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• The multi-scenario distributionally robust uncertainty sets for wind farm outputs and grid faults.
• An offshore wind farms and transmission network integrated planning model considering normal and typhoon scenarios.
• A differential hardening model and its integration with the planning model.
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A B S T R A C T

Existing resilience-oriented offshore wind farms and transmission network integrated planning (ROWF&TNIP) 
models lack detailed characterization of the uncertainties associated with wind power and grid faults during 
typhoon disasters, and tend to be relatively conservative in enhancing resilience. To address these limitations, 
this paper proposes a multi-scenario distributionally robust model for ROWF&TNIP considering typhoon di
sasters. This model accounts for multiple uncertainties in wind power and grid faults under both normal oper
ation scenario (NOS) and typhoon disaster scenario (TDS), and enhances resilience in a less conservative manner. 
Firstly, the multi-scenario distributionally robust uncertainty sets for offshore wind farms (OWF) output and grid 
fault are established: a conditional value-at-risk (CVaR) based multi-scenario budget uncertainty set to capture 
the uncertainties of wind turbine outputs and turbine failures under NOS and TDS, and a 1-norm grid fault 
uncertainty set to represent the uncertain probability distribution of four types of fault: high-probability faults, 
high-loss faults, cascading faults under TDS and fault-free state under NOS. Subsequently, a multi-scenario 
distributionally robust ROWF&TNIP model is formulated, utilizing the worst-case expected load-shedding cost 
under TDS as resilience index, the planning and expected generation cost under TDS and NOS as economic index. 
This model coordinates resilience and economic efficiency under the most adverse realization of uncertain OWF 
outputs and grid faults. To further mitigate the conservatism of the ROWF&TNIP model, short-term source-grid- 
load measures, including preventive unit commitment, differential load-shedding and an innovative differential 
hardening model, are integrated to the planning model. A column and constraint generation (C&CG) based 
decomposition algorithm is developed to solve the model. In case study section, a series of comparative and 
sensitivity analyses are conducted on the IEEE-30 bus system and a Chinese 81-bus system to demonstrate the 
effectiveness of the proposed model and reveal how key parameters of the model influence the resilience and 
economy of the planning results.
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1. Introduction

Traditioanlly, offshore wind farms and transmission network inte
grated planning (OWF&TNIP) mainly focus on the economy and reli
ability of planning schemes. However, in recent years, the frequent 
occurrence of high-impact, low-probability (HILP) extreme events such 
as typhoons, earthquakes, and floods has posed significant challenges to 
power system planning and operation and drawn researchers’ attention 
to the resilience of power system [1]. The difference between reliability 
and resilience lies in that the former focuses on the system’s ability to 
provide stable power supply under long-term, normal operating condi
tions, while the latter emphasizes the system’s ability to prevent, resist, 
absorb, and recover from short-term, HILP extreme events [2]. 
OWF&TNIP with resilience enhancement as the goal is referred to as 
ROWF&TNIP. Different types of disasters have distinct disaster-inducing 
mechanisms and impacts on power system. For ROWF&TNIP consid
ering typhoon disasters, two issues are particularly noteworthy. Firstly, 
in comparison to NOS, the randomness, intermittency, and volatility of.

wind power intensify in TDS, accompanied by an evident increase in 
the probability and uncertainty of grid failures. Consequently, a pivotal 
challenge in ROWF&TNIP lies in how to effectively model the un
certainties associated with wind power and grid failures in TDS. Sec
ondly, OWF&TNIP represents a long-term measure that requires 
significant investment [3]. In contrast, typhoon disasters are short-term 
events. Hence, a crucial issue in ROWF&TNIP is how to coordinate 
planning measures with various short-term resilience enhancement 
strategies, such as transmission line hardening, while simultaneously 
balancing economic objectives in NOS, to prevent overly conservative 
planning scheme and excessive investment. In the following sections, we 
present an overview of the current research status, research gaps, and 
our contributions pertaining to these issues.

1.1. Uncertainty model for wind farm output and grid fault under 
typhoon overview

Existing wind farm output uncertainty models can be classified into 
two categories: the multi-scenario or stochastic optimization-based 
models, which utilize historical data to construct typical scenarios of 
wind farm output [4]; and the robust or distributionally robust 
optimization-based models, which construct various uncertainty sets for 
wind farm output [5–8]. [5,6] are robust optimization-based, both 
employing the budget uncertainty set to captures the uncertain fluctu
ation range of wind farm output. The difference between [5,6] is that [6] 
establishes both day-ahead and intra-day budget uncertainty sets for 
wind farm output, whereas [5] only creates a single budget uncertainty 
set [7,8] are distributionally robust optimization-based, both employing 
distance-based ambiguity sets to characterize probability distribution 
uncertainty. The difference between [7,8] lies in that [7] utilizes 
ϕ-divergence-based ambiguity set to depict the uncertain probability 
distribution of wind farm maintenance demand, whereas [8] applies 
Wasserstein distance-based ambiguity set to model the uncertain prob
ability distribution of typhoon parameters and the corresponding wind 
farm output. Robust or distributionally robust uncertainty sets do not 
rely on large amount of historical data or precise probabilistic models, 
and they can facilitate the identification of extreme scenarios for further 
optimization. These advantages are particularly suited to resilience- 
oriented optimization considering extreme events like typhoon di
sasters. However, it is inappropriate to simply applying the uncertainty 
models in [5–8] to ROWF&TNIP considering typhoon disasters. On one 
hand, [5–8] neglect the risk of wind turbine failures which may signif
icantly increase during typhoon. Although there are models regarding 
the risk of turbine failures during typhoon, for example, [9] examines 
the influence of wind velocity on the turbine failure rate, these models 
are deterministic, ignoring the uncertain turbine failures during 
typhoon. On the other, [5–8] focus on short-term operation optimization 
problems, so that they can ignore the differences in wind farm output 

uncertainty between normal and typhoon scenarios. However, for long- 
term ROWF&TNIP problems, this issue should not be ignored.

For grid fault model, characterizing component failure rate and 
possible fault scenarios under typhoon disasters are two primary con
siderations. On one hand, researchers have developed detailed deter
ministic data/model-driven component failure rate models. [10] merely 
focuses on the fragility curve of the overhead lines, while [11] accounts 
for the influence of cascading faults on line failure rate. [12] leverage 
data mining to predict component failure rate under extreme weather. 
However, [10–12] assume that the component failure rate can be 
accurately calculated based on significant historical data or theoretical 
assumption, which may not be feasible for HILP events like typhoon 
disasters which are highly uncertain and lacks of historical data. The 
state-of-art research [13] utilizes distributionally robust method to 
model the failure rate uncertainty of single component, but the uncer
tain probability of combined failures involving multiple components has 
not been addressed. On the other hand, in terms of fault scenario models, 
existing works are either scenario-based, relying on various represen
tative fault scenario generation methods, such as Markov process [14], 
complex network theory [15], Monte Carlo simulation [16], or robust 
optimization-based, identifying the worst-case fault scenarios within a 
typhoon-related contingency set [17,18]. Specially, the robust 
optimization-based models are widely used in resilience-oriented plan
ning to search the high-loss faults in HILP event. However, these ap
proaches often center on one type of fault scenarios such as severe faults 
or cascading faults, overlooking the diverse types of fault scenarios and 
the uncertain possibility of these fault scenarios under TDS. In summary, 
there is a need for further research on modeling the uncertainties in both 
component failure rate and fault scenarios during typhoon disasters.

1.2. Planning model integrated with other resilience enhancement 
measures overview

To reduce the conservatism of planning schemes and avoid over
investment, researchers typically integrate other resilience enhance
ment measures with planning model. Early resilience-oriented planning 
model mainly focuses on integrating single resilience enhancement 
measure like line hardening with planning [19]. At present, many works 
tend to involve more resilience enhancement resources into planning 
model to further mitigate the conservatism of planning model. Both 
[20,21] consider the joint of generation and transmission expansion 
planning, with the difference being that [20] also optimizes micro grid 
penetration, while [21] further considers FACTS devices planning. [22] 
taking into account the optimal transmission switching and differential 
load-shedding measures, simultaneously optimizes the transmission and 
substation expansion plan to resist HILP events. Compared with trans
mission expansion planning, distribution expansion planning models 
often incorporate a broader range of resilience enhancement measures. 
[23]– [24] combine distribution expansion planning with hardening, 
while [23] also optimizes tie-line installation and [24] takes network 
reconfiguration into account. [25–28] focus on distribution network 
hardening model. Among them, [25–27] also plan the installation of 
distributed generation, [25,26] embed the microgrid formation to 
hardening model, [26,27] further considers the deployment of switches 
and topology reconfiguration and [27,28] allocate mobile emergency 
generators or energy storage system to enhance resilience. It can be seen 
that integrating planning with various source-grid-load measures is the 
prevailing trend, and for resilience-oriented planning considering 
typhoon disasters, integration with hardening is a common feature of 
many works. However, the hardening models in these studies are overly 
simplified, assuming that hardened lines cannot fail and all lines share 
the same hardening level, which fail to fully reflect the characteristics of 
transmission planning problem. Additionally, the resilience-oriented 
coordinated planning of OWF and transmission network has not been 
studied yet.
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1.3. Research gap

• For existing wind farm output uncertainty models, on one hand, they 
ignore the significantly increased risk of wind turbine failures under 
TDS, underestimating the impact of typhoons on wind farm output. 
On the other, they neglect the differences in wind farm output un
certainty between typhoons and normal scenarios, making them less 
suitable for planning problem which require consideration of both 
normal and typhoon scenarios. For grid fault uncertainty models, on 
one hand, they often focus on a single type of fault under TDS, such 
as high probability faults or high loss faults, which correspondingly 
underestimate or overestimate the impact of typhoons. On the other, 
although the state-of-art researches have begun to model the un
certainty of component failure rates under TDS, there is still a lack of 
attention to the probability distribution uncertainty of fault scenarios 
under TDS.

• Lack of ROWF&TNIP that coordinates economy and resilience re
quirements under both NOS and TDS. Existing resilience-oriented 
transmission planning considering typhoon disasters have two limi
tations. On one hand, they neglect the integration of OWF, which 
may play an important role in resilience enhancement. On the other, 
more importantly, they often merely focus on resilience requirement 
under TDS, failing to take into account the economy requirement 
such as wind power absorption under NOS. This may not only lead to 
overly conservative planning schemes, but also contradict the actual 
needs of transmission planning in real life. Thus, a resilience- 
oriented planning model encompassing both NOS and TDS is 
crucial. While some hardening models aim to address this gap 
[26,28], to our knowledge, no transmission planning model has yet 
incorporated this crucial issue.

