Reliability Engineering and System Safety 267 (2026) 111855

#% RELIABILITY
ENGINEERING

& SYSTEM
SAFETY

Contents lists available at ScienceDirect

Reliability Engineering and System Safety

journal homepage: www.elsevier.com/locate/ress o

FI. SEVIER

Check for

Resilience improvement framework based on strategy optimization of
power systems to typhoons

a,b,c

Xiao Liu™", John S. Owen ", Qiang Xie ™ ®, Tiantian Wang

2 College of Civil Engineering, Tongji University, Shanghai 200092, China
® Faculty of Engineering, University of Nottingham, Nottingham NG7 2RD, UK
¢ State Grid Electric Power Engineering Research Institute Co., Ltd., Beijing 102401, China

ARTICLE INFO ABSTRACT

Keywords:

Functional time-varying curve
Improvement strategies

Optimization algorithm

Power system

Resilience assessment under typhoons

Typhoons severely damage power systems and cause them to recover slowly. To improve the power systems
resilience to typhoons, this paper first evaluates the operational states of components within power systems
based on a typhoon wind-field model and infrastructure fragility curves. The network functional model was built
using undirected weighted graphs and adjacency matrices. A quantitative resilience assessment of power systems
was achieved through functional time-varying analysis. Subsequently, a resilience improvement framework
based on strategy optimization in power systems was proposed. The framework includes two optimization al-
gorithms and four strategies. A wind-resistant improvement strategy optimization algorithm was proposed based
on economic constraints. A functional recovery strategy optimization algorithm was proposed under resource
constraints. The recovery efficiency was increased by assessing the repair priority of infrastructure and resource
utilization. The effectiveness and interrelationships of these strategies are evaluated based on resilience metrics.
Taking a typical power-network reliability test system as a case study for resilience improvement strategies under
typhoon disasters. The optimal combination of multi-dimensional strategies was determined based on economic
budgets and resource constraints, thereby achieving maximum resilience improvement for power systems under

various engineering scenarios and typhoon events.

1. Introduction

Power systems are critical lifeline networks in urban areas. A
damaged power system can severely disrupt the normal operation of
other networks such as transportation, water supply, and communica-
tions. However, the operation of power systems has been severely
damaged during past typhoon disasters [1,2]. This highlights the
fragility of power systems under the influence of typhoons. Therefore,
assessing the power system’s resistance to typhoons and identifying
effective measures for recovery are key research issues to ensure the
safety of power systems.

Resilience refers to a system’s ability to withstand and recover from
external disturbances. Owing to its applicability to disaster resistance
assessments in engineering networks, the concept of resilience has been
widely used in urban systems such as water supply, transportation, and
healthcare [3-5]. Previous studies have summarized both qualitative
and quantitative assessment methods for resilience and have developed
resilience assessment frameworks suitable for urban engineering
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networks [6-9]. In power systems, many researchers have conducted
studies on the disaster resilience of power infrastructure, including the
fragility of transmission tower systems and the functional state assess-
ment of substations [10-13]. These studies have laid a foundation for
resilience assessment in regional power grids [14]. Based on the motion
characteristics of typhoon disasters, scholars have developed typhoon
path simulation models [15] and evaluated the impacts of typhoons on
power systems [16-18]. Additionally, implementing early warning
systems for power systems through meteorological monitoring is also a
crucial stage in resilience assessment [19]. To achieve the wind resil-
ience assessment for power systems, Ouyang et al [20] developed a
probabilistic method to assess the hurricane resilience of power systems.
However, their fragility analysis primarily relies on the HAZUS data-
base, and they have not yet established a method for determining the
operational states of multi-operational-state infrastructure. Espinoza et
al [21] conducted disaster simulations for power systems based on
disaster characteristics, but they overlooked the variability in the in-
tensity and direction of disasters at different infrastructure locations. Liu
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et al [22] proposed system and component resilience assessment indices
but neglected the possibility of multiple operational states for different
types of infrastructure. Therefore, a preliminary resilience assessment
framework for power systems has been established, but the issues of
infrastructure operational states and the varying impact of typhoons on
components remain unresolved. These challenges have also been pre-
sent in resilience assessments for natural disasters such as earthquakes
and ice storms [23]. Therefore, we focus on the operational states of
power system infrastructure, emphasizing the impact of typhoon
wind-field intensity and direction on infrastructure. The accuracy of the
results is improved by refining the power system resilience assessment
framework, thereby laying the foundation for the resilience enhance-
ment strategies.

Many measures are used to enhance the resilience of power systems.
Fang and Wu et al. took into account uncertainties during the design,
operation, and recovery phases of the engineering system. This con-
tributes to the research progress in improving the resilience of power
systems [24,25]. Mahzarnia [26] summarized the resilience improve-
ment techniques and measures for different stages of power systems,
classifying resilience measures into two general categories: “preserva-
tion measures” and “recovery measures.” Most resilience enhancement
strategies can be considered from these two aspects. In terms of pres-
ervation measures, Tari and Hou et al [27,28] have considered the
upgrading, retrofitting, and reinforcement of utility poles to improve the
disaster resistance of the system. However, they did not discuss the
identification of critical components and the effectiveness of reinforcing
multiple components together. Zhou et al [29] explored the optimal
distributed generator rescheduling strategy, and Yuan et al [30]
considered hardening and distributed generation resource placement.
But they overlooked the constraints of regional economic and resource
conditions. The existing conditions may not meet the needs of actual
engineering optimization. Although Yang et al [31] evaluated trans-
mission line reinforcement measures considering economic costs, they
adopted a method combining subjective scoring and objective optimi-
zation without conducting a comprehensive and detailed screening of
the optimal solutions. In terms of recovery measures, Shi et al [32]
summarized resilience-oriented post-disaster restoration scheduling and
resource allocation. However, they did not study the scheduling of
repair crews or methods for optimizing repair paths. Liang et al [33]
built a three-stage optimal resilience enhancement dispatch framework
to withstand extreme typhoon events, but they neglected the impact of
coordination between various strategies and the constraints of resource
conditions. In addition, some scholars have assessed the importance of
infrastructure repair based on factors such as the load capacity of power
infrastructure, the number of people served, or repair efficiency [28,
34-36]. But they overlooked the interconnection between infrastructure
and power systems. These factors result in the measures they have
adopted not necessarily being the optimal recovery strategies [37].
Therefore, many issues remain to be addressed regarding resilience
improvement measures in power systems under typhoons. Therefore, in
this research context, we aim to find optimization methods for resilience
improvement strategies that overcome the limitations posed by eco-
nomic and resource constraints [31,38]. Furthermore, the interrela-
tionship between various strategies is important. These issues are
addressed in this study.

Several research gaps can be identified in the aforementioned resil-
ience assessment for power systems:

1) Previous studies have considered the basic parts of resilience
assessment frameworks, including typhoon models, component fra-
gilities, and network models. However, the structural and opera-
tional characteristics of infrastructure are different [10,12], leading
to distinct methods for evaluating the operational states of different
types of infrastructure [20,22]. Additionally, both typhoon trajec-
tories and the power system recovery process are dynamically
changing; the method for quantifying the time-varying operational
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states of power systems remains unclear. This directly affects system
resilience assessment results and the determination of improvement
measures under disasters.
Resilience improvement measures for power systems focus on the
reinforcement of infrastructure and the prioritization of post-disaster
recovery paths. However, researchers overlook the interconnections
between different infrastructures [27,28,34]. Additionally, there are
mutual constraints between various resilience enhancement mea-
sures [31,33]. Therefore, it is crucial to identify the key infrastruc-
ture within power systems and clarify the coordination and synergy
between different strategies.

