cluster(s) via a k-
means clustering where k = 2. For the ith iteration, we obtain
N i ≤ 2i clusters (some clusters may stop division in the
previous iterations). For the jth (1 ≤ j ≤ N i) cluster that
can be further divided into 2 sub-clusters with centers cj1 and
cj2 , we introduce the stopping criterion:

max{||cj1 − cb||, ||cj2 − cb||}
min{||cj1 − cb||, ||cj2 − cb||}

≥ ε1, (1)

where || · || represents the Euclidean distance, cb is a vector
representing the cluster center under normal operations and
ε1 is a constant threshold. (1) illustrates that if the distances
from jth1 and jth2 cluster centers to the normal centers are close
(i.e., these 2 clusters have similar severity from the normal
operation), the algorithm will stop dividing the jth cluster.
With this criterion, all the clusters are grouped via the severity
level: the generator and line trip have only 1 severity level
(post-event mode) we will obtain 2 clusters (with the normal
cluster). However, the line faults have 2 severity level (dynamic
mode and post-event mode) and we will obtain 3 clusters.

3) Stage 2: Compactness Classification via Severity Levels:
From Fig. 2, we learn that the three-phase fault has the

severest signal changes relatively. So, such information can
be used to refine the event type further. Such a severity can
be interpreted as compactness of data distribution in Fig.
3. Quantifying the compactness of Φ(Y ), we implement a
weighted-vectorization approach. Specifically, top 3 columns,
in Φ(Y ), are vectorized into one vector z = [zB , zE ]T . Since
the dynamic process is short, the number of points in the 3rd

cluster in Stage 2 is small (e.g., 4 points in Fig. 3). Thus,
points in the 3rd cluster should account for more weights to
emphasize the dynamic deviation and avoid being treated as
insignificant outliers. Therefore, we reweight the components
in z based on the number of points in the same cluster:
φ(z)(j) = z(j)/Ni, i ∈ {1, 2, 3}. If the jth component z(j) in
z belongs to the ith cluster, we divide z(j) by the number of
points in the ith cluster, i.e., Ni. Finally, we do normalization
to φ(z) to limit the range in [0, 1].

The above process from X to φ(z) can be viewed as
a physical knowledge guided mapping, in which the event
is projected differently according to different severity levels.
Thus, we utilize φ(zi) to denote the projection for the ith

event.

With these projections, we denote S = {S1, S2, · · · , SL}
as the event type set, where L is the number of event types.
Then, an off-line k-means (k = L) clustering can be employed

to find the event centers: argminS
L∑
l=1

∑
φ(zl)∈Sl

||φ(zl)− µl||2,



Fig. 4. We display the topology of Illinois 200-bus system for PSLF.

where µj is the centroid of event Sj . This optimization can
be solved via Lloyd’s algorithm.

The following observations can be utilized in the training
and validation process: 1) the value of k can be denoted as a
fixed number according to the number of common events in
the grid, and 2) the number of points in the cluster represents
the event frequency. For example, line trip is the most common
event in this paper, and therefore, the cluster that contains the
most points should be the line trip.

Finally, online testing is implemented in real time. For
L event types, we calculate the distance between the new
data φ(zi) to the event cluster center µj , d(i, j) = ||φ(zi) −
µj ||, 1 ≤ j ≤ L. Thus, the new event will be classified into
the event cluster that has the minimal distance.

C. Event Localization
1) Change-Point-based Localization: For event localiza-

tion, one idea is to see which PMU has the most significant
change. Then, such a PMU can infer the area that an event
is likely to happen. For example, we can use the result from
change-point detection to rank the relative change at different
PMU. Recall that t̂1 represents the event changes from normal
mode. Thus, we use the criterion below to select the PMUs
with large changes at t̂1:

N∑
n=1

∣∣∣∣X(t̂1 + n, a)−X(t̂1 − n, a)

N ·X(t̂1 − n, a)

∣∣∣∣ ≥ ε2, ∀1 ≤ a ≤ A, (2)

where N points before and after t̂1 are used to calculate the
percentage change and ε2 is a constant. In a A×1 index vector
ind, if ath variable is selected, the ath component is 1, and
otherwise 0. We denote indi as the index vector of the ith

event. Thus, the event location is linked to the PMU locations.

2) Increase Robustness Via Grouping PMUs: While the
change-point-based localization is a good starting point for
studying the localization problem, it is non-robust due to
factors such as imbalanced system setup and increasing in-
termittent renewables in the power grid. This makes PMU
measurements with large variance unnecessary locate near the
event location. For example, if generators are far away from
the load area in a loopy structure, the measurement at the
far away generator may change significantly during a line trip
event at the load area. This makes change-point-based method
prone to error, calling for robustness. For this purpose, we
combine the event vector φ(zi) with the PMU-index vector
indi to obtain ψ(zi) = [φ(zi), λindi]

T , where λ is a penalty
constant. φ(zi) is employed to avoid the case when two events
are close to each other so that they share the same index vector
ind. Hierarchical clustering can be used to group PMUs in the
same area with similar behaviors. This means that there could
be some relative far location with large change, however more

Fig. 5. The results of change point detection.

PMUs at the fixed event location will join the vote according
to the hierarchy of overall system behavior.