• Lack of a detailed and cost-effective hardening model and a proper 
method to integrate hardening with planning. Hardening model has 
not been refined in line with the features of transmission planning 
problem. Firstly, transmission lines span vast distances, and different 
sections of one transmission line may experience different wind 
speeds under TDS. However, existing models often apply a uniform 
hardening level to one transmission line, neglecting the variability in 
typhoon wind speeds across different line sections. Secondly, many 
hardening models assume that hardened lines are completely 
impervious to failure. However, in reality, hardening reduces the 
failure rate but does not guarantee immunity from damage. While 
some hardening models avoid this oversimplification, they have not 
jointly modeled hardening and expansion planning; otherwise, it 
would be challenging to design the solution procedures for the whole 
model. This modeling approach may hinder the comparative analysis 
of cost-effectiveness of planning and hardening measures, leading to 
overlapping investments.

Given the above, this paper proposes a R&E coordinated OWF&TNIP 
model considering typhoon. Main contributions are as follows: 

• Develop a multi-scenario distributionally robust uncertainty model 
for OWF output and grid fault. For OWF output uncertainty, a CVaR- 
based multi-scenario budget uncertainty set is built, of which the 
robust budget uncertainty set is employed to address the turbine 
output uncertainty resulted by wind speed forecasting error, while 
CVaR is used to quantify turbine failures uncertainty considering 
turbine failure rate. This budget uncertainty set is extended to multi- 
scenario form to capture the differences in OWF output uncertainty 
between TDS and NOS. For gird fault uncertainty, a 1-norm grid fault 
uncertainty set is constructed to depict the uncertain probability 
distribution of four types of grid faults: high-probability faults, high- 
loss faults, cascading faults under TDS and fault-free state under 
NOS.

• Propose a ROWF&TNIP model coordinating economy and resilience 
requirements under both NOS and TDS. As potential resilience 

enhancement resources, OWF is jointly planned with transmission 
network. Based on the above uncertainty sets. The proposed ROW
F&TNIP exhibits a tri-level multi-scenario distributionally robust 
optimization structure. With the worst-case expected load-shedding 
cost under TDS as resilience index, the planning and expected gen
eration cost under TDS and NOS as economic index, the ROW
F&TNIP coordinates resilience and economy with the worst-case of 
OWF outputs and grid faults probability distribution under NOS and 
TDS. Short-term measures like preventive unit commitment, differ
ential load-shedding and differential hardening are embedded into 
the planning model to mitigate its conservatism.

• Design a differential hardening model and integrate it with ROW
F&TNIP to prevent excessive investment. First, transmission lines are 
segmented into multiple sections based on varying typhoon wind 
speeds, and each section undergoes hardening at different levels. 
Subsequently, we devise an appropriate process to integrate differ
ential hardening and ROWF&TNIP, guaranteeing that hardening 
only reduce the probability of fault scenarios, and simultaneously 
obtaining the hardening and planning outcome. Lastly, a cost- 
efficiency sensitivity analysis is performed across various hard
ening strategies. 

The rest of the paper is organized as follows: Section II demon
strates the uncertainty model for OWF output and grid fault. Section 
III introduces the mathematical formulation of the proposed ROW
F&TNIP model. Section IV describes the solution algorithm. Section 
V presents the case study results and Section VI summarizes the 
conclusions.

2. Uncertainty model for OWF output and grid fault

2.1. Uncertainty model overview

Fig. 1 presents the framework of the comprehensive multi-scenario 
distributionally robust uncertainty model for OWF output and grid 
fault under both NOS and TDS. This uncertainty model consists of a 
CVaR-based multi-scenario robust budget uncertainty set for OWF 
output and a 1-norm distributionally robust uncertainty set for grid fault 
probability distribution. This setting is partly due to the suitability of 
robust and distributionally robust models for optimization problems 
considering extreme scenarios like typhoon disasters, and partly due to 
the different available data and theoretical foundations of OWF output 
and grid fault.

For OWF output uncertainty model, we consider two sources of un
certainty in OWF output: one is the uncertain individual turbine output 
resulted by wind speed forecasting error and the other is the uncertain 
turbine failures considering turbine failure rate. Given that the fluctu
ation range of turbine output can be obtained according to the historical 
wind speed forecasting error data, the robust budget uncertainty set is 
employed to depict the uncertain turbine output range. Considering that 
the turbine failure rate model has already been studied, we utilize the 
CVaR to quantify the uncertain number of failed turbines in a wind farm. 
Ultimately, the aggregate uncertain outputs from the functioning tur
bines in the OWF are designated as the OWF output uncertainty model. 
Furthermore, noticing that the wind speed forecasting error and turbine 
failure rate might exhibit significantly difference between NOS and TDS, 
we extend the CVaR-based budget uncertainty set to the multi-scenario 
form to represent the difference in OWF output uncertainty between 
normal and typhoon scenarios.

For grid fault uncertainty model, we notice that: a) most of the time, 
power system operates in a fault-free state under NOS, and b) power 
system confronts at least three types of fault risk: higher line failure rate 
near typhoon center, serious losses in heavily loaded areas caused by N-k 
faults, and cascading failures due to power flow transfers triggered by 
initial typhoon-induced faults. Based on these observations, we cate
gorize grid faults under TDS and NOS into four types: high-probability 
faults, high-loss faults, and cascading faults under TDS and fault-free 
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state under NOS. Moreover, considering the actual probability of these 
fault scenarios are hard to be accurately predicted but the theoretical 
probability can be determined based on existing component failure rate 
model, we utilize 1-norm uncertainty set widely used in distributionally 
robust optimization to characterize the uncertain deviation between 
actual and theoretical probability distribution of the four types grid fault 
scenarios.

2.2. OWF output uncertainty model

We take four steps to construct a multi-scenario CVaR-based budget 
uncertainty set to capture the uncertain OWF output under NOS and 
TDS. Specifically, steps 1 and 2 develop an individual turbine output 
uncertainty model, while step 3 models the uncertain failed turbines 
count. Finally, step 4 integrates these two models to form a compre
hensive OWF output uncertainty model.

Step 1: calculation of theoretical turbine output under NOS and TDS. 
The characteristics of turbine output vary significantly under TDS and 
NOS. Fig. 2(a) illustrates a typical daily turbine output ratio curve for a 
wind farm located in East China. The theoretical turbine output under 
NOS is derived from this curve. Within a typhoon wind field, wind speed 
distribution demonstrates a bimodal characteristic: the wind speed in
creases from 0 to its maximum value from the typhoon eye to maximum 
wind speed radius, and begins to decline once the maximum wind speed 
radius is surpassed. Given a scenario where a typhoon starts approach
ing a wind farm at t0, with the typhoon eye and maximum wind speed 
radius gradually reaching and moving away from the turbine, the 

turbine output ratio exhibit variations as depicted in Fig. 2(b). The 
detailed description of typhoon stages corresponding to each time in
terval in Fig. 2(b) is presented in Appendix A. It’s important to note that 
turbine output will be zero when the wind speed falls below the cut-in 
threshold or exceeds the cut-out threshold. To quantify the theoretical 
turbine output, the widely used BATTs model is used to simulate the 
typhoon wind field dynamic process [29], and the turbine output under 
forecasted wind speed wt is calculated by (1) [30]. 

pTH
wt =

⎧
⎪⎪⎨

⎪⎪⎩

0,wt⩽wci,wco⩽wt

pR
w
(
A + Bwt + Cw2

t
)
,wci⩽wt⩽wR

pR
w,wR⩽wt⩽wco

(1) 

where pTH
wt , pR

w are theoretical and rated outputs of turbine w at time t, wci,

wco,wR are cut in, cut out and rated wind speed，A,B,C are the wind- 
power conversion model coefficients.

Step 2: uncertainty set of individual turbine output. We assume the 
actual turbine output pwts at time t under scenario s fluctuates within a 
range related to wind speed forecasting error, which can be described by 
(2). 

Fig. 1. The framework of the OWF output and grid fault uncertainty set.

Fig. 2. Typical turbine output ratio under NOS and TDS.
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ΩWTO =

⎧
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

kT
2pTH

wts⩽pwts⩽kT
1pTH

wts, s ∈ ST

kN
2 pTH

wts⩽pwts⩽kN
1 pTH

wts, s ∈ SN

∑

s∈S,w∈W,t∈T

⃒
⃒
⃒
⃒
pwts − pTH

wts

ΔTH
wst

⃒
⃒
⃒
⃒⩽Γ

kT
1 , k

N
1 ∈ [1,∞], kT

2 , k
N
2 ∈ [0,1]

⎫
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎬

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎭

(2) 

where ΩWTO is the uncertainty set of individual turbine output, ST, SN are 
scenario sets of TDS and NOS. kT

1 , kT
2 and kN

1 , kN
2 are scaling coefficients 

representing upper and lower deviation of actual turbine output under 
TDS and NOS, and they are not linearly related to wind speed forecasting 
error. Take kT

1 for example, its value is determined by (3). ΔTH
wst is the sum 

of the possible deviation of pwts and pTH
wts, for example, under TDS, ΔTH

wst =
(

kT
1 − 1

)
pTH

wts +
(

1 − kT
2

)
pTH

wts. Γ is the budget of uncertainty set, which 

adjusts the conservatism by constraining the total deviation degree of 
pwts and pTH

wts. 
⎧
⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎩

kT
1 =

⎧
⎪⎪⎨

⎪⎪⎩

0, ŵt⩽wci, ŵt⩾wR
(
A + Bŵt + Cŵ2

t
)

(
A + Bwt + Cw2

t
) ,wci⩽ŵt⩽wR

ŵt = (1 + kE)wt , kE > 0

(3) 

where kE is wind speed forecasting error under TDS, ŵt is actual wind 

speed, for lower limit scaling coefficients like kT
2, ŵt =

(
1-kT

E

)
wt , the 

difference between TDS and NOS lies in different kE.
Step3: turbine failure risk model. Contrary to many studies that 

employ mathematical expectation to characterize the turbine failure 
risk, we recognize that expectation is inadequate to describe the tail risk 
of typhoon disasters. Given the significance of planners’ risk tolerance in 
shaping planning outcomes, we incorporate the classical risk manage
ment approach CVaR to quantify the failure risk of turbines under NOS 
and TDS. The CVaR can be defined by (4) [31]. 
⎧
⎪⎨

⎪⎩

NCVaR = E(N|N⩾NVaR ) =
1

1 − β

∫ Nmax

NVaR

Nρ(N)dN

NVaR = min{n|P(N⩽n)⩾β }

(4) 

where E( • ) represents mathematical expectation, ρ, Р are probability 
density function and cumulative probability distribution function of 
variable N, β is confidence level which belongs to (0, 1), NVaR is value at 
risk (VaR) of N. Given the discrete distribution of turbine failure, the 
CVaR of failed turbines under scenario s Ns

CVaR can be described by (5). 
⎧
⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎩

Ns
CVaR =

1
1 − β

∑NW

m=NVaR

[
Ns

f p
(

Ns
f = m

) ]

Ns
VaR = min

{

n

⃒
⃒
⃒
⃒
⃒

[
∑n

m=0
p
(

Ns
f = m

)
]

⩾β

} (5) 

where Ns
f is number of failed turbines under scenario s, NW is the total 

number of turbines in wind farm W. p
(

Ns
f = m

)
is probability of m failed 

turbines, which can determined by (6). 
⎧
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

p
(
Nf = m

)
= C(NW,m)

(
λs

w
)m( 1 −

(
λs

w
) )NW − m

λs
w =

⎧
⎪⎪⎨

⎪⎪⎩

λnorm
w ,wt⩽wR
[

1 +

(
1

λnorm
w

− 1
)

exp( − γ(wt − wR) )

]
− 1,wR⩽wt⩽wco

C(NW,m) =
NW!

m!(NW − m)!

