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Abstract—Line trip events widely exist in power systems. They
can result in power outages and a huge economic loss if not
promptly detected and localized. To provide a fast and precise
solution, this article presents a Complete Coverage of Voltage
Measurement (CCVM)-based line trip event detection algorithm
and a Relative Phase Angle (RPA)-based line trip event localization
algorithm. First, frequency and relative phase angle features during
a line trip event are calculated. Then, the CCVM-based algorithm
is proposed from both frequency and rate of change of frequency
estimation algorithm aspects. Additionally, the RPA-based algo-
rithm is presented, and two cases are studied to demonstrate
the uniqueness of the proposed algorithm. Various experiments
are conducted, where the simulation results demonstrate that the
proposed CCVM-based algorithm can detect a line trip event as
short as 2.07 ms. In addition, the RPA-based algorithm has 1.26
times higher localization accuracy compared with the frequency
magnitude-based and phase angle-based algorithms. The exper-
iment results on the examples from two interconnected power
systems in the U.S. verified the performance of the proposed al-
gorithms in wide-area power systems.

Index Terms—Line trip event detection, event localization,
relative phase angle, wide-area power systems.

I. INTRODUCTION

EVENT detection and localization in power systems are
of great importance to both utility companies and fed-

eral governments for prompt responses and preparations [1].
With the increasing number of Distributed Energy Resources
(DERs) integrating into power systems, the disturbances
caused by DERs are becoming one of the major sources of
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events [2], [3]. Among power system events, line trips are
one of the common events which can be caused by either
line outage or line maintenance. Therefore, the fast line trip
event detection and precise localization are valuable to event
elimination.

Normally, the line trip event detection and localization al-
gorithms can be categorized into model-based and data-based
algorithms. In [4], the authors use a power-flow model and
statistical-change-detection theory with limited measurements
to detect the line trip event. Similarly, a new Alternating Current
(AC) power-flow model is proposed to estimate the location
of the line trip event in [5]. A load-stochastic-perturbation-
based multiple line trip event detection algorithm is presented
in [6]. [7] introduced a graph-spectral-analysis-based line trip
event detection and localization algorithm through leveraging
the power grid topology. However, the primary drawback of
the model-based algorithms is the scalability. It is challenging
to apply the model-based algorithms to a new power system
without detailed models.

Conversely, data-based algorithms can be more model
friendly. One of the most common data sources is the Super-
visory Control and Data Acquisition (SCADA) system in the
operation center [8]. It can simply detect line trip events by
checking the status of breakers with low computational burden
and lower transmission information. Although the SCADA sys-
tem is able to localize line trips from protection relies on, it
lacks the big picture of the entire power system since there are
several power utilities in a wide area, e.g., the U.S. power grid,
and they can only get access to their own SCADA system. In
addition, the delay of the SCADA is a barrier to the fast and
precise line trip event detection and localization. In contrast,
using synchronized measurements from Phasor Measurement
Units (PMUs) as the data source have unique advantages such
as accurate measurements and fast response capabilities [9].
Moreover, if a current-based PMU is deployed at one end of
the tripped line, it can be straightforward to detect and localize
the line trip event by checking with the current magnitudes.
Additionally, the utility companies can be informed in real-time
and the federal governments can take prompt responses to avoid
huge economic loss from the events based on the online detection
results.

The existing PMU-based line trip event detection and localiza-
tion algorithms are mainly utilizing phase angle and frequency
measurements from both current and voltage waveforms. The
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line trip event will cause the active power flow step to change
on both sides of the tripped line so that phase angles will change
based on the active power values. Based on this idea, [10]
proposed line trip event detection using phasor angle measure-
ments. However, this method does not have the ability to localize
the event. Additionally, a quick-change detection algorithm
targeting searching the largest phase angle variation is proposed
in [11]. Since the phase angle variation is proportional to the
frequency value, it would be equal to checking the frequency
measurements. By checking the frequency spike, a line trip event
can be promptly detected [12]. The frequency spikes during the
line trip event can be an obvious feature to identify. However, this
is not commonly true for all circuit cases where the frequency
spikes on the ends of the tripped line are in opposite directions
and magnitude values can be smaller than those on other buses.
This could mislead the line trip event localization and reduce
the accuracy.

