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Nan Duan, Member, IEEE, Emma M. Stewart, Senior Member, IEEE

Abstract— Frequency is an important metric for power
stability. To enhance the situational awareness in power
distribution systems, this paper proposes a data-driven approach
that utilizes the data from micro phasor measurement units
(nPMUs) to categorize frequency events observed in distribution
feeders. The proposed approach has three layers, each of which
analyzes if a frequency event is propagated from the transmission
system, formed inside a distribution feeder or falsely produced by
instantaneous frequency (IF) estimation algorithms, respectively.
In the first layer, the Granger causality is utilized to compare the
causal relations from measurements across different locations to
decide if an event is propagated from the transmission side. In the
second layer, a trained sparse coding dictionary is utilized to
unmix the physical causes of a frequency event. In the third layer,
a moving z-score based event-pair detector is applied to identify if
a frequency event is algorithm-induced. The proposed approach is
tested using the pPMU measurements collected from Lawrence
Berkeley National Laboratory (LBNL) and Riverside Public
Utility (RPU).

Index Terms—power distribution system, pPMU, data analytic,
situational awareness, instantaneous frequency, Granger
causality, sparse coding, z-score.

I. INTRODUCTION

‘N ] ITH the growth of network complexity and the
increasing penetration of distributed energy resources
(DERs), power distribution systems have become more
dynamic and uncertain. In the electric distribution system
baseline report [1], improving reliability and operation
efficiency have been listed as the top two motivations for
utilities in adapting new technologies. Situational awareness
(SA) in distribution systems is an important mission for reliable
and efficient operations. The development and deployment of
micro phasor measurement units (WPMUs) have provided the
foundation for achieving SA. For example, since more DERs
are integrated to distribution feeders, uPMU measurements can
be used to disaggregate DER and load therefore provide more
accurate reading of load [2].
However, the data analytics are yet to satisfy distribution
system operators’ (DSO) requirements. Historically, the power
quality in distribution systems is largely reduced to voltage

quality. The high R/L ratio and radial topology of distribution
systems require monitoring and compensating the voltage drop
across the system. Based on the survey in [3], voltage sags are
ranked as one of the top customer large concerns along with
power supply interruptions. Load imbalances could also cause
power quality issues, paper [4] proposes an admittance matrix
eigenvalue analysis based approach to identify the nodes that
suffer load imbalance induced power quality issues.

Frequency events are often overlooked regarding their
impact on the distribution side, which is an acceptable practice
for traditional distribution systems. With very limited number
of DERs, frequency events are almost certainly propagated
from the transmission side. Even if there were interesting
frequency events, the measurement infrastructure was not
capable of capturing them. However, with the modernization of
distribution systems, the penetration of DERs is increasing and
high-granularity measurements have become practical to
collect. Frequency has now become an important metric for
evaluating distribution system reliability and security. To
provide an example of a frequency event originated from a
distribution feeder, a simulation study in GridLab-D [5] is
conducted using the IEEE 123-node feeder with distributed
diesel generators as shown in Fig. 1. Those generators are
modeled with the 6th order detailed dynamics plus exciter and
governor. The disturbance introduced in this simulation is the
opening of the switch 97-197. The frequency measurement at

node 57 is shown in Fig. 2, in which oscillation can be observed.
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Fig. 1. IEEE 123-node feeder with distributed diesel generators.
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Fig. 2. Frequency oscillation observed at node 57 due to the opening
of switch 97-197.

In paper [6], the authors apply Gabor-Wigner transform to
investigate different power disturbances’ effect on the
estimated instantaneous frequency (IF). Frequency quality
indices are documented in [7] to characterize power system
frequency.

As more frequency events are observed in the distribution
system, their categorization remains a challenge. The first
question to ask is: is the event propagated from the transmission
side? When a frequency event is observed, DSOs need to
contact the independent system operators (ISOs) to confirm the
source of it. Such operation procedure is only good for forensic
analysis and leaves no room for online decision making. To
achieve SA, the first question has to be answered as soon as a
frequency event is observed. After that, the second question to
ask is: is it real? Unlike voltages, IFs are not directly measured,
instead they are estimated using the voltage measurements. The
DSOs must be able to distinguish the frequency events
produced by the estimation algorithms from the physical ones
to avoid overreacting. Being able to answer those two questions
quickly and correctly would significantly contribute to the SA
in modern distribution systems.