(6) 

where λs
w, λ

norm
w are failure rate of turbine w under scenario s and normal 

conditions.
Step 4: OWF output uncertainty set. Given that in practical, it would 

be difficult for transmission system operators to obtain the output of 
each turbine output in a large wind farm, it is assumed that all turbines 
in a wind farm share the same output. Since OWF output is the total 
output of turbines operating normally, and the difference between TDS 
and NOS mainly lies in the wind speed forecasting error and CVaR of 
failed turbines, the OWF output uncertainty set ΩWFO is denoted as (7). 

ΩWFO =

⎧
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

pWst

⃒
⃒
⃒
⃒
⃒
⃒
⃒
⃒
⃒
⃒
⃒
⃒
⃒
⃒
⃒
⃒
⃒
⃒
⃒
⃒
⃒

kT
2pTH

wts⩽pwts⩽kT
1pTH

wts, s ∈ ST

kN
2 pTH

wts⩽pwts⩽kN
1 pTH

wts, s ∈ SN

∑

s∈S,w∈W,t∈T

⃒
⃒
⃒
⃒
pwts − pTH

wts

ΔTH
wst

⃒
⃒
⃒
⃒⩽Γ

pWst =
(
NW − Ns

CVaR
)
pwst

pTH
Wst =

(
NW − Ns

CVaR
)
pTH

wst

⎫
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎬

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎭

(7) 

where pWst , pTH
Wst are actual and theoretical outputs of wind farm W at 

time t under scenario s. The whole process of constructing OWF output 
uncertainty set is shown in Fig. 3.

2.3. Grid fault uncertainty model

We take four steps to develop the 1-norm grid fault uncertainty set 
which captures the uncertain probability distribution of four types of 
grid fault.

Step 1: search for high-probability faults. (8) is adopted to calculate 
the line failure rate under TDS [32]. 
⎧
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

λlt(wt) =

⎧
⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎩

λnorm
l ,wt⩽wr

λnorm
l + exp

[(
0.6931(wt − wr)

wr

]

− 1
)]

,wr < wt < 2wr

1,wt⩾2wr

λw
l = 1 − exp

[

−

∫ te

t0
λlt(wt)dt

]

(8) 

where wr is wind speed threshold, λnorm
l is the failure rate of line l under 

NOS. λlt(wt), λw
l are the failure rate of line l at wind speed wt and 

throughout TDS.
All lines are sorted in descending order based on their failure rates, 

and the lines with higher failure rate are combined to form a set of high 
probability N-k faults. Take N-1 and N-2 for example, the N-k faults 
probability can be calculated by (9) [33]. 

⎧
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

p(Z1) = λw
l −

∑L

i=1

i∕=l

vli +
1
2
∑L

i=1

i∕=l

∑L

j=1

j∕=l,i

vlij −
1
6
∑L

i=1

i∕=l

∑L

j=1

j∕=l,i

∑L

h=1

h∕=l,i,j

vlijh + ⋯

p(Z2) = vli −
∑L

j=1

j∕=l,i

vlij +
1
2
∑L

j=1

j∕=l,i

∑L

h=1

h∕=l,i,j

vlijh + ⋯

vli = λw
l λw

i , vlij = λw
l λw

i , vlijh = λw
l λw

i λw
j λw

h

(9) 

where Z1 represents only line l fails, Z2 represents only lines l, i fail, 
p(Z1), p(Z2) are their probabilities.

Step 2: high-loss faults. Based on classical attack-defense-attack 
model [34], the N-k faults resulting in serious load-shedding are 
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searched by (10) to construct the high-loss faults set, and the corre
sponding probabilities are calculated by (9). 

min
plt ,pgt ,ΔDbt∈G 1

max
z∈Ωf

min
plt ,pgt ,ΔDbt∈G 2

f
(

ΔDbt , pgt, plt

)

Ωf =

{
∑

l∈L
zl⩾NL − Kmax

} (10) 

where pgt , plt ,ΔDbt are output of generator g, power flow of line l and 
load-shedding at bus b at time t, G 1,G 2 are feasible zones of decision 
variables before and after faults, Ωf is N-k faults set, zl is fault state 
variable of line l, zl = 1/0 represents normal/fault state. NL is total 
number of lines, Kmax is maximum number of failed lines.

Step 3: cascading faults. Firstly, construct an initial fault set which 
covers the lines with high failure rate during TDS and select one line 
from the set to trip out as the initial fault. Secondly, the fault chain 
search is carried out based on (11) and the line with the maximum 
failure rate caused by overload is selected as the subsequent discon
nected line, and the search of one fault chain is ended if N-k criteria is 
satisfied. 

λC
l =

⎧
⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎩

λnorm
l , plt⩽pR

l

λnorm
l +

(
1 − λnorm

l
)(

plt − pR
l

)

plt − pmax
l

)]

, pR
l ⩽plt < pmax

l

1, plt⩾pmax
l

(11) 

where λc
l is failure rate of line l under cascading fault chain c. pR

l ,p
max
l are 

rated and limit power of line l.
Considering that both wind speed and cascading fault have an impact 

of the line failure rate, and assuming that the λw
l , λ

C
l are independent, the 

comprehensive failure rate λF
l of line l can be obtained by (12), and the 

probability of each N-k cascading fault chain can be determined by (9). 
⎧
⎪⎨

⎪⎩

λC
l =

∑
∀c∈Cλc

l

Nc

λF
l = λw

l + λC
l − λw

l λC
l

(12) 

where C is initial fault set including Nc high risk lines, λC
l is failure rate of 

line l under all cascading fault chains.
Step 4: 1-norm grid fault uncertainty set. Assuming that N1,N2,N3 

fault scenarios are searched for the former three fault types, respec
tively, combined with the fault-free scenario under NOS, there are a total 
of Nc = 1 + N1 + N2 + N3 scenarios under the fault scenario set that 
considers NOS and TDS. The sum of probabilities for these scenarios 
equals 1, where the sum of probabilities for the Nc − 1 fault scenarios 
under TDS is equal to the proportion of typhoon days in a year. The 

probability of each fault scenario is calculated by (9) and then normal
ized to ensure that the sum of the probability distribution of all fault 
scenarios equal 1. Considering the deviations in the actual probability 
distribution of these fault scenarios from the theoretical calculation, we 
adopt the 1-norm uncertainty set (13) to characterize such deviations 
based on the idea of distributionally robust optimization. 

ΩGF =

⎧
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

ps(Zs)

⃒
⃒
⃒
⃒
⃒
⃒
⃒
⃒
⃒
⃒
⃒
⃒
⃒
⃒
⃒
⃒
⃒
⃒
⃒
⃒
⃒
⃒
⃒
⃒
⃒
⃒

∑

s∈ST

|ps(Zs) − p0(Zs) |⩽Ψ

∂1p0(Zs)⩽ps(Zs)⩽∂2p0(Zs), s ∈ ST
∑

s∈S
ps(Zs) = 1

S = ST ∪ SN

∑

s∈ST

ps(Zs) =
TD

365

ps(Zs)⩾0s ∈ S

⎫
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎬

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎭

(13) 

where ΩGF is the 1-norm grid fault uncertainty set, ps(Zs), p0(Zs) are the 
actual and normalized theoretical probability of fault scenario Zs, Ψ, ∂1,

∂2 are parameters limiting the total and individual probability de
viations of fault scenario Zs under TDS. In the case of a large sample data 
size, the Ψ can be determined using an empirical formula. However, for 
HILP event, relying on engineering experience is a viable option, and the 
value of these three parameters can adjust the conservatism of the 
model. TD is average annual typhoon days. To facilitate the subsequent 
solution of the ROWF&TNIP model, the absolute value expression in the 
set is equivalently transformed to (14) by introducing pk(Zs), and the 
structure of the uncertainty set is illustrated in Fig. 4. 

∑

s∈ST

|ps(Zs) − p0(Zs) |⩽Ψ ⇔

⎧
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

∑

s∈ST

pk(Zs)⩽ψ

pk(Zs)⩾ps(Zs) − p0(Zs), s ∈ ST

pk(Zs)⩾p0(Zs) − ps(Zs)s ∈ ST

∑

s∈ST∪SN

pk(Zs) = 1

pk(Zs)⩾0, s ∈ S

(14) 

2.4. Connection between the uncertainty model and ROWF&TNIP model

It can be seen that the proposed uncertainty sets ΩWFO,ΩGF are 
essentially a series of constrains of wind farm outputs pWst and actual 
fault probability ps(Zs), and these constraints are the constraints of the 
middle level of the tri-level ROWF&TNIP model. Besides, pWst , ps(Zs) are 
reflected in the constraints and objective function of the ROWF&TNIP 

Fig. 3. Construction process of OWF output uncertainty set.
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model, respectively. A detailed presentation of how ΩWFO,ΩGF are in
tegrated into the ROWF&TNIP model is presented in the subsequent 
section.

3. Multi-scenario distributionally robust ROWF&TNIP model

3.1. Model overview

The multi-scenario distributionally robust ROWF&TNIP model fol
lows a tri-level min-max-min framework, and the decisions made in each 
level are outlined as follows:

a) The upper-level problem minimizes the total costs of three kinds of 
preventive measures: OWF and transmission expansion planning, dif
ferential hardening and preventive unit commitment.

b) Obtaining the prevention schemes from upper-level, the middle- 
level problem searches in the uncertainty set for the worst-case of 
OWF outputs and grid fault probability distribution, which cause the 
max expected operational cost under NOS and TDS.

c) Given the prevention results and the worst scenarios from upper 
and middle level, the lower-level problem minimizes the expected cost 
of generation redispatch and differential load-shedding under NOS and 
TDS to coordinate resilience and economy.

The framework of the proposed ROWF&TNIP model is shown in 
Fig. 5.