3) Many scholars have proposed methods for evaluating resilience
enhancement strategies; they focus on the impact of these strategies
on system functional states and resilience. However, they have not
yet considered the limitations imposed by resource conditions and
economic demands [30,32,35]. These directly affect the accuracy
and applicability of the strategies. Therefore, finding the optimal
resilience improvement strategies under varying economic and
resource constraints can be challenging.

2

—

Based on the identified knowledge gaps, the objectives of this study
are to:

(1) evaluate the power system’s operational states and resilience
under typhoon conditions;

(2) propose multidimensional resilience improvement strategies
based on engineering requirements;

(3) identify critical infrastructure for wind-resistant retrofitting and
post-disaster recovery using strategy optimization algorithms;

(4) determine the optimal combinations of resilience improvement
strategies under economic and resource constraints.

In this study, we propose a quantitative evaluation method for the
operation of electrical infrastructure and use an adjacency matrix to
construct a network functional model of power systems. The functional
time-varying process of power systems is simulated based on typhoon
trajectories. Subsequently, multidimensional resilience improvement
strategies are proposed. The effectiveness and interrelationships of these
strategies are evaluated based on resilience metrics. The operation of a
typical power-network test system is analyzed to clarify the resilience
improvement strategies under typhoon disasters. The applicability of the
proposed framework and the importance of the strategies are verified.
The main contributions are as follows:

1) We establish a quantitative resilience assessment method for power
systems under typhoon conditions. The time-varying states of system
functional loss and recovery are clarified.

2) We propose a resilience improvement assessment framework for
power systems. Four dimensions of resilience enhancement strate-
gies before and after typhoons are considered.

3) We develop resilience enhancement strategy optimization algo-
rithms to evaluate the effectiveness of resilience improvement of
power systems under specific typhoon scenarios.

4) We identify the inter-coordination relationships between resilience
improvement strategies. The optimal combinations of resilience
improvement strategies are determined.

2. Resilience assessment of power systems to typhoon winds

The resilience assessment method for power systems under typhoons
consists of four parts, as shown in Fig. 1. First, the characteristic pa-
rameters of the typhoon’s movement process are clarified, including the
typhoon’s moving track and speed, as well as the variations in the
central pressure and latitude. Next, a network functional model of power
systems is constructed. The operational states of various infrastructure
under typhoons are evaluated by building an undirected weighted graph
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Fig. 1. Resilience assessment framework for power systems under typhoons.

and storing infrastructure’s functionality and connectivity information
in an adjacency matrix. System functional metrics are set to quantita-
tively assess the operation of power systems. Subsequently, the func-
tional loss under typhoons and post-disaster functional recovery of
power systems are evaluated to establish the system’s functional time-
varying curve. Finally, the functional time-varying curve is combined
with resilience characteristics. Resilience metrics are proposed to
quantitatively assess the resilience of power systems.

2.1. Typhoon movement process

A typhoon wind-field model is constructed to assess the impact of
typhoons on power infrastructure. We need to calculate the wind speed
Vi, at a height h when the distance from the typhoon center is r. The
gradient wind speed is calculated based on the boundary layer model to
obtain Vj,r, as shown in Eq. (1) [39]. Here, Vinax represents the maximum
wind speed of the typhoon, ry,y is the distance from the typhoon center
to the region of strongest winds, hg is the gradient height, and « is the
roughness index, with a value of 0.09 for the sea and 0.18 for the land.

=)
Vmax X=X | = r S T'max
T, hy

Vi = @

T 0.7 h\*
Vinax X ("‘—“) X (—) T > Fmax
r hg

Referring to the Batts wind-field model for assessing wind speeds in
various regions of the wind field [40,41], rmax is calculated, as shown in
Eq. (2).

Fose = exp( ~ 01239 (VHur — Hor)  +5.1034) @

Here, Hy,; represents the atmospheric pressure in the typhoon’s outer
region, typically taken as 1013 hPa, and H_epr denotes the atmospheric
pressure at the typhoon center. The Vi« is obtained through Eq. (3). In
this equation, k is a constant coefficient, generally taken as 6.72, w is the
Earth’s rotational angular velocity, typically 7.292 x 10°rad/s, y rep-
resents the geographical latitude, and V,, is the typhoon’s movement
speed.

Vinax = 0.865 <k How — Hooner — rmastim//) 0.5V, 3
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2.2. Network functional model

2.2.1. Component functional states

Fragility curves were employed to measure the operational reli-
ability of the infrastructure’s operation at different intensity measures
(IM). Because wind speed and direction are primary factors affecting the
performance of infrastructure, they are used as the parameters for
measuring typhoon intensity. A limit state criterion (LSC) is established
to determine the operational state of the infrastructure. When the
functional state (FS) of the infrastructure exceeds the LSC, the infra-
structure can be considered to have failed; otherwise, it is working. Pyis
used to measure the probability that the FS exceeds the LSC when the IM
equals x, this indicates the failure probability of the infrastructure. The
previous literature indicates that the fragility curves of infrastructure
follow a log-normal distribution cumulative function, characterized by a
median y and a log standard deviation f, as shown in Eq. (4). Here, ® ()
represents the standard normal cumulative distribution function.

Py(FS>LSC|IM=x) = ® (%) )

In power systems, power plants and substations are complex elec-
trical transmission networks characterized by multiple operational
states. The operational states include the proportion of equipment
damage, the ratio of power load, or the number of output terminals
operating normally. Therefore, these types of infrastructure have
various limit state criteria for assessment. To assess the performance of
infrastructure with multiple-level operational states, it is assumed that
the infrastructure has S levels of working states (from F; to Fs) with S
corresponding criteria (from LSC; to LSCs), These criteria can be used to
determine whether the infrastructure is operational. The failure proba-
bility of the infrastructure can be derived using these criteria. The F;
inside the parentheses represents the operational state corresponding to
the criteria LSC;. Where F; represents complete failure with a value of 0,
F; denotes the operational state at level i, Fs denotes good operating
conditions with a value of 1, and LSC; represents the i-th criterion. If the
infrastructure’s performance FS > LSC;, the infrastructure can be
considered to be working; if FS < LSC;, the infrastructure can be
considered to have failed.

If we assume the IM to be equal to x, then Pg; represents the failure
probability when LSC; is the criterion, i.e., the probability of complete
failure; Py; denotes the failure probability when LSC; is the criterion, i.e.,
the probability that working state FS< LSCy Py represents the failure
probability when LSCs is the criterion, i.e., the probability that the
infrastructure is not fully operational. Consequently, (P, j+1 — P f, )
denotes the probability that the infrastructure is in an operational state
F;, and (1 - Py, 5) represents the probability that the system is fully
operational. The probability-weighted average of the working state can
be calculated based on the infrastructure performance and correspond-
ing probabilities. Finally, the operational state of the infrastructure
when IM = x is represented as k (IM = x) in Eq. (5).

