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Abstract

Electric power systems are vulnerable to hurricane-induced wind hazards, which have his-
torically caused severe damage and widespread outages. Risk and resilience assessment
of electric power networks requires estimating the structural response for thousands of
structures at the regional scale. In particular, latticed transmission towers can entail large
modeling and computational burden when high-fidelity finite element models are used. The
lack of appropriate surrogate analytical models (or low-fidelity models) has hindered the

efficient modeling of tower portfolios and, in turn, downstream research and applications.

This dissertation advances a multi-scale framework for efficient and realistic hurricane
risk assessment of transmission tower portfolios and networks. At the structural scale,
panels are abstracted as the basic components in transmission towers, and their failure limit
state and engineering demand parameters are defined to capture the buckling failure mode.
Physics-based surrogate models for panels are developed, and polynomial response surface
metamodels are constructed to ensure consistent simulation of panel capacity and demand.
Validation against high-fidelity finite element models confirms that the proposed surrogate
beam-column element formulation offers good accuracy and enables efficient panel-based
tower analysis; for example, a pushover analysis can be completed within seconds. These
surrogate models lay the foundation for deriving portfolio-oriented, parameterized fragility

models for transmission towers.

At the portfolio (or class) scale, the dissertation refines the framework for developing

parameterized class fragility models by examining a range of modeling choices and propos-



ing improvements to current practices. By applying this framework to a representative class
of transmission towers in the Florida transmission line portfolio, parameterized hurricane
fragility models are developed using efficient surrogate models and dynamic time history
analysis. The results show that inter-structure variability constitutes the dominant source of
uncertainty in the tower portfolio; prioritizing this uncertainty in propagation enables more
efficient and effective fragility derivation. Sensitivity analysis reveals that tower fragilities
are most influenced by three tuning parameters—design wind speed, span length, and yaw
angle—as well as by several uncertain variables embedded within the fragility model. The
derived fragility models fill the gap in parameterized models for transmission towers and

can be tailored to support more granular hurricane risk assessments at the regional scale.

At the network scale, the implications of adopting alternative fragility analysis practices
for high-voltage transmission networks are examined. Within a probabilistic simulation
framework, three representative fragility models for transmission towers—a parameterized
class fragility model, a mean fragility model, and an archetype fragility model—are com-
pared. Network performance is evaluated using multiple metrics such as global efficiency
and the number of failed towers. For demonstration, the Florida transmission network is
analyzed under two historical hurricanes—Irma (2017) and Michael (2018)—allowing for
comparison with observed damage data. Results from both geospatial analyses and aggre-
gate network-level metrics show that the parameterized fragility model consistently yields
more reliable and accurate estimates of system performance. In contrast, using the mean
fragility model tends to underestimate risk, while using one archetype model substantially
overestimates it. These findings highlight the importance of adopting flexible, parameter-
ized fragility models to capture the heterogeneity of transmission assets and to improve the
accuracy of large-scale hurricane risk analyses. Such models enhance the fidelity of subse-
quent recovery and resilience analyses and ultimately support more informed and effective

decision-making for power infrastructure under hurricane hazards.



Chapter 1

Introduction

1.1 Motivation

Electric power transmission systems form the backbone of modern society, ensuring the
continuous delivery of electricity across long distances. However, these systems are vul-
nerable to natural hazards such as hurricanes and wildfires. Risk and resilience assessments
have become essential for decision-making in both the public and private sectors (Mitchell-
Wallace et al., 2017; Schofer et al., 2021). A key component of these frameworks is fragility
analysis, for which fragility models (or fragility curves) are commonly used. At the re-
gional or network scale, fragility modeling must account for the compounded effects of
structure-to-structure uncertainty arising from heterogeneous portfolios. In electric power
systems, this challenge is pronounced, as large transmission networks may include thou-

sands of lattice towers with diverse geometries, materials, and design vintages.