3.2. Objective function

min
xl,xW ,uS

gstuD
gst ,u

o
gst∈G

⎧
⎪⎪⎪⎨

⎪⎪⎪⎩

f1 + max
ps(Zs)∈Ω̂GF
pWst∈ΩWFO

⎡

⎢
⎢
⎢
⎣

∑

s∈S

⎛

⎜
⎜
⎜
⎝

ps(Zs) min
pgst ,plst ,prwst
pr1st ,pr2st∈H

f2

⎞

⎟
⎟
⎟
⎠

⎤

⎥
⎥
⎥
⎦

⎫
⎪⎪⎪⎬

⎪⎪⎪⎭

(15) 

f1 =
∑

l∈Lc

CL
l xl +

∑

W∈LW

COWF
W xW +CH +

∑

s∈S

∑

t∈T

∑

g∈G

(
CS

gu
S
gst +CD

g uD
gst

)
(16) 

f2 =
∑

s∈S

∑

t∈T

[
∑

g∈G
CG

g pgst +
∑

rw∈LW

CWC
rw

prwst +
∑

r1 ,r2∈B

(
CLS

r1
pr1st +CLS

r2
pr2st

)
]

(17) 

where f1, f2 objective function of upper and lower level problem, xl, xW,

uS
gst , uD

gst , uo
gst are binary decision variables of line and OWF investment, 

generator start, shut down and operation state, and 1 means these 
measures are taken, 0 otherwise. CL

l ,C
OWF
W ,CS

g ,CD
g are the corresponding 

costs. CH is the cost of differential hardening, which will be introduced 
in detail in the D model part. pgst , plst , prwst , pr1st, pr2st are generator output, 
power flow, wind power curtailment, important and normal load 
shedding at time t under scenario s. CG

g ,CWC
rw

,CLS
r1
,CLS

r2 
are corresponding 

costs. B,G, LW, Lc, Le are sets of buses, generators, OWF, candidate and 
existing lines. G ,H are feasible regions of upper and lower-level prob
lem. Ω̂GF ,ΩWFO are feasible regions of middle-level problem.

In (15), we take the expected load-shedding cost under the worst- 
case grid fault probability distribution under TDS searched by the 
middle level problem as the resilience index, which can be represented 
as (18). The economic index is the other cost in (15). Thus, the system’s 
resilience performance under TDS and its economic performance under 
both TDS and NOS can be simultaneously considered. 

max
ps(ZS)∈Ω̂GF
pWst∈ΩWFO

⎡

⎢
⎢
⎢
⎣

∑

s∈ST

⎛

⎜
⎜
⎜
⎝

ps(Zs) min
pgst ,plst ,prwst
pr1st ,pr2st∈H

∑

s∈ST

∑

t∈T

[
∑

r1 ,r2∈B

(
CLS

r1
pr1st +CLS

r2
pr2st

)
]

⎞

⎟
⎟
⎟
⎠

⎤

⎥
⎥
⎥
⎦

(18) 

3.3. Upper level constraints

(1) Budget constraints 
⎧
⎪⎪⎨

⎪⎪⎩

∑

l∈Lc

CL
l xl⩽

∏

L
∑

W∈LW

COWF
W xW⩽

∏

W

(19) 

where 
∏

L,
∏

W are lines and OWF investment budgets.
(2) Preventive unit commitment constraints 

⎧
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

uo
gs(t − 1) − uo

gst + uo
gsk⩽1∀t ∈ T, 1⩽k − (t − 1)⩽TD

g

− uo
gs(t − 1) + uo

gst − uo
gsk⩽0∀t ∈ T,1⩽k − (t − 1)⩽TS

g

− uo
gs(t − 1) + uo

gst − uS
gst⩽0, ∀g ∈ G, ∀s ∈ S,∀t ∈ T

− uo
gs(t − 1) + uo

gst − uD
gst⩽0∀g ∈ G, ∀s ∈ S, ∀t ∈ T

uo
g(s− 1)t = uo

gst∀s ∈ ST

(20) 

where TD
g ,TS

g are minimum continuous shutdown/ startup time of the 
generator g. uo

g(s-1)t = uo
gst ∀s ∈ ST has two implications: on one hand, we 

employ different preventive unit commitment strategies to tackle TDS 
and NOS; on the other hand, we only optimize one preventive unit 

Fig. 4. Structure of grid fault uncertainty set.
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commitment strategy for all faults scenarios under TDS, given that in 
practical, dispatchers can only utilize a single preventive unit commit
ment strategy to resist all potential faults under a given TDS. (19)–(20) is 
the feasible region Gof upper-level problem.

(3) Differential hardening model.
The proposed differential hardening model aims to harden different 

segments of a transmission line with varying degrees based on the dif
ference in wind speed along each segment during TDS. We adopt a three- 
step approach to construct the differential hardening model.

Step 1: Establish a set of lines for hardening. Lines included in the 
fault uncertainty set are eligible for hardening, however, considering the 
hardening cost budget constraint, we select 

∏
H lines with the higher 

failure rates to constitute the set of lines for hardening.
Step 2: Design a differential hardening segment division strategy and 

calculate differential hardening costs. Following international practices, 
the wind speed range for typhoon intensity levels is 3–5 m/s. In practice, 
one hardening level be applicable to one or more typhoon intensity 
levels. Thus, designing the segment division strategy involves con
structing a piecewise function (21) that characterizes different wind 
speed intervals and their corresponding hardening levels. The 

calculation of differential hardening costs requires a piecewise function 
(22) to determine the costs associated with different hardening levels. 
The total hardening cost is calculated by (23). 
⎧
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

he(ŵe) =

⎧
⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎩

hLevel
a ,wR

1 ⩽ŵe < wR
2

hLevel
b ,wR

2 ⩽ŵe < wR
3

hLevel
c ,wR

3 ⩽ŵe < wR
4

…

ŵe = max
t∈T

(wet)

(21) 

CH
e (he) =

⎧
⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎩

CH
a , he = hLevel

a

CH
b , he = hLevel

b

CH
c , he = hLevel

c

…

(22) 

Fig. 5. The framework of the proposed ROWF&TNIP model.
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⎧
⎪⎪⎨

⎪⎪⎩

CH =
∑

l∈Lh

CH
l

CH
l =

∑

e∈El

[
CH

e (he)he(ŵe)
] (23) 

where he(ŵe),CH
e (he) are piecewise functions of segment division strat

egy and hardening cost. wR
1 ∼ wR

4 are threshold of each wind speed in
terval, hLevel

a ∼ hLevel
c are hardening levels corresponding to each wind 

speed interval, and CH
a ∼ CH

b are the corresponding hardening costs. The 
differences in the values of these three sets of parameters reflect 
different hardening strategies. ŵe is the maximum wind speed of 
segment e during typhoon, CH

l is the hardening cost of line l, Lh,El are 
sets of lines for hardening and all segments of line l.

Step 3: Update the fault uncertainty set after hardening and integrate 
the differential hardening model with ROWF&TNIP. Unlike previous 
works that assume hardened lines are invulnerable during TDS, we 
adopt a more realistic assumption that hardening merely reduces the 
failure rate. Consequently, the line failure rate is updated after hard
ening according to (24). Based on this, the probability of fault scenarios 
and the fault uncertainty set are also updated using (9) and (25). Given 
that hardening is more cost-effective than planning, to integrate the 
differential hardening and ROWF&TNIP models, differential hardening 
is firstly utilized to harden the high-risk lines. After updating the fault 
uncertainty set, the planning process is conducted to avoid excessive 
investment. Fig. 6 shows the modeling process of the differential 
hardening. 

λ̂
w
l = 1 −

∏

e∈El

(
1 − λw

e (he)
)

(24) 

{∑

s∈ST

|ps(Zs) − p̂0(Zs) |⩽Ψ

∂1 p̂0(Zs)⩽ps(Zs)⩽∂2 p̂0(Zs), s ∈ ST

(25) 

where λw
e (he) is the failure rate of segment e of line l with hardening level 

he which enhances the wind speed threshold Wr in line failure rate model 
(8). λ̂

w
l is the failure rate of hardened line l, p̂0(Zs) is the updated 

theoretical fault probability after hardening.

3.4. Middle level constraints

The middle level problem is a maximization problem that searches 
for the OWF output pWst and actual grid fault probability distribution 
ps(Zs) in the uncertainty set ΩWFO, Ω̂GF, to maximize the expected 
operation cost. Therefore, the middle level constraints are the uncer
tainty set ΩWFO, Ω̂GF. Given that the middle level searches for the worst- 
case ps(Zs) only after the hardening measure is conducted in the upper 
level, the middle level problem should adopt the updated grid fault 
uncertainty set Ω̂GF after hardening, rather than the original grid fault 
uncertainty set ΩGF as (13), that is, the theoretical fault probability is 
p̂0(Zs), rather than p0(Zs). The ΩWFO, Ω̂GF adopted in middle level are 
presented as (26)–(27). 

ΩWFO =

⎧
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

pWst

⃒
⃒
⃒
⃒
⃒
⃒
⃒
⃒
⃒
⃒
⃒
⃒
⃒
⃒
⃒
⃒
⃒
⃒
⃒

kT
2pTH

Wst⩽pWst⩽kT
1pTH

Wst , s ∈ ST

kN
2 pTH

Wst⩽pWst⩽kN
1 pTH

Wst , s ∈ SN

pWst =
(
NW − Ns

CVaR
)
pwst

pTH
Wst =

(
NW − Ns

CVaR
)
pTH

wst

kT
1 , k

N
1 ∈ [1,+∞), kT

2 , k
N
2 ∈ (0, 1]

⎫
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎬

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎭

(26) 

Ω̂GF =

⎧
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

ps(Zs)

⃒
⃒
⃒
⃒
⃒
⃒
⃒
⃒
⃒
⃒
⃒
⃒
⃒
⃒
⃒
⃒
⃒
⃒
⃒
⃒
⃒
⃒
⃒
⃒
⃒
⃒
⃒
⃒
⃒
⃒

pk(Zs)⩾ps(Zs) − p̂0(Zs), s ∈ ST

pk(Zs)⩾p̂0(Zs) − ps(Zs)s ∈ ST

∂1 p̂0(Zs)⩽ps(Zs)⩽∂2 p̂0(Zs), s ∈ ST

∑

s∈ST

ps(Zs) =
TD

365
∑

s∈ST

pk(Zs)⩽ψ

∑

s∈S
ps(Zs) = 1

ps(Zs), pk(Zs)⩾0s ∈ S

S = ST ∪ SN

⎫
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎬

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎭

(27) 

Fig. 6. The differential hardening model and the process of its integration with ROWF&TNIP.
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3.5. Lower level constraints

(1) Generation redispatch constraints 

uo
gstP

min
g ≤ pgst ≤ uo

gstP
max
g , ∀g ∈ G, ∀s ∈ S, ∀t ∈ T (28) 

where Pmin
g ,Pmax

g are minimum and maximum output of generator g.
(2) Power flow constraints 

plst − Bl
(
θs(l)t − θe(l)t

)
≥ − M(1 − xl), ∀s ∈ S, ∀t ∈ T,∀l ∈ Lc (29) 

plst − Bl
(
θs(l)t − θe(l)t

)
≤ M(1 − xl), ∀s ∈ S, ∀t ∈ T,∀l ∈ Lc (30) 

− xlp l
≤ plst ≤ xlpl, ∀s ∈ S, ∀t ∈ T, ∀l ∈ Lc (31) 

plst = z*
l Bl

(
θs(l)t − θe(l)t

)
, ∀s ∈ S, ∀t ∈ T,∀l ∈ Le (32) 

− pl ≤ plst ≤ pl, ∀s ∈ S,∀t ∈ T,∀l ∈ Le (33) 

where Bl, pl are admittance and maximum transmission capacity of line l, 
θs(l)t, θe(l)t are phase angles of the starting and ending nodes of line l, M is 
a sufficient large positive number, z*

l is fault state of line l determined 
during the construction of fault uncertainty set.

