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ABSTRACT A fast and scalable heuristic transmission switching (TS) algorithm for boosting resilience
by reducing the load shed in electricity networks impacted by extreme weather events (EWEs) is presented.
Finding the best transmission line to switchwithin a suitable time is themain challenge for wider applicability
of TS. Here, we propose an algorithm that: i) finds the optimal TS candidate faster than well-known
algorithms; ii) is compatible with existing optimal power flow formulations; and iii) scales for larger, realistic
systems. Proof-of-concept results on the IEEE 39-bus, IEEE 118-bus, and the large-scale Polish 2383-bus
systems validate our claims. Further, a case study of TS for improving grid resilience in a real-life hurricane
event (Harvey, 2017) using a synthetic version of Texas’ ERCOT electric grid is presented for practical
application. Finally, a path forward to utilize our proposed TS algorithms for evolving EWEs is discussed.

INDEX TERMS Contingency analysis, extreme weather events, high-performance computing, load shed
reduction, post contingency violations, resilience, transmission switching.

I. INTRODUCTION
Resilience of electricity grids, especially when impacted
by evolving extreme weather events (EWEs), has profound
impacts on quality of life and the economy. Since the
1980s, the US National Oceanic and Atmospheric Adminis-
tration’s (NOAA) National Centers for Environmental Infor-
mation (NCEI) has tracked the impact of EWEs affecting the
US that caused at least $1 billion in damages. The share of
tropical cyclones and severe storms in the collective damages
measured using number of events, costs incurred in consumer
price index (CPI)-adjusted $, and deaths caused from all
EWEs in 1980–2021 is shown in Fig. 1.

The associate editor coordinating the review of this manuscript and
approving it for publication was Ravindra Singh.

A 2019 report from Oak Ridge National Labora-
tory (ORNL) attributed EWEs as the ‘‘leading cause of
electric power outage events’’ with hurricanes and severe
storms causing 38% of all large disruptions—i.e., affecting
at least 50,000 customers–in the US electric distribution
sector during 2000–2016 [2]. Reference [3] establishes the
irreplaceable role of available electricity supply for return to
normalcy from the aftermath of EWEs. Effective methods to
maintain uninterrupted supply of electricity with minimum
load shed, especially during EWEs, are imperative tools of
resilience. Transmission switching (TS), a process of inten-
tionally switching out transmission lines, reconfigures the
topology of a network resulting in a new schedule of elec-
tricity flows that may favor reductions in load shed. For our
purposes, we consider the reduction or recovery of load shed
during an EWE as the measure of grid resilience.
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FIGURE 1. Of the 310 such EWEs from 1980–2021 that have cost a total of
approximately $2.16 trillion (CPI-adjusted) and caused 15,180 deaths, the
combined impact of tropical cyclones and severe storms over all the other
EWEs (i.e., droughts, floods, freezes, wildfires, and winter storms)
accounts for nearly 199 EWEs (64% of all EWEs), costing $1.478 trillion
(CPI-adjusted, 68% of all EWEs), and causing 8577 deaths (57% of all
EWEs) [1].

A. PRIOR WORK AND OUR CONTRIBUTIONS
TS may be an effective means of load shed reduction or
recovery (LSR) [4]–[7], reducing line overloads [8]–[17],
correcting voltage violations [13]–[15], reducing line
losses [17]–[19], and for enhancing the operational resilience
of power systems [20]. Researchers in [21]–[28] showed
TS as an effective means for improving economic dispatch.
Despite the advantages shown in existing literature, TS is
not widely employed as a resiliency tool by the industry for
handling LSR due to the computational complexity of the
existing algorithms to find a potential TS candidate for larger
systems [17], [29]. Note that we posit the use of the LSR
metric as the measure of resiliency in this work—the greater
the value of LSR from a TS action, the more resilient the
system is upon that action.