5-1
k(IM=x) = " (Pris1 — Pyi)F; + (1 —Pys)Fs 5)

i=1
Furthermore, the structural state of transmission towers can be
established using criteria based on plastic behavior or buckling. How-
ever, the operational state of the transmission line can only be deter-
mined by its ability to transmit power. Therefore, when the functional
state (FS) of a transmission tower exceeds the LSC, it is considered that

the operation of the transmission tower is lost.

2.2.2. System functional metrics

The power system is a complex undirected power transmission
network, where “undirected” means that power can flow bidirectionally.
Specifically, the transmission direction of power in a transmission line
within the power system mainly depends on power flow and network
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connectivity status. It is also affected by the system’s power generation
and load distribution. Therefore, power transmission is characterized by
dynamics and reversibility. Therefore, an undirected weighted graph G
(V, E) is used to represent the power system’s operation. This can reflect
the properties of an “undirected graph” in graph theory. Here, V denotes
a finite set of vertices, it includes power plants, substations, and bus
nodes, and E represents the set of edges connecting the vertices, which
corresponds to all transmission lines. Subsequently, an adjacency matrix
A is employed to consolidate and collect the characteristic parameter
information from the undirected weighted graph, thereby facilitating
the simulation of power systems under typhoons. The elements a;; of the
adjacency matrix A indicate the adjacency relationship between vertices
Viand V;in G (V, E). If there is no connection between vertices V; and Vj,
then a;; = 0. If there is a connection between vertices V; and Vj, a weight
yij is assigned to the edge connecting these vertices, where y;; represents
the length of the edge between vertices V; and Vj, as shown in Eq. (6).

vj if(Vi,V;) €Eor < Vi, V; >€E
ij:{ (6)

0, if(Vi,V;) ¢Eor <V, V; >¢E

Based on the undirected weighted graph for power systems, three
functional parameters were proposed for quantitative evaluation of the
system’s operational state: power transmission efficiency, power trans-
mission reliability, and power load capacity. Power transmission effi-
ciency (Krtg) refers to the speed and amount of energy loss during power
transmission within power systems. Power transmission reliability (Ktr)
represents the reliability of power transmission from power plants to
load hubs. Power load capacity (Ki¢) refers to the maximum amount of
transmitted power load, as shown in Eq. (7).

1 1
Kp=—o N
ETNN-1) ;Dij
_15N @)
K N, ; N,

Kic = ZLiki + Zijj + ZL“

icV Jjev ueVv

Here, N represents the total number of nodes in the finite set G(V, E);
Dj denotes the shortest distance between nodes V; and V; in the network;
N}, denotes the number of load nodes in power systems, which include
substations and bus nodes. N, denotes the number of power plants in
power systems; Nli, represents the number of power stations connected to
the load node i; L;, Lj, and L, represent the active power outputs of the i-th
power plant, the j-th substation, and the s-th bus node, respectively. k;
and k; represent the functional state (FS) of the i-th power plant, and the
Jj-th substation, respectively.

To comprehensively consider the impact of the three-dimensional
parameters on the operational state of power systems, each set of
functional parameters is assigned a weight coefficient 1. By comparing
the changes in the functional parameters of power systems before and
after a typhoon, a quantitative assessment of the functionality after the
disaster is achieved, as shown in Eq. (8). Here, K; 3 and K; , represent the
functional parameters before and after a typhoon, respectively.

KTE,a KTR,a +/1 KLC,a

A
e *Kicp

K=21
'Krep Krrp

(8

2.3. System functional time-varying curve

Functional states of power systems exhibit two stages: functional loss
and functional recovery. To quantitatively assess the time-varying pro-
cess of power systems, two time-varying parameters from both function
and time are proposed. In the functional loss stage, the time-varying
analysis focuses on the impact of typhoon intensity and movement
path on the power infrastructure. Because the functionality of power
systems continuously declines under a typhoon, we assume a linear
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decrease in functionality between any two monitoring intervals. In the
functional recovery stage, the time-varying analysis emphasizes the
impact of repair resource conditions and strategies on power systems.
When the functionality of infrastructure is restored, the infrastructure
can immediately reconnect to the network, thereby partially restoring
the functionality of a power system. As a result, the functionality re-
covery of the power system exhibits a stepped-ascending process.

The functional time-varying analysis of power systems is divided into
four parts, as shown in Fig. 2. In the functional loss stage, real-time
monitoring of the typhoon provides the movement characteristic pa-
rameters of the typhoon. Based on the fragility parameters of the
infrastructure, iterative simulations are conducted under the typhoon to
output the system residual function and the monitoring time parame-
ters. Subsequently, the network functional model is updated based on
the performance of the infrastructure, and further typhoon simulations
are carried out. Finally, the time-varying curve of the functional loss
process of the power system, Kp(t), is determined based on the time-
varying parameters.

In the functional recovery stage, a functional recovery path is
established based on the damaged infrastructure. Repairs are conducted
according to the repair steps. Then, the functional recovery simulations
are conducted to output the system recovery function and the repair
time parameters. The functional model of the repaired power system is
updated, and further functional recovery simulations are performed.
Finally, the time-varying curve of the functional recovery process of the
power system, Kp.(t), is determined.

2.4. Resilience assessment

The functional time-varying curve of power systems aligns with the
concepts and characteristics of resilience. The functional loss stage of
power systems reflects its ability to resist typhoons, this process is rep-
resented as wind robustness in resilience assessment. The functional
recovery stage reflects its post-disaster recovery capability; this process
is represented as recovery rapidity in resilience assessment. Currently,
resilience assessment approaches for engineering networks are diverse
and multifaceted, such as the center of resilience, the resilience band-
width, and the standardized shadow area [42,43]. In this study, we
mainly refer to Bruneau’s concept of resilience, focusing on evaluating
the resistance and functional integrity of engineering networks under
disaster conditions. Therefore, based on the functional time-varying
curve of power systems, resilience metrics are proposed, as shown in
Eq. (9). Although this method has certain limitations, it still facilitates
comparative analysis of multi-dimensional strategy optimization out-
comes, and helps identify optimal strategies and measures under eco-
nomic budget scenarios.

T,

R:/TT' (1007K,55(t))dt+/

Tt

Te
(1007K,5(T[))dt+/ (100 — Kree (1)) dt
T,
(C)]

Where T, represents the time when the typhoon begins to affect
power systems; T; represents the time when the typhoon stops impacting
power systems; T, represents the time to start repair; and T, represents
the time to end repair. The duration of the typhoon’s impact on power
systems is given by T; -To; the time for decision-making and deployment
is given by T, -T;; and the recovery time of power systems is given by T,
-T,. A larger resilience metric indicates weaker wind resistance and re-
covery of the power system, and a smaller resilience metric indicates
stronger wind resistance capabilities of the power system.

3. Resilience improvement framework based on strategies
optimization

Resilience improvement of power systems is primarily studied from
two aspects: functionality loss and recovery time. Based on the stages
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Fig. 2. Functional time-varying analysis diagram of power systems.

before and after the typhoon, four-dimensional strategies are proposed,

phase, the network’s functional states and connectivity can be clarified.
as shown in Fig. 3.