The active power flow is another variable that can be calcu-
lated to localize the line trip event if both voltage and current
measurements are available [13]. The voltage and current syn-
chrophasors collected from the PMUs are also used to identify
the fault location [14], [15]. The [16] treats the generation trip
event location estimation as a nonlinear optimization problem.
The dynamic state estimation and gradient descent are also
used to localize the transmission line fault [17]. Besides, to
precisely identify the location of the line trip, conventional
machine learning methods are used, including the support vector
machine [18], and K-means clustering [19]. For example, the
effectiveness of the K-means clustering is verified by using the
simulation cases within 2 seconds [19]. Taking advantage of the
high precision of artificial intelligence, such as long short-term
memory networks [20], the artificial intelligence methods are
also utilized to detect the event. For example, [21] and [22]
developed the convolutional autoencoders and ensemble model
to achieve anomaly detection. By estimating the state of the
event, a dynamic programming based on swinging door trending
is proposed in [23] to accurately detect the start time of an event
and the event placement so that the fault events can be instantly
cleared. However, a large number of training event samples is
required, and its robustness will decrease if the parameters of
the model cannot be universal.

Taking advantage of the high precision of artificial intel-
ligence, such as long short-term memory networks [20], the
artificial intelligence methods are also utilized to detect the
event. However, a large number of training event samples is
required, and its robustness will decrease if the parameters of
the model cannot be universal.

Frequency Monitoring Network (FNET) is one of the wide-
area measurement systems (WAMSs) that provide fast and
precise monitoring of power systems by using PMU measure-
ments [24]. Operating by the University of Tennessee, Knoxville
and Oak Ridge National Laboratory (ORNL), FNET is currently
targeting on the power system situational awareness from a
national-wide power system point of view [25]. One of the
major functions of the FNET is to detect and localize the line
trip event by using the real-time measurements steamed from
PMUs.

In this article, a line trip event detection algorithm together
with a localization algorithm are proposed and deployed in the
FNET. The major contributions can be summarized as follows:
� A novel Complete Coverage of Voltage Measurement

(CCVM)-based algorithm is designed from both frequency
and Rate of Change of Frequency (RoCoF) estimation
algorithm aspects to avoid missing the line trip events. This
algorithm can also detect the line trip event at a fast speed
by using high-speed measurements.

� To precisely localize the line trip event, a Relative Phase
Angle (RPA)-based algorithm is proposed considering both
power flow direction change and fewer sensor cases, where
the real-time RPA measurements are used. This algorithm
can localize line trip events in a wide area.

� The tests based on the IEEE 9 and 39 bus standard sys-
tems [26] are carried out. Importantly, by deploying the
proposed method in FNET, the actual field test data from
both U.S. Eastern Interconnection (EI) and Western Elec-
tricity Coordinating Council (WECC) systems are col-
lected and tested. Experimental results demonstrate that
the proposed CCVM-RPA can achieve the real-time event
localization even under power flow direction change and
limited number of sensor cases.

II. MODEL OF LINE TRIP EVENTS

Line trip events can be caused by the outage that happened on
transmission lines as a result of the bad weather or accidents. It
can also be caused by power system operations, such as breaker
and switch operations for maintenance purposes. To successfully
detect and localize the line trip event, the relative phase angle-
based numerical model is established.

A typical line trip event is illustrated in Fig. 1. Assuming a
line trip event happens between Bus 0 and 1, the line trip event
will directly cause the power flow through this line to become
zero which can be treated as two active power injections (marked
as red current sources) to the buses adjacent to the tripped line
with opposite directions onto the original power flow. The power
flow variations will further lead to phase angle variations so that
a frequency spike will be observed because the frequency is
the derivative of the phase angles. The relationship among the
active power, the voltage magnitude, and the voltage phase angle
is given as,

Pi,j =
|Vi||Vj |
|Xi,j | sin(Ai,j), (1)

where Pi,j is the active power flow sending from bus i to bus
j, Vi and Vj are the bus voltages on the bus i and j, Xi,j is the
line impedance between bus i and j, and Ai,j is the phase angle
difference between bus i and j which is usually less than π/2.

