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A B S T R A C T   

Severe damage and high economic losses caused by frequent extreme disasters are becoming unbearable for 
distribution system operators (DSOs) under climate change. In order to cope with extreme disasters, this paper 
proposes an investment portfolio and planning framework of multi-resource for resilience enhancement. In the 
investment portfolio and planning framework, insurance is incorporated to mitigate high economic losses as a 
risk sharing and resilience enhancement supplementary strategy, and co-optimized with security investment 
from the perspective of DSOs. Firstly, the insurance investment is modelled based on Gordon-Loeb model ac
cording to insurance industry principles and formulated as constraints by piecewise linearization techniques. 
Secondly, the investment portfolio and planning framework proposed in this paper is modeled as a scenario- 
based two-stage stochastic mixed integer linear optimization program (MILP). In the first stage, DSO makes 
investment and planning decisions including energy storage (ESS) allocation, line hardening strategy and in
surance investment. Both operation strategies of normal operation scenarios and extreme disaster scenarios 
under climate change are optimized in the second stage. Finally, progressive hedging (PH) algorithm is applied to 
solve the two-stage stochastic MILP model. The proposed model and algorithm are tested on the modified IEEE 
33-bus test system. The results verify the validity of investment portfolio and planning framework, and the re
sults show that portfolio investment considering insurance can realize resilience enhancement in both load 
shedding and economic losses.   

1. Introduction 

1.1. Background and literature review 

Climate change is a global problem faced by the development of 
human society. With the emission of carbon dioxide and the surge of 
greenhouse gases, the frequency of extreme disasters is also increasing. 
To this end, governments around the world are strengthening their 
climate action plans to promote carbon reduction through accelerating 
the transition to an energy mix dominated by renewable energy sources 
(RESs) [1]. And more and more distributed RESs gradually connect to 
the distribution systems (DSs), making the DSs active. But at the same 
time, it must be noted that frequent extreme disasters have caused huge 
economic losses to electrical power infrastructure and distribution sys
tem operators (DSOs). For example, Hurricane Ian in 2022 caused more 
than 2 million customers outages in Florida, with more than 99% of 
customers in several counties without power, causing economic losses as 

high as $70 billion [2]. Meanwhile, after extreme disasters, power fa
cilities are severely damaged, and DSOs have to spend a lot of money to 
restore power infrastructure, which usually exceed the actual bearing 
capacity of DSOs. For example, the power outage repairs in Louisiana 
caused by Hurricane Laura in 2020 cost up to $1.4 billion [3]. Moreover, 
it is estimated that tens of billions of dollars need to be spent in post Ian 
reconstruction work, including repairing and rebuilding power facilities 
[2]. How to effectively deal with global extreme weather events under 
climate change has become one of the top ten scientific issues for human 
social development in 2022 [4]. 

In order to reduce the severe damage caused by extreme disasters 
under climate change, an effective solution is to enhance resilience of 
DSs [5]. Resilience is the ability to prepare for, absorb, adapt to, and 
rapidly recover from extreme disasters [6]. In the context of global 
climate change and energy transition, the uncertainty of extreme di
sasters changes the traditional planning concept of abundance as core. 
Therefore, in planning stage, the damage to power system caused by low 
probability and high loss events should be taken into consideration, and 
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it is very necessary to enhance the resilience. Hardening lines, installa
tion of distributed generators (DGs) and energy storage systems (ESSs) 
become widely used measures. Especially under the background of 
global carbon emissions and energy transition, ESS, as a flexible 
resource, will be widely used in power systems. It is expected that the 
global installed capacity of electrochemical ESSs will reach 1194 GWh in 
2030 [7]. It is necessary to fully consider the role of ESSs in resilience 
planning, and there are many literatures on the use of ESSs to enhance 
resilience of DSs, including mobile ESSs and stationary ESSs. For 
example, the planning of mobile ESSs is studied in [8]. Considering 
extreme disaster scenarios and normal operation scenarios comprehen
sively, the investment cost and operation cost are minimized by opti
mizing operation strategy and dynamic microgrid formation strategy. 
However, the capacity of ESSs is fixed and not optimized in the model. 
Based on this, a three-stage stochastic optimization model is proposed in 
[9] to optimize the capacity and location of mobile ESSs. Capacity 
optimization is realized in the first stage, pre-deployment of mobile ESSs 

is realized in the second stage, and real-time dispatching of mobile ESSs 
is realized in the third stage. As for stationary ESSs, a two-step optimal 
planning framework for ESSs to enhance resilience is proposed in [10], 
both stationary ESSs under normal scenarios and mobile ESSs under 
emergency scenarios are considered. Moreover, there are many litera
tures on resources collaborative planning such as DGs and line hard
ening to enhance resilience by stochastic optimization model. For 
example, a scenario-based two-stage stochastic optimization model for 
line hardening, switch configuration and DG planning is proposed in 
[11]. For the component damage uncertainty under extreme disasters, 
the damage states of distribution network components under typhoon 
weather are obtained based on sampling of component fragility curves. 
Based on [11], the spatial–temporal correlation among planning de
cisions and uncertainties in the entire failure-recovery-cost process is 
further considered in [12], and a distribution network planning model 
oriented to resilience enhancement is proposed. Based on two-stage 
stochastic optimization model, reference [13] further proposes a 

Nomenclature 

Indices and Sets 
i, j ∈ ΩN Set of node indices i, j 
(i, j) ∈ ΩL Set of line indices (i, j)
ΩSUB⊂ΩN Set of nodes connected to substation 
ΩESS⊂ΩN Set of nodes with ESS 
ΩRES⊂ΩN Set of nodes with RES 
ΩLT⊂ΩL Set of lines with tie switch 
ΩLR⊂ΩL Set of lines without tie switch 
t ∈ T Set of time indices t 
s ∈ SEDS Set of extreme disaster scenarios 
s ∈ SNOS Set of normal operation scenarios 

Parameters 
ψave Average occurrence of extreme disasters in a year 
Cess Per-unit cost for energy capacity of installing ESS ($/kWh) 
Cpss Per-unit cost for power capacity of installing ESS ($/kW) 
Ch Per-unit cost for hardening lines ($/pole) 
Pr0 Initial premium ($) 
γ Insurance rate 
κ Insurance indemnity ratio 
C Total investment budget ($) 
NL Number of lines allowed to be hardened 
NESS Number of ESSs allowed to be allocated 
pr(s) Probability of typical scenarios after scenarios reduction 
U0 Reference voltage magnitude (p.u.) 
Smax

ij Maximum power capacity (kVA) of line (i, j)
ωj Penalty cost ($/kWh) of unit load shedding 
σt Unit electricity purchase cost ($/kWh) from superior 

substation of DSO at time t 
αl Unit loss penalty coefficient 
M Sufficiently large enough positive number 
rij,xij Resistance (p.u.) and reactance (p.u.) of line (i, j)
ζ1,s

ij,t ,ζ
0,s
ij,t Parameter indicating the damage status of line (i, j)

hardened and not hardened, damaged (1) or functional (0) 
at time t under scenario s 