The contribution of this paper is to automate the procedure
of answering them. To improve the efficiency of answering the
first question, this paper assumes that an event propagated from
the transmission side should affect all the measurements in the
distribution system and applies the Granger causal analysis to
the measurements. If the inter-feeder Granger causal relations
are stronger than the intra-feeder ones, the frequency event is
categorized as from the transmission side. For the second
question, to date, there is not a way to answer it yet. This paper
first investigates the mechanism of how the algorithm-induced
frequency events (AIFEs) are produced by popular IF
estimation algorithms and define their time-series signatures.
Then, an AIFE identification algorithm is proposed to exam a
frequency event for those signatures. If the event is identified
as not algorithm induced, a sparse coding approach is utilized
to unmix the physical reasons behind it.

The reminder of the paper is organized as follows: section 11
introduces how to use Granger causality to identify if an event
is propagated from the transmission side; section III proposes a
sparse coding based approach for unmixing frequency events;
section IV investigates the AIFE signatures for different
algorithms and proposes an algorithm to identify them; the
proposed approach is tested on the uPMU measurements from
Lawrence Berkeley National Laboratory (LBNL) and Riverside
Public Utility (RPU) in section V; finally, conclusions are

drawn in section VI.

II. IDENTIFY EVENTS FROM THE TRANSMISSION SIDE

Frequency events are caused by the imbalance between
generation and load. Following a fault in the transmission
system, when the generation exceeds the load, the rotating
generators will accelerate, and the system frequency will
increase; when the load exceeds the generation, the generators
will decelerate, and the system frequency will decrease.
However, that is the classical point of view, which treats
anything under a substation as an aggregated load. In modern
power grids, there could be DERs that causes frequency events
within distribution feeders. The traditional approach for the
DSOs to know if frequency events observed in the distribution
power system are propagated from the transmission side is to
contact the ISOs. On August 1%, 2017, an 115 kV transmission
line in the Southern California Edison (SCE) territory was
relayed due to a lightning storm. Following this event,
frequency deviations are observed in the distribution feeders in
San Diego, San Francisco and Seattle. The DSOs had to contact
SCE to acquire the information regarding the nature of the
event, which resulted in a long time window before any action
could be taken on the distribution side.

The approach proposed the in this paper leverages the uPMU
data to provide the DSOs an upper-hand facing such situation.
The key idea is that when an event is propagated from the
transmission side, it would affect all the feeders under the
substation. In other words, the measurements between those
feeders will have stronger causal relations than during normal
operations. Such causal analysis can be achieved through the
combination of Hodrick-Prescott (HP) filter and Granger
causality analysis.

A. Hodrick-Prescott Filter

PMU measurements always contain ambient variations that
represent the subtle dynamic and noise in power systems. Such
variation could muddle the data analysis if not separated from
the trend of measurements. HP filter [8] is proven to be effective
for such task. HP filter decomposes a time series data
(frequency measurement fueasure(k), k=1,...,N) into a trend
component f'and a cyclical component fc.

Joneasre )= fR)+ f.(k) k=1.,N (1)

The decomposition is acquired by solving the optimization

problem across all the samples in the data. There are 2N
optimization variables, namely, f{(k) and f.(k), where k=1...N.

N N
min Y £2(0)+AY (f)-2f(k=D+f(k=2)) (@)
k=1 k=1

S.t.
Smeasure (K) = f(R)+ [ (k) k=1,...N 3)

The first sum minimizes the cyclical component and the second
sum minimizes the second derivative of the trend component. 4
is the smoothing parameter. Larger value of 4 makes the trend
component f'smoother.

Assume there are N.pmu locations where pPMUs are
installed, then trend components £, j/=1... Npmu Will be utilized
in the Granger causality analysis.