(3) Differential load-shedding and other constraints 

0 ≤ pr1st ≤ kr1 pbst , ∀t ∈ T,∀r1, b ∈ B (34) 

0 ≤ pr2st ≤ kr2 pbst , ∀t ∈ T,∀r2, b ∈ B (35) 

kr1 + kr2 = 1 ∀r1, r2 ∈ B (36) 

0 ≤ prwst ≤ pWst , ∀t ∈ T, ∀W ∈ LW (37) 

∑

g∈G
pgst +

∑

W,rw∈LW

(
pWst − prwst

)
+

∑

l∈L+(b)

plst −
∑

l∈L− (b)

plst

=
∑

pr1 t ,pr2 ,b∈B

(
pbst − pr1st − pr2st

)
(38) 

where pbst is load at bus b at time t under scenario s, kr1 , kr2 are per
centage of important and normal load. L+(b), L− (b) are sets of lines of 
which power flow in and out from bus b. The feasible region H of lower- 
level problem is (28)–(38).

4. Problem solution

The proposed ROWF&TNIP model is a tri-level optimization prob
lem, with binary variables in the upper level and continuous variables in 
the middle and lower level. In light of C&CG method [22], we develop a 
decomposition algorithm with a master-subproblem framework to solve 
this problem. At the first iteration of this algorithm, the differential 
hardening is firstly implemented to update the theoretical fault proba
bility distribution before the start of planning process. Then, acquiring 
the worst-case OWF outputs and actual grid faults probability distribu
tion searched by the subproblem, the master problem finds the optimal 
planning and operational measures and lower bound (LB). The sub
problem leverages the master’s outputs to determine the worst-case 
realization of uncertain factors in uncertainty set and computes the 
upper bound (UB). It then constructs corresponding C&CG cuts, feeding 
them back to the master problem for the next iteration. This process 
continues until the gap between the LB and UB is small enough for the 
algorithm to converge. For brevity, we denote the ROWF&TNIP model 
in compact matrix form, and the illustration of the compact variables 
and constraints are shown in Table 1.

The objective function (15)–(17) is denoted as (39)–(41). 

min
x∈G

⎧
⎪⎪⎪⎨

⎪⎪⎪⎩

c1
Tx+ max

P(z)∈ΩGF
Pw∈ΩWFO

E[f(x,P(z) ,Pw) ]

⎫
⎪⎪⎪⎬

⎪⎪⎪⎭

(39) 

max
P(Z)∈ΩGF
Pw∈ΩWFO

E[f(x,P(z) ,Pw) ] = max
P(Z)∈ΩGF
Pw∈ΩWFO

[
∑

s∈S
f(x,P(z) ,Pw)ps(Zs)

]

(40) 

f(x,P(z) ,Pw) = min
y∈H

c2
Ty (41) 

The upper level feasible zone G includes constraints (19)–(20), 
which can be denoted as (42). 

Ax ≤ a (42) 

The middle level feasible zone includes ΩWFO, Ω̂GF, which can be 
denoted as (43)–(44), respectively. 

BP(z) ≤ b (43) 

CPw ≤ c (44) 

The lower level feasible zone H includes constraints (28)–(38), 
which can be denoted as (45) 

Dy+E(x, z)y+FPw ≥ d (45) 

In (45), x, z,Pw are determined by upper and middle level problem, 
so that the lower level is a linear programming problem with continuous 
decision variable y. Therefore, duality transformation is performed and 
to convert lower level problem to max problem and merge it with the 
middle level problem as (46)–(48). 

max
β,P(z),Pw

{[
(d − FPw)

)Tβ
] }

(46) 

[D + E(x, z)y ]
Tβ ≤ ps(Zs)c2, ∀s ∈ S (47) 

(41) − (42), β ≥ 0 (48) 

Given that Pw
Tβ is a bilinear item and the maximum value of (46) is 

attained at the upper or lower bound of the budget uncertainty set of Pw, 
(46) can be rewritten as (49)–(50) and the big-M method can be 
employed to linearize it [6]. 

max
β,P(z),Pw

{[(

d − F
(

P0
w +wΔPw − w ΔP w

)))
Tβ

]}

(49) 

Table 1 
Illustration of compact variables and constraints.

Compact form Meaning

Variables

x Variables in upper level xl ,xw,uo
gst,uS

gst,uD
gst

P(z),Pw Variables in middle level ps(Zs),pwst

y Variables in lower level pgst ,prwst ,pr1 st ,pr2 st

β Dual variables corresponding to constraint (45)

Parameters

c1 ,c2 Cost of x,y, respectively

w,w
Binary variables corresponding to ΔPw,ΔP w, wi,w j are 
their elements

A,B,C,D,

F, a,b, c,d
Constant matrices/vectors of 
constraints in compact form

z Constant vector of line fault state z*
l

E(x, z) Constant matrix related to x, z in lower level 
constraints (28)–(32)

ΔPw,ΔP w
Constant vectors of upper and lower deviation degree 
of Pw

P0
w Constant vectors of theoretical value of Pw

ΓW Budget of the binary deviation variables wi,w j
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⎧
⎪⎪⎪⎨

⎪⎪⎪⎩

Pw = P0
w + wΔPw − wΔPw

∑

i∈Nw ,j∈Nw

(
wi + wj

)
⩽ΓW

w + w = 1,w,warebinaryvectors

(50) 

The original tri-level min-max-min problem is now transformed into 
a bi-level min-max problem as (51). 

min
x∈G

{

cT
1x + max

β,P(z),Pw

{[(
d − F

(
P0

w + wΔPw − wΔPw
) ))Tβ

] }
}

s.t(40) − (42), (45) − (46), (48)
(51) 

The detailed process of the primal-dual decomposition algorithm is 
as follows.

Step 1: Initialization. Initialize LB, UB, max iteration Me, converge 
gap ν, m = 1, C&CG cuts ϕa = ∅.

Step 2: If m = 1, the differential hardening is firstly implemented to 
update the theoretical fault probability distribution before the start of 
planning process. Then, for m = 1,…,Me, solve master problem (52)– 
(54), record the solution x(m), α(m), optimal value V(m)

MP , updates LB =

V(m)

MP . 

min
α,x∈G

c1
Tx+α (52) 

Ax ≤ a (53) 

C&CG cuts : ϕa (54) 

Step 3: Solve sub-problem (55)–(56), record the solution P(z)(m)
, β(m),

Pw
(m) and the optimal value V(m)

SP , then update UB = LB+ V(m)

SP − α(m). 

max
β,P(z),Pw

{[(

d − F
(

P0
w +wΔPw − w ΔP w

)))
Tβ

]}}

(55) 

{[
D+ E

(
x(m) ,Z

)
y
]Tβ⩽ps(Zs)c2, ∀s ∈ S

(46), (48)
(56) 

Step 4: If UB − LB ≤ ν, the algorithm is converged, otherwise, go to 
next step.

Step 5: Primal and dual cuts generation. Generate C&CG primal cuts 
(57) based on the subproblem objective function and its feasible zone, 
and add them to β(m), m = m+ 1, turn to step 2. 
⎧
⎨

⎩

α⩾
∑

s∈S

(
cT

2y(m+1)p(m)
s (Zs)

)

[
D+ E

(
x(m) , z

]
y(m+1) + FP(m)

w ⩾d
(57) 

Both the master problem and subproblem are mixed integer linear 
programming (MILP) which can be solved by the commercial solver. The 
whole process of the proposed algorithm is shown in Fig. 7.

5. Case study

5.1. Modified IEEE-30 bus test system and model coefficients illustration

The modified 30-bus system assumed to be located in an area of 
48,400 km2 consists of 41 existing and 8 traditional power plant totaling 
24,000 MW generation capacity, 3600 MW OWF to be integrated, and 
21,000 MW peak load. We assume all generators in a power plant keeps 
the same operation mode, and in the following text, “generator” refers to 
power plant connected at each bus. The detailed parameter setting of the 
generators are presented in Appendix Table B1, and the load curve is 
presented in Appendix Fig.B.1. Buses 3, 12, 13, 14, 15, 18, and 23 are 
available for OWF integration, with each bus integrating 1200 MW 
OWF. The simulated typhoon makes landfall at bus 23 with 15 km/h 
moving speed and 52 m/s initial max wind speed. The 30-bus system 
topology and the typhoon dynamics are presented in Fig. 8, where the 

load node is marked with red color. In OWF output uncertainty set, kE 
under TDS when typhoon speed are above 12 m/s is set to 20 % and kE 

under NOS is set to 15 %, respectively. The ΓW is set to 50. The theo
retical turbine output curves of OWF at all 7 buses under NOS are 
assumed to be same and shown in Fig. 1(a), while under TDS, OWF at 
different buses present different theoretical turbine output curves, four 
typical turbine output curves and their variation zone at buses 3, 13, 14, 
23 under TDS are presented in Appendix Fig. B2. The load curve is 
presented in Fig. B2. For failed turbines CVaR model, we assume indi
vidual turbine capacity is 10 MW, so that NW is 120 for each OWF and 
the confidential level β is 99 %. In grid fault uncertainty set, we consider 
average 20 typhoon days of a year, TD=20. Given that line failure rate 
uncertainty is also mainly resulted by wind speed forecasting error, ∂1,

∂2 take the value of 0.8 and 1.2, consistent with kE under TDS. In dif
ferential hardening model strategy 1, wind speed interval is segmented 

Fig. 7. The process of the primal-dual decomposition algorithm.

Fig. 8. The 30-bus system topology and the typhoon dynamics.
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starting from 27 m/s to 53 m/s, with a step difference of 4 m/s, such as 
wR

1 ∼ wR
2 is 27 m/s ~ 31 m/s, the hLevel

a ∼ hLevel
c and CH

a ∼ CH
b corre

sponding to each wind speed interval are shown in Appendix Table B2, 
and the hLevel

a ∼ hLevel
c and CH

a ∼ CH
b corresponding to hardening strategy 3 

are shown in Appendix Table B3. The other main coefficients of uncer
tainty sets and ROWF&TNIP model are shown in Table 2. The program is 
developed with Matlab R2022a on a PC with Intel(R) core (TM) i5- 
7200U.