The exhaustive search method (ESM), which sequentially
runs through every potential solution for TS, is computa-
tionally expensive and intractable for realistic power system
networks. A mixed integer program (MIP) based DC optimal
LSR with transmission switching model (DCOLSR-TS) is
presented in [4]. To reduce the computational complexity
of DCOLSR-TS, a heuristic MIP (MIP-H) algorithm is pre-
sented that allows only one TS per iteration. Recently, the
MIP model for AC power flows (MIPAC) was developed
by modifying an existing algorithm [5]. Replacing the ESM
by MIPAC for seeking the best single switching action for
the IEEE 118-bus system resulted in an average speedup of
approximately 2.3 times [5]. In [6], we presented the limit
branches TS (LBTS) algorithm, based on line flow thresh-
olds, which performs approximately 90 times faster than the
ESM for the IEEE 118-bus system. Although LBTS is com-
putationally fast, results showed that it is capable of recov-
ering only 50% of load shed compared to ESM after (N-2)
contingencies for the IEEE 118-bus system. In [7], we pro-
posed the LSBmax algorithm based on selecting the candidate
for TS using proximity to the load bus where the most load
is expected to be shed during a contingency. The LSBmax

algorithm performs approximately 15 times faster than the
ESM for the IEEE 118-bus system and achieves an LSR
of 98%. As such, the performance of the LBTS and the
LSBmax algorithms, for the IEEE 118-bus system, indicate
the need for another method for TS with faster and accurate
(i.e., higher LSR) operation. Moreover, the new algorithm
should be scalable to real-world larger power systems. Here
we present a linear sensitivity-based TS (LiSTS) algorithm
that uses line outage distribution factors (LODF), aka sensi-
tivity matrix, very much like in [16] and [30] and a limit of
loading on selected branches like the LBTS specifically for
decreasing the load shed post contingencies.

References [4] and [5], applications of TS for LSR, are
based on MIP formulations and address DC and AC optimal
power flow (OPF), respectively. Proximity to contingency
and violating elements based approaches for TS, intended for
real-time contingency analysis and security constrained eco-
nomic dispatch (SCED), were developed in [17]—however,
the proximity to load shedding buses was not explored. The
use of a sensitivity matrix to find the best TS candidate
for reducing line overloads was presented in [8], [9], and
[14]. A sensitivity matrix employing AC power flow analysis
developed to improve economic dispatch (ED) was presented
in [16]. A TS algorithm based on a combination of LODF and
branch limits, similar to our work here, was developed in [31];
however, that work utilized only the DCOPF formulation and
applied it for ED. Based on these, we note that there is still
requirement of a fast and accurate TS methodology, that is
indifferent to the type of OPF formulation, developed for
LSR, and applied for boosting system resilience. It is in that
regard we present an OPF type-agnostic TS algorithm (i.e.,
LiSTS) that uses LODF and a limit of loading on selected
branches for resilience in electric grids.

The main contributions of this work are the development
and simulation-based demonstration of a method for TS with
the following features: i) no MIP based modification to OPF
formulation as done in [4] and [5]; ii) combination of OPF,
sensitivity matrix, and TS for LSR; iii) agnostic to the choice
of DCOPF or ACOPF formulation; iv) at least one order
of magnitude faster than MIPAC algorithm when seeking a
single TS solution for the IEEE 118-bus system [5]; v) better
LSR than the LBTS, [6]; vi) parallelizable using multiple
computation cores like [17] and scalable to large-scale power
systems using high-performance computing (HPC) clusters;
and vii) applicable to a real-life EWE in an electric grid.

B. ASSUMPTIONS IN OUR WORK
We have considered non-trivial (N-2) contingencies requiring
load shedding even after generation re-dispatch [4]. Simi-
lar to [6], no new OPF formulation is presented here. This
manuscript focuses on a single TS candidate, and finding
more than one TS candidate is out of its scope. We use
MATPOWER for conducting OPF studies [32]. Dispatchable
loads are modeled as ‘‘negative generation’’ with negative
cost in the OPF objective function. The interested reader is
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pointed to Section IV of [32] for details on the dispatchable
loads and formulations of the DCOPF and ACOPF problems.

C. ORGANIZATION OF THE PAPER
This paper is organized as follows: Section II details the
LiSTS algorithm. The simulation setup is described in
Section III. Sections IV and V present the validation and
comparative performance of the LiSTS, ESM, LBTS, and
LSBmax . A simulation-based case study of using our pro-
posed TS algorithms for boosting the grid’s resilience dur-
ing a real-life EWE is presented in section VI. Section VII
concludes.