Two mainstream practices exist for regional-scale fragility analysis: (1) the archetype
approach and (2) the parameterized approach. Archetype fragility models are developed for
a small number of representative structures and then assigned to similar assets within the
portfolio (Porter and Cho, 2013; Silva et al., 2019). While this approach is convenient and
has historical precedent, it captures heterogeneity only coarsely, which may lead to biased
or misleading loss and performance estimates (Rincon and Padgett, 2024). In contrast,
parameterized fragility models explicitly incorporate variability in structural characteris-

tics, site conditions, and system configurations by treating them as conditioning parame-



ters. This formulation enables flexible fragility models that capture portfolio heterogeneity
more rigorously and yield finer-grained and more reliable damage assessments. Parameter-
ized fragility models have been developed for several asset types—such as bridges (Ghosh
et al., 2013; Misra and Padgett, 2019), buildings (Seo et al., 2012; FEMA, 2020), and wood
distribution poles (Mohammadi Darestani and Shafieezadeh, 2019)—but remain scarce for

critical power infrastructure.

In particular, transmission towers have received limited attention in this regard. Al-
though single-structure and archetype-based fragility models exist (Cai et al., 2019; Dikshit
and Alipour, 2023; Fu et al., 2019; Ma et al., 2021a; Macedo et al., 2024; Tian et al., 2020),
to date there have been no parameterized fragility models that capture the broad hetero-
geneity of tower portfolios. This gap limits the accuracy and fidelity of network-level risk
and resilience assessments for power systems under hurricane hazards. A key barrier to
developing such models is the lack of suitable surrogate analytical models. Traditional fi-
nite element (FE) models for towers represent hundreds of individual members to simulate
member buckling under wind loads (Mohammadi Darestani et al., 2020; Ma et al., 2021a).
While accurate, these high-fidelity models are computationally prohibitive for portfolio-
scale analyses. The development of efficient, physics-based surrogate models is therefore

essential to enable scalable and realistic fragility modeling of large tower portfolios.

This dissertation aims to advance a multi-scale framework for efficient and realistic
hurricane risk assessment of transmission tower portfolios and networks. Specifically,
the objectives are threefold: (1) To develop physics-based surrogate analytical models
for lattice transmission towers that accurately capture their dominant failure modes while
greatly reducing modeling and computational demands. (2) To establish parameterized
class fragility models for transmission towers under hurricane winds, leveraging the sur-
rogate models to efficiently propagate uncertainty and capture inter-structure variability.

(3) To examine the implications of fragility model choice on network-scale hurricane
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Figure 1.1: Overview of research activities conducted during the Ph.D. program. Green boxes
denote research work not explicitly discussed in the following chapters, while purple boxes indicate
the studies presented in this dissertation. ‘JP’ refers to journal papers, and ‘CP’ refers to conference
papers.

risk assessment by comparing alternative modeling practices (parameterized, mean, and

archetype models) and evaluating their impact on system-level performance metrics.

1.2 Comprehensive overview of doctoral research

During the Ph.D. program, the author engaged in a variety of research tasks and projects
spanning multiple hazard types (e.g., wildfire, earthquake, and hurricane wind), infrastruc-
ture systems (e.g., transportation and electric power), and stages of the resilience modeling
framework (i.e., hazard, fragility, and recovery). Figure 1.1 provides an overview of all
research activities undertaken during the Ph.D. program. This dissertation focuses on the
three research activities highlighted in purple boxes. The topics shown in green boxes in
Figure 1.1 are briefly described in this chapter but are not presented in detail in subsequent

chapters.

The first research task focused on understanding wildfire ignition caused by conduc-
tor-vegetation contact under strong wind conditions. During high-wind events with dry

weather, electric power systems can become sources of catastrophic wildfires, with conduc-



tor—vegetation contact recognized as a major ignition mechanism. To support operational
decision-making—such as vegetation management and preventive power shutoffs—there
is a pressing need for accurate wildfire risk analysis. In this study, the ignition mecha-
nism was investigated by modeling the dynamic swaying of transmission line conductors
toward nearby vegetation, leading to potential flashover. The limit state was defined as
the conductor encroaching into a prescribed minimum vegetation clearance. The stochas-
tic characteristics of the dynamic displacement response of a multi-span transmission line
were derived through efficient spectral analysis in the frequency domain, and the encroach-
ment probability at specific locations was estimated by solving a first-excursion problem.
Unlike static-equivalent models often used in practice, this approach demonstrated that
random wind buffeting significantly contributes to conductor displacement under turbu-
lent wind conditions. Neglecting this dynamic component can lead to substantial errors
in ignition risk estimation. The analysis also revealed that ignition probability is highly
sensitive to vegetation clearance, wind intensity, and the duration of strong wind events,
underscoring the importance of high-resolution data for accurate prediction. This research
proposed a mechanistic and probabilistic methodology for efficient and accurate estima-
tion of wildfire ignition probability, advancing the capability for wildfire risk assessment
in power systems. The work was published in Scientific Reports (Nature Portfolio) (Wang

and Bocchini, 2023).

