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Resilience-oriented Transmission Expansion
Planning with Optimal Transmission Switching

Under Typhoon Weather
Yang Yuan, Heng Zhang , Haozhong Cheng, Fellow, CSEE, and Zheng Wang

Abstract—This paper presents resilience-oriented transmission
expansion planning (RTEP) with optimal transmission switching
(OTS) model under typhoon weather. The proposed model
carefully considers the uncertainty of component vulnerability
by constructing a typhoon-related box uncertainty set where
component failure rate varies within a range closely related
with typhoon intensity. Accordingly, a min-max-min model is
developed to enhance transmission network resilience, where the
upper level minimizes transmission lines investment, the middle
level searches for the probability distribution of failure status
leading to max worst-case expected load-shedding (WCEL) under
typhoon, and the lower level optimizes WCEL by economic
dispatch (ED) and OTS. A nested decomposition algorithm based
on benders decomposition is developed to solve the model. Case
studies of modified IEEE 30-bus and 261-bus system of a Chinese
region illustrate that: a) the proposed RTEP method can enhance
resilience of transmission network with less investment than
widely used RTEP method based on attacker and defender (DAD)
model, b) the influence of OTS on RTEP is closely related with
contingency severity and system scale and c) the RTEP model
can be efficiently solved even in a large-scale system.

Index Terms—Decomposition algorithm, optimal transmission
switching, resilience, transmission expansion planning,
uncertainty, vulnerability.

I. INTRODUCTION

IN recent years, frequency of extreme weather has been
increasing all over the world [1]. Typhoon, ice disaster,

earthquake, flood and other extreme weather events often cause
serious damage to the power system and bring great challenges
to the safe and reliable operation of power systems. In most
countries, typhoon prone coastal areas are often economic
centers, and the impact of power outage caused by typhoon
on these areas is greater than in inland areas. For example,
in 2012, super storm Sandy in the United States affected 24
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states, resulting in losses of over $60 billion. In 2018, super
typhoon Mangkhut caused power failure of nearly 6 million
users [2]. Generally, the above extreme weather events are
recognized as having high impact and low probability, (HILP)
events. The ability of prevention, resistance, absorption and re-
covery of HILP event is called resilience of power systems [3].

In order to reduce the risk of large-scale blackout under
HILP events, it is necessary to improve the resilience of power
systems. Power system resilience improvement measures can
be divided into long-term measures and short-term measures.
Typical long-term measures include transmission/distribution
network planning/hardening; risk assessment and management
of HILP event, etc. Typical short-term measures include
network reconfiguration, optimal line switching, preventive
dispatch, generator redispatch, maintenance crew preset load
restoration, and so on [4]. Previous research is summarized in
the following three parts.

A. Long-term Resilience Improvement Measures

References [5]–[11] improve resilience of system by reduc-
ing the vulnerability of components through hardening mea-
sures. References [5]–[9] study the optimal hardening strategy
of transmission/distribution network, [10] hardens both lines
and towers to improve resilience of a distribution network.
In particular, [11] has done in-depth research on hardening
measures, which utilize four types of hardening measures (the
degree of vulnerability improvement and the cost of harden-
ing measures are different) to enhance transmission network
resilience under a typhoon disaster. References [12]–[17] im-
prove system resilience through planning measures. [12] pro-
poses a tri-level distribution network planning model against
typhoon disaster. [13], [14] make joint planning of transmis-
sion network, natural gas or substation to enhance system
resilience. Reference [15] proposes a multi-object generation
and transmission network expansion planning (GTEP) model
against natural disaster, [16] considers microgrids in GTEP,
and [17] constructs a tri-level transmission network expansion
planning and hardening model against HILP event. It is
worth noting [5], [6], [8], [9], [11]–[14], [17] are based on
DAD/improved DAD model, of which the advantages and
disadvantages are discussed in the research gap part.

B. Short-term Resilience Improvement Measures

References [18]–[23] take network topology optimization
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as a short-term resilience improvement measure. In [18]–[20],
distribution network reconfiguration is conducted before the
typhoon to reduce load-shedding during typhoon. In [21],
the location and route of mobile DC de-icing devices are
optimized before HILP event. In [22], [23], proactive islanding
is adopted to cut off some distribution network lines before
snow disaster or flood to form islanding to prevent large-scale
cascading failures caused by HILP event. References [24]–
[27] improve resilience by optimizing generator scheduling
strategy. In [24], [25], proactive dispatching is carried out to
reduce output of generators in the area where HILP event
might affect, so that unbalanced power caused by the disaster
is reduced. In [26], a preventive scheduling strategy consist-
ing of proactive scheduling before disaster and emergency
scheduling during disaster are proposed. In [27], a preventive
unit commitment model is constructed, which optimizes the
day ahead unit commitment and generator redispatch strategy
within the day to resist the typhoon disaster.