Spare lines are proposed to improve redundancy in the power trans-
mission network. Additionally, identifying infrastructure fragilities and
conducting wind-resistant reinforcement measures are crucial for

The research focuses on optimizing resilience improvement based on
the resilience characteristics of the four dimensions. In the pre-typhoon

Key characteristics of resilience

‘ Power system resilience improvement under typhoons l
I
v v
‘ System functionality loss ‘ System recovery time ‘

ionali |
|

v

‘ Redundancy |

!

v

| Robustness ‘

|

¥
‘ Rapidity ‘

!

¥

‘ Resource I

!

Network functional states
and connectivity

Infrastructure fragility and
retrofitting parameters

Post-typhoon infrastructure
functional states

Engineering resource
allocation and constraints

]

Wind-resistant improvement strategies optimization
algorithm based on economic constraints

l m Influence i

v

Functional recovery strategies optimization algorithm
based on resource constraints

|

{

!

Spare-line configuration
strategy

Wind-resistant retrofitting
strategy

Post-typhoon recovery path
strategy

Restoration-resource
allocation strategy

U Influence

Pre-typhoon resilience improvement

Ulnﬂucncc

U Influence

Post-typhoon resilience improvement

Fig. 3. Resilience improvement framework based on strategies optimization of power systems.
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improving the system’s robustness. An optimization algorithm for wind-
resistant improvement strategies based on economic constraints is pro-
posed. We aim at developing spare-line configuration strategies and
wind-resistant retrofitting strategies. In the post-typhoon recovery
phase, the damaged infrastructure and the constraints of engineering
resources can be assessed. An optimization algorithm for functional re-
covery strategies based on resource constraints is introduced. The
optimal post-typhoon recovery path and restoration-resource allocation
strategies are determined, thereby enhancing the recovery efficiency of
power systems.

In addition, various strategies have interrelation. The spare-line
configuration strategies and wind-resistant reinforcement for infra-
structure mutually influence each other, and the wind-resistant
improvement strategies impact the post-typhoon operational states of
the infrastructure. This will also influence the development of recovery
paths and the allocation of restoration resources. Therefore, the coor-
dination of these strategies is essential to achieving the maximum
improvement of the power system’s resilience.

3.1. Pre-typhoon resilience improvement

Spare-line configurations can increase redundancy in power trans-
mission for certain areas. When power transmission is interrupted in
specific regions, spare lines can take over part of the power transmission.
However, the addition of spare lines requires economic and resource
support, and excessive spare lines would significantly increase the
budget and may not have a guaranteed impact on the system’s perfor-
mance. Therefore, it is crucial to identify weak points in the power
transmission network and strategically place spare lines to maximize the
system’s wind resistance capacity.

Adding spare power transmission lines cannot improve the wind
resistance of the infrastructure. Therefore, wind-resistant reinforcement
should be applied to various types of infrastructure to reduce the risk of
operational failure during typhoons. However, wind-resistant rein-
forcement consumes significant manpower, materials, and economic
resources, it is impractical to reinforce all transmission lines and other
infrastructure. Therefore, it is important to identify the most fragile
infrastructure within the power system and carry out targeted re-
inforcements, thereby improving the operational reliability of the
infrastructure.

Wind-resistance enhancement strategies can improve the power
system’s resilience; however, these strategies need to be optimized to
enhance their effectiveness owing to economic constraints. Therefore,
the resistance-based resilience metrics Rs are proposed to measure the
wind resistance capacity of the power system under different strategies,
expressed as follows:

Te
Rm:/(mm«Mmm 10)
To
To optimize the wind-resistance enhancement strategies, we pro-
posed a strategy optimization algorithm based on the particle swarm. In
this algorithm, the improvement strategies are defined as particles. The
specific implementation plans are represented by the particles’ posi-
tions. The number of infrastructure components determines the
dimensionality of the space in which the particles reside. By updating
and iterating the positions and velocities of the optimal particles within
the swarm, the optimization process is conducted to find the global
optimum, resulting in optimized wind-resistance enhancement strate-
gies. The iterations for particle positions and velocities are as follows.

X; = (i, Xi2, =+, Xid, =+, Xip), 1 = 1,2, )N

Vi = (va, iz, -, Via, - Vip), i = 1,2, )N an
b = ity + car [pbests —x] + cark [gbest — ] a2
=X VT (13)
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Where D represents the dimensionality of the particle; N denotes the
number of particles in the swarm; X; and V; represent the position and
velocity of the i-th particle, respectively; w is the inertia factor; c; and ¢
are the learning factors; r; and ry are random numbers distributed be-
tween 0 and 1; k is the iteration count; pbest is the individual optimal
solution for the i-th particle at the k-th iteration; and gbestk is the global
optimal solution at the k-th iteration.

Compared to other optimization algorithms, this algorithm is suit-
able for high-dimensional optimization problems and demonstrates
good convergence for seeking resilience enhancement strategies in
complex networks. In addition, the algorithm has strong global search
capabilities, it prevents the results from being trapped in local optima.
Moreover, the approach can be adjusted based on variations in engi-
neering requirements and resource conditions. It can be combined with
other techniques, making it applicable to optimization problems in en-
gineering systems.

To ensure that the results obtained after multiple iterations are the
global optimal solution, we establish a global optimum criterion. We
consider the optimization process complete if the global optimal solu-
tion remains unchanged after 100 consecutive iterations, and the final
results are the global optimal solutions.

A pre-typhoon resilience improvement framework based on eco-
nomic constraints is presented, as shown in Fig. 4. First, wind-resistant
enhancement plans and initial parameters of the algorithm are set.
Initial strategies are randomly selected based on the economic budget.
Subsequently, each strategy is simulated to obtain the resistance-based
resilience metrics. In this method, the failure probability of infrastruc-
ture under the implementation of strategy can be clarified. The Monte
Carlo method is employed to simulate the network function model and
assess the system’s functional metrics. After reaching the required
number of random samples, the expected values of the system’s func-
tional metrics are output. The typhoon’s duration and monitoring time
intervals to obtain the functional time-varying curve Kp(t), thus
enabling the evaluation of the resistance-based resilience metrics. Then,
the optimal strategy is selected and updated to generate new strategies
that meet economic constraints. Multiple iterations of simulation are
performed until the global optimum criterion is met. The globally
optimal parameters are output, representing the wind-resistant
enhancement strategies.

3.2. Post-typhoon resilience improvement

Numerous infrastructures and complex power transmission paths
make the system recovery process highly intricate. Therefore, it is
crucial to identify the key components of power systems under typhoons
and prioritize the repair of infrastructure. The recovery path strategy
helps maximize the recovery of power systems within the constraints of
limited resources and time.

The emergency repair resources for power systems include repair
teams, machinery, and transport vehicles. These resource conditions
directly affect the recovery efficiency. However, in practical engineer-
ing, there is uncertainty regarding whether repair resources can meet
the demands of post-disaster restoration. Therefore, it is important to
rationally allocate restoration resources to maximize economic benefits
in the absence of sufficient repair teams and machinery.