B. Granger Causality Analysis

Granger causality quantifies causal relations between time
series [9]. It has been applied to synchrophasor data in [10].
Such analysis is a step forward from merely studying the
symmetric relations such as correlation between datasets. It
provides the directional relation (i.e. causal relation), therefore
is suitable for analyzing if the measurements from different
locations all share a common causality: event on the
transmission side.

The key idea of identifying if a time series X (exogenous
variable) Granger causes another time series Y is to evaluate
how much more accurate Y can be predicted if X is known. This
paper leverages the formulation of autoregressive integrated
moving average model with exogenous variables (ARIMAX) to
facilitate such evaluation.

An ARIMAX model contains four parts:

1. Autoregression of order p: This component models the
characteristic of the data that can be predicted using its
p previous values.

2. Integration of order d: This component applies d-th
order differencing to the time series therefore
stationarizes it to be more representable using the
regression model.

3. Moving average of order ¢: This component improves
the robustness of the model against measurement noise
by considering the local mean of ¢ past values.

4. Exogenous variable regression of order e: Like the
autoregression component, this component considers
the past e values of the exogenous variable for the
modeled variable. This component models the
influence of the exogenous variable on the modeled
variable.

For each of the frequency time series f; at location j, an
ARIMAX model can be trained considering the influence of f;
at location i. First apply the differencing step to stationarize the
time series,

Tu )=V [ (k) m=i,j “4)
where,
V() = £y, (k)= £, (k=1 (5)
VY (k) = VoV (f,, (K)) (6)
d

Then, apply the autoregression, exogenous variable regression
and moving average steps to model the stationarized time
series.

autoregression exogenous variable moving average

- P N e - q
Ty =u+ D gL J, () + Dy, L Fik) + (4 Y- 0,1, (k) (7)
h=1

h=1 h=1
where,

L'f;(k)=f;(k—h) ®)

£,,(0)=| 7,00 - 7, (k)| ©
The error ¢;; of the trained ARIMAX model considering the
i-th location’s time series as the exogeneous variable can be

used to calculate the residual, the smaller the residual, the better
the model,

N
= D k) (10)
k=1

The model in (7) considers the contribution from exogenous
variable f;, another model (ARIMA model) can also be trained
for each f; by removing the exogenous variable term in (7). The
resulting model will have another residual value 7. Intuitively,
at location j, if the residual of the model considering the
exogenous variable is much smaller than it of the model that
doesn’t consider the exogenous variable, then the fi Granger
causes f;.

In practice, the strength of Granger causality from the time
series f; to f; can be evaluated using the following formula based
on information theory [11],

7.
8. =log— (11)
. s

the higher value of gj; means that the model doesn’t consider
the i-th exogenous variable results in larger residual comparing
to the model that does. It means that the consideration of the
exogenous variable helps improve the model accuracy, which
suggests that the Granger causality from f; to f; is strong.

A matrix whose elements are gj; can represent the causal
relations between the measurements from different locations.
Assuming there are M feeders under a substation, then the
diagonal and off-diagonal sub-matrices Gmm’s (m=1,..., M) and
Guy's (m,n=1,..., M, m # n) represent the intra-feeder causality
and the inter-feeder causality, respectively. The voltage level
considered in this paper is 12.47 kV and below. The
transmission and sub-transmission are above this voltage level
therefore not considered in the formulation. Using the RPU
system as an example, the feeder heads of Mt. View, Hunter
and Tequesquite are all at 12.47 kV level. Together they form
the 82 square miles utility service area that has a single power
connection to SCE’s Vista substation.

Gl,l Gl,M
: : (12)
GM,I

In the absence of transmission events, the average intra-
feeder causality should be higher than the average inter-feeder
causality. On the other hand, large inter-feeder causality
suggests common source of influence across feeder. Such
influence is assumed to come from the transmission side.
Therefore, an event can be considered as propagated from the
transmission side in the Granger causality sense if the following
statement is satisfied.