Based on (1), once a power step change happens, the Ai,j will
have a step change as well assuming the Vi and Vj are constant
because of their relatively small changes during line trip events.
Notice that voltage magnitude can also be utilized for event
detection in small-scale power grids, e.g., microgrids [27].

To further study the Ai,j in other lines adjacent to the tripped
line, an illustration for the line outage is given in Fig. 1 to show
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Fig. 1. Illustration of the line trip event.

the power flows and relative phase angles in the following lines.
A multiple bus system with three transformers is given with
power flow marked in black arrow. After the line trip event
happened, the power flow variations caused by the line trip
event are also marked as red arrow. Note that the power flow
directions may changed after line trip events but the power flow
variation direction can be determined by the grid topology and
event location. The RPA variation between bus i and bus r can
be written as,

Ai,r = Ai −Ar =
r−1∑

j=i

Aj,j+1, (2)

=
r−1∑

j=i

A′
j,j+1 +

r−1∑

j=i

ΔAj,j+1, (3)

ΔAi,r = Ai,r −A′
i,r (4)

=

r−1∑

j=i

ΔAj,j+1 (5)

where Ai,r is the RPA between bus i and bus r after the line trip
event,A′

i,r is the RPA between bus i and bus r before the line trip
event, and ΔAi,r is the RPA variation between bus i and bus r
before and after the event. Ai and Ar are the voltage phase angle
before the line trip event in bus i and bus r, respectively. Since the
two injected active power injections are in opposite directions,
the sign of the ΔA0,T2 and ΔAi−1,i (i = 1, 2, . . ., T3) can be
written as,

ΔP0,T2 > 0 ⇒ ΔA0,T2 > 0, (6)

ΔPi−1,i < 0 ⇒ ΔAi−1,i < 0,

i = 1, 2, . . ., T3, (7)

where ΔP0,T2
and ΔA0,T2 are the power flow and RPA varia-

tions from bus T2 to bus 0, ΔPi−1,i and ΔAi−1,i are the power
flow and RPA variation from bus i− 1 to bus i. Based on (5),
the ΔAi−1,r can be written as,

ΔAi−1,r = ΔAi−1,i +ΔAi,r < ΔAi,r, (8)

TABLE I
FREQUENCY ALGORITHM WINDOW SIZE OPTIONS

ΔA1,r < ΔA2,r < . . . < ΔAi,r < 0. (9)

Based on (9), the RPA variation decreases from the tripped line
location to the end of this line. It is the same as the other side of
the tripped line but the RPA variation direction is in the opposite
way.

III. LINE TRIP EVENT DETECTION ALGORITHM

A. Improved Frequency and RoCoF Estimation

As discussed in Section II, frequency spikes will be observed
during a line trip event because of the phase angle step change.
Since frequency spikes can be directly captured by checking
with the RoCoF values, the frequency estimation algorithm is
essential for line trip event detection. There are many existing
frequency estimation algorithms where classical ones are zero-
crossing [28], phase lock loop (PLL) [29], and discrete Fourier
transform (DFT)-based algorithms.

Usually, DFT-based algorithms use a relatively longer data
window to cover the complete voltage waveform [30]. The
relationship among reporting rate and the window size, and
nominal frequency is calculated as,

f0 = WDFT ∗ TR, (10)

where f0 is the nominal frequency, WDFT is the DFT window
size and TR is the reporting rate.

The detailed relationship between the minimum reporting rate
and DFT window size is summarized in Table I. Based on the
IEEE C37.118.1 [31], the frequency reporting rate ranges from
10 to 60 Hz. Therefore, the WDFT should be designed from 6
to 1 cycle accordingly, as shown in Fig. 2. The above results
reveal that a 1-cycle-based DFT is sensitive compared with a
6-cycle-based DFT. And for a PMU with a higher reporting rate,
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Fig. 2. Frequency estimation algorithm among different window sizes.

a short window is the optimal solution considering the resolution
of the high RoCoF values during the line trip event. Note that this
frequency estimation algorithm is only utilized for line trip event
detection purposes so the static state measurement accuracy may
be not good enough compared to the algorithm using a short
DFT window. To detect line trip events rapidly, a high-speed
frequency estimation algorithm with 1440 Hz reporting rate and
1 cycle DFT window size (with three frequency measurements)
is utilized.