C. Contingency Modeling Method Under HILP Event

Characterizing uncertainty of contingency under HILP event
is the main difficulty in contingency models under HILP
events. There are two typical methods. Some studies are
based on multi-scenarios method, selecting typical HILP event
scenarios and assuming component must outage if the intensity
of HILP event reaches the vulnerability threshold [7], [10],
[15], [16], [18]–[27], which means component vulnerability is
ignored, while others build DAD model, in which high risk
components under HILP events are selected according to the
vulnerability threshold to form a series of N-k contingency
uncertainty sets. The worst-case N-k contingency under HILP
event is searched and assumed to occur with 100% probability,
ignoring that worst-case contingency only occurs with low
probability [5], [6], [8], [9], [11]–[14], [17]. To sum up, both
methods only consider the uncertainty of contingency status
under HILP event, ignoring the uncertainty of component
vulnerability.

D. Research Gap

• Lack of component vulnerability uncertainty modeling
method. Vulnerability curve reveals that component vul-
nerability is closely related with HILP event intensity [3].
There are at least two factors resulting in the uncertainty
of component vulnerability. First, the intensity of HILP
event is uncertain, and the longer the prediction period,
the larger the prediction error. Second, the theoretical
vulnerability curve might be different from the actual
one, and the longer the component operates, the more
significant the difference might be. However, few re-
silience enhancement models take component vulnerabil-
ity uncertainty into consideration. Since the uncertainty
of HILP event intensity and component vulnerability
curve might be more significant in the long term, it
is necessary to consider component vulnerability for a
resilience enhancement measures model, especially for
long-term measures such as TEP and DEP.

• Little research carefully combines TEP and OTS to im-
prove transmission network resilience before and during

HILP event. At present, studies combining TEP and OTS
can be classified into two kinds: some studies combine
DEP and network reconfiguration to improve distribution
network resilience [12], [18], while others combine TEP
and OTS to improve renewable energy consumption [28].
Few studies combine TEP and OTS to improve resilience
of transmission network. Under normal operation condi-
tions, OTS can reduce transmission congestion and delay
line investment [29]. However, under HILP events which
tend to destroy network topology, whether OTS can take
effect on delaying line investment remains to be studied.
Moreover, in practice, TEP and OTS are separately de-
cided in planning stage and operation stage, but existing
models consider TEP and OTS in a same stage, meaning
that OTS is also determined in the planning stage, which
is not only unpractical, but also underestimates the effect
of OTS during the operation stage.

E. Contributions

Given the above, this paper proposes a RTEP model with
OTS to improve resilience of transmission network. The main
contributions are as follows:

• Propose a RTEP model considering the vulnerability
uncertainty of transmission lines under typhoon weather.
To characterize the vulnerability uncertainty, a typhoon-
related box uncertainty set of the transmission lines fail-
ure rate is constructed, where the actual transmission lines
failure rate is assumed to vary with a range closely related
with the theoretical failure rate calculated by vulnerability
curve under a typical typhoon scenario. Accordingly,
the WCEL rather than absolute load-shedding cost is
optimized to enhance resilience with less economy cost.
To the best known of the author, it is the first time
that component vulnerability uncertainty is modeled in
a resilience enhancement model. The proposed modeling
method can be easily extended to other components and
HILP events and the effect of the proposed method is
verified by detailed case studies.

• Develop a resilience enhancement model integrating TEP
and OTS and evaluate the effect of OTS for RTEP.
It is worth mentioning that previous research usually
considers OTS and TEP decision variables in the long-
term level because they are both binary variables and the
transformation of a short-term problem can be facilitated.
However, this paper considers TEP and OTS in different
levels to make the model more reasonable. TEP as a long-
term problem, is optimized as a here-and-now decision
variable before HILP events, while OTS as a short-term
problem, is decided as a wait-and-see decision variable
after HILP events.

• To conquer the computation complexity resulting from
consideration of component vulnerability uncertainty and
short-term OTS decision in RTEP, a nested decomposition
algorithm based on the mindset of benders decomposition
is developed to solve the proposed model and efficiency
of the algorithm is separately verified in a small and a
large system.
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The rest of this paper is organized as follows: Section II de-
scribes component vulnerability uncertainty modeling method.
Section III introduces the mathematical formulation of the pro-
posed TEP model. Section IV describes the solution method.
Section V verifies performance of the proposed model on
revised IEEE 30-bus and a 261-bus system. Section VI sums
up the conclusions.

II. VULNERABILITY MODELING

In general, the proposed vulnerability model is constructed
through three steps. First, a typhoon simulation model is used
to generate wind speed on each component. Second, taking
wind speed as the input parameter, calculate theoretical failure
rate of each component. Third, taking theoretical failure rate
as input parameter, form the component vulnerability model.
The detailed procedure of each step is presented as follows.

Step 1: Typhoon simulation. Based on Batts typhoon
model [30], these formulations are utilized for typhoon.