M
2 |G,
m=l1

M M*-M

GM,M

M

2. |G

m=1n=1,m#n

1

(13)

III. SPARSE CODING BASED DICTIONARY BUILDING

If a frequency event is originated from a distribution network
instead of propagated from transmission [12], there could be
many reasons behind it. For example, when there are distributed
diesel generators, the switch actions in a distribution feeder



could cause frequency oscillations [13]. On the other hand,
frequency events in a distribution feeder can be regulated using
demand based control [14] such as controlling the charging and
discharging of electric vehicles [15]. A sparse coding technique
is proposed in this paper to provide actionable information for
DSOs.

Sparse coding is a technique for sparse data representation.
Using sufficient amount of historical data, an overcomplete
dictionary D € R¥” with n elements can be built so that any
event sample x € R V*! from the dataset can be represented by
the linear combination of some entries in D,

x=Da+g (14)

where @ € R"! is a sparse coefficient vector, £ € R¥! is the

difference between the event sample and its sparse

representation. The vector x is a window of frequency
measurements that represents a frequency event.

As proposed in [16], if the dictionary is built in a way that
all its elements are events with known causes then the
coefficients in a with the large absolute values suggest the
nature of the event (i.e. event unmixing). This paper will extend
this methodology to distribution system measurements.

A non-negative constraint is enforced to ensure the elements
in the dictionary only make positive contribution to the sparse
representation of a given sample. The formulation of the
problem is,

min ||D0L—x||1 (15a)
st. a>0 (15b)

The /1-norm minimization can be converted to a linear
programing problem by introducing new decision variables,
s € RV

min1"s (16a)
st. Da—x<s (16b)
Da—-x>—s (16¢)

The decision variables for the problem (16) is [a;s] € RV*™*1,

IV. ALGORITHM-INDUCE FREQUENCY EVENT SIGNATURE
IDENTIFICATION

The definition of instantaneous frequency (IF) is a relatively
loose concept comparing to instantaneous voltage because it is
not directly measured but calculated as the rate of changing of
phase angle [17],

1 dg()
dt

f0=5- a7

where ¢ is phase angle in radlus.

There are many algorithms that can be applied to calculate
the IF of a given signal. As summarized in [18][19], the most
widely used IF estimation techniques are zero-crossing (ZC),
recursive least square (RLS), Hilbert transform (HT) and
Extended Kalman filter (EKF). In this paper, they are chosen
to test on voltage sag and swell signals [20].

Two synthetic voltage signals as shown in Fig. 3 along with
their off-nominal frequency counterparts (60.1 Hz) are used to
investigate all four algorithms’ performance. The off-nominal
frequency counterparts have 60.1 Hz frequency throughout the
entire testing window.
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Fig. 3. Voltage swell (top) and sag (bottom) signals.

The key idea of ZC is counting how many times a sinusoidal
signal crosses zero within a time window. Using the length of
the time window and the number of times the signal crosses

zero, the ZC rate can be calculated. For a discrete signal, its IF
at t = k is estimated as,

Jest (k) =

J

z
o
Eﬁ 0
S -100

!
!

2

A. Zero Crossing

N, (k)
2N

wmdow K

(18)

where N,(k) is the number of times the signal crosses zero
during the window beginning at ¢ = k; Nyindow 1S the number of
samples in the window; T is the sampling frequency of the
signal.

Based on the definition of the frequency of a sinusoidal

signal, the time duration between 2 ZC points is considered half
of the period. Therefore, the IF can be defined as half of the ZC
rate. The drawback of the ZC algorithm is that a long enough
time window is necessary for accurate estimation result.
The responses of the ZC algorithm to the nominal and off-
nominal frequency voltage swell and sag signals are shown in
Fig. 4, with a sufficient number of data samples in one ZC
window (900 samples), the IF estimation is not affected by the
voltage anomaly. But one import drawback of ZC is that it fails
to estimate the off-nominal frequency 60.1 Hz.
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T 6005t = -voltage swell| |
‘H% 60
59.95 : ! . .
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time (s)
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g 0.1  FIGeimate A~ — — v oTta_e ;a ="
Z 60.05+ off-nominal g g |
2 “ frequency = =voltage swell
G
59.95 . : . .
2 3 4 5 6 7
time (s)

b) off-nominal 60.1 Hz
Fig. 4. IF estimation from ZC.