The RoCoF can directly detect the frequency spikes by
threshold-based algorithms. Since the target for this RoCoF
estimation is to capture the frequency spikes, which have the fea-
tures of low-frequency duration and large frequency magnitude
change, the RoCoF can be calculated by utilizing a curve-fitting
algorithm with a short window [32].

Besides, the local RoCoF is closely related to the local inertia
and local event power [33]. Their relationship can be described
as Pevent = 2I/fN RoCoF, where I is the local inertia, fN is
the nominal frequency, and Pevent is the local power imbalance.
Although the RoCof is impacted by inertia, the power imbalance
will dominate the RoCof when it is not too far from the event
location. Thus, the RoCoF of the buses near the line-trip event
will be much larger, assuming the inertia is not changing fast in
one line.

Based on (7), we can assume ΔAi−1,i = 0, fi−1 = fi, and
RoCoF(i−1) = RoCoFi at t = 0. For t = dt, considering the
frequency is the derivate of phase angle. For t = dt, it can be
inferred that

ΔAi−1 < ΔAi → fi−1 < fi → RoCoFi−1 < RoCoFi (11)

Since RoCoF(i−1) < 0 and RoCoFi < 0, we got:

|RoCoFi−1| > |RoCoFi| . (12)

It can be derived that the RoCoF of the buses near the line-trip
event will be larger than remote buses, therefore RoCoF can be
only suitable for identifying the PMU near-the-line trip event.

B. CCVM-Based Line Trip Event Detection Algorithm

Based on the frequency and RoCoF estimation algorithms, a
CCVM-based line trip event detection algorithm is proposed in
Fig. 3. The detection of the line trip contains two stages.

CCVM line trip event detection: The first stage is to calculate
the RoCoFs, and then compare them with threshold Tm. If the
absolute value of the RoCoF is higher than Tm which means
the first half of the frequency spike is detected, the next j
RoCoFs will be saved. A 2 s window is selected which means
2880 RoCoFs is calculated. Then, the frequency peak will be
checked by the sign of RoCoF (i)RoCoF (j) to filter all the
PMUc (PMUs that are close to the line trip event). Note that the
frequency spike may have two directions so that absolute values
are taken for the threshold comparison.

The improvements of the CCVM-based algorithm are 1)
the entire waveform is scanned by choosing the appropriate
frequency estimation algorithm and reporting rate; 2) the line
trip event detection is very sensitive since a 1 cycle-based DFT
algorithm is used; 3) the detection time can be as short as
2.07 ms since the sliding window with step 3 is selected under
the 1440 Hz reporting rate. This can be helpful for the operators
of utility companies to confirm the event and have a prompt
response accordingly.

Here, the Tm depends on the frequency estimation algorithm,
the rated active power flow of the transmission line, and the
impacted PMU number. It is designed as a user-defined value
to tune the sensitivity of the line trip event detection algorithm
since the RoCoF of the line trip event is much higher than the
RoCoF from other events [34]. In order to distinguish the line
trip events from other events, such as inverter-based resource
injection, generation trip, short circuit faults, and power swings,
an event RoCoF statistical analysis is required. For example, the
Tm is set to 0.005 Hz/s in this research based FNET/GridEye
historical data and the event library.

There are limitations to the CCVM-based algorithm such as
failure to distinguish the line trip events from breaker operations
and load-switching events. This is because these events contain
frequency spikes in their frequency responses that will trigger
the frequency spike detection.

IV. LINE TRIP EVENT LOCALIZATION ALGORITHM

A. RPA-Based Algorithm

Before starting the localization, the system topology is re-
quired which is assumed to be known in this article. The system
topology can be accessed through the breaker statuses from
SCADA or estimated by some measurement-driven algorithms,
e.g., [35]. It would be straightforward to use the frequency
magnitude value to identify the line trip event location. However,
this is not accurate if the impedance of the lines varies too much.
As discussed in Section II, RPAs close to the line trip event
location have larger values.

To increase the location accuracy, the RPA-based line trip
event localization algorithm is proposed.