Rmax = e−0.1239∆P 0.6003+5.1043

Vgx = θ
√

∆P − 0.5Rmaxf (1)
VRmax = 0.865Vgx + 0.5VT (2){
Vrin = VRmax

r/Rmaxr ≤ Rmax

Vrout = VRmax(Rmax)x/rr > Rmax

(3)

∆P = ∆P0 − 0.675(1 + sinφ)t (4)

where Rmax is the distance from the center of the tropical
cyclone to the strongest wind zone, that is, the maximum
radius of typhoon. ∆P is the pressure difference (hpa) between
the periphery and the center of the tropical cyclone, related to
the landing time of the typhoon. Vgx is the velocity of air
flow caused by pressure gradient force and f the coefficient
of Coriolis force of earth rotation. θ is the empirical coefficient
and equals to 6.72 in this paper. VRmax

is the maximum wind
speed, which is reached at Rmax. VT is the moving speed of
typhoon. Vrin and Vrout are the wind speed when the distance
between the element and the typhoon center is less than or
greater than Rmax. r is the distance between the element and
the typhoon center. x is a parameter related to the intensity
attenuation of typhoon along the radial direction, equals to
0.5∼0.7. ∆P is the central pressure difference; ∆P0 is the
pressure difference between the periphery of the cyclone and
the center of the cyclone when the typhoon landed. φ is the
angle between typhoon track and coastline.

Step 2: Theoretical vulnerability calculation. The vulnera-
bility model proposed by [31] is used. This model indicates the
component failure rate during typhoon will evidently increase
only if wind speed exceeds the wind speed threshold, which
has been proofed in the Northeast U.S. power system. The
failure rate of transmission line at time t in a typhoon disaster
can be calculated as:

λlt(wt) =

{ [
1 + κ

(
w2

t

w2
r
− 1
)]
λnorm, if wt > wr

λnorm, if wt ≤ wr
(5)

where wt is the wind speed at time t. wr is the wind speed
threshold. κ is the sensitive factor of failure rate to wind speed.
λnorm is the normal failure rate without typhoon.

Step 3: Transmission lines vulnerability modeling. This
paper assumes the actual failure rate of transmission lines
fluctuates near the theoretical failure rate derived from (5),
and the failure rate and failure state of transmission lines under
typhoons are expressed as follows. It worth mentioning this
paper focuses on transmission lines which are generally more
vulnerable than other transmission system components, such
as tower, substation, and so on [8], however, this vulnerability
model can be easily extended to those components by merely
changing the failure rate interval.

D := {P ∈M+(Ω) : λlt ≤ Ep[1− zlt] ≤ λ
l

t, t ∈ T

λ
l

t = k1λ
l
t, k1 > 1

λlt = k2λ
l
t, 0 < k2 < 1} (6)

Ω :=

{
zlt ∈ {0, 1} :

∑
l∈L

zlt ≥ NL −Kmax, t ∈ T

}
(7)

where D is the ambiguity set composed of failure status prob-
ability distribution of transmission lines. M+ is the support
set of transmission lines failure status, that is, a set composed
of probability distribution of transmission lines failure status
P . Set Ω means the number of lines which outage time t
should be less than Kmax. zlt = 1 indicates that line l is
normal at time t, zlt = 0 indicates that line l is out of service
at time t. L is the set of all transmission lines. Ep[1 − zlt]
is the expected value of the failure state of line l at time
t, that is, the actual failure rate of line l at time t. λlt is the
theoretical failure rate of t line l at time, which is derived from
(5). λ

l

t and λlt are the upper and lower limits of the actual
failure rate of line l at time t. It worth mentioning that in
practice, λ

l

t and λlt can be obtained by setting a specific range
of typhoon category or setting different realistic vulnerability
curves. After each occurrence of typhoon, new line failure rate
data (although limited) can be used to adjust the range if it is
too small or too large, which means the proposed vulnerability
model can learn from historical data and better prepare for next
extreme event. Moreover, the proposed vulnerability model
can be easily extended to other components (e.g. generators,
substations) and other HILP events.

III. PROBLEM FORMULATION

A. Model Overview

Resourcefulness, robustness, adaptivity and rapid recovery
are four main features of a resilient power system, and these
features can be reflected in system performance in face of a
HILP event, as shown in Fig. 1 [3]. Phase 1 is preparedness
before a HILP event, and preventive measures can be taken
to enhance resourcefulness of system. Phase 2 is resistance
during a HILP event, corrective measures can be taken to
maintain the performance of system at an acceptable level,
that is, to enhance robustness of system. Phase 3 is response at
post-event degraded state, during which restoration measures
can be taken to start phase 4. Phase 4 is recovery. It worth
mentioning the proposed RTEP model focuses on preparedness
and resistance phase and ignores the recovery phase, utilizing



132 CSEE JOURNAL OF POWER AND ENERGY SYSTEMS, VOL. 10, NO. 1, JANUARY 2024

Resilient power system
Traditional power system

Response

R
ec

ov
er

y

Preparedness R
esistance

R0

R
es

il
ie

n
ce

 L
ev

el
 R

 (
t)

R
wc

t1 t2 t3 t4 Time

event occurrence

Fig. 1. The performance of resilient power system under HILP event.