B. Hilbert Transform

The HT algorithm is applied to the real-valued voltage signal
v to extend it to an analytic signal V in the complex plane. The
real and imaginary components of the analytic signal V is
orthogonal,

v(k) = v(k)+ jH (v(k)) (19)
where H(+) is the discrete HT [21]. The instantaneous frequency
can be calculated as the changing rate of the analytic signal’s
phase angle.

o (k)= ! (arctan imag(f(k)) —arctan wj (20)

) 27T, real(v(k)) real(v(k —1))

The IF estimation from HT is affected by voltage anomaly.
As shown in Fig. 5, spikes can be observed at t =3, 4,5, 6 s,
when the voltage starts ramping up (down). Without
comprehensive  investigation, those spikes may be
misinterpreted as frequency events.
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Fig. 5. IF estimation from HT.
C. Recursive Least Square

RLS utilizes the trigonometric relation between any three
consecutive data points v(k-1), v(k), v(k+1) to estimate IF,

v(k) = Acos(wrt, + @y) = Acos(wkT, + @) ey
vk —1) = Acos(w(k —1)T, + @) (22)
v(k +1) = Acos(aw(k +1)T, +@,) (23)

IREIERI(as) 24)
(k)

P arccos(z) (25)

Sest 2T,

A more robust implementation introduces a forgetting factor a
to enhance the algorithm’s ability of tolerating noise [22].

o) = D= Dv®)

a +v (k)P(k -1) (26)

E(k) = v(k) +v(k —2) —n(k =)k -1) (27)
n(k) =n(k—1)+k(k)s(k) (28)
P(k)=a 'P(k-1)—a ' g(k)v(k)P(k—1) (29)

The estimations shown in Fig. 6 suggest that RLS is also
susceptible to the effect of voltage anomalies. The IF
estimations demonstrate sag and swell when the voltage ramps
up and down. Without knowing the detail of the algorithm,
DSOs could misinterpret the nature of those sags and swells in

IF estimations.
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Fig. 6. IF estimation from RLS.

D. Extended Kalman Filter
For an ideal sinusoidal signal,
v(k) = Acos(kaT, + @) (30)
any given three consecutive data points satisfy the relation,
v(k)—2v(k=1)cos(aT,)+v(k—-2)=0 (31)
If the state vector xi at ¢ = k is defined as,
X, =[2cos(@l}) wk—1) w(k-2)]"
then the state equations [23] are,
1 0 0
X;, =0 2cos(wT,) -1|x,
0 1 0
and the measurement equations can be defined as,
v(k)=[0 2cos(al;,) —1]x,
The IF at time k& can be calculated from the states xi

ey

(32)

(33)

(34

arccos

Jest (k) = (35)

27T,

The EKF performs equally well for nominal and off-nominal
frequency estimations. Mismatches between the estimated
frequencies and the actual frequencies can still be observed but
they are within the 0.01 Hz tolerance (59.9949 Hz for nominal



case; 60.0958 Hz for off-nominal case) as shown in Fig. 7.
Although some algorithms such as EKF don’t produce AIFEs,
an AIFE identifier is still necessary because the information of
the frequency estimation algorithm implemented in a uPMU is
not explicitly known to DSOs.
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Fig. 7. IF estimation from EKF.

E. Algorithm-induced Frequency Event Identifier

The DSOs are usually agnostic to the algorithms
implemented in the Distribution Management Systems (DMS),
therefore even though some IF estimation algorithm like EKF
is robust against voltage anomalies, some are not, and there
does not exist an automated approach to help DSOs to
distinguish the nature of a frequency event.