Umin
j ,Umax

j Minimum and maximum voltage magnitude (p.u.) of node 
j 

Ps
l,j,t ,Q

s
l,j,t Active (kW) and reactive power (kVar) demand of node j at 

time t under scenario s 
Ps

res,j,t ,Qs
res,j,t Active (kW) and reactive (kVar) power output of RES at 

time t under scenario s 
Pmax

sub ,Q
max
sub Maximum active (kW) and reactive power (kVar) output 

of substation 
Emax

ess ,Pmax
ess Maximum storage capacity (kWh) and power capacity 

(kW) allowed to be allocated 
socmin, socmax Minimum and maximum state of charge of ESS 

Variables 
CESS Total investment cost ($) for energy capacity of ESS 
CPSS Total investment cost ($) for power capacity of ESS 
CH Total investment cost ($) of line hardening 
CPR Total investment cost ($) of insurance 
Closs(s) Total economic loss ($) caused by typhoon under scenario s 
Cope(s) Total operational cost ($) under scenario s 
Eess,i Storage capacity (kWh) of installed ESS at node i 
Pess,i Power capacity (kW) of installed ESS at node i 
Cs

rep Insurance indemnity ($) under scenario s 
Ps

ij,t ,Qs
ij,t Active (kW) and reactive (kVar) power flow of line (i, j) at 

time t under scenario s 
Ps

g,j,t,Qs
g,j,t Active (kW) and reactive (kVar) power output of node j at 

time t under scenario s 
Ps

sub,j,t ,Q
s
sub,j,t Active (kW) and reactive (kVar) power output of 

substation at time t under scenario s 
Ps

cur,j,t ,Qs
cur,j,t Active (kW) and reactive (kVar) power abandonment of 

RES at time t under scenario s 
Ps

shed,j,t ,Q
s
shed,j,t Active (kW) and reactive (kVar) power shedding of 

node j at time t under scenario s 
Ps

ess,i,t ESS active power (kW) of node i at time t under scenario s 
Es

ess,i,t ESS energy state-of-charge (kWh) of node i at time t under 
scenario s 

Us
i,t voltage magnitude (p.u.) of node i at time t under scenario s 

xess
i Binary variable representing whether ESS is allocated at 

node i (1) or not (0) 
xh

ij Binary variable representing whether line (i, j) is hardened 
(1) or not (0) 

xpr Binary variable representing whether DSO decides to 
insure DS (1) or not (0) 

us
ij,t Binary variable representing whether line (i, j) is faulted 

(1) or not (0) by typhoon at time t under scenario s 
zs

ij,t Binary variable representing whether line (i, j) is closed (1) 
or not (0) at time t under scenario s 

ϑs
mn,t Binary variable representing whether node m is the parent 

node of n (1) or not (0)  
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three-stage planning framework for resilience enhancement, where the 
first two stages are modeled as two-stage stochastic optimization model 
and the preliminary planning scheme is obtained by solving the mixed 
integer linear programming (MILP) model. In the third stage, the pre
liminary planning scheme is improved based on information gap deci
sion theory (IDGT) model. For different risks caused by extreme 
disasters, the planning strategies under different conditional value at 
risk (CVaR) are studied in [14], and [14] proposes a risk-based resilient 
DS planning model, which is also modeled as a two-stage stochastic 
optimization model based on scenarios. In addition, robust optimization 
models are also studied for resilience-oriented DSs planning in many 
literatures. However, the robust models tend to consider the worst sce
nario and the results tend to be conservative. 

For existing investment and planning researches on resilience 
enhancement, the focus is to realize risk adaptation via security in
vestment (i.e., allocation of distributed resources or line hardening). 
Specifically, risk adaption means that the consequences caused by 
extreme disasters (such as load shedding or power outages) can be 
changed and reduced by security investment. The above papers aim at 
the minimum blackout time, the fastest recovery time or the minimum 
load shedding under extreme disasters, and realize effective enhance
ment of resilience by security investment. The security investment in 
this paper means the sum of all kinds of resources (i.e., distributed re
sources, line hardening and so on) for resilience enhancement in which 
DSOs invest to adapt to the risk of extreme disasters. However, the high 
economic losses caused by extreme disasters are unbearable for DSOs 
and ignored in the previous researches. Even though after the rein
forcement, DSOs still have to bear high repair costs and economic losses 
after disasters. How to mitigate high economic losses of DSOs as much as 
possible while enhancing resilience is an urgent question to be 
answered. Therefore, catastrophe insurance as a risk sharing strategy in 
risk management can realize the risk mitigation of high economic losses 
under extreme disasters [15], there are a few literatures focusing on this 
field. Insurance is proposed as a risk sharing strategy in [16] to co- 
optimize with security investment to mitigate infrastructure cyberse
curity risk based on Gordon-Loeb model. Insurance investment under 
different degree losses is discussed in detail. But this paper only analyzes 
the optimal investment strategy on cybersecurity risk, and does not 
consider post-disaster insurance indemnity. In [17], for frequent cyber- 
attack events, the Stackelberg Security Game is used to deploy defense 
resources, and reference [17] proposes insurance as a risk sharing 
strategy to transfer cybersecurity risk. The initial premium calculation 
method is also designed in [17]. In addition, references [15] and [18] 
also study how to calculate reasonable initial insurance premiums. 
Reference [15] proposes insurance as a supplementary strategy for 
resilience enhancement to realize risk management of catastrophe, the 
initial insurance premium is calculated by a four-module resilience 
assessment framework. In [18], a catastrophe bond scheme based on 
insurance is further proposed and optimized to realize cyber risk man
agement of power system. 

The insurance mechanisms studied in above literatures to enhance 
resilience are mainly from the perspective of the insurers, and initial 
insurance premium is determined by assessing the losses caused by 
extreme events. Only few studies combine insurance investment with 
security investment strategies from the perspective of the insured (i.e., 
DSO). For the insurers, they usually set high initial insurance premiums 
to maintain profits due to the risk of bankruptcy caused by high 
compensation under extreme disasters. But high initial insurance pre
miums are very uneconomical for the insured and result in extremely 
low insurance willingness [19]. Therefore, many countries around the 
world support catastrophe insurance by appropriate catastrophe insur
ance business model [19]. Under different catastrophe insurance busi
ness models, governments often decrease the bankruptcy risk of 
insurance companies and increase the insurance willingness of policy
holders through policy incentives or reinsurance. DSOs can mitigate 
high losses under extreme disasters by reasonable insurance investment 

as a risk sharing and resilience enhancement supplementary strategy. 
The analysis of insurance investment from the perspective of the insured 
(i.e., DSO) can help determine whether DSO should invest in insurance 
under limited budgets, and can also help governments or insurance 
companies to make appropriate catastrophe insurance business model 
and reasonable insurance premiums for the insured to enhance insur
ance willingness which can realize risk management of extreme disasters 
[20,21]. So, it is an issue worth discussing how to rationally allocate 
funds for security investment and insurance investment, and develop an 
optimal resilience-oriented investment portfolio strategy for DSOs under 
limited budget to realize not only risk adaption but also risk mitigation. 