II. THE LiSTS ALGORITHM
Fig. 2 shows the flow chart of the LiSTS algorithm. First,
we find the branches operating close to their limits, quantified
as ρR, where ρ ∈ [0, 1] p.u. and R is the maximum rating of
a given transmission line. In our case, we have arbitrarily set
ρ = 0.99 p.u., to identify those transmission lines henceforth
called limit branches. If there exist limit branches, the sensi-
tivity matrix [16], [30], is used to identify the top ν branches
that will result in a counter flow on limit branches when sub-
jected to TS. These ν branches are eliminated sequentially;
the branch that results in the minimum load shed is the best
TS candidate from the list. The main difference between the
LBTS algorithm and the LiSTS algorithm is that the former
removes the limit branches, whereas the latter removes the
branch from the list that results in counter flow of power on
limit branches. Reference [30] describes the use of sensitivity
matrix and determination of counter flows. MATPOWER’s
inbuilt function is used to guarantee that no islands are formed
after TS [33]. In our studies, we have empirically selected
ν = 5. The number of branches (i.e., five here) is chosen
after considering the trade-off between accuracy of results
and the speed of arriving at a useful solution. It is noted that
the accuracy of the solution will increase and, concomitantly,
the speed of the algorithm will decrease with increase in the
number of branches selected.

III. SIMULATION SETUP
In this case study, we use three test systems, from MAT-
POWER, of increasing magnitude, namely: i) the IEEE 39-
bus system [34]; ii) the IEEE 118-bus system [35], [36]; and
the Polish 2383-bus system [37]. As in [4], our emergency
ratings are set to 125% of normal ratings. For the first two test
systems, simulations are performed on a 3.89 GHz desktop
computer with 16 GB RAM and without utilizing parallel
processing. This effort established a proof-of-concept of the
tractability of LiSTS. For the Polish 2383-bus system, simu-
lations are performed on compute nodes of a dedicated HPC
cluster [38]. Each compute node has 40 cores and 192 GB
RAM.

Table 1 shows the contingency lists (CL) for (N-2) non-
trivial contingencies in the test systems for the DCOPF and
ACOPF studies. CL-ALL includes all elements in the three
types of (N-2) contingencies, namely, i) two generator failures

FIGURE 2. Flowchart of proposed LiSTS algorithm for finding the optimal
TS candidates. The blocks shown in shaded color (orange) represent the
choice of either the DCOPF or ACOPF algorithm.

TABLE 1. The number of non-trivial contingencies for the three test
systems.

(G1 & G2); ii) two non-radial line failures (L1 & L2); and
iii) mixed generator and non-radial line failures (G1 & L1).

IV. PROOF OF CONCEPT USING TEST SYSTEMS
We use two metrics, namely, percentage load shed reduction
or recovery (%LSR) and relative improvement (I kµ), from [6],
to compare the relative performance of the LiSTS with ESM.
LSR in the ESM and the LiSTS algorithm are given by (1),
where τ is ESM or LiSTS and (LSi) is load shed during
contingency i, i ∈ {CL}.

LSRτ =
CL∑
i=1

(LSi)without TS −
CL∑
i=1

(LSi)τ (1)

Note that ESMwill result in lower or equal cumulative load
shed compared to LiSTS (i.e., a higher or equal LSR value)
due to the inherent nature of an exhaustive search. We use
the results from ESM to normalize the LSR obtained from
LiSTS, as shown in (2).

%LSR =
LSRLiSTS
LSRESM

× 100 (2)
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FIGURE 3. Ik
µ (i.e., relative computation speed) of the ESM and LiSTS algorithms, plotted on a reverse semilog for the DCOPF (3a) and ACOPF (3b)

methods.

TABLE 2. %LSR results for the LiSTS algorithm.

The relative improvement (I kµ) is the ratio of the average com-
putation times for contingency type k using ESM (i.e., T kµESM )
and LiSTS (i.e., T kµLiSTS ) for finding the optimal TS candidate.
Note that, i) k is either CL-ALL, (G1 & G2), (L1 & L2),
or (G1 & L1), as shown in (3) and ii) the average computation
time considers all the contingencies in each type k .

Ikµ =
T kµ ESM

T kµ LiSTS

(3)

A. SIMULATION RESULTS
Table 2 shows that the %LSR achieved by the LiSTS algo-
rithm for three test cases is approximately 95% or higher. The
goal of the LiSTS algorithm is to perform computationally
faster than the ESM. Fig. 3 shows the relative improvement
of LiSTS with respect to the ESM. As we move from smaller
to larger test systems, I kµ increases due to the relativelymodest
growth in size of the list of branches yielded by the sensitivity
matrix for determining the TS candidate (see Table 3). This
characteristic of scalability is useful for implementing LiSTS
algorithm on real-world larger power systems. The results in
Fig. 3 can be further improved by using HPC as shown in
Subsection IV-B.