In bulk power systems, oscillation frequency usually falls
into the range of 0.2 to 3 Hz [24]. Faster oscillations are quickly
damped out. The period calculated from this range is 0.3 to 5 s.
If a frequency event damps out after at least 3 periods, the time
scale for a frequency event would be 1 to 15 s. Such time scale
is indeed much longer than the time scale of a voltage event
which usually only lasts a few cycles. Therefore, an AIFE can
be easily identified in bulk power systems through checking its
time scale. If it lasts as short as a few cycles, it could be
algorithm-induced.

However, a large percentage of the energy resources in
distribution systems are power electronic based. The lack of
rotating mass in distribution systems could lead to the
observation of higher oscillation frequencies in distribution
systems. In [25], an oscillation frequency as high as 9 Hz is
observed in a feeder with photovoltaic power generation. The
period of a 9 Hz oscillation is 6.7 cycles, which overlaps with
the possible time scale of a voltage event. Since the AIFE
shown in Fig. 17 demonstrates a period of 10 cycles, we believe
that in a distribution feeder, the time scales of true frequency
events, AIFEs and voltage events could be difficult to
distinguish, therefore more sophisticated algorithms than time
scale checking are necessary. After comparing the popular IF
estimation algorithms, one observation is that since they are all
based on a window of samples, the AIFEs often manifest

6

themselves as frequency spikes/dips at the begin and end of
voltage events. An intuitive idea is to detect the edges [26] in
both the IF estimation and voltage signal and compare how well
those edges align. For time series data edge detection, a moving
z-score based approach [27] has been proven very effective
[28].

The z-score is a measure of how many standard deviations
away a new sample x; is from the w previous samples,

A (36)

z(x;) =

where,

(37

(3%

A threshold N, can be chosen to decide how many ¢’s away
from the last window’s mean value is considered abnormal.
Using the IF estimation from the RLS and the voltage sag signal
as input, the event edges detected by the moving z-score
algorithm is highlighted in Fig. 8.

Using the event beginning and ending time instances of both
the IF estimation and voltage magnitude signals in a data
window, this paper proposes the Algorithm 1 to interpret the
nature of the frequency event.

Algorithm 1 AIFE Identifier

Input: foy v

Parameter: ,.s = 0.01 (default value)
S—@

t=[tc1... tron]T— average moving_zscore(fes)
to—tdn), where n=2k-1, k=1,..., N
tee—td(n), where n=2k, k=1,..., N
for k=1...N do:

d— te(k) - ta(k)

tin(k) — tr(k) - Apaad

tee(k) — tfe(k) + l,,add
end for
t=[tc1... trom] < average moving_zscore(V)
tw—t (1), where n=2k-1, ki=1,...,. M
tye—ty(n), where n=2k, k=1,..., M
for i=1...M do:

ipvw=index(tm < tyw(k))

ifevb:index(tfe > tVb(k))

Swb= lfovb M fevd

ipve=index(tp < tye(k))

ifeve:index(tfe > tve(k))

Sve= lfove M dfeve

if syp# @ AND s, # @ do:

S— S U spU Sye

end if
end for

return S

This algorithm essentially scans through the beginnings and
endings of all the voltage events in the given data window and
checks if the beginning and the ending of any voltage event fall



into the duration of two frequency events given a padding factor
Apad- A caveat of the proposed algorithm is the assumption that
all events have a beginning and an ending (i.e. [t{ and |t,| are
both even numbers), which excludes the “events” that are
represented by only one data point. But since such “events” are
often measurement noises that would be taken care by filtering
algorithm, it is reasonable to not consider them.
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Fig. 8. Conceptual illustration of the rationale behind the AIFE
identifier.

Note that although the proposed AIFE identifier uses the
voltage signal as input, it is a general approach that can be
applied to any measurement signal. Potential applications to
current, active and reactive power signals will be investigated
in future work.

V. CASE STUDY

The case studies use the data collected from the pPMUs
installed at LBNL and RPU.

A. Identify Events from Transmission Side

The data for validating the first stage of the proposed
algorithm is collected from the uPMUs installed in the RPU
territory. An 115kV transmission line in the Southern California
Edison system was relayed on Aug. 1st, 2017. This disturbance
caused reactions in the frequency measurements at Mt. View,
Hunter and Tequesquite, which are three 12.47 kV feeders
under the same substation. All the measurements coming from
the same feeder are considered as intra-feeder. On the other
hand, the measurements coming from different feeders
connected to the same substation is considered as inter-feeder.