5.2. Comparative analysis of effectiveness of the proposed ROWF&TNIP 
model

To validate the effectiveness of the proposed multi-scenario dis
tributionally robust ROWF&TNIP model on enhancing resilience with 
less conservatism, we design four cases based on different benchmark 
models to compare with ours. 

Case 1. (C1) ~ Case 2 (C2) are based on single scenario distribution
ally robust model, targeting for validation of the effectiveness of the 
multi-scenario setting. To be specific, C1 only considers NOS, that is, the 
average annual typhoon days TD¼ 0 and the days of NOS TN¼365, while 
C2 only considers TDS, that is, TD¼20 and TN¼0.

Case 3. (C3) is based on multi-scenario robust model, aiming to vali
date the effectiveness of the distributionally robust setting. This 
benchmark model is the widely used robust model which searching the 
high-loss faults based on the N–K uncertainty set, such as [18,24]. It 
also follows the tri-level min-max-min framework, and the main dif
ferences it and the proposed model lies in a) it ignores the probability 
distribution of all possible fault scenarios under TDS, and b) it only fo
cuses on the high-loss fault, ignoring the other possible fault types under 
TDS. The detailed form of this model is presented in Appendix C.

Case 4. (C4) is based on the proposed model without the CVaR setting. 
In this case, our CVaR-based budget uncertainty set for OWF output 
reduces to a widely used budget uncertainty set which ignores the tur
bine failure risk, such as [5]– [6]. The detailed form of this model is also 
presented in Appendix C.

Case 5. (C5) is based on the proposed multi-scenario distributionally 
robust model, which serves as the reference case for all subsequent case 
studies.

First, we search for nine N-4 fault scenarios, with three scenarios 
each for high probability, high loss, and cascading fault and report them 
in Table 3, and the fault lines are represented in the form of line number, 
and the corresponding relationship between the line number and the 
starting-end nodes is presented in Appendix Table C1. Moreover, the 
normalized theoretical probability distribution of these fault scenarios 
and the worst-case probability distribution searched by the middle-level 
problem are shown in Fig. 9. In contrast to the theoretical probability 
distribution, in the worst-case probability distribution scenario, the 
probabilities of all high-loss faults have increased by 18 % ~ 20 %, and 
the probabilities of the first and the second high-probability and 
cascading faults have also risen by 20. Meanwhile, the probabilities of 
the third high-probability and cascading faults have decreased by 15 % 

~ 20 %, indicating that in the worst-case fault probability distribution, 
the probability of the fault scenarios with higher losses tends to increase.

Then, we analyze the ROWF&TNIP results of 30-bus system in 
Table 4. It worths mentioning that since the OWF investment cost re
mains 2.16B¥, the investment cost in all tables only encompasses line 
investment to reflect the variation of results. Moreover, in all cases, 
there is no load-shedding under NOS, and we also present the OWF 
integration bus and line expansion plan. Specially, for C1 ~ C3, it takes 
two steps to obtain the planning and operation costs. Firstly, the in
vestment cost and planning scheme are obtained by model used in C1 ~ 
C3, then operational simulations are conducted under 20 typhoon days 
and the grid uncertainty set used in C5 to calculate generation, wind- 
curtailment and load-shedding cost. Taking the sum of investment, 
hardening, generation and wind-curtailment cost as economic index, the 
load-shedding cost as resilience index, the following conclusions can be 
drawn.

i) The effectiveness of multi-scenario setting. Upon comparison of 
single scenario model which focus exclusively on either NOS or TDS, the 
proposed multi-scenario model exhibits the lower total cost, signifying 
that consideration for both NOS and TDS achieves a more balanced 
coordination of resilience and economic efficiency. Taking C1, C2 and 
C5 for example, in C5, the economic index is 47.629B¥, and the resil
ience index load-shedding cost is 0.039B¥. Compared with C1, the 
economic index increases by 0.217B¥, while the resilience index de
creases by 1.349B¥, suggesting that the planning scheme focus solely on 
NOS would suffer losses exceeding the reduced grid construction costs in 
the event of a severe typhoon disaster, while compared with C2, the 
economic index decreases by 0.019B¥, and the resilience index de
creases by 0.015B¥, indicating that the planning scheme only considers 
TDS is less cost-efficient and overly conservative. To better observe the 
system’s resilience performance of C1, C2 and C5, we present hourly 
load-shedding under TDS by the means of expected load percentage 
defined by (58) in Fig. 10. It can be seen that the load-shedding in C2 and 
C5 is significantly lower than that in C1, verifying the effectiveness of 
the planning scheme in resilience enhancement.

ii) The effectiveness of distributionally robust setting. Upon 

Table 2 
Results of RTEP with different contingency severity.

Coefficients Value Coefficients Value

Uncertainty set CWF
w 0.6 M¥/(MW⋅year)

wci,wco,wR 3 m/s,12 m/s,25 m/s Pmin
g 0.3pmax

g

λnorm
w , λnorm

l 0.03,0.02
∏

H 15
pR

l 0.7pmax
l kr1 ,kr2 0.2, 0.8

ROWF&TNIP model CLS
r1
,CLS

r2

10¥/kWh, 
1¥/kWh

CL
l 0.7 M¥/(km⋅year) CWC

rw
0.4¥/kWh

Table 3 
Results of 9 Fault Scenarios.

No. High-probability fault No. High-loss fault No. Cascading fault

1 20,30,32,41 4 7,9,15,23 7 8,9,10,40
2 22,23,24,26 5 6,10,11,41 8 21,23,25,26
3 7,8,23,24 6 15,21,22,27 9 22,19,10,8

Fig. 9. The probability distribution results of nine fault scenarios.
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comparison of results of the multi-scenario robust model, the proposed 
model provides a more cost-effective planning scheme. For 30-bus sys
tem, the robust model obtains 0.032B¥ resilience index and 47.698B¥ 
economic index, compare with the proposed model, the decrease in 
economic index is 0.069B¥, significantly greater than the increase in 
resilience index 0.007B¥. The robust model tends to invest more lines for 
resisting high-loss faults, however, the more expansive planning scheme 
may not effectively prevent the high-probability or cascading faults.

iii) The effectiveness of the CVaR setting. Upon comparison of the 
model without CVaR, the proposed model obtains a more costly plan
ning scheme, indicating that the ignore of turbine failure risk tend to 
underestimate the impact of typhoon disasters and overestimate the 
OWF output during TDS. To be specific, compared with C5, the invest
ment and wind-curtailment cost of C4 increase by 0.021B¥ and 0.002B¥ 
to improve absorption of OWF output, while the generation and the 
load-shedding cost decrease by 0.018B¥, 0.021B¥ due to more OWF 
output participating in load supply, resulting the 0.016B¥ decrease in 
total cost. Although the CVaR setting leads to a slightly more costly 
planning scheme, its main contribution is to objectively capture the 
turbine failure risk under TDS and ensure the planning model more in 
line with reality, rather than reduce the conservatism of model. 

LP(t) =
∑

s∈ST

⎡

⎢
⎣p̂s(Zs)

∑

r,b∈B
(pbst − prst)

∑

b∈B
pbst

⎤

⎥
⎦,∀t ∈ T (58) 

5.3. Sensitivity analysis of uncertainty set parameters

In this part, we design a series of case studies to investigate the 
planning results under varying uncertain factors scenarios, and assess 
the resilience and economy performance.

5.3.1. Sensitivity analysis of OWF output uncertainty set parameters
To study the optimal planning schemes under different scenarios of 

turbine failures and turbine outputs in the OWF output uncertainty set, 
two groups of cases with different CVaR confidence level and wind speed 
forecasting error are designed. Case group 1 consists of three cases C5 
and Case 6 (C6) ~ Case 7 (C7), each corresponding to the CVaR confi
dence level β=80 %(C6), 90 %(C7), 99 %(C5). Case group 2 consists of 
three cases C5, Case 8 (C8) ~ Case 9 (C9), each corresponding to the 
forecasting error under TDS kE=10 %(C8), 20 %(C5), 30 %(C9), and the 
kE under NOS is 5 percentage points lower than TDS.

Firstly, we select four candidate OWF integration buses (buses 
13,14,15,23) as examples to report the probability density functions 

Table 4 
Results of ROWF&TNIP based on Different Model with IEEE 30-bus System.

IEEE 30-bus system 
ROWF&TNIP 
results (B¥)

Single scenario 
distributionally 
robust model 
(No TDS)

Single scenario distributionally robust model 
(No NOS)

Multi-scenario  
robust model

Multi-scenario 
distributionally 
robust model 
(No CVaR)

The proposed 
multi-scenario 
distributionally 
robust model

Total Cost 48.800 47.702 47.730 47.668 47.684
Investment Cost 0.117 0.239 0.279 0.239 0.218
Hardening Cost 0.045 0.045 0.045 0.045 0.045
Generation Cost 47.249 47.363 47.372 47.362 47.380
Wind-curtailment 

Cost
0.002 0.002 0.002 0.004 0.002

Load-shedding Cost 1.388 0.054 0.032 0.018 0.039
OWF integration bus 3,18,23 3,18,23 3,13,23 3,18,23 3,12,23

Line expansion plan 16,24,28,31,35,38
9,10,16,21,23,24, 
25,28,31,35,38

9,10,16,21,23,24, 
25,28,30,31,35,38

9,10,16,21,23,24, 
25,28,31,35,38

9,10,16,21,24, 
25,28,31,35,38

Fig. 10. Expected load percentage curve under TDS of C1, C2, C5.
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(PDF) of failed turbines and CVaR of failed turbines NCVaR in Fig. 11. 
With the β increases from 80 % to 99 %, the NCVaR of OWF at buses 13 
and 23 increases from 39 to 48, 17 to 24, respectively. The OWF at bus 
14,15 are close to the typhoon landing area, leading to higher turbine 
failure rate and the same turbine failures’ PDF. With the β increases from 
80 % to 99 %, the NCVaR of OWF at these buses 14,15 increase from 46 to 
55.

The detailed indices of C5 ~ C9 are listed in.
Table 5 With β escalating from 80 % to 99 %, the number of failed 

turbines under TDS increases, leading to an decrease in OWF power 
generation and an increase of the generation cost under TDS. However, 
the investment, generation and load-shedding cost fail to show a 
monotonic change with the increase in the number of turbine failures. 
On one hand, the increase in thermal units power generation can replace 
the output of the failed turbines, on the other hand, taking C7 for 
example, more lines might be invested to offset the decrease in OWF 
output. As kE rises from 10 % to 30 %, both the generation cost under 
TDS and NOS increase, and the total generation cost increases from 
47.263B¥ to 47.995B¥. Since the wind-curtailment in the system is 
minimal, the worst-case OWF output scenario tends to result in less OWF 
output and more power generation from thermal units, so as to increase 
the total generation cost. Therefore, the greater the wind speed fore
casting error is, the lower the bound of OWF output will be, resulting the 
increase in both TDS and NOS generation cost. However, as kE rises from 
10 % to 30 %, the planning scheme remains unchanged, and the load- 
shedding does not change monotonically either. This indicates that the 
change in the OWF output is not sufficient to alter the planning scheme, 
and under the combined influence of OWF output decreases and thermal 
units output increases, the load shedding will not exhibit a specific 
variation trend.