The author also had the opportunity to apply several concepts and tools originally stud-
ied for power networks to other infrastructure systems and hazards. In particular, she con-
tributed to an interdisciplinary project in collaboration with researchers from Electrical
and Computer Engineering to develop machine learning algorithms for traffic prediction.
Her main contribution focused on integrating dynamic traffic simulations to model post-
disaster conditions in disrupted transportation networks. Specifically, she analyzed the

response of a large transportation network in San Francisco subjected to both small-scale



disturbances (e.g., protests) and large-scale events (e.g., earthquakes). Part of this research

was published in the Conference Proceedings of IABMAS 2024 (Wang et al., 2024).

In addition to her main research efforts, the author also contributed to several col-
laborative projects. Notably, the author co-led a study on post-storm power recovery,
where she and her collaborators conducted expert surveys and interviews to collect infor-
mation on the restoration of transmission assets after hurricanes. This work is ongoing,
with data collection largely completed. The author is also a co-author of a paper on the
fragility modeling of transmission steel poles, leveraging her expertise in developing class
fragility models. Furthermore, throughout the Ph.D. program, the author has been actively
involved in undergraduate research mentoring. She has mentored two REU students and
three Lehigh undergraduate students, guiding them in research that has led to conference

presentations and, in some cases, journal publications.

1.3 Outline of the dissertation

This dissertation is organized into three core chapters, each addressing a key component of

the overall research framework.

Chapter 2 introduces the physics-based surrogate modeling approach for lattice trans-
mission towers. Panels are defined as the basic structural components, and their limit state
and engineering demand parameters are established to capture the dominant buckling fail-
ure mode. Surrogate beam-column formulations and response surface metamodels are
developed and validated against high-fidelity FE models, enabling efficient and accurate

panel-based tower analysis.

Chapter 3 refines the framework for developing parameterized class fragility models

and applies it to a representative class of transmission towers in the Florida network. Using



the surrogate models and dynamic time history analysis, parameterized hurricane fragility
models are derived. Sensitivity analysis is carried out to quantify the influence of key

tuning parameters and sources of uncertainty.

Chapter 4 extends the analysis to the network scale. Within a probabilistic simulation
framework, three fragility analysis practices—parameterized fragility, mean fragility , and
archetype fragility—are compared to assess their implications for network-level hurricane
risk. The Florida transmission network is analyzed under Hurricanes Irma (2017) and

Michael (2018), and the results are evaluated against historical damage data.

Finally, Chapter 5 summarizes the findings, discusses the broader implications for

infrastructure risk and resilience analysis, and highlights the research contributions.



Chapter 2

Physics-based surrogate models of panels for portfolio
analysis of transmission towers under hurricanes

2.1 Introduction

This study aims to provide a new approach to structural modeling of power transmission
towers for large-scale risk and resilience analysis. The proposed approach balances the need
to accurately capture the main mechanical failure mode of these structures (i.e., leg buck-
ling) and the need to have few parameters for direct probabilistic simulation of large tower
portfolios in a region (e.g., the entire east coast of Florida, affected by a hurricane). Risk
and resilience assessments have become essential for decision-making in both the public
and private sectors, such as federal funding allocation, public policy making, and catastro-
phe modeling for insurance portfolio management (Mitchell-Wallace et al., 2017; Schofer
et al., 2021; U.S. Department of Transportation, 2023). A key component of the risk and
resilience modeling framework is the fragility analysis (or damage analysis) for which
fragility functions are commonly used (Cimellaro et al., 2010). The fragility functions,
often represented as fragility curves, reflect the effect of various sources of uncertainty and
predict the damage levels of physical assets probabilistically (Melchers and Beck, 2018).
At the regional or network scale, as opposed to the single structure scale, uncertainty is
compounded by the heterogeneity in the portfolios of structures that can exhibit diverse
structural configurations, such as bridges in transportation networks (FHWA, nd) and trans-

mission towers in power networks (Fang et al., 1997).