B. LiSTSp: THE PARALLELIZED LiSTS ALGORITHM USING
HPC
From Fig. 2 we observe that each iteration of the LiSTS
algorithm is independent and can be executed in parallel to
improve the computational efficiency. This feature is true of
any sequential approach such as the ESM.We employ anHPC
environment to execute the ACOPF-based LiSTS algorithm,

TABLE 3. Comparison of average computation times of k=CL-ALL for
ACOPF-based ESM and LiSTS algorithms.

which we name LiSTSp, on the Polish 2383-bus system. The
rationale for using the HPC environment only on this system
is that the computational time of the LiSTS algorithm for all
other test systems is already viable even without applying
parallel computing. We used the built-in toolbox for parallel
computing in a popular numerical modeling and simulation
software, [39], for solving the ACOPF-based LiSTS algo-
rithm on multiple compute cores. The operating system and
software used are the same as those used for results shown in
Fig. 3.

Fig. 4 shows the average parallel speedup, Skµp , achieved
for ACOPF-based LiSTSp on a reduced set of 40 con-
tingencies in k using p cores of the HPC environment,
as shown in (4). Note that the numerator and denominator
of (4) represent the sequential and parallel execution times,
respectively.

Skµp
=

T kµ LiSTS

T kµ LiSTSp

(4)

Table 4 shows that T kµ LiSTSp=16
for ACOPF-based LiSTSp

algorithm; note the p = 16 is chosen to represent desktop
computers, and not necessarily HPCs. The inherent paral-
lelism characteristic is useful to implement the LiSTS algo-
rithm on real-world large power systems.

V. COMPARISONS OF LiSTS WITH LBTS AND LSBMAX
ALGORITHMS
LBTS and LSBmax algorithms are briefly described in
Section I-A. The interested reader is pointed to [6] and [7]
for details on these algorithms. Table 5 compares the
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FIGURE 4. Average parallel speedup, Sk
µp , versus number of cores used

for running the LiSTSp algorithm on the Polish 2383-bus system.

TABLE 4. T k
µ LiSTSp=16

for ACOPF-based LiSTSp algorithm. µ and σ are the

mean and standard deviation, respectively.

TABLE 5. Comparison of the performance of LBTS, LSBmax and LiSTS
algorithms for finding the TS candidate in the IEEE 118 and Polish-2383
bus test systems. Note that the values given below are for k=CL-ALL for
using both the DCOPF and ACOPF formulations.

performance of the LiSTS algorithm with those of the LBTS
and the LSBmax algorithms. Note that the %LSR and I kµ
for each algorithm are calculated with respect to the innate
ESM, i.e., using (2) and (3), respectively. By transitivity,
we can establish the comparison of the LiSTS, LSBmax , and
LBTS algorithms through their respective ESM. The LiSTS
is slower, but achieves a higher%LSR than LBTS. The LiSTS
is faster than LSBmax and achieves similar %LSR as LSBmax .

VI. AN APPLICATION OF TS ALGORITHMS TO A
REAL-LIFE EWE AFTERMATH
A. HURRICANE HARVEY
Hurricane Harvey was an EWE that made landfall in Rock-
port, TX, on August 25, 2017, at 22:00 Central Daylight Time
with an intensity of Category 4 on the Saffir-Simpson hurri-
cane scale. Costing an estimated $133 billion (CPI adjusted,
2021) and directly resulting in 68 deaths [40], this event
also left 1.67 million electricity customers without power in
ERCOT’s footprint.1 These outages and the cooler tempera-
tures accompanying Hurricane Harvey depressed the load in
ERCOT in the range of 15–20 GW from that expected on a
typical August afternoon. Fig. 5 depicts the loads in the eight
areas of ERCOT at 22:00 on August 25, 2017–when Hurri-
cane Harvey made landfall–and on August 18, 2017–a week
prior to the event. This plot also shows the relative difference,
in %, of the loads in the Coast (28%), South (30%), and South

1Electric Reliability Council of Texas (ERCOT) is the grid operator for
nearly 90% of Texas’ electric power load.