Line trip localization: The first step of the RPA-based algo-
rithm is to identify the PMU deployment information so that the
PMUc can be utilized for line trip events localization purposes.
Then calculate the relative phase angles to judge the power flow
direction. By corporating the topology reconfiguration -based
algorithm, a limited number of PMU cases would be proposed
to find the candidate buses and lines.

Authorized licensed use limited to: UNIVERSITY OF TENNESSEE LIBRARIES. Downloaded on April 18,2024 at 21:44:51 UTC from IEEE Xplore.  Restrictions apply. 



YIN et al.: REAL-TIME DETECTION AND LOCALIZATION OF LINE TRIP EVENT VIA RELATIVE PHASE ANGLES 3463

Fig. 3. Illustration of the flowchart for the entire algorithm from detection to localization.

Denoted the PMUc as the PMU that close to the line trip
event, as illustrated in Fig. 3, the first step of the RPA-based
algorithm is to identify the PMU deployment information so
that the PMUcs can be utilized for line trip events localization
purposes. To calculate the relative phase angles, a reference
PMUr with a lower |RoCoF | will be selected physically close
to PMUcs. Then, by subtracting the phase angles from PMUcs
and PMUr, the relative phase angles, Ai,r can be calculated
easily as below,

Ai,r = Ai −Ar. (13)

Through checking the Ai,r after line trip event, PMUcs can
be categorized into Virtual Power Sending Group (VPSG) and
Virtual Power Receiving Group (VPRG) depending on the sign
of RPAs. Note that the VPSG and VPRG may not reflect the true
power flow direction depending on the reference PMU selection.

The next step is to pick out the largest RPAs from both positive
and negative directions so that the buses with the largest ΔAi,r

can be found as,

ia = find[ΔAi,r = max(ΔAi,r)], (14)

ib = find[ΔAi,r = min(ΔAi,r)], (15)

where ia and ib are the two buses with the largest ΔAi,r in two
opposite directions. Finally, all connected lines between ia and
ib are treated as the candidate tripped line locations.

B. Power Flow Direction Change Case

There is a special case where the line trip event will change
the power flow direction of one end bus if there are no other
alternative lines to support the load power. In this case, both
Ai,rs on two ends of the tripped line will have large oscillations
so that both maximum and minimum frequency drop will be on
one end bus and other adjacent buses. In order to identify the
line trip event under this special case, the buses with the largest
twoAi,r oscillation magnitudes are utilized as the candidate end
bus.

For a line trip case in the radial circuit, the outage may happen,
which means that event can be detected from the PMUs that were
shunted down.

C. Limited Number of Sensor Case

In real-world cases, there may not have PMUs deployed on
all buses. The regular maintenance and the cost of installation
have also limited PMU deployments. However, the minimum
number of PMUs to identify the line trip location remains an
issue since it highly depends on the system topology and line
trip locations. In this article, an alternative method to estimate
the line trip location by listing all candidate buses is presented.

In this regard, a Topology Reconfiguration (TR)-based algo-
rithm is proposed to modify the RPA-based algorithm with fewer
sensor cases. The basic idea is to combine n buses without PMU
(ix,n) to an adjacent bus with PMU (ix). The detailed algorithm
flow chart is illustrated in Fig. 3. The first step is to label ix,ns
as equivalent buses to ixs.

In this case, an equivalent bus (i′x) can be utilized to represent
the multiple buses (ix,ns and ix). Then, the ix,ns will be removed
from the topology (To) so that the less sensor case becomes
a full sensor case in the equivalent topology (Te). Thus, the
line trip event can be easily identified through the RPA-based
algorithm. Meanwhile, the ia,ns and ib,n should also be listed as
the candidate end buses of the tripped line together with ia and
ib given in (14) and (15). Finally, all possible lines between two
candidate bus groups will be treated as the candidate tripped lines
based on the grid topology. Instead of precisely identifying the
tripped line, this algorithm provides a group of candidate tripped
lines if PMU deployment is insufficient to identify the tripped
line precisely.