5.3.2. Sensitivity analysis of grid fault uncertainty set parameters
To study the optimal planning schemes under different grid fault 

severity and theoretical and actual probability distribution deviation 
degree, two groups of cases with different N–K level and deviation 
degree coefficients ∂1, ∂2 are designed. Case group 1 consists of three 
cases C5 and Case 10 (C10) ~ Case 11 (C11). In C10 and C11, the fault 

uncertainty set consists of nine N-2 and N-3 fault scenarios, respectively. 
C5 corresponds to N-4 level. Case group 2 also consists of three cases C5, 
Case 12 (C12) ~ Case 13 (C13), each corresponding to the ∂1 = 1, ∂2 = 1 
(C12), ∂1 = 0.8, ∂2 = 1.2 (C5), ∂1 = 0.6,∂2 = 1.4%(C13). The planning 
and operational cost results are reported in Fig. 12.

From C10, C11 to C5, the fault severity degree rises, and the total 
cost increases from 47.648B¥ to 47.684B¥. However, the line invest
ment, generation cost and load-shedding cost do not increase mono
tonically as the N–K level increases. For example, the load-shedding 
cost and generation cost of C11 (N-3 level) are 0.03B¥ and 47.361B¥, 
respectively, which are the smallest of the three cases, while the line 
investment is 0.221B¥, which is the largest. These results reveal that 
increases from 51.998B¥ to 52.295B¥, wind power cost increases from 
47.648B¥ to 47.684B¥, and the economic index improves from 55.060B¥ 
to 55.917B¥. The load-shedding escalates from 0.031B¥ in C10 to 
0.053B¥ in C5, and then declines to 0.048B¥ in C12. These results re
veals that a more severe N–K level does not necessarily require more 
line investment or load shedding. However, it does necessitate the 
implementation of more costly planning and operational measures for 
resilience. Since the worst-case fault probability distribution tends to 
increase the probability of faults with higher losses, as the theoretical 
and actual probability distribution deviation degree increases from C12 
to C13, the total cost increases from 47.679B¥ to 47.699B¥. The line 
investment increases from 0.218B¥ to 0.239B¥, while the generation 
cost and load-shedding cost do not increase monotonically, which also 
indicates that a more conservative fault uncertainty set can result in a 
more costly planning and operation scheme.

5.4. Sensitivity analysis of short-term measure parameters

The proposed ROWF&TNIP model incorporates three typical short- 
term source-network-load measures: preventive unit commitment, dif
ferential hardening and differential load-shedding To reveal how these 
measures influence the resilience and economy of the planning results, 
we design the following case studies.

Fig. 11. PDF and NCVaR of OWF at buses 13,14,15,18,23.
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5.4.1. Sensitivity analysis of differential hardening strategy settings
In this part, we design 20 cases, applying three hardening strategies 

to 0, 5, 10, 15, and 20 lines in the fault uncertainty set, to analyze the 
cost-benefit of differential hardening strategies. First, we consider the 20 
different lines included in the N-4 fault uncertainty set as the lines to be 
hardened, dividing the lines into 1 km segments and categorizing the 
wind speed intervals by 4 m/s increments, with hardening levels set 
according to a 2 m/s wind speed difference (the wind speed intervals 
and corresponding hardening levels and hardening costs are shown in 
Appendix B). We then count the cumulative number of line segments at 

each hardening level for each line, as shown in Fig. 13. Subsequently, we 
design three differential hardening strategies. Strategy 1 involves 
segment strategy as described in Appendix Table B2, which is also the 
strategy adopted by the benchmark case C5. Strategy 2 does not harden 
the lines by segment but rather hardens the entire line based on the 
maximum wind speed it experiences based on the hardening level and 
wind speed correspondence in Appendix Table B1. Strategy 3 adopts a 
more easy segment hardening plan, where line segments with a 
maximum wind speed of 43 m/s or less are hardened according to a 
design wind speed of 33 m/s, and all other line segments are hardened 
according to a design wind speed of 37 m/s, as shown in Appendix 
Table B2. All three strategies prioritize hardening of lines with high 
failure rates. The detailed costs associated with each case are depicted in 
Fig. 14, and the economic index and resilience index are summarized in 
Table 6. It worth mentioning that the economic cost here also includes 
the OWF output cost calculated based on average Chinese OWF gener
ation cost 0.4¥/kWh. The following four conclusions from different 
perspectives can be drawn. 

i). Economically, economic cost for hardening 5 lines with strategy 1 
is 49.140B¥, the lowest among the 20 cases. For hardening 5, 15, 
20 lines, strategy 1 is the most economical. This indicates the 
effectiveness of detailed differential hardening strategy in 
reducing total cost and relieving model conservatism.

ii). In terms of resilience, hardening 15 lines with strategy 1 results in 
the least load-shedding cost 0.019B¥, and when hardening 5, 10, 
15 lines, the strategy 1 achieve the lower load-shedding than 
strategy 2 and strategy 2, verifying the effectiveness of detailed 
differential hardening strategy in resilience enhancement.

iii). Regarding the total cost, hardening 20 lines with strategy 2 incurs 
the highest total cost 49.194B¥, which is even 0.005B¥ more than 

Table 5 
Results of Rowf&tnip with Different OWF Output Uncertainty.

Cost(B¥) Total Cost Investment Cost Generation Cost TDS Generation Cost NOS Generation Cost Wind-curtailment Cost Load-shedding Cost

β=80 % 47.683 0.218 47.393 1.208 46.185 0.004 0.023
β=90 % 47.682 0.239 47.378 1.213 46.165 0.002 0.018
β=99 % 47.684 0.218 47.380 1.215 46.165 0.002 0.039
kE=10 % 47.553 0.218 47.263 1.205 46.058 0.004 0.023
kE=20 % 47.684 0.218 47.380 1.215 46.165 0.002 0.039
kE=30 % 48.288 0.218 47.995 1.237 46.300 0.003 0.027

Fig. 12. Cost results with different fault uncertainty set parameters.

Fig. 13. The number of line sectors under each hardening level.
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the total cost without hardening measures, illustrating that for 
large transmission network, implementation of hardening 
without differential segmentation may result in excessive in
vestment. On the contrary, hardening 5 lines with strategy 1 
achieves the lowest total cost 49.164B¥ among the 20 cases, 
illustrating that a proper design of the segmentation strategy and 

hardening budget can effectively coordinate the resilience and 
economic efficiency.

iv). None of the 15 case studies show both economic and resilience 
indicators being the highest or lowest simultaneously, indicating 
that there is no hardening strategy that is superior or inferior in 
both economic and resilience aspects.

Fig. 14. Costs with different hardening strategies and hardening budgets.

Table 6 
Results of ROWF&TNIP with Different Hardening Strategy.

Hardened lines TC(B¥) Economic index(B¥) Resilience index(B¥)

Strategy 1 Strategy 2 Strategy 3 Strategy 1 Strategy 2 Strategy 3 Strategy 1 Strategy 2 Strategy 3

0 49.189 49.189 49.189 49.157 49.157 49.157 0.032 0.032 0.032
5 49.164 49.173 49.167 49.140 49.142 49.143 0.024 0.031 0.024
10 49.173 49.178 49.177 49.144 49.148 49.148 0.030 0.031 0.030
15 49.176 49.187 49.183 49.157 49.163 49.163 0.019 0.024 0.020
20 49.187 49.194 49.192 49.156 49.163 49.164 0.030 0.031 0.028

Fig. 15. Costs with different parameter settings of other short-term measures.
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5.4.2. Sensitivity analysis of the other short-term measures parameters
In this part, two group of cases are designed. To reflect the impact of 

preventive unit commitment, we construct Case 26 (C26) without pre
ventive unit commitment to compare with C5. This implies that the unit 
commitment under TDS remains consistent with that under NOS. To 
reflect the impact of differential load-shedding, we design Case 27 (C27) 
~ Case 28 (C28), with 0 %, 100 % important load to compare with C5 
(20 % important load), The costs are presented in Fig. 15.

In contrast to C5, C26, which ignores preventive unit commitment, 
exhibits a 0.018B¥ higher generation cost, 0.009B¥ higher total cost and 
0.011B¥ lower load-shedding cost. Preventive unit commitment is 
shown to achieve a more cost-effective planning scheme. To further 
investigate the startup patterns of units under TDS, we report the 24-h 
unit commitment outcome under TDS of C26 and C5 in Appendix C 
Fig.C.1, and also present the cumulative shutdown hours for each unit 
over a 24-h period under the TDS for C15 and C5 in Fig. 16. It can be 
observed that the units situated in areas influenced by typhoon, spe
cifically those at nodes 16, 28, have obviously reduced shutdown hours 
under TDS.

By comparison of C27, C5 and C28, it can be seen that the important 
load percentage increases from 0 % to 100 %, the total cost increases 
from 47.678B¥ to 47.767B¥, the line investment rises from 0.218B¥ to 
0.298B¥; the cost of important load shedding increases from 0.009B¥ to 
0.018B¥, while the generation cost and cost of normal load shedding 
show no clear trend of increase or decrease. These results indicate that 
the planning model without consideration of differential load-shedding 
may overestimate or underestimate the impact of typhoon disasters, and 
the differential load-shedding strategy can objectively reflect the impact 
of typhoon disasters, making the planning model more in line with the 
reality.