FIGURE 5. ERCOT area loads at 22:00 on 8/18/2017 (hatched bars) and
8/25/2017 (solid bars). Primary y-axis (left) shows these loads in 1000s of
MW. Secondary y-axis (right) shows the percentage scale for the relative
difference in area loads, which are marked by triangles. A dashed line
shows the system-wide relative difference for the loads at 22:00 on the
two days.

Central (20%) areas of ERCOT were at least equal to the
system-wide relative difference of 20% [41] between those
two dates. This higher percentage difference can be directly
attributed to disruptions from Hurricane Harvey based on
its inland path in Texas shown by the green line in Fig. 6.
Harvey entered Texas as a Category 4 hurricane at Rockport
and traveled in a northwesterly direction, progressively losing
intensity and becoming a Category 1 storm near Goliad, after
which it moved out of Texas in a southeasterly direction–the
directions are indicated with arrowheads in Fig. 6.
Over 90 substations, 850 transmission structures, and

nearly seven times as many distribution poles were dam-
aged (or downed) due to Hurricane Harvey leading to the
replacement of approximately 800 miles of electricity lines
in ERCOT [42]. Fig. 7 shows the numerical proportion of
the 438 transmission facilities or assets in ERCOT that were
affected by Hurricane Harvey.

B. SIMULATION SETUP
Simulations for this case study are performed on a 2.10 GHz
desktop computer with 32 GB RAM and without utilizing
parallel processing. We used a different desktop for this case
study for the following reason: in the earlier comparative
study involving smaller test systems, we were not constrained
by the availability of a dedicated license (PowerWorld [43]
full version); for the latter case study involving the ERCOT
system with 1000s of buses, we had to resort to using the full
version of the software, which was only installed in our lab
on the said 2.10 GHz desktop computer with 32 GB RAM.
However, we have noted that the two case studies are not
dependent on one another. All the algorithms in each case
study should be, and are, simulated on the same desktop for
comparison.

We used a high quality model of a synthetic version of the
ERCOT electric grid developed by researchers from Texas
A&M University using public domain information under an
ARPA-E project [44]. It is pertinent to note that this model
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FIGURE 6. Path of Hurricane Harvey through southern texas after making
landfall at 22:00 on 8/25/2017. The directions of arrival and departure of
this EWE are indicated using solid blue arrowheads.

FIGURE 7. 438 transmission facilities or assets in ERCOT affected by
Hurricane Harvey. Figure created using data from [42].

does not contain any critical electric infrastructure informa-
tion. This model, created in the footprint of ERCOT, includes
geographical similarity and associated geographical informa-
tion systems (GIS) information, 2000 buses, 544 generators,
3206 lines at 500/230/161/115 kV, and area information.
A GIS shape file of the path of Hurricane Harvey, obtained
from [45], is superimposed on this grid model–this is shown
in Fig. 6.Wemodeled the outage of 11 high voltage lines from
Rockport to Goliad to account for the damage to the trans-
mission grid as Harvey lost intensity from Category 4 to 1.
The details of the affected transmission lines are shown in
Table 6. The generation type affected mostly by these actions
is natural gas (NG) units. Reference [42] reports 3043 MW
and 5679 MW of shut-downs or scaled operation of genera-
tors in ERCOT prior to and after Hurricane Harvey’s landfall,
respectively.

Our simulation takes into account the generation that was
shut-down or derated, either in anticipation or as an aftermath
of the hurricane, as shown in Fig. 8. Observe that our model

TABLE 6. Transmission lines in the synthetic ERCOT grid affected by
Hurricane Harvey from the simulation scenario.

FIGURE 8. 8769 MW of generation shut-down or derated in the synthetic
ERCOT grid prior to or in the aftermath of Hurricane Harvey’s landfall.
Data corresponding to this figure is given in Table 7.

depicts this faithfully within 6% of the actual generation
turned off. Detailed load information, which is represented
in aggregate in Fig. 5, and the 11 contingencies mentioned
above are modeled. Upon running the simulation, we observe
from Fig. 9 that 147.7 MW of load is shed. Of this amount,
5.8% (8.7 MW) belongs to a portion of the system that is
isolated from the transmission grid–thus, TS actions will not
be effective to reduce this component. When ESM-based TS
is run as a base case, 30% (45 MW) of the load shed is
identified as the potential target (or upper bound) for the
achievable LSR. This leaves nearly 64% (94MW) of the load
shed unrecoverable.