TEP and OTS as preventive and corrective measures to en-
hance resourcefulness and robustness of a power system.

The framework of the proposed RTEP with OTS model
is presented in Fig. 2. The model is a two-stage tri-level
optimization problem. The first stage deals with long-term
problems, including the first level problem which minimizes
investment of transmission lines. The second stage deals with
short-term problems and includes level 2 and level 3 problems,
which searches for the probability distribution of failure status
causing max WCEL under a typhoon and minimizes the
WCEL by ED and OTS. The vulnerability modeling proce-
dure is carried out and embedded into the level 2 problem.
Considering that for an HILP event, high impact is related
to not only the loss but also the probability of the loss.
This paper employs WCEL rather than the worst-case load-
shedding (WCL) used in DAD based RTEP model to consider
the loss and its probability during an extreme event, which
can better tradeoff the conservativeness and economy of the
RTEP model.

Level 1: Minimize  Investment of Lines
Decision Variable: planning decision 

Level 2: Maximize  WCEL
DecisionVariable: 

failure status of lines 

Level 3: Minimize WCEL
Decision Variable: OTS, ED  

Worst-case
failure status OTS plan

Transmission
Expansion Plan 

OTS plan
Worst-case failure status
 probability distribution

Long
Term

Short
Term 

Typhoon
Generation

Vulnerability
Curve

Vulnerability
Modeling

Uncertainty
Set

Fig. 2. The framework of the proposed RTEP with OTS model.

B. Model Formulation

The mathematical formulation of the proposed RTEP with
OTS model is described as follows.

min
x,v

{∑
l∈Lc

Clxl + sup
P∈D

Ep[f(x, z)]

}
(8)

subject to ∑
l∈Lc

Clxl ≤
∏
L

(9)

xl ∈ {0, 1} (10)

where xl is investment decision variable of line l, xl = 1
represents line l is built, otherwise xl = 0, and Cl is its
investment cost of line l, Lc is the set of candidate lines.
Ep[f(x, z)] represents expected load-shedding cost caused
by typhoon and sup

P∈D
Ep[f(x, z)] searches for typhoon-related

failure status probability distribution P in ambiguity set D
which results in max Ep[f(x, z)]. Therefore, the vulnerability
uncertainty model introduced in part II is integrated into the
second level of RTEP model. f(x, z) represents minimum
load-shedding cost for a given transmission line decision xl
and the worst-case failure status probability distribution P ,
and f(x, z) equals to the following problem.

min
v,∆Dbt

∑
t∈T

∑
b∈B

Cb∆Dbt (11)∑
g∈G

pgt +
∑

l∈L+(b)

plt −
∑

l∈L−(b)

plt =
∑
b∈B

(Dbt −∆Dbt),

∀t ∈ T, ∀b ∈ B (12)
− (2− zlt − vl)M ≤ plt −Bl(θs(l)t − θe(l)t),
∀t ∈ T, ∀l ∈ Le

plt −Bl(θs(l)t − θe(l)t) ≤ (2− zlt − vl)M,

∀t ∈ T, ∀l ∈ Le (13)
− zltpl ≤ plt ≤ zltp̄l,∀t ∈ T, ∀l ∈ Le
− vlpl ≤ plt ≤ vlp̄l,∀t ∈ T, ∀l ∈ Le (14)
− (1− xl)M ≤ plt −Bl(θs(l)t − θe(l)t),∀t ∈ T, ∀l ∈ Lc
plt −Bl(θs(l)t − θe(l)t) ≤ (1− xl)M, ∀t ∈ T, ∀l ∈ Lc (15)
− xltpl ≤ plt ≤ xltp̄l,∀t ∈ T, ∀l ∈ Lc (16)
0 ≤ pgt ≤ pgmax,∀t ∈ T, ∀g ∈ G (17)
0 ≤ ∆Dbt ≤ Dbt,∀t ∈ T, ∀b ∈ B (18)∑
l∈Le

(1− vl) ≤ Nv,∀l ∈ Le (19)

θb ≤ θbt ≤ θb,∀t ∈ T, ∀b ∈ B (20)

Constraint (12) represents the power balance equation,
where pgt is output of generator g at time t, G is the set of
generators, plt is power flow in line l at time t, L+(b) is the set
of lines on which the power flows into bus b, L−(b) is the set
of lines on which the power flows out of bus b.Dbt is the load
demand at bus b at time t, ∆Dbt is the load-shedding at bus b
at time t, and B is the set of buses. (13) and (15) represents
power flow of existing lines and candidate lines respectively,
where vl is the transmission lines switching decision variable,
vl = 0 line l is switched off during typhoon, otherwise vl = 1.
Lc is the set of existing lines. (14) and (16) limits power flow
of existing lines and candidate lines, respectively. (17) limits
the output of each generator, (18) limits the load shedding at
each node, (19) limits the amount of switchable lines, (20)
limits the phase angles.