The transmission line relay event on Aug 1% around 7:11:55
AM can be observed from the 3 uPMUs as shown in Fig. 9.
From human’s perspective, the differences between the
frequency measurements from different locations are very

small, therefore it is difficult to draw any conclusion on the
nature of the event without advanced data analytics.
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Fig. 9. Frequency measurements at Mt. View, Hunter and
Tequesquite on Aug. Ist, 2017 during the PG&E transmission line
relay action.

On a typical day, in the absence of any transmission event,
the frequency measurements at those three locations are plotted
in Fig. 10.
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Fig. 10. Frequency measurements at Mt. View, Hunter and
Tequesquite on Aug. 18th, 2017 (a typical day).

The HP filter decomposes each measurement as a trend
component and a cyclic component. As an example, the
decomposed phase A measurements of Mt. View on Aug. 18th,

2017 (a typical day) are shown in Fig. 11.

Fig. 11. Cyclic and trend components of the phase A frequency



measurement at Mt. View.

The Granger causality [29][30] provides a viable approach
for situations like this when human observation fails to provide
any insights on the nature of events. The Granger causality
matrices representing the causal relations between the
frequency measurements at Mt. View, Hunter and Tequesquite
on Aug. 18th, 2017 and Aug. 1st, 2017 are shown in Fig. 12 a)
and b) respectively. The dimension of these matrices is 9 by 9
because there are 3 uPMU locations and each location has three
phases.
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Fig. 12. Granger causality matrix for the measurements at Mt. View,
Hunter and Tequesquite.

Since Granger causality is a relative metric instead of an

absolute metric, this paper introduces a cross-checking
procedure to improve the credibility of the conclusions drawn
from Granger causality analysis results. The Granger causalities
between the three phases of a same location can be considered
as the intra-feeder causalities (highlighted in red). On the other
hand, the Granger causalities between the phases of different
locations can be considered as inter-feeder causalities
(highlighted in green). This approach utilizes the average intra-
feeder causality as a baseline. The proposed approach identifies
a transmission event when the average inter-feeder causality is
higher than the baseline. The causality comparison between the
transmission event and a typical day is shown in Fig. 13.
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Fig. 13. Comparison of the average inter-feeder and intra-feeder
Granger causality for a typical day Aug. 1st, 2017 event.

It can be observed from Fig. 13 that on a typical day, in the
absence of any event from the transmission side, the average
intra-feeder Granger causality is greater than the inter-feeder
one, which is the other way around when there is a transmission
event.

a typical day

B. Event Unmixing Using Sparse Coding

When an event is identified as emerged from within a feeder,
the nature of it can be categorized by the proposed sparse
coding approach. As discussed in [16], in transmission systems,
the frequency response due to the simultaneous occurrence of
multiple events could be unmixed through sparse coding
approach. This paper applies the sparse coding approach to
distribution feeders. The data is acquired from the pPMU
installed in LBNL.

The frequency measured from Jul. 12, 2015 to Sep. 21,2015
is used for this case study. The size of the dataset is 10.9 GB. A
standard median filter is first applied to remove the noise. Due
to the 3-phase unbalance nature of distribution systems, an
interested phase needs to be specified when using the moving
z-score event detection algorithm to detect events. The numbers
of events detected for phases A, B, C are 433, 246, 248,
respectively.

As suggested in [16], to maintain the physical meaning of the
dictionary, the K-medoid clustering is applied to cluster
detected events. The reason for using the K-medoid method
instead of other clustering methods such as the K-means
method is that the K-medoid method uses a member (i.e. the
medoid of the cluster) in the cluster to represent the cluster
instead of using the mean value. This feature of the K-medoid
method associates the medoid’s physical meaning with the
entire cluster. The medoid of each event cluster is selected as
the elements in the dictionary. One of the clusters is



demonstrated in Fig. 14. It represents a certain degree of
frequency spike, the dictionary element acquired from this
cluster is its medoid (highlighted in red).
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Fig. 14. A cluster of detected events (blue) and its medoid (red).