C. RESULTS
The results of applying the three TS algorithms (i.e., LBTS,
LSBmax , and LiSTS), and comparing their performances with
the ESM for finding the best TS candidate for the Hurricane
Harvey scenario in the synthetic ERCOT grid is shown in
Table 8.
We observe that the ESM method has discovered the best

TS candidate (i.e., line number 12), which recovers 45 MW
of the 194 MW of load shed; however, the time to arrive at
this solution is nearly 2.5 hours. As expected, LBTS is the
fastest to arrive at a solution (within 1 minute); however,
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FIGURE 9. Numerical proportions of load shed in the simulated system
modeling Hurricane Harvey.

TABLE 7. Generation shut-down or derated in the synthetic ERCOT grid
prior to or in the aftermath of Hurricane Harvey’s landfall.

this TS solution (i.e., line number 30) recovers only 15%
of the potential target LSR of 45 MW, thus rendering it
unsatisfactory. Both the LSBmax and the LiSTS algorithms
successfully discover the same TS candidate as the ESM, but
the time taken to arrive at this solution is 1.5 and 3.2 minutes,
respectively. We postulate following to explain the faster
computational time of the LSBmax algorithm compared to
the LiSTS algorithm. In this simulation scenario of Hurricane
Harvey’s impact on the synthetic ERCOT grid, we considered
11 contingencies in the system (see Table 6). The result-
ing rerouting of power may stress the system by (nearly)
overloading the extant transmission lines. The computation
time of the LiSTS algorithm is dependent on the number
of branches operating at or near the rating (termed limit
branches) in the system, and increases proportionally with
system stress. On the other hand, the LSBmax algorithm, inde-
pendent of this type of system stress, uses the bus where the
maximum load shedding is expected to occur as the starting
point for discovering the solution. Thus, the computation time
of the LSBmax algorithm is smaller than the LiSTS for the
Hurricane Harvey case study.

At the time of writing this manuscript, ERCOT has filed
a petition with the Public Utility Commission of Texas to
increase the value of lost load (VoLL) to $20,000 [46].
VoLL is an estimate of the value of 1 MWh of electric

TABLE 8. Comparison of performance of methods of TS for LSR applied
to the Hurricane Harvey simulation scenario.

energy that is not supplied. Using this proposed VoLL,
the time of restoration identified in [42] as 13 days
(not counting the day of landfall), and the 45 MW LSR
from the simulation scenario, we can conjecture that
nearly $281 million may have been deferred from the
$133 billion of the estimated economic impact of Hurricane
Harvey.

D. A PATH FORWARD
NOAA’s National Hurricane Center (NHC) and collaborators
developed and deployed a high-resolution computer model,
called hurricane weather research and forecasting (HWRF)
for tracking hurricane paths and intensity in 2007. This model
is run on-demand with inputs from various sources for track-
ing active tropical storms. HWRF is run every six hours
(00:00, 6:00, 12:00, and 18:00) in a 24-hour period, with each
run producing a forecast for every three hours from the start
of the event to 126 hours [47].With the availability of updated
results from these models every six hours, we can predict the
path and intensity of the oncoming tropical storm and run the
simulations for identifying the TS candidate proactively, even
for larger real life systems.With the information to switch out
transmission lines ready, the system operator may have better
situational awareness to decrease any load shed following
the impact of the EWE, thus boosting the resilience of the
electricity grid during said EWE.

VII. CONCLUSION
Here we modified an existing TS algorithm and developed
the LiSTS algorithm for boosting grid resilience, which we
compute as the reduction in load shed after (N-2) non-trivial
contingencies. LiSTS performs faster than ESM by decreas-
ing the number of branches checked for finding the optimal
TS candidate. Like ESM, LiSTS is compatible with DCOPF
and ACOPF-based methods. Simulation results from three
standard test systems show the computational superiority of
LiSTS over ESM. Parallelization of the ACOPF-based LiSTS
algorithm on an HPC environment significantly improved
computational efficiency for the large-scale test system. Fur-
ther, we applied these TS algorithms to a simulation-based
scenario of the Hurricane Harvey’s impact on a synthetic
version of Texas grid and demonstrated the usefulness of the
LiSTS algorithm as a resilience tool.

DISCLAIMER
Parts of this work were conducted at Colorado State Univ.
(CSU) and appears in a patent filed by CSU [48].
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