IV. SOLUTION METHOD

A nested decomposition algorithm based on benders decom-
position is developed to solve the proposed model. First, we
rewrite the model in a compact form:
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min
x

{
cT
l x+ sup

P∈D
Ep[f(x, z)]

}
(21)

subject to

Ax ≤ b, x ∈ {0, 1}|Lc| (22)

where f(x, z) can be represented as follows:

min
y
cT
d y (23)

s.t. By +Cv +D(z) ≥ d (24)

Ey + F (x) ≥ f (25)

Gy ≥ g (26)

Hv ≥ h (27)

where x, y and v represent the first stage decision vector,
the second stage continuous decision vector and the second
stage binary decision vector. (22) represents (9)–(10), (24)
represents (13)–(14), (25) represents (15)–(16), (26) represents
(12), (17)–(18), (20), and (27) represents (19).

We rewrite λlt ≤ Ep[1 − zlt] ≤ λ
l

t, t ∈ T as Ep[Y ẑ] ≤ λ̂,
where ẑ = I − z, λ̂ = [λ

T
,λT]T, and Y = [I,−I]T ∈

R2|Le|×|Le|. Then, rewrite sup
P∈D

Ep[f(x, z)] as follows.

sup
P∈D

Ep[f(x, z)] = maxP (z)

∑
z∈Ω

f(x, z)P (z) (28)

s.t.
∑
∀z∈Ω

Y ẑP (z) ≤ λ̂ (29)∑
∀z∈Ω

P (z) = 1 (30)

where (28)–(30) represent that this problem searches for the
worst-case probability of the contingency P (z) within the
ambiguity set D for any possible contingency status z ∈ Ω.
In light of strong dual theory, (28)–(30) equals the following
problem.

min
τ≥0,α

λ̂Tτ + α (31)

s.t. τTY ẑ + α ≥ f(x, z), ∀z ∈ Ω (32)

where τ and α are the dual variables of (29) and (30). Thus,
problem (21) can be described as:

(P1) min
x,τ≥0,α

cT
l x+ λ̂Tτ + α (33)

s.t. α ≥ f(x, z)− τTY ẑ, ∀z ∈ Ω (34)

(22) (35)

Since (34) contains contingency scenarios with exponential
growth as Kmax increases, (36) are introduced to replace (34).

s.t. α ≥ maxz∈Ω

{
f(x, z)− τTY ẑ

}
(36)

Based on (33), (35), (36), the solution algorithm utilizing
benders decomposition is described as follows.

A. Sub-problem (SP)

At each iteration m, for a given x(m), sub-problem searches
for the corresponding worst-case contingency probability dis-
tribution P (z) ∈ D that results in the maximum ex-
pected load-shedding. The process is completed by solving
maxz∈Ω{f(x, z)− τTY ẑ}, which is bilevel programming.

Strong dual theory are often utilized to transform (36) to
a single level maximum problem, however, in the proposed
model, f(x, z) contains binary decision variable v, disabling
the direct use of strong dual theory. Therefore, the following
iterative algorithm is designed to solve maxz∈Ω{f(x, z) −
τTY ẑ}.

Step 1: set lower bound LBSP := −∞ and upper bound
UBSP := +∞, for inner iteration j, initialize v = v(j).

Step 2: for given x(m), τ (m) and v(j), f(x, z) turns into
a linear programming (LP) problem, thus strong dual theory
can be used to merge maxz∈Ω

{
f(x, z)− τTY ẑ

}
into one

level maximum problem SP1 as follows.

max
β,η,δ

{(
d−Cv(j) −D (z)

)T

β +
(
f − F

(
x(m)

))T

η

+ gTδ − τ (m)TY ẑ

}
(37)

s.t. BTβ +ETη +GTδ ≤ cd (38)
β,η, δ ≥ 0 (39)
Kz ≥ lk (40)

where β,η, δ represent the dual vector of (24)–(26), (40)
represents (7). Record the solution and optimal objective
function value of SP1 as z(j) and V (j)

SP1, update UBSP = V
(j)
SP1.

Step 3: for given x(m) and z(j), solve minimum problem
f
(
x(m), z(j)

)
, denoted as SP2, record the solution and op-

timal objective function value of SP2 as v(j+1) and V
(j)
SP2,

update LBSP = V
(j)
SP2.

Step 4: If (UBSP−LBSP)/LBSP ≤ υ, inner iteration stops,
record v(m) = v(j+1), z(m) = z(j), β(m) = β(j), η(m) =
η(j), δ(m) = δ(j), and set UB = LBSP − α(m) + V

(m)
MP for

P1 and go to master problem (MP) of outer iteration. If not,
j = j + 1 and go to step 2.