With all the medoids being identified, the dictionary is then
expanded to an overcomplete dictionary through time shifting.
This step is proven to be effective in identifying the occurrence
time of each sub-event within the observation window [16].

For a given new event, its sparse representation can be
acquired, which is also the categorization of the event. For
example, an event and its sparse representation are shown in
Fig.14. The elements with significant contribution are
highlighted in Fig. 15. Then the event can be categorized as the
consequence of the actions related to its sparse representation
(i.e. network reconfiguration, DER setpoint change, load
shedding, etc.). In order to represent all the operation
conditions, the dictionary needs to be overcomplete. Therefore,
the dimension of the dictionary is the multiplication of the
numbers of all operation conditions, all action that can be
applied to the system and all time shifting options. Note that it
is required for DSOs to investigate the physical reason behind
all the elements in the learned dictionary.

In this case study, phase-A is selected as the interested phase,
a total of 433 events are divided into a training set comprising
217 events and a testing set comprising 216 events. The time
shifting step used for creating the over-complete dictionary is
536 ms. The cluster number is chosen as 10. An event occurred
on Aug. 26, 2015 is used to demonstrate the proposed unmixing
approach. As shown in Fig. 15, the sparse representation can
match most of the event’s dynamics. The contribution from
each element in the dictionary in Fig. 16 shows that only a
limited number of elements have significant contribution,
therefore it is feasible to investigate the physical cause of those
elements.
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Fig. 16. The contribution of each element in the over-complete
dictionary.

C. Algorithm-induced Frequency Event Identification

Some of the elements in the trained dictionary maybe AIFEs,
to identify these elements and prevent them from clouding the
DSOs’ judgements, an automatic screening algorithm should be
applied. Among the 433 events detected in phase A of the
LBNL dataset, there are 57 AIFEs. To further validate the
proposed algorithm’s capability with higher-resolution data, the
following case study uses the half-cycle sampling interval data
collected from the uPMU installed in RPU territory.
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Fig. 17. AIFE identification result for the event on 10/18/2017 at RPU.

As shown in Fig. 17, since the voltage transient is short, for
real measurements, the beginning of an AIFE could overlap
with the ending of the previous AIFE. But the proposed
algorithm identifies the AIFE nonetheless. The sampling rate of
data may have an effect on the algorithm. For example, if the
sampling rate is reduced from 120 Hz to 30 Hz, the two AIFEs
will collapse into one as shown in Fig. 18, which could cause
misidentification.
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Fig. 18. Frequency measurement on 10/18/2017 at RPU with 120 Hz
and 30 Hz sampling rates.

Providing the short duration of both the voltage event and the
AIFE, it would be very difficult to analyze them without the
high-resolution uPMU measurements and automatic
categorization algorithm. Although the proposed approach is



generally applicable to synchrophasor measurements, uPMUs
is the targeted flatform during the problem formulation.
However, a subset of the developed algorithms such as the
AIFE identifier may also appeal to PMU applications in
transmission systems. Following is a list of possible
modifications needed for adapting the proposed approach to a
wider range of synchrophasor devices.

e Improve the algorithms to accept lower sampling rate.

e Hardening the algorithms’ robustness to tolerate
higher measurement noise.

e Establish IEEE  C37.118-2005 conforming
communication to collect measurements from
different locations across the bulk power systems for
causal analysis.

VI. CONCLUSION

This paper investigates the categories of frequency events in
distribution feeders. A three-stage algorithm is proposed to
categorize the frequency events in distribution systems as
propagated from transmission side, originated within the feeder
and algorithm-induced. The proposed algorithm is applied to
the uPMU data collected from LBNL and RPU. The case
studies show the effectiveness of the proposed algorithm. For
future work, the authors will investigate the proposed
algorithm’s potential for online applications which fetch data
directly from streaming instead of a data archive.
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