D. Islanded System Case

The line trip event may cause the power system separation and
thus lead to an islanded system. As shown in Fig. 3, the proposed
line trip event detection and localization algorithms will only use
2 s measurements right after the line trip event happened. Thus,
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Fig. 4. Frequency responses of example events. (a) Reclosing event. (b) Generation trip. (c) Load cutoff.

the phase angles inside and outside of the islanded system are
still synchronized. The proposed algorithms can still work under
islanded system case.

However, the phase angles inside and outside of the islanded
system will become synchronized after a period of time. As
shown in Fig. 3, the proposed algorithm will be combined with
the islanding detection algorithm proposed in [36]. Multiple
detection and localization algorithms will run in parallel for each
islanded system.

E. Reclosing Case

Due to the protection system in the breakers, there will
be reclosing operation after line trip event. As illustrated in
Fig. 4(a), a successful reclosing will trigger frequency spikes
in an opposite direction and restoration of the RPAs. In order
to avoid duplicated detection and localization caused by the
reclosing operation, if two line trip events are detected with
opposite frequency spike directions from the same PMUs within
a very short period of time, it will be treated as a single line trip
event. The RPA before reclosing operations will be utilized to
localize this event.

F. Severe Fault Case

In some severe fault cases, such as generation trips and load
cutoffs, there would exist frequency deviations in the power grid.
As shown in Fig. 4(b) and (c), an example generation trip con-
tains a significant frequency drop while an example load cutoff
has a frequency increase in a nine-bus system. In this case, since
there is no frequency spike observed, the proposed CCVM-based
algorithm can distinguish them from line trip events using the
two-times RoCoF check and tuning the threshold Tm given in
Fig. 3. Note that if there is a breaker operation right after the
generation trip, e.g., operated by the protection, the proposed
CCVM-based algorithm would treat it as a line-trip event.

V. COMPARISON USING SIMULATION MODELS

To verify the performance of the proposed algorithm, two
IEEE standard power grid models, IEEE 9 and 39 bus systems,
are utilized as examples modeled by Power Systems Computer
Aided Design (PSCAD). To verify the deployment requirements
of different detection methods, the characters and algorithm

Fig. 5. Illustration of the line trip event locations in IEEE 9 bus system.

capabilities of the model-based and data-based methods are
listed in Table II. It concludes that current measurement and
the circuit model are necessary for the model-based algorithms.
Compared with the methods in [7] and [13], the proposed method
can achieve both detection and localization even without the cur-
rent measurements. Note that the proposed algorithm only uses
single phase voltage measurements so that it can be deployed in
three phases separately to detect the single-phase trip events.

In this section, the data-based algorithms with voltage mea-
surements are utilized in the comparison considering the PMU
deployment cost, where a frequency magnitude (FM)-based
detection and localization algorithm [11], [12], as well as a
Phase Angle (PA)-based line trip event detection algorithm [10],
are also tested. The [13] is not tested since only voltage are
available considering the limited installation cost. Currently, the
test hardware is based on the Intel Core i7-7700H with 3.6 GHz.

A. IEEE 9 Bus System

The classical IEEE 9 bus system is utilized as an example
power grid in this case. Illustrated in Fig. 5, three line trip event
locations are tested, i.e., line 4-5, line 6-9, and line 7-8, which
are utilized to verify the performance of the proposed algorithms
in different locations. The frequency responses, phase angles,
and relative phase angles are illustrated in Fig. 6, Fig. 7, and
Fig. 8.

By detecting the frequency magnitude values in the frequency
peaks, the FM-based algorithm can identify the candidate end
buses of the tripped line shown in Fig. 6. In addition, the line
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TABLE II
DEPLOYMENT REQUIREMENTS FOR ALGORITHMS

Fig. 6. Frequency simulation results for IEEE 9 bus system.

Fig. 7. Phase angle simulation results for IEEE 9 bus system.

trip events can also be detected by checking with the phase
angles illustrated in Fig. 7. There are obvious phase angle step
changes that indicate there are line trip events by using PA-based
algorithms. Alternatively, CCVM-based algorithms can also
detect these three line trip events by checking with RoCoFs.
The simulation results reveal that FM, PA, and CCVM-based
algorithms can successfully detect these three line trip events in
the IEEE 9 bus system.