There are two mainstream practices for regional-scale fragility analysis—employing
a few archetype fragility functions and employing parameterized fragility functions. An
archetype fragility function is developed for a selected archetype structure that is assumed
to be representative of an entire subset of the portfolio (Porter and Cho, 2013; Silva et al.,
2019). Once the archetype structure is selected, the procedure to derive the archetype
fragility is essentially the same as for conventional single structure fragility, which yields a
fragility model conditioned on the intensity measure(s) only. Despite their wide availabil-
ity and the legacy of being adopted in many contexts, archetype fragilities cannot capture
important subtleties in portfolio loss predictions and may lead to unreliable conclusions
(Rincon and Padgett, 2024). On the other hand, a growing body of researchers (Ghosh
et al., 2013; Misra and Padgett, 2019; Mohammadi Darestani and Shafieezadeh, 2019; Seo
et al., 2012) have focused on developing flexible fragility models that are parameterized
by a vector of variables (e.g., structural features, site characteristics, system configurations,
and material properties). Such parameterized fragilities can be tailored to capture the port-
folio heterogeneity, thus providing more granular and reliable damage assessment at the
regional scale. However, parameterized fragility models are scarce and only available for
very few types of structures. In particular, electric power transmission networks play a
critical role in the modern society, yet hurricane events have manifested and continue to
highlight the vulnerability of transmission towers (NERC, 2018; U.S. Department of En-
ergy, 2013; Schweikert et al., 2019). Therefore, there is the urgent need of parameterized
fragility models of transmission towers for better supporting the risk and resilience analysis

of transmission networks.

Structural fragility development is a mature field, and indeed fragility models of single
or archetype transmission towers are available in the literature (Cai et al., 2019; Dikshit and
Alipour, 2023; Du and Hajjar, 2022; Fu et al., 2019; Maet al., 2021a; Macedo et al., 2024;

Miguel et al., 2023; Padilha Alves et al., 2024; Tian et al., 2020; Xue et al., 2020). In
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contrast, the development of portfolio-oriented fragility models for transmission towers
entails modeling and analyzing a large number of towers of a variety of structural configu-
rations; hence, the usual approach, affordable for deriving (a few) archetype fragilities, can
be prohibitively expensive in these cases. For hurricane wind load analysis, transmission
towers have been traditionally modeled at the member level because the primary failure
mode is the buckling of steel angle members (Ma et al., 2021a; Mohammadi Darestani
et al., 2020). That is, hundreds of members (legs, bracings, etc.) would be explicitly in-
cluded in the finite element (FE) model. This high-fidelity modeling approach not only
makes the tower models expensive to create and analyze but also is laborious to adapt for
modeling various structural configurations. It could be argued that one of the most im-
portant factors hindering the derivation of parameterized tower fragilities is the lack of

appropriate surrogate models for efficient modeling of tower portfolios.

In the context of portfolio or regional analysis, physics-based surrogates (also known as
reduced order models or low-fidelity models) are typically adopted to alleviate the model-
ing complexity and computational cost (Misra and Padgett, 2019; Nielson, 2005; Padgett,
2007; Patsialis and Taflanidis, 2020). For example, bridges have been customarily modeled
as structural systems consisting of several types of components, where each component is
encapsulated by a few modeling parameters despite its internal complexity. Different from
the purely data-driven surrogate models, the physics-based surrogate models aim to sim-
plify the physics-based description of the original high-fidelity FE models through some
form of abstraction and/or condensation. The desired features shared by these simplified
yet rigorous surrogate models are: (1) the surrogate model should describe the mechanical
behavior of the subject component with sufficient accuracy and capture the important limit
states (LSs), so as to inform subsequent loss and recovery modeling; (2) the formulation
and implementation of the surrogate model should provide high efficiency for FE model

creation and analysis; and (3) the surrogate model should be general enough to model
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the various structural configurations observed in the portfolios. Concerning the simplified
models of transmission towers, past studies used the lumped mass model or a monolithic
elastic cantilever beam model for earthquake load analysis (Chen et al., 2016; Gong and
Zhi, 2020; Li et al., 2005). However, these oversimplified models are not suitable for wind

load analysis as they fail to capture the buckling-induced tower failure mechanism.