B. Master Problem

At m iteration, for given v(m) and z(m), the MP can be
expressed as follows.

min
x,τ≥0,α

cT
l x+ λ̂Tτ + α (41)

(22) (42)

α ≥
(
d−Cv(m) −D

(
z(m)

))T

β(m)

+ (f − F (x))
T
η(m) + gTδ(m) − τTY ẑ(m) (43)

where (43) is cut generated by dual variables obtained from
(SP). Record the solution and objective function value of
MP as x(m+1), α(m+1), τ (m+1) and V

(m+1)
MP , then set LB =

V
(m+1)
MP for P1. If (UB − LB)/LB ≤ υ, the outer iteration

stops and x(m+1) is the final transmission expansion plan,
otherwise m = m + 1 and go to SP. The flowchart of the
proposed nested algorithm is presented in Fig. 3.
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Fig. 3. Flowchart of the proposed nested algorithm.

V. CASE STUDY

A. Modified IEEE 30-bus System

Modified IEEE 30-bus system (shown as Fig. 4) consists
of 8 generators and 41 transmission lines and 41 candidate
lines, which are numbered in Fig. 4. This system is assumed
to be located in an area of 40000 square kilometers. The initial
max wind speed and the moving speed are separately set to be
40 m/s and 12 km/h, and the angle between typhoon moving
track and horizontal axis is 45◦. According to (1)–(4), the
typhoon is simulated and presented every 2 h in Fig. 4. For
vulnerability model, wr and κ are set to 20 m/s and 0.7 [7],
while k1 and k2 are set to 1.15 and 0.85, that is, the max
deviation between actual and predicted failure rate of compo-
nent is ±15%. Load shedding cost is set to be 10 M$/p.u.
Investment cost of the line is proportional to its reactance
and is approximately 1 M$/year, other system parameters
are given in MATPOWER. The program is developed with
Matlab R2016a on a PC with Intel(R) core (TM) i5-7200U.
In this part, we conduct case studies to analyze TEP, OTS and

resilience index (WCEL) results under three typical uncertain
factors related with typhoon weather: 1) contingency severity,
2) frequency of typhoons in one year which is reflected by
cost of load-shedding (CL), and 3) wind speed prediction error
during typhoon weather which is reflected by vulnerability
uncertainty (VU).

B. Effectiveness of the Proposed RTEP Model

Two cases are designed to demonstrate the advantages of
RTEP model, shown in Tables I and II.

Case 1 (C1): the proposed RTEP model with different
contingency severity (N-0∼N-6) for IEEE 30-bus system, and
OTS is ignored in C1.

Case 2 (C2): the DAD model with different contingency
severity (N-2∼N-6) for IEEE 30-bus system. The difference
between DAD model and RTEP is the uncertain contingency
set of DAD model only includes (7).
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Fig. 4. The modified IEEE 30-bus test system and simulated typhoon.

TABLE I
RESULTS OF RTEP WITH DIFFERENT CONTINGENCY SEVERITY

C1 IC (M$) LC (M$) WCEL (MW) EP NEL
N-0 0 0 0 – 0
N-1 1.98 0 0 9, 29 2
N-2 3.05 0.71 7.08 9, 10, 29 3
N-3 3.05 0.92 9.22 9, 10, 29 3
N-4 9.49 1.36 13.62 9, 10, 15, 18, 24, 25,

26, 29, 37
9

N-5 12.6 2.01 20.1 9, 10, 15, 16, 18, 24,
25, 26, 29, 35, 36, 37

12

N-6 16.64 2.53 25.31 7, 9, 10, 11, 14, 15,
16, 18, 24, 25, 26, 27,
29, 35, 36, 37

16

TABLE II
RESULTS OF RTEP AND DAD WITH DIFFERENT CONTINGENCY

SEVERITY

C1 C2
IC
(M$)

LC
(M$)

WCEL
(MW)

IC
(M$)

LC
(M$)

WCEL
(MW)

N-2 3.05 0.81 8.13 4.21 1.261 12.61
N-3 3.05 0.92 9.22 6.23 1.404 14.04
N-4 9.49 1.36 13.62 11.74 2.047 20.47
N-5 12.6 2.01 20.1 16.01 2.59 25.9
N-6 16.64 2.53 25.31 18.82 3.135 31.35
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It can be seen that from N-2∼N-6, the investment cost (IC)
and the load-shedding cost (LC) of both C1 and C2 increase.
However, from N-2∼N-6, the IC and LC of RTEP keep less
than of DAD model, which proofs the proposed RTEP model
can obtain a less conservative expansion plan (EP) than DAD
model without sacrificing resilience, that is, the RTEP has
better tradeoff resilience and economy cost than DAD model.
Moreover, the number of expansion lines (NEL) remains 3
from N-2∼N-3 in C1, representing that in this case, building
transmission lines 9, 10, 29 is enough to resist typhoon disaster
at the least economy cost.