In addition, the line trip event localization results from the
FM-based algorithm are obvious that the largest and the smallest
frequency spikes in Fig. 6 are exactly the end buses of the tripped
lines. Additionally, the largest and smallest relative phase angles
are shown in Fig. 8. And it provides similar results by using
RPA-based algorithm. This verifies that both FM and RPA-based
algorithms can successfully identify the line trip event in the
IEEE 9 bus system. Note that the reference buses are bus 9 in the
first two cases and bus 4 in the last case. However, the PA-based
algorithm is not able to identify the line trip event locations by
using the phase angle measurements.

B. IEEE 39 Bus System

To further verify the performance under a complicated topol-
ogy, IEEE 39 bus system is utilized in this case where the line
trip event locations are line 1-2, line 10-11, and line 23-24, as
demonstrated in Fig. 9. A line trip event detection and local-
ization accuracy comparison among FM-based, PA-based, and
proposed algorithms with both IEEE 9 and 39 bus systems are
summarized in Table III. The value of localization accuracy
for FM-based is NaN because it does not have localization
ability. For the speed of different methods, a line trip event
can be detected in 2.07 ms for the proposed method and it is
treated as the benchmark. The PA-based method would consume
6.03 times the time with 10-point data even under 8 parallel
computing units according to [10]. It can be revealed that the
accuracy of the PA-based method under the IEEE 39 bus is
20.6% lower than the proposed method. The reason is that this
method can not handle the cases that the power flow direction
change is caused by the line trip events.
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Fig. 8. Relative phase angle simulation results for IEEE 9 bus system.

TABLE III
LINE TRIP EVENT DETECTION AND LOCALIZATION COMPARISON

Fig. 9. Illustration of the line trip event locations in IEEE 39 bus system.

Compared with the FM-based algorithm, the proposed algo-
rithm has 1.26 times (100/79.4) higher accuracy on the line
trip event localization dealing with high impedance cases. In
addition, the line trip event detection for all algorithms is very ac-
curate. The comparison of computational complexity indicates
that the FM-based algorithm can achieve a very quick calculation
and the PA-based algorithm needs to consume more computing
resources. To speed up the computation, the operations of the
proposed algorithm can be highly parallelizable to process the
data from multiple PMUs. Two special cases are discussed in
the following sub-sections.

1) Power Flow Direction Change Case: Again, the fre-
quency of responses during the event is given in Fig. 10. Two
power flow direction change cases in lines 1-2 and lines 23-24
indicate that the frequency magnitude change for all buses are in
the same direction so it would be not possible to identify the line
trip event locations with FM-based algorithms. This is because

TABLE IV
CANDIDATE TRIPPED LINES WITH A LIMITED NUMBER OF SENSORS

the power flow direction on bus 1 and bus 24 changed after
the line trip event so that the frequency change directions for
all buses keep the same while relative phase angle oscillations
are observed on bus 1 and bus 24. In contrast, with RPA-based
algorithm, the tripped lines are still successfully localized where
the largest and smallest relative phase angles for all three cases
are illustrated in Fig. 11. These kinds of special cases have
caused the relatively low accuracy of FM-based algorithm as
listed in Table III.

2) Limited Number of Sensor Case: In this case, only one-
third of buses (13 buses, e.g., No.1,4,7...,37) in the IEEE 39
bus system have PMUs deployed. Similarly, three line trip event
locations, i.e., line 1-2, line 10-11, and line 23-24, are tested
with a limited number of PMUs. The candidate bus results are
summarized in Table IV. All three tripped lines (bold font) are
found in the candidate line list under three test cases. This result
verifies the profound performance of the proposed RPA and TR-
based algorithms under a limited number of sensor cases.

VI. EXPERIMENT RESULTS FOR WIDE-AREA CASE

To further verify the real-world performance of the proposed
algorithm, the wide-area based experiments are conducted using
the field measurements. Frequency measurements recorded by
FNET/GridEye are utilized to detect line trip events from EI
and WECC where more than 200 PMUs have been deployed in
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Fig. 10. Frequency simulation results for IEEE 39 bus system. (a) Line trip event between bus 1 and 2. (b) Line trip event between bus 10 and 11. (c) Line trip
event between bus 23 and 24.