5.5. The Chinese 81-Bus Test system and planning results

The 81-bus 500 kV transmission system located in a Chinese province 
with an area of 105,500 km2 consists of 166 existing and 130 candidate 
transmission lines, 29 traditional power plant. The detailed system pa
rameters setting are presented in Appendix D. The system topology and 
typhoon dynamics are shown in Appendix Fig. D. 1. Eight cases are 
designed to verify the effectiveness of the proposed model in the 81-bus 
system. The first five cases are the same setting with the comparative 

analysis part of 30-bus system, where we verify the multi-scenario, 
distributionally robust and CVaR settings of the proposed model. The 
last three cases are designed to verify the impact of the source-network- 
load short-term measures settings of the proposed model, including the 
proposed model without preventive unit commitment, the proposed 
model without differential hardening (that is, hardening 15 lines with 
strategy 2), and the proposed model without differential load-shedding 
(that is, all loads are important load), the results are reported in Table 7, 
from which we can draw conclusions.

i). By comparison of models without multi-scenario and dis
tributionally robust settings, the proposed model obtains the lower total 
cost 52.008B¥ and investment cost 0.540B¥, indicating that the pro
posed multi-scenario distributionally setting can effectively coordinate 
the resilience and economy. In contrast to model without CVaR setting, 
the total cost and load-shedding cost of the proposed model are 0.026B¥ 
and 0.016B¥ higher, illustrating that the ignorance of turbine failure risk 
may overestimate the OWF output under TDS and underestimate the 
impact of typhoon disasters.

ii). By comparison of models without preventive unit commitment, 
differential hardening and differential load-shedding, the total cost the 
proposed model proposed model decreases 0.05B¥, 0.016B¥ and 0.029B 
¥, respectively, and the investment cost also decreases 0.066B¥, 0.045B¥ 
and 0.082B¥, respectively, indicating that the source-network-load 
short-term measures settings successfully reduce the model 
conservatism.

6. Conclusion

This paper proposes a multi-scenario distributionally robust model 
for ROWF&TNIP considering both TDS and NOS. The proposed planning 
model not only takes into account the uncertainty differences in OWF 
output between NOS and TDS, but also captures the probability distri
bution uncertainties of four types of faults under both TDS and NOS. 
This approach comprehensively reflects the impact of NOS and TDS on 
planning process, and prevents overestimating TDS leading to excessive 
investment or underestimating TDS resulting in severe load-shedding. 
The coordination of transmission planning, OWF integration, and 
short-term measures like preventive unit commitment, differential load- 
shedding and differential hardening effectively enhances resilience 
while mitigating total investment. Specifically, the differential 

Fig. 16. Cumulative shutdown hours for each unit under TDS with and without preventive unit commitment.
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hardening model tackles the challenge of synchronizing intricate hard
ening model with planning measure, and compared to the non- 
differential hardening model, it tends to achieve lower economic costs 
and better resilience enhancement effects. In case study section, a series 
of comparative analyses and sensitivity analyses are conducted in IEEE 
30-bus and an actual 81-bus system to reveal that: 1) the multi-scenario 
distributionally robust setting can effectively coordinate the resilience 
enhancement and economy efficiency; 2) the preventive unit commit
ment, differential hardening and differential load-shedding successfully 
reduce the model conservatism, and 3) it is not the case that the more 
lines are hardened, the better the resilience can be enhanced. It is 
essential to design an appropriate segmentation hardening strategy to 
obtain a more cost-effective planning scheme. The promising future 
researches may include: 1) combine ROWF&TEP model with measures 
in different resilience phase, such as recovery measures, 2) integrate 
more long-term and short-term measures into planning model, such as 

energy system, demand response and so on.
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Appendix A. Appendix

The detailed descriptions of typhoon stages corresponding to each time interval in Fig. 2(b) are outlined as follows

Fig. 15. (b) Typical turbine output ratio under TDS.

From t0 to t1: Starting from t0, the typhoon gradually approaches the wind turbine, and the wind speed gradually increases. At t1, the rated wind 
speed of the wind turbine is reached, and the wind turbine output reaches the rated output power.

From t1 to t2: The typhoon continues to approach the wind turbine, and the wind speed continues to increase. At t2, the wind turbine reaches the 
cut-off wind speed, and the wind turbine output is 0, but the wind turbine has not yet entered the maximum wind speed radius of the typhoon.

From t2 to t3: The turbine gradually enters the maximum wind speed radius of typhoon, and the wind speed experienced by the turbine first 
increases and then decreases to the cut-off wind speed at t3.

Table 7 
Results of ROWF&TNIP based on Different Model in 81-bus System.

81-bus system 
ROWF&TNIP 
results (B¥)

Total Cost Investment Cost Hardening Cost Generation Cost Load-shedding Cost

Single scenario 
distributionally robust model (No TDS) 55.099 0.081 0.213 53.804 3.441

Single scenario 
distributionally robust model (No NOS) 52.019 0.585 0.213 53.957 0.051

Multi-scenario 
robust model

52.028 0.618 0.213 53.993 0.013

Multi-scenario 
distributionally robust model (No CVaR)

51.982 0.585 0.213 53.992 0.047

The proposed 
multi-scenario distributionally robust model 52.008 0.540 0.213 53.791 0.063

The proposed model 
without preventive unit commitment 52.058 0.606 0.213 53.789 0.050

The proposed model 
without differential hardening

52.024 0.585 0.249 53.811 0.015

The proposed model 
without differential load-shedding

52.037 0.622 0.213 53.787 0.011
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From t3 to t4: The turbine gradually approaches the eye of the typhoon, and the wind speed experienced by the turbine decreases from the cut-off 
wind speed at t3 to the cut-in wind speed at t4.

From t4 to t5: The typhoon eye passes through the turbine, and the wind speed decreases first, reaching its lowest point at the eye before increasing 
again. At time t5, the cut-in wind speed is reached.

From t5 to t6: The typhoon eye continues to move away from the turbine, but the turbine has not yet left the maximum wind speed radius range. 
The turbine output increases to the rated power with the increase of wind speed and is maintained until t6, when the wind speed increases to the cut- 
off wind speed and the output is 0.

From t6 to t7: The turbine passes through and then moves away from the maximum wind speed radius of the typhoon, and the wind speed increases 
and then decreases until t7, when it decreases to the cut-off wind speed. From t6 to t7, the turbine output remains zero.

From t7 to t8: The typhoon continues to move away from the turbine, and the wind speed decreases from the cut-off wind speed to the rated wind 
speed, while the turbine maintains its rated output power.

After t8, as the typhoon moves away from the turbine, the wind speed continues to decrease, and the turbine output decreases.

Appendix B. Appendix

Table B1 
IEEE 30 bus system unit parameters.

The generator bus Maximum output/MW Minimum output/MW minimum continuous shutdown/ startup time /h Fuel cost/(¥/kWh) Startup cost/¥

2 2000 600 2 0.31 20,000
6 6000 1800 5 0.29 300,000
13 2000 600 2 0.31 20,000
16 2500 750 3 0.31 20,000
22 5500 1650 4 0.30 30,000
23 1500 450 2 0.32 10,000
27 3000 900 3 0.31 60,000
28 1500 450 2 0.32 10,000

Table B2 
wind speed interval and the corresponding hardening level and cost for hardening strategy 1.

Wind speed interval(m/s) Hardening level (m/s) Hardening cost(M¥/(km⋅year))

[0,31] 27 0.1
(31,35] 29 0.2
(35,39] 31 0.3
(39,43] 33 0.6
(43,47] 35 0.7
(47,53] 37 0.8

Table B3 
wind speed interval and the corresponding hardening level and cost for hardening strategy 3.

Wind speed interval(m/s) Hardening level (m/s) Hardening cost(M¥/(km⋅year))

[0,31] 33 0.6
(31,35] 33 0.6
(35,39] 33 0.6
(39,43] 33 0.6
(43,47] 37 0.8
(47,53] 37 0.8
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Fig. B1. Load curve of 30-bus system.

Fig. B2. Four typical turbine output curves of OWF under TDS.

Appendix C. Appendix

Equation Section (Next) The detailed form of multi-scenario robust model
(1) Objective Function 
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o
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(C.3) 

The main differences of this objective function (C.1) and that of the proposed model lie in:
a) The decision variable in the middle level here is the N–K fault Zi which causes high loss, while in the proposed model, the decision variable is the 

probability distribution ps(Zs) of four types faults. Accordingly, the fault uncertainty set ΩGF− Robust in the middle level is also different from the ΩGF. 
ΩGF− Robust is the N–K fault uncertainty set, the detailed form is presented in the subsequent part. Due to this difference, in each iteration, the robust 
model updates N–K fault Zi, while the proposed model updates the probability distribution of faults ps(Zs).
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b) The probability of each scenario ps is different from theps(Zs). In the proposed model, ps(Zs) is the decision variable of the middle level, whileps 
here is a given value. In the robust model which ignores the probability uncertainty, there are only two scenarios, one is the normal scenario and the 
other is the typhoon scenario, and ps is determined according to the proportion of normal and typhoon days within a year. For example, if we assume 
20 typhoon days within a year, that is TD=20, then ps=1 = 345/365 and ps=2 = 20/365.

(2) Constraints.
The majority of the constraints of the robust model are the same with the proposed model, except for the fault uncertainty set in the middle level. 

The robust model consists of two scenarios. s = 1 represents the normal scenario where no fault occurs, while s = 1represents typhoon scenarios 
where a high-loss N–K fault will occur. Therefore, the fault uncertainty set is also presented in a multi-scenario form as (C.4). 

ΩGF− Robust =

⎧
⎪⎨

⎪⎩

∑

l∈L

zl = NL, s = 1
∑

l∈L
zl⩾NL − Kmax, s = 2

(C.4) 

The detailed form of the proposed model without CVaR setting:
The only difference between the proposed model and the proposed model without CVaR setting lies in the OWF output uncertainty set. For the 

proposed model without CVaR setting, the OWF output uncertainty set ΩWFOis denoted as (C.5). 
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Table C1 
The corresponding relationship between the line number and the starting-end node.

No. Starting-end node No. Starting-end node No. Starting-end node No. Starting-end node

6 2–6 11 6–9 22 15–18 27 10–21
7 4–6 15 4–12 23 18–19 30 15–23
8 5–7 18 12–15 24 19–20 32 23–24
9 6–7 19 12–16 25 10–20 40 8–28
10 6–8 21 16–17 26 10–17 41 6–28

(a) preventive unit commitment (b) No preventive unit commitment.

Fig. C1. Results of unit commitment with and without preventive unit commitment.

Appendix D. Appendix

The 81-bus 500 kV transmission system located in a Chinese province with an area of 105,500 km2 consists of 166 existing and 130 candidate 
transmission lines, 29 traditional power plant totaling 87,637 MW generation capacity (including 24,000 MW of external UHVDC power), 1100 MW 
photovoltaic capacity, 7200 MW OWF to be integrated, and 83,301 MW peak load. According to the OWF integration plan of this province, 6 out of 12 
potential connection buses (bus 7, 17, 18, 19, 20, 50, 51, 55, 59, 60, 61, 70) will be selected, with each bus integrating 1200 MW OWF. The simulated 
typhoon follows a historically typical path, making landfall at bus 51 along the southeast coast at the 4th hour with 15 km/h moving speed and 52 m/s 
initial max wind speed. The 81-bus system topology and the typhoon dynamics are presented in Fig. D. 1, where the load node is marked with red 
color. the confidential level β is 95 %. The normal and important load-shedding cost are 5¥/kWh, and 25¥/kWh. The other parameter settings are the 
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same with the IEEE 30-bus system

Fig. D1. 81-bus system and the typhoon trajectory.

Data availability

Data will be made available on request.
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