1.2. Contribution and article organization 

Addressing climate changes and natural disasters requires adaptation 
as well as mitigation, it is necessary to consider the unbearable eco
nomic losses of DSOs caused by extreme disasters. Therefore, this paper 
proposes incorporating insurance into resilience-oriented DS planning 
as a risk sharing and resilience enhancement supplementary strategy to 
mitigate high economic losses. Based on previous studies, the main 
problem we focus on in this paper is how to develop resilience-oriented 
multi-resources investment and planning strategies to realize not only 
risk adaptation but also risk mitigation with limited budget to address 
extreme disaster under climate change. This decision-making process 
needs considering cost-benefit to realize trade-off between multiple re
sources and multiple objectives, and develop an optimal investment 
portfolio strategy which can achieve the full utilization and collabora
tion of multiple resources. The meaning of “investment portfolio” in this 
paper is that DSOs should make strategic trade-off among multiple re
sources including security investment and insurance investment, and 
develop an optimal portfolio under limited budgets for resilience 
enhancement. The main contributions of this paper are summarized as 
follows:  

(1) Insurance is incorporated as a risk sharing and resilience 
enhancement supplementary strategy in the planning stage to 
mitigate high economic losses caused by extreme disasters. In this 
paper, insurance investment is modeled based on Gordon-Loeb 
model according to insurance industry principles. Meanwhile, 
insurance investment is co-optimized with security investment 
from the perspective of DSOs, which can enhance resilience in 
both load shedding and economic losses. 

(2) A resilience-oriented investment portfolio and planning frame
work is proposed in this paper to develop an optimal portfolio 
strategy that can achieve the trade-off among multiple resources. 
The proposed framework considers entire normal-failure- 
recovery-loss process to address climate change and is modeled 
as a two-stage stochastic MILP model based on scenarios.  

(3) To solve the solution difficulty with the increasing of scenarios, 
progressive hedging (PH) algorithm is applied to solve the pro
posed two-stage stochastic MILP model based on scenarios. Nu
merical results show that PH algorithm can adapt to more 
scenarios and improve computational efficiency by decomposing 
original problem into several scenario-based sub-problems for 
solving. 

The remainder of this paper is organized as follows. Section II in
troduces the investment portfolio and planning framework proposed in 
this paper. Section III models the framework as a two-stage stochastic 
MILP model. Section IV presents the case study to validate the effec
tiveness of proposed method. Finally, Section V summarizes the full 
paper. 
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2. Investment portfolio and planning framework 

2.1. The planning framework and decision variables 

The changes brought about by climate change include: (1) a high 
proportion of RES is connected to grid and distributed RESs make DS 
active. (2) Climate change leads to frequent extreme disasters. There
fore, the influence of above factors should be considered and the whole 
process should be modeled when developing the investment and plan
ning strategy for resilience enhancement to cope with climate change. 
As shown in Fig. 1, DSO makes investment and planning strategy in t0 to 
t1 considering entire normal-failure-recovery-loss process from t1 to t4. 
Specifically, from t1 to t2, DS is under normal operation scenarios. This 
stage is characterized by a high proportion of RESs. ESSs realize the 
efficient consumption of renewable energy and the minimum operation 
cost of DSO by optimizing operation strategy. From t2 to t3, the occur
rence of extreme disasters has caused severe damages to DS. DSO min
imizes the losses of power outage by optimizing operation strategy. 
From t3 to t4, high economic losses can be significantly mitigated by 
insurance indemnity. Therefore, the challenge of climate change can be 
effectively addressed by taking the factors of whole process from t1 to t4 
into consideration in the planning stage. 

By considering the factors of whole normal-failure-recovery-loss 
processes, the investment portfolio and planning framework proposed 
in this paper is modeled as a scenario-based two-stage stochastic opti
mization model. The structure of two-stage investment portfolio and 
planning model is shown in Fig. 2. In the first stage, DSO develops in
vestment portfolio and planning strategies. The decision variables are 
the capacity and location of ESSs, the strategy of line hardening, and the 
insurance investment strategy. In the second stage, both normal opera
tion scenarios and extreme disaster scenarios are considered. Under 
extreme disaster scenarios, the economic losses caused by extreme di
sasters are minimized by optimizing operation strategy and charging- 
discharging strategy of ESSs. The decision variables include substation 
output, ESS output, topology reconfiguration and insurance indemnity 
after disaster. Under normal operation scenarios, the charging and dis
charging strategy of ESSs is optimized by minimizing the electricity 
purchase cost and considering the demand of renewable energy con
sumption. The decision variables include substation output, energy 
storage output and renewable energy curtailment. 

2.2. Uncertainty modeling and scenarios generation 

2.2.1. Uncertainty of RES under normal operation scenarios: 
For the uncertainty of wind, Weibull distribution is used to approx

imate the probability distribution of wind speed [22]-[23], which is 
shown in (1). 

f (v) =
k
c

(v
c

)k− 1
exp

−

(
v
c

)
k

(1)  

where f(v) represents the probability density function of wind speed; k 
and c are the shape parameter and scale parameter, respectively; v is 
wind speed. 

The relationship between wind speed and output power is shown in 
(2). 

PW =

⎧
⎪⎪⎪⎨

⎪⎪⎪⎩

0, v < vci or v⩾vco

v − vci

vrate − vci
Prate, vci⩽v < vrate

Prate, vrate⩽v < vco

(2)  

where Prate is the rated capacity of wind turbine; vci, vrate and vco 
represent the cut-in wind speed, rated wind speed and cut-out wind 
speed, respectively. 

Because Latin Hypercube Sampling (LHS) can realize more efficient 
sampling and require much smaller sample sizes than other random 
sampling methods. Meanwhile, the sampling points of LHS can cover 
each sampling regions and LHS can obtain more reliable results [24]. So, 
LHS is used to sample wind speed and generate wind speed scenarios. 
Then k-means clustering algorithm [25] and simultaneous backward 
reduction (SBR) algorithm [24] are used to reduce scenarios to generate 
typical scenarios. Firstly, the original scenarios are classified by k-means 
clustering algorithm. Secondly, SBR algorithm is applied to reduce the 
scenarios in each class. The scenario reduction technique used in this 
paper is shown in Algorithm 1, where si represents scenario vector, pi 
represents probability of scenario occurrence.  

Algorithm1 Scenarios Reduction Algorithm 

Step 1 k-means clustering according to the function of “kmeans” in Matlab: 
Set N = 100, K = 5 
Obtain the scenarios nk in each class k 

Step 2 calculating the probability of each typical scenario: 
pk = nk/N,k ∈ K 

Step 3 SBR for obtaining typical scenario in each class k: 
For k = 1: K 

Step 3.1 Find scenario j closet to i: 

(continued on next page) 

Fig. 1. Whole normal-failure-recovery-loss process to address climate change.  

Q. Hu et al.                                                                                                                                                                                                                                      



International Journal of Electrical Power and Energy Systems 155 (2024) 109438

5

(continued ) 

Algorithm1 Scenarios Reduction Algorithm 

dij = min(Dij),∀i, j ∈ nk, j ∕= i 
Dij =

⃦
⃦si − sj

⃦
⃦

2,∀si, sj ∈ Sk 

Step 3.2 Find scenario d, satisfies: 
pdddj = min(pidij),∀d ∈ nk 

Step 3.3 Delete scenario d and update scenario probability: 
nk = nk − {d}
pj = pj +pd 

Step 3.4 If nk ∕= 1, go to Step 3.1 and continue 
Else, next step 

End  

2.2.2. Uncertainty of line damage status under extreme disaster scenarios 
The extreme natural disaster considered in this paper is typhoon. 