Fig. 11. Candidate tripped line estimated from relative phase angle for IEEE 39 bus system.

Fig. 12. Location of the FDRs in FNET/GridEye.

the U.S. for national scale wide-area monitoring purposes, as
shown in Fig. 12. The frequency estimation algorithm deployed
in the FNET is using DFT-based algorithm with 6 cycle window
and 10 Hz reporting rate [37] which satisfies the requirements
in (10). However, as a result of the long DFT window, RoCoF
values are relatively lower than those in the simulation results.

A. EI Case Study

The first case is a line trip event captured in EI on Feb. 6th,
2020. An event data summary is listed in Table V. The total
event recording time is 40 s while GPS positioning information,
the longitude, and latitude, are utilized for event localization. In

TABLE V
EVENT DATA SUMMARY

this line trip event, totally of 56 PMUs have detected this event
by using the CCVM-based algorithm, as illustrated in Fig. 13.

By deploying RPA-based algorithm, 48 PMUs are categorized
into the VPSG (marked in blue stars) and 7 PMUs are categorized
into the VPRG (marked in red stars). By visualizing the mean
frequency responses in both the VPSG and VPRG, it would
be challenging to identify the mean frequency responses that
have frequency spikes in two opposite directions. However, by
checking with the RPAs, the ia and ib can be clearly identified as
shown in the RPA response in Fig. 13. This verifies the benefit of
RPA-based algorithm toward FM-based algorithm in the wide-
area power system.

Since the real-time power grids topology information is un-
available for wide-area power grid including many utility enti-
ties, the ia and ib are directly identified by using RPA-based
algorithm and marked in black squares. Since ia and ib are
located on the boundary of VPSG and VPRG, the tripped line
should be located between them. However, due to lacking more
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Fig. 13. Experiment test results in EI recorded on Feb. 6th, 2020.

Fig. 14. Experiment test results in WECC recorded Feb. 3 rd, 2020.

PMUs and power grid topology information, the conclusion
for the line trip event localization is that one or multiple lines
between ia and ib can be the tripped lines. This verifies the
benefit of RPA-based algorithm that the line trip event can be
roughly localized even though the power grid topology is not
available in wide-area cases.

B. WECC Case Study

The second case is a line trip event captured on Feb. 3 rd,
2020 in the WECC. The event information is also listed in
Table V, where 17 PMUs have detected this event by using
CCVM-based algorithm. As can be seen in Fig. 14, 11 PMUs
are categorized into the VPSG while 6 PMUs are categorized
into the VPRG. PMUs with the same color indicate that the
average frequency and the largest RPA responses from the two
categories provide the same trend as the previous case did. It
is interesting to notice that the frequency spikes, in this case,
are obvious compared with the previous case and the RPA step
change is also larger.

In this case, both FM and RPA-based algorithms can localize
the line trip event easily. The potential reason is that the PMUs
deployment locations may be closer to the line trip event location
so that the RoCoF values are larger and the frequency spikes are
obvious enough to be captured. The ia and ib are marked in
the black squares which give the virtual power flow directions
and the candidate line trip event locations. However, because the

number of PMU is limited to accurately localize the event, only
a rough event location between ia and ib is estimated.

VII. CONCLUSION

To accurately detect and locate the line trip events, this article
proposes a real-time CCVM-based line trip event detection
algorithm and a RPA-based line trip event localization algo-
rithm, respectively. The CCVM-based algorithm is discussed in
terms of frequency estimation, RoCoF calculation, and detection
algorithm aspects. Then, the RPA-based algorithm is presented
with the analysis under two standard circuit cases. Based on
the TR-based algorithm, the limited number of sensor case
demonstrates that all the tripped lines are successfully detected.
In the simulation test cases, the performance of the proposed
CCVM and RPA-based algorithms are verified by comparing
with a PA-based algorithm and a FM-based algorithm. The line
trip event can be detected in 2.07 ms and a 1.26 time accuracy
improvement can be observed compared with the FM-based one.
Moreover, in the actual experiment, two actual cases collected
from EI and WECC are presented to verify the online perfor-
mance of the proposed algorithms in wide-area power systems.
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