In such a clustering method, one needs to choose link-
age criterion. For example, Euclidean distance d(i, k) =
||ψ(zi) − ψ(zk)|| can be used among the ith and kth

points. Such grouping individual members, one can start to
connect groups, e.g., group F and group C: d(F,C) =

1
NF ·NC

∑
f∈F

∑
c∈C d(f, c), where NF and NC are the num-

bers of points in F and C. We utilize the following stopping
criterion in hierarchical clustering: d(F,C) > ε3, where ε3 is
a constant. If the linkage criterion between F and C is large,
the compactness helps to distinguish two groups.

Notably, the change-point detection and hierarchical clus-
tering should be used even for historical PMU data. So, when
a new event comes, we detect it and calculate the distance
between this event to each cluster centers and label the new
event via the minimal distance. If several distances have similar
value, the new event is regarded as an unknown event location
that needs further query from the utility.

Finally, the PMU number is usually insufficient for many
grids, making it hard to directly find the location. However,
we can assume that information on several PMUs in one area
can largely quantify the location area of the new event due
to continuous loading variation in the area. This can give an
index.

IV. NUMERICAL EXPERIMENT
Numerical experiments are conducted using Positive Se-

quence Load Flow (PSLF) tool to generate synthetic mea-
surements. The Illinois 200-bus system (Fig. 4), known as
ACTIVSg200 case, is utilized to demonstrate the results. In
the following experiments, we test 5 events: 1) line trip, 2)
single-phase-to-ground fault, 3) phase-to-phase fault, 4) three-
phase fault, and 5) generator trip.

A. Change Point Detection
We employ ruptures package in python to conduct change

point detection. In this experiment, the line trip is between the
buses (5, 64) and the faults are applied in the middle of the
same line and generator trip is applied at generator 50. Voltage
magnitudes of 200 buses are input to the package. The results
show that ruptures package successfully detects 1 change point
for the generator trip and line trip and 2 change points for the
line faults. Fig. 5 illustrates the detected change point of 5
events in voltage magnitude at node 50. However, for normal
signal, our algorithm indicates there is no change point.

We also consider different PMU penetration levels
(100%, · · · , 10%). For example, 50% penetration represents
half of the nodes are equipped with PMUs. The final result
shows that under different PMU penetrations, the package can
successfully find the change point(s) for these 5 events.



Fig. 6. Distances between 5 new events and the cluster centers.

Fig. 7. 200 buses’ voltage magnitude change before and after a change point.

B. Event Type Detection
In this subsection, we conduct line trip, line faults and

generator trip at 80 lines and 20 generators. Then, we test
voltage magnitude data in stage 1 clustering to find the number
of clusters. For each event type, we average the number of
clusters with respect to different locations. Different PMU
penetrations are considered and the average number of clusters
is shown in Table I. We find our proposed top-down clustering
is robust for different PMU penetrations as well as different
locations.

TABLE I. THE AVERAGE NUMBER OF CLUSTERS AFTER CLUSTERING.

PMU penetration(%) 10 20 40 60 80 100

Line trip 2 2 2 2 2 2
Generator trip 2 2 2 2 2 2
Single-phase-to-ground fault 3 3 3 3 3 3
Phase-to-phase fault 3 3 3 3 3 3
Three-phase fault 3 3 3 3 3 3

Subsequently, we input the normalized event data to k-
means clustering where k = 5 and obtain 5 clustering centers
c1, · · · , c5. Then, we randomly conduct 5 new events (1 for
each event type) for 10 times, the general performance shows
that we can classify each event type correctly. A typical case is
shown in a bar graph in Fig. 6. The distance in the dotted red
block is the smallest distance between new events and cluster
centers. Thus, the 5 new events are correctly classified.
C. Event Location

In this subsection, we first study the PMU measurement
change (voltage magnitude) in (2). We consider single-phase-
to-ground fault at line (5, 64), (44, 200) and (85, 120). 200
buses’ voltage magnitude change before and after a change
point is calculated and normalized in Fig. 7. For these 3 events,
they share different peaks representing selected PMUs.

Then, we utilize different PMU penetrations and voltage
magnitude data of events in 80 lines to do the third phase
bottom-up clustering. 80 clusters are correctly found. Then,

Fig. 8. Heat map of distance matrix between new points and cluster centers.

we test 20 new data points that share the same location and
type of the 80 clusters but have different loading conditions.
Fig. 8 illustrates an example of the distance matrix. It is the
heat map of the distance matrix. The gray sub-block represent
values that are close to 0 and we can find that each new event
is correctly classified into the corresponding cluster.

V. CONCLUSION
To face the challenges of increasing power system com-

plexity, a better situational awareness tool like event identifi-
cation via synchrophasor technologies acquires focuses on the
industry. In this paper, we propose an unsupervised learning
framework to identify event type and location without any
labels. Specifically, a change point detection technique is pro-
posed to find abnormal segments. Then, we conduct principal
component analysis to capture the main variance of an event
and implement a physically meaningful data pre-processing.
Subsequently, a 2-stage clustering approach is introduced to
cluster event types. Finally, we solve the event localization
based on the grouping the PMU indices with significant
changes. Further, simulations from PSLF and Python packages
illustrate high performances of the proposed methods.
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