The recovery strategy determines the functional time-varying curve
of power systems after a typhoon. Owing to the limitations of repair
resources, it is necessary to optimize the recovery strategy to improve
repair efficiency. Therefore, we propose the recovery-based resilience
metrics Ry to measure the system’s recovery capability under different
post-typhoon recovery path strategies, as shown in Eq. (14). Moreover,
given the constraints on repair resources, we need to optimize the
allocation of these resources to improve the system recovery efficiency.
We introduced the resource investment efficiency S,, as shown in Eq.
(15). Where Ky, o(t) and K, p(t) represent the functional time-varying
curves after and before applying the resource allocation strategy; S, and
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Fig. 4. Pre-typhoon resilience improvement framework based on economic constraints.
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Sp represent the resource inputs after and before the allocation strategy,
respectively.

Te
Ry = / (100 — K (£))dt (14)
1,

fT]} (Krecu(t) - Krec,b(t))dt
Sa—Sp

Se = 15)

The recovery path after a typhoon is continuous and cannot be
simplified into particles for position and velocity updates. Therefore, the
previously mentioned optimization algorithm is unsuitable. To optimize
the post-typhoon recovery path strategy, a genotype-based strategy
optimization algorithm is proposed. In this approach, the recovery path
is represented as a genotype, each repair sequence corresponds to a
genetic sequence. The recovery-based resilience metrics are defined as
the fitness value to evaluate the quality of the genetic sequence. The
algorithm gradually optimizes the solution over generations through
selection, crossover, and mutation of genetic sequences, ultimately
identifying the optimal post-typhoon recovery path strategy. This al-
gorithm improves the global search range through crossover and mu-
tation, it also has good applicability for parameter optimization
problems with multiple constraints. Additionally, the optimization re-
sults of this approach are independent of the initial parameters. This
algorithm can achieve improved convergence efficiency by increasing
the size of the initial population.

A post-typhoon resilience improvement framework based on
resource constraints is proposed, as shown in Fig. 5. First, the opera-
tional states of the power infrastructure are clarified after the typhoon,
and the initial parameters of the optimization algorithm are set.
Restoration-resource allocation constraints are established, followed by
the random selection of recovery paths to evaluate the recovery-based
resilience metrics. Specifically, each recovery step within the recovery
path is identified for the power infrastructure. Monte Carlo simulations
are used to assess the functional metrics of the repaired power system, as
well as the repair time for the recovery step. Then, the network func-
tional model is updated. The next repair step is simulated until all re-
pairs are completed. This results in the functional time-varying curve
Krec(t), allowing for the evaluation of the recovery-based resilience
metric. Simulations are conducted for all recovery strategies using this
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method. Employing selection, crossover, and mutation to identify two
sets of optimal solutions. Iterative propagation continues until the global
optimum criterion is satisfied. The recovery path and resource invest-
ment efficiency under the given repair resource constraints are deter-
mined. Finally, altering the resource-allocation constraints and re-
simulating to obtain the optimal recovery strategy.

4. Case study
4.1. IEEE RTS-79 test system

The Institute of Electrical and Electronics Engineers introduced the
Reliability Test System in 1979 (IEEE RTS-79). To evaluate the appli-
cability of the framework proposed in this study, we selected this IEEE
RTS-79 for assessing the resilience improvement. Although this model is
not an actual engineering network, it can be used to test or compare
methods for resilience analysis and simulation of power systems [44].
The network diagram of the IEEE RTS-79 is shown in Fig. 6. It contains
24 units connected by 38 lines at two voltages (230 kV and 138 kV). The
units in the power system include ten groups of power plant units, six
groups of substation units, and eight groups of bus units. Most units are
load units. The total transmission load level is 2850 MW. The lines in the
IEEE RTS-79 are composed of transmission tower-line systems, with a
tower height of 44 meters and a distance of 400 meters between adjacent
towers. The length (km) of the lines between each group of units is
marked in red.

To evaluate the operational states of infrastructures in the IEEE RTS-
79, we reference literature [45] to obtain the fragility curves for various
types of infrastructure. The reports regarding power plants are limited.
Because both power plants and substations are classified as engineering
network systems with strong wind resistance capabilities, we assume

Table 1

Fragility curve parameters for power plants and substations (IM: Wind speed).
Functional state k H B
Moderate(40 %) 5.068 0.136
Severe(70 %) 5.204 0.147
Complete(100 %) 5.523 0.132

O Power plant units

BUS 17

230 kV

BUS 24
y

iBUS 3

138 kV

O Substation un
O Bus units

— Load units

Fig. 6. Network diagram of the IEEE RTS-79.
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that both share the same fragility curve parameters. The infrastructure’s
functionality is classified according to the damage states and quantities
of equipment, with specific parameters listed in Table 1. The numbers in
parentheses represent the functional states of the infrastructure. The
transmission tower-line system is significantly affected by wind direc-
tion and wind speed. The member of diagonal or secondary braces
reaching the plastic state is considered as the criterion for structural
damage [46], the fragility curve parameters of the transmission towers
are obtained, as shown in Table 2. In addition, the recovery processes of
various infrastructures are uncertain. The experience of repair personnel
and relevant literature shows that the repair time of equipment gener-
ally follows a normal distribution [47,48]. Therefore, the repair time
parameters for different types of infrastructure are obtained [20,49], as
shown in Table 3, where 0 represents the median and ¢ represents the
standard deviation.

4.2. A typical typhoon case

This study uses the power system and typhoon conditions around
Quanzhou, China, as a case study. Based on data provided by the
Typhoon Center of the China Central Meteorological Observatory, we
extracted the movement trajectory and parameters of Typhoon “DOK-
SURI” when it made landfall in Quanzhou in 2023, as shown in Fig. 7
and Table 4. The meteorological monitoring interval for Typhoon
“DOKSURI” was set at 3 hours.

4.3. System functional state during the typhoon

In the latest research techniques for disaster simulations of power
systems, the simulation results vary depending on the adopted meth-
odology. Yang et al. adopted a data-driven approach to build a trans-
mission corridor model and evaluated the fault correction rate of the
transmission corridor. However, the data-driven approach requires the
collection of a large amount of regional disaster sample data [31]. Wang
et al. established a probability model for the outage of transmission
branches under typhoons. They proposed a preventive islanding scheme
using genetic algorithms. This research focused on the preventive
islanding effect of power systems during typhoons, particularly on the
feasibility of evaluating the operation of the post-disaster power sys-
tems. However, this technology did not pay attention to the dynamic
recovery process of the functional state of power systems after typhoons
[40]. Moreover, some research techniques require extensive runtime
and data processing [50]. Therefore, this study employs undirected
weighted graphs and adjacency matrices to quickly assess the working
states of the power system. To reduce the disaster simulation time, the
operational state of the IEEE RTS-79 was simulated using the Monte
Carlo method. We took the average value of 20,000 Monte Carlo sam-
pling results as the reference value. Because the computational work-
load for 20,000 samples is substantial, we reduce the number of samples.
If the deviation between the average value of the samples and the
reference value is less than 2 %, the results were considered to converge
well. We found that 1,000 Monte Carlo samples meet this convergence
criterion, so the number of samples for subsequent simulations is set to
1,000.

The time-varying curve of functional loss for the IEEE RTS-79, Ks(t),

Table 2
Fragility curve parameters for transmission tower-line systems (IM: Wind
speed).