To fill the noted gaps, this study develops physics-based surrogate models of panels for
analyzing portfolios of transmission towers under hurricanes. Buckling is the dominant
failure mode in transmission towers. This study specifically focuses on leg buckling, as it
can trigger global instability and, in turn, tower collapse. In pursuit of efficient probabilistic
simulation at the portfolio scale, model reduction is achieved based on a novel abstraction:
panels are treated as the basic components of the tower (Section 2.2.1). Section 2.2.2 out-
lines the variation in panel characteristics observed across existing tower portfolios, while
Section 2.2.3 introduces the high-fidelity FE model employed throughout the study. For the
panel component, the limit state and engineering demand parameters (EDPs) are defined,
all centered on capturing the leg buckling (Section 2.2.4). An analytical surrogate model
is then developed to represent the panel’s mechanical behavior and compute the relevant
EDPs (Section 2.2.5). Section 2.3 presents the development of a metamodel, which ad-
dresses the need for consistent simulation of panel capacity and demand. Section 2.4 details
the results of the metamodel. Finally, Section 2.5 presents the validation and an example
application of the proposed surrogate model. The proposed approach enables panel-level

FE modeling and panel-based failure analysis of towers.

This work offers value across at least three use cases, represented by the three main
boxes in Figure 2.1. First, it introduces a methodology for developing surrogate panel
models applicable to various types of lattice steel towers. In this study, the methodology
is applied to self-supporting, suspension, and tangent towers with double circuits and a

vertical crossarm configuration (SST2V). However, it can also be used to create surrogate
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models for other types of transmission towers or even for triangular telecommunication
towers. Second, the work shows how to develop wind fragility curves for individual trans-
mission towers, leveraging the surrogate models. Specifically, an analyst aiming to develop
a fragility model for any particular tower within the SST2V class can use the surrogate
panel models calibrated in this study. By inputting the specific parameters for the panels
of the investigated tower, the analyst can leverage the resulting surrogate to improve the
efficiency of probabilistic simulations and FE analyses. Finally, the third and ultimate use
case is the development of fragility models for tower portfolios, to support regional-scale
analysis. For instance, an analyst can use the surrogate panel models to derive a param-
eterized class fragility model for all SST2V towers. This can be achieved by exploring
several archetype towers and blending their results (Porter and Cho, 2013), by conducting
design of experiments to explicitly examine the effect of varying each parameter (Mo-
hammadi Darestani and Shafieezadeh, 2019), or by applying any other technique for class
fragility development. In all these cases, the proposed surrogate model can facilitate the
probabilistic simulation by reducing the number of relevant structural parameters and sub-

stantially accelerate the FE analyses.

2.2 Methodology for developing physics-based surrogate

analytical models for panels

2.2.1 Abstraction of panels as basic components

A transmission line consists of two distinct systems: the wire system (e.g., conductors,
ground wires, insulators), and the structural support system (e.g., lattice towers, poles).
The electrical function governs the configuration of the wire system, and in turn the design

of the supporting structures (Catchpole and Fife, 2014). Figure 2.2a shows two typical
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Figure 2.1: Value proposition of the presented work and the structure of the chapter.

transmission towers used respectively in the three-phase single-circuit transmission lines
and double-circuit transmission lines. In particular, this study focuses on the double-circuit
towers that are commonly found in both high-voltage lines (69 to 230 kV) and extra-high-
voltage lines (345 kV and above). In the context of portfolios of towers, the validity of
abstracting panels as the basic components can be argued from two perspectives: the design

and construction perspective, and the mechanical perspective.

In practice, transmission towers are usually designed and constructed with the ‘tower
family’ concept, which leads to standardization and modulization of towers project-wide
(Britton and Bouslog, 2015; Kalaga and Yenumula, 2017). A lattice tower is generally
comprised of a basic body, a body extension, and a leg extension, as illustrated in Fig-
ure 2.2b for a double-circuit tower. The basic body exists in all towers and is made up of
a straight body—with peak(s) and crossarms attached to it—and an inclined body. Being
optional, the body extension and leg extension may be added to the basic body to achieve
the desired tower height (Fang et al., 1997). From the design and construction perspective,

the panel (see Figure 2.2b) can be identified as the modular unit shared by towers along a
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Figure 2.2: (a) Single-circuit transmission tower (left) and double-circuit transmission tower (right),
adapted from images on Unsplash (Muhr, nd; Jarry, nd); (b) Illustration of the composition of a
tower and the panels thereof.

power line or, in general, by portfolios or classes of towers.