During typhoon disasters, the overhead distribution lines including 
distribution poles and the conductors between poles are the most 
vulnerable to be damaged. The magnitude of wind speed will lead to 
different failure probability, and the wind speed at each component is 
related to the distance from typhoon eye [26]. Modeling typhoon is not 
the focus of this paper, we obtain wind speed using the method in [27], 
where a simulated typhoon generator and Batts typhoon model is used 
to calculate wind speed. The failure probability of overhead distribution 
lines under a specific wind speed v is calculated as: 

Pl[v(t)] = 1 −
∏Nl

i=1

{
1 − Pp[v(t)]

}∏Ml

j=1
{1 − Pc[v(t)]} (3)  

where Pl[v(t)] is the failure probability of overhead line l at time t under 
wind speed v; Pp[v(t)] is the failure probability of poles and Pc[v(t)] is the 
failure probability of conductors which can obtained from fragility 
curves. Nl and Ml are the total number of poles and conductors of line l. 

The fragility curves used in this paper is according to [15]. 
For the uncertainty of line damage status, we compare the failure 

probability under a specific wind speed v(t) with a random variable ε 
uniformly distributed between 0 and 1. However, it should be noted that 
the damage status of line is also related to whether the line is hardened 
or not. When line is hardened, the failure probability of line will be 
reduced. Thus, two binary variables ζ1,s

ij,t and ζ0,s
ij,t are introduced to 

represent the damage state of lines hardened and not hardened ac
cording to [11]. The state of line under extreme disaster scenario s can 
be obtained by sampling ζ1,s

ij,t and ζ0,s
ij,t , which is shown in (4) and (5). 

When line is hardened, the probability of failure will reduce to 1/10 of 
the before value. And if ε is smaller than the probability of failure, the 
line is damaged. 

ζ0,s
ij,t =

{
0, if ε > Pl[v(t) ]
1, if ε < Pl[v(t) ]

(4)  

ζ1,s
ij,t =

⎧
⎪⎪⎨

⎪⎪⎩

0, if ε >
Pl[v(t) ]

10

1, if ε <
Pl[v(t) ]

10

(5)  

where ε is a uniform random number between 0 and 1; ζ0,s
ij,t is line 

damage status which is not hardened, and 1 represents faulty; ζ1,s
ij,t is line 

damage status which is hardened, and 1 represents faulty. 
According to the spatial distribution of load shedding, scenario 

reduction technique shown in Algorithm 1 is also used to reduce sce
narios to generate typical scenarios. 

2.2.3. Insurance investment model 
Extreme disasters have the characteristics of “low probability and 

Fig. 2. Two-stage investment portfolio and planning model.  
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high loss”, the losses often exceed actual bearing capacity of the insured. 
Catastrophe insurance is an important measure in catastrophe risk 
management. For the insured, insurance is an investment strategy that 
can help policyholders transfer and share risk with the insurer and 
mitigate the losses caused by extreme disasters. For the insurers, they 
can make use of the time difference between the premium received time 
and the actual indemnity time to invest premium received, and profit is 
realized for the insurers through investment income of premiums 
received [28]. Insurance premiums are the amount of money an indi
vidual or business must pay for an insurance policy, which are based on 
system security risk of policyholders [29]. As shown in Fig. 3, when 
security investment increases, the security risk of system will decrease 
which will also result in the decrease of insurance premiums [29]. 

From the perspective of DSOs, security investment will enhance the 
resilience of system and reduce the risk caused by extreme disasters, so 
insurance premiums will be reduced accordingly. However, before 
solving the planning model, it is not known how much the actual se
curity investment will be. Security investment and insurance premiums 
are mutually coupled, so this process should be modeled in the planning 
model considering insurance. In this paper, Gordon-Loeb model is used 
to model this process according to insurance industry principles. 
Gordon-Loeb model is a classical mathematical and economic model to 
analyze the optimal security investment level [30]. Gordon-Loeb model 
analyzes the security investment, potential loss, vulnerability and sys
tem risk from the perspective of economics. The Gordon-Loeb model 
uses the security breach probability function S(ξ, λ) to model the rela
tionship between residual risk and security investment, the security 
breach probability function should satisfy conditions (6)-(10), and the 
security breach probability function is shown in (11). 

S(ξ, 0) = 0 (6)  

S(0, λ) = λ (7)  

∂S(ξ, λ)
∂ξ

⩽0 (8)  

∂2S(ξ, λ)
∂2ξ

⩾0 (9)  

lim
ξ→∞

S(ξ, λ) = 0 (10)  

S(ξ, λ) = λαξ+1, α > 0 (11)  

where ξ is the total security investment;S(ξ, λ) represents system residual 
risk under a given security investment ξ;λ is a parameter, which repre
sents system vulnerability; α is a parameter, which represents effec
tiveness of security investment. 

As shown in Fig. 3, the relationship between residual risk and se
curity investment is described by security breach function, and then the 
discounted premium P′

r is obtained under residual risk S(ξ1,λ). For DSOs, 
a certain proportion of insurance investment can be made to mitigate 
post-disaster economic losses. The specific insurance investment con
straints based on Gordon-Loeb model will be introduced in Section III. 

3. Mathematical formulation 

3.1. The first stage problem 

The objective function (12) of first stage is to minimize the sum of 
total investment costs, the expected economic losses under extreme 
disaster scenarios and the expected operation costs under normal 
operation scenarios. 

minCinv +ψave

∑

s∈SEDS

pr(s)Closs(s)+
∑

s∈SNOS

pr(s)Cope(s) (12)  

Cinv = CESS +CPSS +CH +CPR (13)  

CESS =
r(1 + r)TEES

(1 + r)TEES − 1
αessCess

∑

i∈ΩESS

xess
i Eess,i (14)  

CPSS =
r(1 + r)TEES

(1 + r)TEES − 1
αpssCpss

∑

i∈ΩESS

xess
i Pess,i (15)  

CH =
∑

(i,j)∈ΩL

Chxh
ij (16)  

CESS +CPSS +CH +CPR⩽C (17) 

Fig. 3. The relationship between system risk, insurance premium and security investment.  
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where Eq. (13) is the total investment costs, consisting of allocating 
ESSs cost (14)-(15), hardening lines cost (16), and insurance investment 
cost (22). The investment of ESSs is calculated by annualized investment 
cost, and r is the discount rate; TESS is the entire investment life of ESSs; 
Constraints (17) limits the cost of investment cannot exceed budget C.  

1) Line hardening investment constraints 
∑

(i,j)∈ΩL

xh
ij⩽NL (18)    

2) ESS investment constraints 
∑

i∈ΩESS

xess
i ⩽NESS (19)  

0⩽Eess,i⩽xess
i Emax

ess ,∀i ∈ ΩESS (20)  

0⩽Pess,i⩽xess
i Pmax

ess ,∀i ∈ ΩESS (21)    

3) Insurance investment constraints 

xprPr⩽CPR⩽xprPr0 (22)  

Pr = Pr0 (1 − δ) (23)  

δ = r(1 − S(ξ, λ)) (24)  

S(ξ, λ) = λαξ+1,α > 1 (25)  

ξ = CESS +CPSS +CH (26) 

Constraints (18)-(19) limit the number of lines allowed to be hard
ened and the number of ESSs allowed to be installed, respectively. 
Constraints (20) and (21) limit the ESS capacity and power installed at 
node i, respectively. Constraint (22) is the total insurance investment 
cost constraint, and xpr represents whether DSO decides to insure DS. If 
DSO decides to insure, the total insurance investment CPR cannot be less 
than the discounted premium Pr which is calculated in (23), in order to 
avoid the insurer to bear excessive financial risk. In addition, the total 
insurance investment cannot exceed the initial premium Pr0, in order to 
prevent DSO from buying insurance at a high cost to seek insurance 
company indemnity and reduce security investment. In the first stage, 
DSO will take a series of measures to enhance the resilience of DS, and 
system security risk in face of extreme disaster will be reduced, so in
surance premiums will be reduced accordingly. The security breach 
probability function in (25) of Gordon-Loeb model is used to describe 
the relationship between security investment and system security risk, ξ 
is security investment including line hardening and ESS allocation cost 
in this paper. Eq. (24) computes the discount δ that DSO obtains by 
increasing security investment [16]. δ is based on absolute change, 
which results in deeper discounts to increase insurance willingness. In 
(24), the discount rate r determines the final discount, where r is 
determined by the insurer [16]. For example, if system risk is reduced 
30% due to security investment and r is 50%, then the discount δ is 
finally set as 15%. 