Direction(®) " p

0 3.153 0.053
22,5 3.261 0.051
45 3.612 0.052
67.5 3.665 0.053
90 3.730 0.062
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Table 3
Repair time parameters for different types of infrastructure (unit: day).

Parameter Power plant units Substation units Tower-line system
[ 65 30 3
c 30 15 1

Fig. 7. Movement trajectory of typhoon “DOKSURI".

Table 4

Movement parameters of typhoon “DOKSURI”.
Location 1 2 3 4 5 6 7 8
AH(hPa) 78 73 63 53 43 33 28 25
v (°) 24.3 24.7 24.9 25 25.4 25.5 25.8 26
Vm (km/h) 24 25 30 30 30 33 30 30

100

90

80

70

60

System functional metric K /%

50 1 1 1 1 I 1 1 1 1
0 3 6 9 12 15 18 21 24 27
Typhoon duration process / hour

Fig. 8. Time-varying curve of functional loss for the IEEE RTS-79.
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is shown in Fig. 8. It shows that the power system experiences significant
functional loss within the first 15 hours of the typhoon’s impact. This
indicates the destructive effect of typhoons on the power system. As the
typhoon’s intensity decreases, the functional loss of IEEE RTS-79 sta-
bilizes, and the system’s functionality eventually settles at 56.75 %. The
simulation provides a quantitative assessment of the system’s time-
varying functional loss.

The operational states of infrastructure within the IEEE RTS-79
under the typhoon are shown in Fig. 9. The red markings indicate the
transmission line numbers. Because power plants and substations have
stronger wind resistance compared to transmission towers, they did not
experience obvious damage during Typhoon “DOKSURI.” Additionally,
the damage degree to transmission lines varies. We assume that if fewer
than three sets of transmission towers are damaged along a transmission
line, it is considered a slightly damaged line, and other cases are clas-
sified as severely damaged lines. Fig. 9 shows that transmission lines
located along the typhoon’s movement trajectory are severely damaged.
In particular, the operational states of long-distance power transmission
lines are more vulnerable to the impact of the typhoon.

5. Optimization and discussions

The resilience improvement was optimized from four dimensions:
spare-line configuration, wind-resistant reinforcement for transmission
lines, post-typhoon recovery path, and restoration-resource allocation
strategies. The optimal strategies under specific economic and resource
constraints were identified. Although the pre-typhoon strategies pro-
posed in this study are optimized measures derived from simulation
analyses based on past disasters, these solutions and strategies still play
a significant role in addressing future uncertain events. Current tech-
nologies are unable to accurately predict the intensity and movement
trajectory of typhoons several weeks or even months in advance, making
it impossible to implement pre-typhoon strategies for future typhoon
occurrences. At present, most pre-typhoon response measures for power
grid systems take into account factors such as the cost of infrastructure
and equipment, engineering experience, and historical disaster data.
Therefore, this study aims to summarize the optimal combinations of

18 37133

— Severe damaged lines

Slight damaged lines

Fig. 9. Operational states of infrastructure in the IEEE RTS-79.
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pre-disaster measures under previous typhoon disasters and identify the
general measures of such strategies, thereby providing references for
disaster prevention and mitigation under future uncertain events.

5.1. Spare-line configuration optimization

A total of 14 transmission lines are damaged in the IEEE RTS-79, of
which 5 lines (Lines 22, 23, 34, 35, 38) suffer slight damage. Given
sufficient repair personnel, the recovery time for these slightly damaged
lines is relatively short, and their impact on the power system is mini-
mal. Therefore, we focus on the spare-line configuration plans for the
nine severely damaged transmission lines. Because the terrain and ge-
ology between various types of infrastructure may not guarantee suc-
cessful power transmission, we do not alter the network connectivity
structure of the IEEE RTS-79. Instead, we focus on adding and config-
uring spare lines to the existing transmission lines.

A strategy optimization algorithm based on the particle swarm was
used to find the spare-line configuration plan for the IEEE RTS-79. The
initial parameters of the optimization algorithm are set as shown in
Table 5. The particle dimension is determined by these 9 severely
damaged transmission lines (Lines 2, 5, 9, 18, 19, 20, 21, 24, 27). The
search range for each iteration is expanded by increasing the swarm size.
The other initial parameters are set values and do not affect the global
optimal solution.

The spare transmission lines are only used in emergencies, so we
assume that the spare lines will not be damaged simultaneously with the
regular lines. Referring to the cost information from the China National
Energy Administration’s Power Engineering Cost Information website,
the cost of transmission lines in 2022 is estimated to be approximately
$190,000 per kilometer. To ensure the wind resistance of the spare lines,
we assume that the cost of the spare lines is the same as that of the
regular lines. Given the high economic cost of adding spare lines, we
assume five economic budget scenarios (Ep.g): $5 million (M), $10 M,
$15 M, $20 M, and $25 M. Through optimization simulation of the IEEE
RTS-79, the spare-line configuration strategies are shown in Table 6, and
the time-varying functional state is shown in Fig. 10.

Table 6 shows that as the economic budget increases, the spare-line
configuration strategy is not completely redesigned but rather builds
upon the existing strategy by adding new spare lines. This indicates that
the variation in economic budget does not change the importance of the
spare lines. Fig. 10 shows that increasing the economic budget for spare
lines enhances the power system’s wind resistance during typhoons.
When $25 M is invested in adding spare lines, the resilience metric (Ryes)
of the IEEE RTS-79 decreases by approximately 41 %, significantly
improving the system’s functional resilience.

5.2. Wind-resistant retrofitting optimization

Fragility curves were used to represent the wind-resistant reliability
of electrical infrastructure. Therefore, we use the increase in the median
value of the infrastructure’s fragility curve to reflect the degree of wind-
resistant reinforcement. This method can be adjusted based on the dif-
ferences in reinforcement methods and degrees, making it highly
adaptable. Because the damaged infrastructure in the IEEE RTS-79 pri-
marily consists of transmission towers, references [51,52] show that
reinforcement methods for transmission towers mainly involve adding
stiffening ribs and diagonal braces to the main legs and diagonal
members. Based on the repair costs for transmission towers, three
wind-resistant reinforcement plans and their costs are proposed in
Table 7. Although the plans in Table 7 differ from actual engineering

Table 5

Initial parameters of the optimization algorithm based on the particle swarm.
Parameter Particle dimension Swarm size c1 c2 w
Value 9 10 1.5 1.5 0.6
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Table 6
Spare-line configuration strategies for the IEEE RTS-79.

Ep s (million) Specific measures

5 L9

10 L9/L19

15 L9/L19/1.24

20 L9/119/1.20/1.24

25 L9/L18/L19/120/1.24

* L represents transmission lines.

——Ep 0 —— Ep &5 Ep 10
—— Ep 15— Ep 720 —— Ej 725
100 R, 02621 R, =0.1961

R,.s=0.2329 R, ,=0.1727
R0 15=0.2068 R, ,s=0.1543

System functional metric K /%

50

0 3 6 9 12 15 18 21 24 27
Typhoon duration process / hour

Fig. 10. Functional
tion strategies.

time-varying curves under spare-line configura-

Table 7
Wind-resistant reinforcement plans and costs for transmission towers.