Taking the mechanical perspective, a panel constitutes a basic unit for capturing the fail-
ure modes of transmission towers. As illustrated in Figure 2.3a, there are mainly three types
of members in a tower: legs, diagonal bracings, and redundant bracings, for which steel
equal angles (see Figure 2.3b) are predominantly used. The legs and diagonal bracings are
the primary members that carry and transfer the vertical and shear loads to the tower foun-
dation. The redundant (or secondary) bracings are used to reduce the unbraced lengths of
the primary members by providing intermediate support to them (ASCE, 2015). Figure 2.3¢c
shows the idealized load paths indicated by the tensile or compressive member forces un-
der different load cases, considering only axial loads inside the angle members (i.e., space
truss assumption). The axial load and bending moment are primarily taken by the legs
whereas the shear load and torsional moment are mainly carried by the diagonal bracings.
The primary failure mechanism of transmission towers is partial failure or collapse caused
by member buckling (Dikshit and Alipour, 2023; Tapia-Herndndez and Sordo, 2017; Ma
et al., 2021a; Mohammadi Darestani et al., 2020). Based on its ability to capture the full

unbraced buckling lengths of the members, a panel stands as a self-contained and effec-
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Figure 2.3: (a) Tower members illustrated using a panel in the inclined body; (b) Angle section
with equal legs; (c) Load paths under different load cases illustrated using panels isolated from the
straight body.

tive scope for surrogate modeling (Wang et al., 2023). Lastly, it is worth noting that the

panel concept defined in Figure 2.2b may differ from other works where ‘panel’ refers to

an arbitrary segment of the tower.

2.2.2 Characterization of panel variations

With panels abstracted as the basic components, this subsection summarizes the variations
of panels that are observed in portfolios of towers. A panel design routine is then presented
in compliance with the design standard requirements and industry practice. As done for
other types of structures (Misra and Padgett, 2019; Nielson, 2005), understanding the char-
acteristics and variations of the components is essential for developing surrogate analytical
models and capacity models that are applicable to various structural configurations across
portfolios. Such understanding is also useful for selecting the appropriate strategies to
propagate uncertainties. In particular, this study focuses on transmission towers of square
section (in plan view) instead of the less commonly used triangular or rectangular sections.
First, the panels present in the tower basic body can be divided into two types: the inclined

type that constitutes the inclined body, and the straight type found in the straight body. For
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both types, the panel variations can be characterized by several aspects, including topology,

geometry, size, connections, etc.

» Topology: the topology of a panel refers to the configuration of its constituent mem-
bers and is usually designed based on the engineer’s experience (de Souza et al.,
2019). The double warren (also known as double ‘X’) system is the most commonly
used bracing system throughout the world (Kravitz, 1985). Figure 2.4 illustrates the
topology where the double warren system is used in all four faces of the panel. The
system is known to perform better when the angle at the intersection of diagonal
bracings (8 in the figure) is close to the value of 90° (de Souza et al., 2016). Starting
with the basic double warren bracing system, redundant bracings may be added as

needed, thus forming various topologies.

* Geometry: the panel geometry refers to its dimensions in the three-dimensional (3D)
space. As shown in Figure 2.4, the panel geometry can be described by the top width
(wy), the bottom width (w},), the leg slope (), and the vertical height (4,). The leg
slope of the inclined type is around 4° according to common design practice, while
the straight type has o, = 0° (Fang et al., 1997; de Souza et al., 2016). Fixing both
0 and o, to their typical values (i.e., 6 = 90°, o, = 4° for inclined type or 0° for
straight type), the panel geometry can be fully determined upon knowing one geo-
metric dimension from which all other dimensions can be derived. For convenience,
the panel top width (w;) was selected as the independent geometric dimension in this

study.

* Size: the size of a panel refers to the cross-sectional sizes (or profiles) of the steel
members used therein. Single steel equal angles (see Figure 2.3b) are predominant in
transmission towers due to their market accessibility and construction convenience.