C. Resilience Enhancement Effect of the RTEP Model

To illustrate the resilience enhancement effect of RTEP and
OTS, case studies are carried out by comparing results of
traditional TEP (TTEP) and RTEP with different number of
switchable lines (NSL), NSL = 0, 3, 6 and switched off lines
(SOL) as shown in Table III, Figs. 5 and 6. Moreover, the
load percentage (LP) defined by (44) during the simulated
typhoon disaster with different NSL and TEP model under
N-2 contingency are presented in Fig. 7.

LP (t) =

∑
b∈B(Dbt −∆Dbt)∑

b∈B Dbt
, ∀t ∈ T (44)

TABLE III
RESULTS OF RTEP WITH DIFFERENT NSL

N-2 IC
(M$)

LC
(M$)

WCEL
(MW) EP SOL

TTEP 0 1.04 10.43 – 0
NSL = 0 3.05 0.71 7.08 9, 10, 29 0
NSL = 3 2.07 0.69 5.95 9, 10 30, 40, 41
NSL = 6 2.07 0.52 5.17 9, 10 1, 6, 14, 40, 41

N-4 IC
(M$)

LC
(M$)

WCEL
(MW) EP SOL

NSL = 0 9.49 1.36 13.62 9, 10, 15, 18, 24,
25, 26, 29, 37

0

NSL = 3 8.47 1.25 12.48 9, 10, 15, 24, 25,
26, 29, 37

3, 30, 41
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Fig. 5. NEL results with different NSL and different contingency severity.

From the figure and table above, the following conclusions
can be drawn.

1) Both RTEP and OTS can enhance power system re-
silience by improving resourcefulness and robustness of a
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Fig. 6. WCEL results with different NSL and different contingency severity.
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Fig. 7. The load percentage with different NSL and TEP model.

system, and the resilience enhancement effect of RTEP is more
evident than of OTS. Compared with TTEP, load-shedding of
RTEP during the typhoon with 0, 3, 6 NSL are only 68%,
57%, 50% of TTEP.

2) OTS takes effect on resistance against typhoon weather
mainly by actively switching off transmission lines which are
relatively more vulnerable in typhoon weather, but locate in
an area where transmission lines are relatively redundant, for
example, lines 6, 14, 30, 40, 41, 42 all share this feature.
Lines 1 and 3 are not vulnerable in the simulated typhoon,
but switching them off can make output of generator 2 and 3
more reasonably distributed in the whole network.

3) However, the resilience enhancement effect of OTS
weakens as contingency level and NSL increase. Under N-
2 contingency, reduction of load-shedding weakens as NSL
increases from 0 to 6, while under N-4, load-shedding remains
the same as NSL increases from 3 to 9.

4) OTS shows more impact on reduction of WCEL than on
NEL, for example, under N-3 contingency, with increasing of
NSL, NEL keeps 3, while WCEL decreases from 9.22 MW
to 6.86 MW. However, the impact of OTS on WCEL also
weakens as contingency severity becomes worse.

D. Impact of Vulnerability Uncertainty (VU)

The impact of VU is studied by setting VU to vary from
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5% to 25%, that is, k1 varies from 1.05∼1.25 while k2 varies
from 0.75∼0.95. As shown in Fig. 8 and 9, as VU increases
from 5% to 25%, the NEL and WCEL keep increasing.
However, the impact of VU varies with different contingency
severity. In this case, the impact of UV under N-2 and N-4 is
comparatively evident than under N-3, N-5∼N-6, where NEL
remains the same when VU varies from 10%∼20%. Table IV
shows results of RTEP with different VU under N-4. It can
be seen that as VU increases from 5% to 25%, lines 15, 35,
37, 23, 39 are gradually added to the expansion plan to resist
risk caused by higher failure rate uncertainty of transmission
lines.

E. Impact of Cost of Load-shedding (CL)

The calculation of CL can be described as follows.

CL = CLP ∗ fty ∗ 365 ∗ 100 ∗ 10−6 (45)
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Fig. 8. NEL results with different VU and different contingency severity.
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Fig. 9. WCEL results with different VU and different contingency severity.

TABLE IV
RESULTS OF RTEP WITH DIFFERENT VU UNDER N-4

VU IC
(M$)

LC
(M$)

WCEL
(MW) EP NEL

5% 8.49 0.96 9.60 9, 10, 18, 24, 25, 26, 29, 37 8
10% 9.49 1.17 11.69 9, 10, 15, 18, 24, 25, 26, 29, 37 9
15% 9.49 1.36 13.62 9, 10, 15, 18, 24, 25, 26, 29, 37 9
20% 10.6 1.61 16.12 9, 10, 15, 18, 24, 25, 26, 29,

35, 37
10

25% 12.73 1.79 17.90 9, 10, 15, 18, 23, 24, 25, 26,
29, 35, 37, 39

12

where CLP is the cost of load-shedding, measured in $/MWh,
fty is the frequency of typhoons in one year, 100 means
100 MVA, that is, the base value. (45) reveals the close
association of frequency of typhoons, importance of load and
CL. For example, CL = 10 may represent fty = 20/365 and
CLP = 5000, and CL = 5 may represent fty = 10/365 or
CLP = 2500, so that Cl reducing by half means the duration
time of typhoon in a year or the importance of load in this
area is reduced by half.