Serial number Cost (thousand) Median increase

1 25 20 %
2 50 30 %
3 75 35 %

practices, they are essential for conducting wind-resistant reinforcement
optimization in this research. Once specific wind-resistant reinforce-
ment methods and parameters in practical engineering are clarified,
they can be easily integrated into the optimization framework proposed
in this study for case analysis, leading to more accurate wind-resistant
reinforcement optimization solutions.

The economic costs of reinforcing transmission lines are significantly
lower than the costs of adding spare transmission lines. Therefore, we
assume five economic budget scenarios for reinforcement (Egg): $3 M,
$6 M, $9 M, $12 M, and $15 M. Through optimization simulations of the
IEEE RTS-79, the wind-resistant retrofitting strategies for the trans-
mission lines are presented in Table 8, where the serial number of
reinforcement plans used for each transmission line is indicated in pa-
rentheses. The functional time-varying state of the IEEE RTS-79 is
illustrated in Fig. 11.

Table 8 shows that the number of reinforced transmission lines in-
creases as the economic budget grows. This indicates that reinforcing
more transmission lines is more effective than continuously reinforcing
a single transmission line. Fig. 11 illustrates that the retrofitting

Table 8
Wind-resistant retrofitting strategies for the IEEE RTS-79.

Ep.g (million) Specific measures

Reliability Engineering and System Safety 267 (2026) 111855

——E, =0
Ep ;=9

——Ey =3
Ey =12

Ey =6
Eg =15

—
(=)
S

O
(«)

Ry 02621
80 | res-0
Ryy.5=0.1672
70 |Rs=0.1101
Ryys.5=0.0760
60 R, ,,=0.0757
Ryys15=0.0756
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Fig. 11. Functional time-varying curves under wind-resistant retrofit-
ting strategies.

efficiency decreases as the economic investment increases. When the
economic investment for wind-resistant reinforcement is $9 M, the
resilience metric (Rys) decreases by approximately 71 %, this is signif-
icantly better than the effect of adding spare lines. Furthermore, when
the economic investment for wind-resistant reinforcement exceeds $9
M, the retrofitting effectiveness of these nine transmission lines becomes
less pronounced. This shows that random damage to other infrastructure
also impacts the operational state of the IEEE RTS-79.

To compare our research results with the latest techniques, Tari et al.
used the amount of energy not supplied and the value of lost load as key
metrics to evaluate the effectiveness of hardening strategies. They also
assessed the associated costs [27]. Although their proposed hardening
algorithm is effective, the measures are standardized and uniform,
resulting in slower convergence when applied to complex scenarios and
diverse reinforcement forms. Hou et al. employed the resilience
achievement worth to assess the importance of infrastructure [28].
However, the reinforcement measures for infrastructure were manually
predetermined. The optimal hardening strategies were identified, but
the differences among various types of infrastructure reinforcement
were not fully captured. To clarify the effectiveness of the wind-resistant
retrofitting strategy proposed in this study, we randomly generated 100
sets of reinforcement measures under different economic budgets (Ep.g).
The average resilience metrics Rys(q) and the optimal resilience metrics
Rres(p) resulting from the 100 sets of random reinforcement measures are
shown in Table 9.

Table 9 shows that the resilience metrics of the optimal wind-
resistant retrofitting strategies are significantly lower than that of the
random retrofitting strategies, thereby demonstrating both the effec-
tiveness of the optimization algorithm and the importance of the pro-
posed optimization strategies. Here, the optimization simulation was
conducted using a 13th Generation Intel Core i19-13900HX processor and
an RTX 4060 graphics card. Each set of strategy optimization simula-
tions took less than 15 seconds, highlighting the high efficiency of the
data optimization in this study.

5.3. Post-typhoon recovery path optimization

To quantitatively assess the recovery process of the IEEE RTS-79, we
assume that a repair team consists of 20 repair personnel and lifting
equipment. A single repair team cannot simultaneously restore multiple
groups of infrastructure, and the repair of the next infrastructure can

Table 9
3 L9(1)/ L18(1)/L19(1)/L20(1) Resilience metrics after 100 sets of random reinforcement measures.
6 L5(1)/L9(2)/ L18(1)/L19(1)/L20(1)/ L24(1)/ L27(1)
9 L2(1)/L5(1)/19(1)/118(1)/L19(1)/L20(1)/ L21(1)/L24(2)/L27(1) Epr 300 600 900 1200 1500
12 L2(1)/L5(1)/1L9(2)/L18(2)/L19(2)/1L20(2)/ L21(1)/L24(3)/L27(1) Rresta) 0.2236 0.1710 0.1590 0.1311 0.1089
15 L2(2)/L5(1)/1L9(3)/L18(2)/L19(2)/1L20(2)/ L21(1)/L24(3)/L27(2) Rresv) 0.1672 0.1101 0.0760 0.0757 0.0756
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only begin after the complete restoration of the previous infrastructure.
Because we focus primarily on recovery path optimization rather than
resource allocation in this section, we assume that only one repair team
is engaged in the restoration work, working 12 hours a day, with the
remaining time allocated for equipment transportation and personnel
rest.

The repair time for slightly damaged transmission lines is relatively
short. Therefore, we should prioritize the repair of slightly damaged
transmission lines to quickly restore partial connectivity of the power
system. For the severely damaged transmission lines, it is necessary to
determine the post-typhoon recovery path to improve repair efficiency.
The genotype-based strategy optimization algorithm was used to find
the recovery path strategy for the IEEE RTS-79. The initial parameters of
the optimization algorithm are shown in Table 10. The recovery path
strategies and the functional time-varying state of the IEEE RTS-79 were
obtained through optimization simulations, as shown in Fig. 12(a). The
labels indicate the repair sequence of transmission lines in the functional
time-varying curve; SDL represents the slightly damaged lines. Although
the research techniques of Ouyang et al. involved post-disaster resto-
ration models [20], they did not clearly specify the priority of restora-
tion for specific substations and transmission lines. This is a common
issue in previous studies [53]. To further refine the latest research
techniques and results, we assumed random restoration of damaged
transmission lines and obtained the resilience metrics Ry as shown in
Fig. 12(b).

Fig. 12(a) shows that the initial repair efficiency of the power system
is high. Additionally, prioritizing the repair of short-distance trans-
mission lines connected to substations is more effective. Because the
resistance-based resilience metrics are much lower than the recovery-
based resilience metrics, the power system’s post-typhoon recovery
capability plays a crucial role in influencing the resilience metrics.
Moreover, Fig. 12(b) shows that the resilience metrics for random re-
covery paths are much higher than that for the optimal recovery path.
The median resilience metric R, and the average resilience metric R, are
15.14 and 15.54, respectively. The lowest resilience metric (R;) and
highest resilience metric (Rp) obtained from random sampling show
significant differences. This indicates that explicitly specifying the repair
priorities for individual substations and transmission lines is necessary,
demonstrating the effectiveness of our proposed methodology.

5.4. Restoration-resource allocation optimization

The number of repair personnel and lifting equipment directly im-
pacts the recovery time of the power system. However, recent studies
mainly focused on model construction and strategy optimization algo-
rithms. Research on resource allocation has mostly adopted simplified
quantification. Some scholars have even assumed that resource alloca-
tion fully meets engineering demands. To conduct an optimization
analysis of resource allocation, we assume five restoration resource
scenarios: 2, 3, 4, 5, and 6 repair teams (Ngy), with no collaboration
between the teams. We simulated the allocation of repair resources
based on this recovery path. The functional time-varying state and the
resource investment efficiency (S,) are shown in Fig. 13.