3.2. The second stage problem under extreme disaster scenarios 

Under extreme disaster scenarios, the charging and discharging 
strategy of ESS, the operation strategy of DS and the topology reconfi
guration strategy are optimized to minimize economic losses caused by 
extreme disasters. By evaluating the losses caused by disasters, DSO will 
obtain insurance indemnity from the insurer. In other words, the 
objective under extreme disaster scenarios including failure-recovery- 
loss process aims to minimize the economic losses caused by extreme 
disasters, as shown in (27). Equation (27) calculates the economic losses 

under extreme disaster scenario s, which equal to the load shedding 
losses minus insurance indemnity. 

Closs(s) = αlωj

∑

t∈T

∑

j∈ΩN

Ps
shed,j,t − Cs

rep, ∀s ∈ ΩEDS (27) 

The constraints under extreme scenarios are as follows, consisting of 
DS operational constraints, network reconfiguration constraints, ESS 
operational constraints, line damage status constraints, and insurance 
indemnity constraints. Since the wind speed of typhoon under extreme 
disaster scenarios is greater than the cut-out wind speed of wind turbine, 
RESs are always in off state. So, RES abandonment constraint is not 
considered in the second stage problem under extreme disaster 
scenarios.  

1) DS operational constraints 

The linearized DistFlow model is adopted in this paper according to 
[31], which is shown in constraints (28)-(31). Eqs. (28)-(29) describe 
the relationship of power balance at each node. Eqs. (30)-(31) represent 
the voltage relationship of adjacent nodes through the big M method. 
Constraints (32)-(33) limit the active and reactive line flow according to 
the on–off state of line. Constraint (34) limits the node voltage range 
between upper and lower bounds. Constraints (35)-(36) limit the range 
of load shedding. Eqs. (37)-(38) describe the net injected active and 
reactive power at node j, including substation output, distributed RES 
output and ESS output. Constraints (39)-(40) limit the range of sub
station output capacity. 
∑

(j,i)∈ΩL

Ps
ji,t −

∑

(i,j)∈ΩL

Ps
ij,t = Ps

g,j,t −
(

Ps
l,j,t − Ps

shed,j,t

)
,∀j ∈ ΩN , t ∈ T, s ∈ SEDS

(28)  

∑

(j,i)∈ΩL

Qs
ji,t −

∑

(i,j)∈ΩL

Qs
ij,t = Qs

g,j,t −
(

Qs
l,j,t − Qs

shed,j,t

)
,∀j ∈ ΩN , t ∈ T, s ∈ SEDS

(29)  

Us
i,t − Us

j,t −
(

rijPs
ij,t + xijQs

ij,t

)/
U0⩽M

(
1 − zs

ij,t

)
,∀(i, j) ∈ ΩL, t ∈ T, s ∈ SEDS

(30)  

Us
i,t − Us

j,t −
(

rijPs
ij,t + xijQs

ij,t

)/
U0⩾ − M

(
1 − zs

ij,t

)
,∀(i, j) ∈ ΩL, t ∈ T, s

∈ SEDS

(31)  

− Smax
ij zs

ij,t⩽Ps
ij,t⩽Smax

ij zs
ij,t,∀(i, j) ∈ ΩL, t ∈ T, s ∈ SEDS (32)  

− Smax
ij zs

ij,t⩽Qs
ij,t⩽Smax

ij zs
ij,t, ∀(i, j) ∈ ΩL, t ∈ T, s ∈ SEDS (33)  

Umin
j ⩽Us

j,t⩽Umax
j ,∀j ∈ ΩN , t ∈ T, s ∈ SEDS (34)  

0⩽Ps
shed,j,t⩽Ps

l,j,t, ∀j ∈ ΩN , t ∈ T, s ∈ SEDS (35)  

0⩽Qs
shed,j,t⩽Qs

l,j,t, ∀j ∈ ΩN , t ∈ T, s ∈ SEDS (36)  

Ps
g,j,t = Ps

sub,j,t +Ps
res,j,t +Ps

ess,j,t,∀j ∈ ΩN , t ∈ T, s ∈ SEDS (37)  

Qs
g,j,t = Qs

sub,j,t +Qs
res,j,t +Qs

ess,j,t, ∀j ∈ ΩN , t ∈ T, s ∈ SEDS (38)  

0⩽Ps
sub,j,t⩽Pmax

sub , ∀j ∈ ΩSUB, t ∈ T, s ∈ SEDS (39)  

0⩽Qs
sub,j,t⩽Qmax

sub ,∀j ∈ ΩSUB, t ∈ T, s ∈ SEDS (40)    

2) DS network reconfiguration constraints: 

In order to maintain the radial structure of DS in the process of to
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pological reconfiguration, ϑs
mn,t and ϑs

nm,t are two binary variables 
introduced to restrict the radial topology according to the spanning tree 
approach in [32–34]. if m is the parent node of n, then ϑs

mn,t is 1; if n is the 
parent node of m, then ϑs

nm,t is 1. Eq. (41) limits that the substation nodes 
have no parent nodes. Constraint (42) limits that other nodes except 
substation nodes have at most one parent node. Constraint (43) repre
sents that if line ij is closed, m is the parent node of n or n is the parent 
node of m. 

ϑs
mn,t = 0, ∀(m, n) ∈ ΩSUB, t ∈ T, s ∈ SEDS (41)  

∑

n∈N(m)

ϑs
mn,t⩽1, ∀m ∈ ΩN\ΩSUB, t ∈ T, s ∈ SEDS (42)  

ϑs
mn,t + ϑs

nm,t = zs
ij,t, ∀(i, j) ∈ ΩL, t ∈ T, s ∈ SEDS (43)    

3) ESS operation constraints: 

Eqs. (44)-(45) limit the lower and upper energy stored in ESS at node 
i, which mean that ESS cannot over-discharge or over-charge to ensure 
the health of ESS. Constraints (46)-(47) ensure ESS charging-discharging 
power and the stored energy cannot exceed the planning capacity. Eq. 
(48) describes relationship between the energy stored in ESS and the 
charging-discharging power of ESS. Eq. (49) limits energy stored in ESS 
at the initial time to the allowable maximum value, so that ESS can play 
a greater value and role in coping with extreme disasters. 