Table V and Fig. 10 and 11 show with increasing of CL,
the NEL tends to slightly increase while the WCEL tends to
be significantly reduced, showing the evident penalty effect of
CL. For example, with contingency severity become worse,
WCEL increases from 29.21 MW to 77.72 MW when CL =
2.5, and the WCEL only increase from 1.47 MW to 11.98 MW
when CL = 20. However, impact of CL on RTEP weakens as

TABLE V
RESULTS OF RTEP WITH DIFFERENT CL UNDER N-4

CL
(M$/p.u)

IC
(M$)

LC
(M$)

WCEL
(MW) EP NEL

2.5 6.22 1.63 65.25 9, 10, 24, 26, 29, 37 6
5 8.35 1.22 24.37 9, 10, 15, 24, 25, 26,

29, 37
8

10 9.49 1.36 13.62 9, 10, 15, 18, 24, 25,
26, 29, 37

9

15 10.47 0.92 6.13 9, 10, 15, 18, 23, 24,
25, 26, 29, 37

10

20 10.47 1.23 6.13 9, 10, 15, 18, 23, 24,
25, 26, 29, 37
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Fig. 10. NEL results with different CL and different contingency severity.
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CL increases from 15 to 20 because the increment of IC will
be more than the decrement of LC, indicating that larger CL
cannot lead to more investment in this case.

F. Computation Performance

Table VI shows the computation performance results. C3
represents the result of RTEP with OTS when NSL = 9. On
one hand, more contingencies greatly increase computation
time. From N-2∼N-6, computation time increases from 9 s
to 4830 s in C1 although the iteration number only increases
from 4 to 18. On the other, computation time and iteration
number in C3 is more than in C1, indicating that binary OTS
decision variables can evidently increase computation burden.

TABLE VI
COMPUTATION PERFORMANCE ON IEEE 30-BUS SYSTEM

C1 NEL Iteration Time (s)
N-2 3 4 9
N-3 3 4 23
N-4 9 11 376
N-5 12 15 1371
N-6 16 18 4830
C3 NEL Iteration Time (s)
N-2 2 4 25
N-3 3 7 145
N-4 8 15 898
N-5 12 22 3655
N-6 16 31 6632

G. Cases of 261-bus System of East China

The system consists of 261 buses, 156 generators, 326
existing lines and 326 candidate lines in the original corridor.
Max load is 281,700 MW, the total generation capacity is
313,620 MW and the reserve ratio is 10.18%. The typhoon is
simulated according to the same assumption as part A, and the
track of typhoon is assumed to be within the area of 105,500
square kilometers where 68 transmission lines are located.

According to the typhoon model and component vulnerabil-
ity curve, 56 lines in this area will be affected by the typhoon.
We follow the same simulation procedure as previous part, and
the results of RTEP without OTS (denoted as C4) and RTEP
with OTS (denoted as C5) are presented in Table VII. It can be
seen that more severe contingency leads to more transmission
lines and WCEL. Moreover, OTS can reduce NEL from N-
2∼N-6, indicating the effect of OTS is more significant for
large-scale systems than small systems.

TABLE VII
RESULTS AND COMPUTATION PERFORMANCE OF 261-BUS SYSTEM

C4 C5
NEL WCEL (MW) Time (h) NEL WCEL (MW) Time (h)

N-2 17 10874 0.63 14 10025 1.07
N-3 24 14592 1.75 21 13614 3.76
N-4 33 20367 10.95 30 19186 12.84
N-5 38 24790 22.82 36 23947 25.97
N-6 45 31832 34.65 43 30941 40.95

VI. CONCLUSION

This paper proposes a RTEP with OTS model under typhoon
weather. To model the component vulnerability uncertainty,

a box uncertainty set characterizing the range of component
failure rate under typhoon is constructed. TEP and OTS are
modeled as long-term and short-term problems to balance
resilience and economy of transmission network. Case studies
reveal that: 1) based on the component vulnerability uncer-
tainty model, the proposed RTEP method can better tradeoff
resilience and economy cost compared with DAD model; 2)
higher component vulnerability uncertainty tends to result
in more transmission investments; 3) the effect of OTS is
weakened as contingency caused by typhoon becomes worse,
however, a larger network tends to be more flexible, thus the
effect of OTS is more evident; 4) the algorithm developed can
efficiently solve the proposed model even for a large-scale
system. Promising future research may include: 1) combining
TEP with more measures in different resilience phases, such as
recovery measures, 2) integrate more long-term and short-term
measures into TEP model, such as energy system, demand
response, and so on.
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