Fig. 13 shows that multiple repair teams can significantly shorten the
post-typhoon recovery time, thereby reducing the resilience metrics.
However, the increase in repair teams leads to a gradual decline in
resource investment efficiency. Therefore, in practical engineering, the
optimal configuration of repair teams should be determined based on
the extent of damage to the power system and the specific recovery
goals.

Table 10
Initial parameters of the genotype-based strategy optimization algorithm.

Parameter Population size Crossover probability Mutation probability

Value 10 0.8 0.05
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5.5. Multi-strategy correlation and optimization

To maximize the wind resistance and post-typhoon recovery capa-
bilities of the IEEE RTS-79, we combine the four dimensions of resilience
improvement strategies. Because the pre-typhoon preventive strategies
and the post-typhoon recovery strategies are continuous. The purpose of
the multi-strategy research is to explore the promoting or restrictive
relationships among different pre-typhoon preventive strategies and
follow up on their impacts on post-typhoon recovery strategies. There-
fore, multi-dimensional strategies cannot be treated as an all-in-one
problem. In this case, we assume that four repair teams are available
for post-typhoon recovery, with an economic budget of $10 M. The
optimal combination of multi-dimensional strategies was obtained
through resilience assessment, as shown in Table 11.

Table 11 shows that the entire economic budget is allocated to wind-
resistant reinforcement of transmission lines rather than adding spare
lines. Because the cost of wind-resistance reinforcement is significantly
lower than that of adding spare lines, and the reinforced transmission
lines will not be damaged under this typhoon. Therefore, reinforcing
multiple transmission lines offers the highest economic benefit. The
recovery path strategy and the reinforced transmission lines are
completely different, further proving that the reinforced lines will not be
damaged. However, this does not imply that adding spare lines is un-
necessary. In other typhoon scenarios, reinforced transmission lines may
suffer damage. In addition, for transmission lines serving critical power
users, adding spare transmission lines is essential. Therefore, the specific
settings of this strategy need to be determined based on the typhoon
scenario and practical engineering.

To quantitatively assess the resilience improvement effects of the
optimal combination of multi-dimensional strategies for the IEEE RTS-
79, we compared the system functional time-varying curves before
and after implementing the strategies, as shown in Fig. 14. We assumed
that the decision-making and deployment time after the typhoon is 3
hours. Because the duration of the typhoon is much shorter than the
recovery time of the power system, a logarithmic function is used to
represent the X-axis coordinates, thereby reflecting the function loss and
the recovery process.

Fig. 14 shows that the optimal combination of multi-dimensional
strategies significantly improves the post-typhoon residual function-
ality (Kgr) of IEEE RTS-79. The strategies reduce the recovery time (T,) to
less than three days. As a result, the resilience metric decreases by 95.6
%. In addition, we assume that the economic loss from a power outage
for power users is $4.76 per kWh [12,20,54]. The economic loss from a
one-day power outage in the power system is approximately $325
million after calculations. By adopting the optimal combination of
multi-dimensional strategies, the economic loss can be reduced by $1.59
billion, which is far less than the $10 M budget for economic investment.
This demonstrates the optimization efficiency and effectiveness of the
proposed strategies. In practical engineering networks, the optimal
combination of strategies should be formulated based on the
wind-resistance capabilities of the power system and regional economic
conditions.

6. Conclusions

In this study, the operational states and resilience of power systems
under typhoon conditions were conducted. The resilience improvement
strategies were analyzed using a typical power-network test system. The
main conclusions are as follows.

1) A resilience assessment method for power systems under typhoons
was developed. First, a typhoon wind-field model was constructed,
and fragility curves were used to evaluate the operational states of
infrastructures. Power systems were represented as undirected
weighted graphs, with infrastructure operational states and network
connectivity stored in an adjacency matrix. This method facilitates
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Table 11
Optimal combination of multi-dimensional strategies for the IEEE RTS-79.

Resilience improvement
strategies

Specific measures

Spare-line configuration

Wind-resistant
reinforcement

Post-typhoon recovery path

No additional spare transmission lines
L2(1)/L5(1)/L9(1)/L18(2)/L19(1)/L20(1)/ L21(1)/
L24(3)/L27(1)

L12-L10-L13-L23-122-L34-L38

Before strategies
— After strategies

100

System functional metric K /%

1,-34.73
50

7}2.83 10
Time / day

Fig. 14. Functional time-varying curves before and after implementing
the strategies.

13

2

—

the updates of the system’s states through matrix operations during
simulations. System functional metrics were established based on
three dimensions: power transmission efficiency, reliability, and load
capacity. Time-varying curves were analyzed, and the resilience was
quantitatively assessed.

A resilience improvement framework based on strategies optimiza-
tion of power systems was proposed. Four-dimensional strategies
were developed for both pre- and post-typhoon stages. Considering
economic constraints, a strategy optimization algorithm based on the
particle swarm was introduced. The identification of network fra-
gilities was achieved to improve the system’s wind resistance. Sub-
sequently, a post-typhoon recovery strategy optimization algorithm
was designed. The critical components for repair under different
resource allocation scenarios were identified to improve the system’s
recovery efficiency.

3) A resilience assessment of a typical power-network test system was

conducted from four dimensions: spare-line configuration, wind-
resistant reinforcement, repair path, and restoration-resource allo-
cation strategies. Optimal solutions for each resilience improvement
strategy were identified, and the critical infrastructures for rein-
forcement and recovery were determined. Given the interrelation of
these strategies, we explored the optimal combination of multi-
dimensional strategies under specific economic budgets and
resource constraints, thereby maximizing the resilience improve-
ment and ensuring the safety of power systems.

The resilience improvement framework proposed in this study can

improve the cost-effectiveness of pre-disaster measures and post-disaster
resource utilization for practical engineering. Additionally, the struc-
tural characteristics of engineering networks such as transportation and
water supply share similarities with this study. Therefore, the resilience
improvement framework can be extended and applied to various sys-
tems based on their operational features, thereby demonstrating its
engineering value.

However, the infrastructure fragility parameters and repair time

parameters were obtained from the previous literature, and the resil-
ience assessment method established has certain limitations. This may
not be accurate in practical engineering. Additionally, to quantitatively
assess the differences in resilience improvement strategies, certain as-
sumptions were made regarding infrastructure costs and the work pro-
cesses of repair teams. These may affect the evaluation results of the
strategies. Therefore, adjustments should be made when applying them
to real engineering scenarios. In future research, it is important to seek
newer, more general, and more informative metrics for measuring
resilience, as they play a crucial role in advancing the quantitative
assessment of disaster resistance in engineering systems. In addition, the
typhoon disaster early warning and monitoring platform should be in-
tegrated with the infrastructure resilience assessment framework to
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achieve state assessment and strategy formulation under accurate pre-
diction of future typhoon scenarios. Moreover, utilizing artificial intel-
ligence for scheduling to address changes in supply and demand in
engineering is an important research direction for advancing intelligent
adaptive power systems.
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