Emin
ess,i = socminEess,i,∀i ∈ ΩESS (44)  

Emax
ess,i = socmaxEess,i,∀i ∈ ΩESS (45)  

− Pess,i⩽Ps
ess,i,t⩽Pess,i,∀i ∈ ΩESS, t ∈ T, s ∈ SEDS (46)  

Emin
ess,i⩽Es

ess,i,t⩽Emax
ess,i,∀i ∈ ΩESS, t ∈ T, s ∈ SEDS (47)  

Es
ess,i,t = Es

ess,i,t− 1 +Ps
ess,i,tΔt,∀i ∈ ΩESS, t ∈ T, s ∈ SEDS (48)  

Es
ess,i,0 = Emax

ess,i,∀i ∈ ΩESS, s ∈ SEDS (49)    

4) Line damage status constraints: 

Before solving the two-stage stochastic optimization model, it is 
necessary to generate random fault scenarios under extreme disasters to 
describe the uncertainty of line damage status. However, the hardening 
strategy in the first stage will affect the generation of scenarios, because 
whether the line is hardened will lead to different failure rates, and the 
hardening strategy cannot be obtained before solving the optimization 
model. It will be difficult to obtain line damage state under extreme 
disaster scenarios. Reference [11] effectively addresses this challenge by 
sampling two random variables. ζ1,s

ij,t and ζ0,s
ij,t ,which represent line state 

of hardened and not hardened, respectively. Constraint (50) means that 
the damage state of line under a specific extreme disaster scenario s can 
be obtained by sampling ζ1,s

ij,t and ζ0,s
ij,t , if line (i, j) is hardened, xh

ij will 

equal 1 and the state of line (i, j) is determined by ζ1,s
ij,t , otherwise, if line 

(i, j) is not hardened, the state of line (i, j) is determined by ζ0,s
ij,t . 

Constraint (51) limits the damage lines should be open state, and when 
line (i, j) is not damaged by extreme disasters, it can be closed or open by 
remotely controlled switches in the process of topology reconfiguration. 
In this paper, we assume that all lines have remotely controlled switches. 

us
ij,t =

(
1 − xh

ij

)
ζ0,s

ij,t + xh
ijζ

1,s
ij,t ,∀(i, j) ∈ ΩL, t ∈ T, s ∈ SEDS (50)  

zs
ij,t⩽1 − us

ij,t,∀(i, j) ∈ ΩL, t ∈ T, s ∈ SEDS (51)    

5) Insurance indemnity constraints: 

Constraint (52) is the insurance indemnity constraint. According to 
insurance industry principles, insurance indemnity is a comprehensive 
form of insurance compensation for damages or losses [28], and the 
insurer compensates the losses of the insured based on insurance pre
mium. According to the calculation method of insurance indemnity in 
insurance industry, insurance indemnity is usually paid according to the 
proportion κ agreed in advance, and the total insurance indemnity 
should not exceed the amount insured. The amount insured is always 1/
γ of insurance premium, and γ is insurance rate. 

Cs
rep = min

{

κCloss0,
1
γ
CPR

}

,∀s ∈ SEDS (52)  

Closs0(s) = αlωj

∑

t∈T

∑

j∈ΩN

Ps
shed,j,t,∀s ∈ SEDS (53)  

where Eq. (52) represents insurance indemnity under scenario s is al
ways the smaller between κ times the losses caused by extreme disaster 
and the amount insured, and (53) calculates the losses caused by 
extreme disaster under scenario s. κ and αl represent insurance indem
nity ratio and unit loss penalty coefficient, respectively. 

3.3. The second stage problem under normal operation scenarios 

For normal operation scenarios, the cost of purchasing electricity 
from superior substation is minimized by optimizing the charging and 
discharging strategy of ESS. At the same time, the demand of renewable 
energy consumption can also be met by optimizing ESS operation 
strategy. The objective function (54) is electricity purchase cost under a 
specific normal operation scenario s. 

Cope(s) =
∑

t∈T

∑
σt

j∈ΩN

Ps
g,j,t,∀s ∈ ΩNOS (54)    

1) DS operational constraints: 

Different from the operation constraints of DS under extreme di
sasters. In normal operation scenarios, without considering random 
faults of DS, the occurrence of load shedding can be eliminated by 
optimizing operation strategy of DS. Therefore, the operation con
straints are as follows: 

constraints (30) − (34), (39) − (40) (55)  

∑

(j,i)∈ΩL

Ps
ji,t−

∑

(i,j)∈ΩL

Ps
ij,t = Ps

sub,j,t +Ps
res,j,t − Ps

cur,j,t +Ps
ess,j,t − Ps

l,j,t, ∀j ∈ ΩN , t

∈ T, s ∈ SNOS

(56)  
∑

(j,i)∈ΩL

Qs
ji,t−

∑

(i,j)∈ΩL

Qs
ij,t = Qs

sub,j,t +Qs
res,j,t − Qs

cur,j,t +Qs
ess,j,t − Qs

l,j,t, ∀j ∈ ΩN , t

∈ T, s ∈ SNOS

(57)    

2) Distribution system topology constraints: 

The main function of tie switch in DS is to realize load transfer when 
line fault occurs. Under normal operation conditions, the tie switch of 
DS remains open status. Therefore, for normal operation scenarios, the 
topological reconfiguration of DS through tie switch is not considered. 

The line status can be limited by constraint (58)-(59). Constraint (58) 
indicates that lines with tie switch under normal operation scenarios 
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keep open status. Constraint (59) indicates that lines except tie switch 
lines under normal operation scenarios keep closed status. 

zs
ij,t = 0,∀(i, j) ∈ ΩLT , t ∈ T, s ∈ SNOS (58)  

zs
ij,t = 1,∀(i, j) ∈ ΩLR, t ∈ T, s ∈ SNOS (59)    

3) ESS operation constraints: 

constraints (45) − (49), (60)  

Es
ess,i,0 = Es

ess,i,T , ∀i ∈ ΩESS, s ∈ SNOS (61) 

Constraint (61) represents the initial moment energy stored in ESS 
should equal to the final moment, this constraint is ignored under 
extreme scenarios because ESS mainly plays a role of emergency power 
support [8], in this case, ESS needs to play the maximum role and po
tential to restore load power supply, thus extreme scenarios allow ESS to 
completely discharge, if necessary.  

4) RES abandonment constraints: 

In order to promote the effectively consumption of renewable en
ergy, the power abandonment rate of RESs can be added to the con
straints. The μ represents the power abandonment rate of RESs, and 
constraints (62)-(63) limit that the power abandonment of RESs cannot 
exceed the allowable level. 

0⩽
∑

j∈ΩRES

∑

t∈T
Ps

cur,j,t⩽μ
∑

j∈ΩRES

∑

t∈T
Ps

res,j,t,∀s ∈ SNOS (62)  

0⩽
∑

j∈ΩRES

∑

t∈T
Qs

cur,j,t⩽μ
∑

j∈ΩRES

∑

t∈T
Qs

res,j,t,∀s ∈ SNOS (63)  

3.4. Solution algorithm 

A mixed integer nonlinear programming problem is formed by 
objective function (12)-(16) and constraints (17)-(63). It should be 
noted that nonlinear constraints will be difficult to solve, so some con
straints need to be linearized. For constraints (25), the piecewise line
arization technique is used for linearization which can be found in [35]. 
A linear function of n segments in (64) will be formed after piecewise 
linearization, linearization of (64) can be realized by (65), where δ are 
binary variables and ω are continuous variables. For constraint (52) 
which includes min function, two binary variables are introduced to 
achieve linearization through the big M method, as shown in (66). The 
linearization method of multiplying binary variable with continuous 
variable such as constraint (14)-(16) and (22) can be found in [36], 
which is shown in (67). Where δ represents binary variables and φ 
represents continuous variables, respectively. 
⎧
⎪⎪⎪⎨

⎪⎪⎪⎩

x =
∑n+1

k=1
ωkηk

f (x) =
∑n+1

k=1
ωkf (ηk)

(64)  

⎧
⎨

⎩

ω1⩽δ1,ω2⩽δ1 + δ2,…,ωn⩽δn− 1 + δn,ωn+1⩽δn
ω1 + ω2 + … + ωn + ωn+1 = 1

δ1 + δ2 + … + δn = 1
(65)  

⎧
⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎨

⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎪⎩

Cs
rep⩽κCloss0,Cs

rep⩽
1
γ
CPR

κCloss0⩽Cs
rep − M(1 - χ)

1
γ
CPR⩽Cs

rep − M(1 - μ)

χ + μ⩾1

χ, μ ∈ {0, 1}

(66)  

⎧
⎨

⎩

β = δ⋅φ
β − M(1 − δ)⩽φ⩽β + M(1 − δ)

β − M⋅δ⩽0⩽β + M⋅δ
(67) 

The final model after linearization is a MILP problem, which can be 
expressed in a compact form as follows: 

min
x,y

{

cTx +
∑

s∈SEDS

p(s)
(
f T
s , ysd

)
+

∑

s∈SNOS

p(s)
(
gT

s , yso
)
}

(68)  

s.t.(x, ys) ∈ Θ (69)  

where x represents investment and planning decision variables, which 
are scenario independent. ys = ysd ∪ yso represents the second-stage 
operation decision variables based on scenarios. 

The PH algorithm [37] decomposes the original problem (68)-(69) 
into a subproblem based on scenarios, as shown in Eq. (70)-(71), where 
x(1) = x(2) = … = x(S) represents the non-anticipativity constraint to 
ensure that the decisions do not depend on stochastic parameters. In the 
scenarios-based subproblem, investment and planning decisions are 
common to all scenarios after continuous iteration by setting reasonable 
multiplier and penalty coefficient. By decomposition computation of 
multiple scenarios, the difficulty of solution can be reduced. Algorithm 
2 shows the specific solving processes and steps of pH algorithm. 

min
x,y

{
∑

s∈S
cTx(s) +

∑

s∈SEDS

p(s)
(
f T
s , ysd

)
+

∑

s∈SNOS

p(s)
(
gT

s , yso
)
}

(70)  

s.t.
{

(xs, ys) ∈ Θ
x(1) = x(2) = … = x(S) (71)   

Algorithm2 Progressive Hedging (PH) Algorithm 

Step 1 Initialization: 
Set k = 0,wk(s) = 0 

fors = 1 : S
xk=0(s) = argmin

x(s)

{
cTx(s) + fT

s ysd + gT
s yso

}

end

, 

x =
∑

s∈Sp(s)xk=0(s)
Step 2 Iteration update: 

k = k + 1 
Step 3 Update multiplier and decomposition: 

fors = 1 : S do

wk(s) = wk− 1(s) + ρ⋅(xk− 1(s) − x)

xk(s) = argmin
x(s)

{
cTx(s) + fT

s ysd + gT
s yso + wk(s)⋅x(s) +

ρ
2
‖x(s) − x‖2

}

end

x =
∑

s∈S
p(s)xk(s)

εk =
∑

s∈S
p(s)⋅

⃦
⃦xk(s) − x

⃦
⃦2 

Step 4 Termination: 
If εk < gap: Stop and return xk(s)
Else go to Step 2 and continue  
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4. Case study 

The proposed two-stage investment portfolio and planning model is 
verified on the modified IEEE 33-bus distribution system. The simula
tions are performed by Yalmip and Matlab 2020b on a PC with Intel Octa 
Core (3.0 GHz) and 16 GB RAM. The MILP problems are solved by 
Gurobi 9.5.2 under an academic license with the default settings. 

4.1. Test system and parameter information 

As shown in Fig. 4, there is one substation connected to bus 1 with 
capacity of 10 MVA and two distributed RESs located at node 3, node 33. 
The capacity of distributed RESs are 10 kW and 20 kW, respectively. We 
assume that all lines are equipped with remotely controlled switches and 
there are two tie switch lines (12,22) and (25,29). The reference voltage 
is 12.66 kV and allowable voltage of each node is 0.9 ~ 1.1p.u. of the 
reference voltage. The total system load is 3715 kW and 2300 kVar. The 
more details about IEEE 33-bus distribution system can be found in [38]. 

4.2. Investment and planning results analysis 

100 scenarios are randomly generated and then reduced into 5 
typical scenarios by scenario reduction techniques which are shown in 
Algorithm 1. The node load shedding (p.u.) due to line damage under 
typical extreme disasters scenarios and distributed RESs output power 
(p.u.) under typical normal operation scenarios are shown in Fig. 5 (a) 
and (b). 

In order to illustrate the necessity of incorporating insurance in DS 
planning, two cases are studied for comparison. The base case does not 
consider insurance investment, and the insurance case takes the 
framework proposed in this paper to optimize investment and planning 
strategy for resilience enhancement. The results of investment and 
planning are shown in Table 2. We can find that if only installation of 
ESS and hardening lines are carried out without considering insurance, 
the losses of DSO will be doubled. By the framework proposed in this 
paper, DSO will install ESS of 631 kWh at node 17 and harden lines 
(11,12), (30,31). The insurance investment of DSO is 356800$, and the 
losses are only the half of base case. 

The SOC curves of ESS under extreme disaster scenarios and normal 
operation scenarios are shown in Fig. 6 (a) and (b). The main role of ESS 
under extreme disaster scenarios is providing emergency power support. 
ESS keeps stored energy at allowed maximum value before the occur
rence of extreme disaster. After the occurrence of extreme disaster, 

power will be supplied to customers by optimizing discharge strategy. 
Taking Scenario 1 as an example, the charging-discharging strategy and 
SOC curves of ESS under Scenario 1 are shown in Fig. 7 (a). Line fault 
happened at 10:00 due to extreme disasters, and ESS restored power 
supply for load by continuous discharging. At 19:00, ESS has fully dis
charged the amount of stored energy. 

For normal operation scenarios, ESS realizes efficient consumption of 
renewable energy and minimizes operating costs of DSO by optimizing 
charging-discharging strategies. The SOC curves under normal opera
tion scenarios and the charging-discharging strategy under scenario 6 
are shown in Fig. 6 (b) and Fig. 7 (b). 

In order to verify the effectiveness of the proposed investment 
portfolio and planning framework, two configuration cases are designed 
for comparison.  

• Case 1: in this case, none of nodes are installed with ESS and none of 
lines are hardened. Only insurance investment is considered. DSO 
can only use tie switches of DS for topology reconfiguration to realize 
failover.  

• Case 2: in this case, only installing ESS is considered. Hardening lines 
and insurance investment are not considered. DSO can take topology 
reconfiguration and optimize ESS operation strategy to realize 
failover.  

• Case 3: in this case, the framework proposed in this paper is adopted 
for investment and planning, including installing ESS, hardening 
lines and insurance investment. 

The investment and planning results are shown in Fig. 8. From the 
comparison of case 1 and case 2, it can be found that insurance can 
significantly mitigate high economic losses of DSO caused by extreme 
disasters. Compared with case 1 which only considers insurance in
vestment, the total load shedding of other cases reduces, indicating that 
the installation of ESS and hardening lines can reduce load shedding 
caused by extreme disasters. Compared with other cases, the portfolio 
investment and planning strategy proposed in this paper can realize not 
only the lowest total load shedding but also the lowest economic losses 
caused by extreme disaster. That is, through the framework proposed in 
this paper, DSOs can obtain an optimal resilience-oriented multi-re
sources investment and planning strategies to realize not only risk 
adaption but also risk mitigation. 

The different degree of losses and the proportion of insurance in
demnity will affect investment decision of DSOs in insurance. The unit 
loss penalty coefficient αl is set from 0.5 to 3.0, and the insurance in

Fig. 4. IEEE 33-bus test system.  
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demnity ratio κ is set from 0.3 to 1, respectively, which is shown in (52)- 
(53). The total insurance investment results under different unit loss 
penalty coefficient and insurance indemnity ratio are shown in Fig. 9. It 
can be found that when the insurance indemnity ratio and the economic 
losses are low, DSO will not choose to invest in insurance to mitigate 
economic losses as a resilience enhancement supplementary strategy. 
This is because when the load losses are too slow, the annual total in
surance indemnity obtained by DSO or annual total economic loss 
caused by extreme disasters is always far less than annual insurance 
premium, which is very uneconomical for DSO. At the same time, it can 
be found from the Fig. 8 that when the loss increases, the insurance 
investment increases sharply. Even the indemnity ratio is low, DSO will 
still choose investment in insurance to mitigate high economic loss as a 
resilience enhancement supplementary strategy. This is because extreme 
disasters with low probability and high loss have caused serious damage 
to DS, and the total economic losses are difficult for DSO to bear. So, 

DSO chooses insurance investment as a resilience enhancement sup
plementary strategy to realize risk mitigation through insurance in
demnity. Therefore, as a measure of risk management, insurance is of 
great significance in the face of extreme disasters with low probability 
and high loss. However, for disasters with low loss, insurance is often 
uneconomical compared with security investment. 

Due to the limitation of existing technology, ESS investment cost is 
still high, and it will significantly affect the planning results of ESS. With 
the breakthrough and progress of technology in the future, the invest
ment cost of ESS will further decrease. In order to explore the impact of 
ESS investment cost on the results of planning, coefficient α is intro
duced, which is shown in (14)-(15). The cost coefficient of ESS αess and 
αpss are set as 0.6, 1.0 and 1.5 in this paper, and the results are shown in 
Table 3. It can be found that with the decreasing of ESS investment cost, 
DSO will install more capacity of ESS for resilience enhancement to cope 
with climate change. When the investment cost of ESS decreases, the 
planning power of ESS does not change much compared with the ca
pacity, which indicates that DSO is more inclined to choose ESS with 
longer energy storage duration. However, when ESS investment cost 
increases, both capacity and power of ESS decrease significantly. This is 
because the investment cost of ESS is too high, the investment of ESS for 
resilience enhancement is uneconomical for DSO. 

4.3. Computational efficiency 

In order to verify the computational efficiency and performance of 
PH algorithm proposed in this paper, two solving methods including PH 
algorithm and direct solution by Gurobi are used for comparison under 
different number of scenarios, and the results are shown in Table 4. The 
convergence tolerance gap of PH algorithm is set as 0.1%. The size of ρ 
will affect the convergence and speed, the penalty coefficient ρ is set 
according to [34]. 

For the investment and planning model proposed in this paper, we 
firstly consider ten typical scenarios, including five normal operation 
scenarios and five extreme disaster scenarios. We can find that the speed 
of direct solution by Gurobi is faster than PH algorithm under ten sce
narios. However, with the number of scenarios increasing to 20, the 
solution time of direct solution by Gurobi increases significantly, and the 
computational efficiency of pH algorithm is better than direct solution 
by Gurobi. When the number of scenarios is larger, it is impossible to get 
the running results in a reasonable time directly using Gurobi. Conse
quently, with the increasing of scenarios, decomposition of the main 
problem for scenario-based sub-problems through PH algorithm can 
effectively reduce the computational burden comparing with direct so
lution, and PH algorithm can also accommodate the feasibility of the 

Fig. 5. Typical extreme disaster scenarios (a) and normal operation scenarios (b) after reduction.  

Table 1 
The capital cost and budget of different measures.   

Cost Budget 

Hardening lines 6000 $/pole 3 lines 
Allocating ESS 364 $/kWh 

145 $/kW 
2 ESSs 

Initial insurance premium 700,000 $ / 
Load shedding penalty 30 $/kWh / 
Electricity purchase cost 0.2 $/kWh / 

The unit investment cost, unit load shedding penalty cost and unit electricity 
purchase from substation cost are shown in Table 1 according to [8,11], and 
[39]. The budget in Table 1 means that the number of lines allowed to be 
hardened is 3 (each line has 2 poles), and the number of ESS allowed to be 
installed is 2. The discount rate r in this paper is 10% and expected life time is 10 
years. The maximum capacity and power of ESSs for installation are 5 MWh and 
1 MW, respectively. We assume that annual frequency of extreme disasters ψave 
is 3. socmin and socmax are set as 0.1 and 0.9, respectively.  

Table 2 
Investment and planning results for two cases.  

Scheme Base case Insurance case 

Investment cost 63,088 $ 419,878 $ 
DSO loss 779,370 $ 380,000 $ 
Hardening lines (11,12), (30,31) (11,12), (30,31) 
Allocating ESS 18:637 kWh 85 kW 17:631 kWh 101 kW 
Insurance investment / 356,800  
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model proposed in this paper under more scenarios. 

5. Conclusion 

This paper proposes a resilience-oriented investment portfolio and 
planning framework to cope with extreme disasters under climate 
change, which is modeled as a two-stage scenario-based stochastic MILP 

model. To reduce computational burden, PH algorithm is applied to 
solve MILP model. The numerical experiments are performed on the 
modified IEEE33-bus system. The results verify the effectiveness of the 
proposed framework and algorithm: (1) For the risk of high economic 
losses under extreme disasters, incorporating insurance as a risk sharing 
strategy and resilience enhancement supplementary strategy in the 
planning stage can help DSOs significantly mitigate high economic 
losses; (2) The investment portfolio and collaborative planning consid
ering ESS allocation, line hardening and insurance can obtain an optimal 
resilience enhancement in both load shedding and economic losses. That 
is, investment portfolio and collaborative planning considering multiple 
resources including insurance can realize not only risk adaption but also 
risk mitigation to enhance resilience under extreme disasters; (3) The 
results also verify PH algorithm can improve computational efficiency 
under more scenarios. Moreover, our paper can also provide reference 
for governments and the insurers to better promote the development of 
catastrophe insurance by analyzing the optimal security investment and 
insurance investment from the perspective of DSOs. Further research is 
also needed in the future, e.g., (1) we need more historical data of di
sasters to support more rational investment decisions; (2) the progress of 
diversified energy storage (hydrogen storage, heat/cold storage) and 
long-term energy storage technology requires further analysis of their 
role in coping with climate change. 

Fig. 6. SOC curves of ESS under extreme disaster scenarios (a) and normal operation scenarios (b).  

Fig. 7. SOC curves and charging-discharging strategy of ESS under extreme disaster scenario 1 (a) and normal operation scenario 6 (b).  

Fig. 8. Investment and planning results under different cases.  
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