Within a panel, typically all legs share the same size and all diagonal bracings share
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the same size. In the United States, towers have been generally made of ASTM
A36 steel since 1960 (ASCE, 2015; Kalaga and Yenumula, 2017). Table A.1 lists 51
commonly used angle sizes in the United States according to PLS-TOWER (Power
Line Systems, nd) which is the industry-leading tower design software. Note that all
the 51 sections satisfy the minimum thickness requirement (¢ > 1/8 inch) and the

maximum width-to-thickness ratio requirement (w/t < 25) (ASCE, 2015).

Connection: bolted connections (or joints) in transmission towers are normally de-
signed as bearing type connections and exhibit considerable variations. Depending
on the connecting members, the connections can be classified into leg-to-leg con-
nections, bracing-to-leg connections, and bracing-to-bracing connections (see Fig-
ure 2.5a). Many researchers found that bolt slippage can have a significant impact
on the tower performance (Jiang et al., 2017; Mohammadi Darestani et al., 2020;
de Souza et al., 2019). The joint slippage behavior is affected by many factors, such
as the number of bolts and the construction clearance. Figure 2.5b illustrates the four-

phase slippage model that is used as the basis in this study (Ungkurapinan, 2000).

Lastly, it is worth noting that apart from the above-mentioned macroscale panel vari-
ations, there are also other variations (such as yield stress, Young’s modulus) that
have been traditionally considered in the context of a single structure (Dikshit and

Alipour, 2023).

Based on the variations above, a panel design routine was developed in this study that

completes the pattern design of redundant bracings and determines the buckling lengths of

the primary members. As shown in Figure 2.6, for a panel of a given type, the geometry

and size are first determined; then the pattern of redundant bracings is determined through

topology design. To this end, common bracing patterns were translated into a set of prede-

fined rules, and the limiting slenderness ratios for legs and diagonal bracings are checked
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Figure 2.4: Illustration of panel topology (showing only primary members) and geometry: (a) In-
clined type; (b) Straight type.

Phase 1 (O-A): elastic frictional load transfer

Phase 2 (A-B): joint slip

Phase 3 (B-C): elastic load transfer by bolt bearing

Phase 4 (C-D): nonlinear load transfer extending
up to maximum load capacity

Force (kN)
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. v

Displacement (mm)
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Figure 2.5: (a) Typical bolted connections; (b) Force-displacement diagram for tension joints and
simple joints (no gusset plates or splice angles). Both plots are not necessarily drawn to scale and
are mainly for illustration purposes.
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Figure 2.6: Flowchart of the panel design routine.

using Equation (2.1) and Equation (2.2), respectively (ASCE, 2015):

< 150

S|

KL <200
r

2.1

(2.2)

where L is the unbraced length (m); 7 is the radius of gyration (m*); and K is the effec-

tive length coefficient. The effective length (KL) shall be determined based on the end

conditions (ASCE, 2015). Note that a panel design obtained by this routine is agnostic

about the tower as well as the (design) loads because no capacity check is performed. This

routine helps to ensure that the generated panel designs are reasonable and consistent with

characteristics observed in tower portfolios. It is integrated into the design of experiments

(Section 2.3.1), where panel characteristics are varied, and any non-permissible designs are
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excluded from further analysis.

2.2.3 High-fidelity finite element modeling of panels

High-fidelity FE models were employed in this work as benchmarks for the proposed panel
capacity model (Section 2.2.4), the proposed surrogate analytical model (Section 2.2.5),
the derivation of the metamodel (Section 2.3), as well as the validation and application
(Section 2.5). The first and most fundamental modeling choice concerns the approach
used for buckling analysis. In general, two approaches are available. The first approach
relies on the Structural Stability Research Council (SSRC) formula to estimate the com-
pressive capacity of angle members, incorporating the concept of effective length (ASCE,
2015). While this approach shows good agreement with extensive test results, it is an
approximate approach. The second approach involves directly modeling the realistic buck-
ling behavior of angle members. This entails significant modeling complexity—including
residual stresses, initial out-of-straightness, among other high-fidelity features—as well as
increased FE analysis challenges. This approach has recently gained increasing popularity
due to its higher accuracy and rigor (Mohammadi Darestani et al., 2020). In particular,
the derivation of the metamodel in this study involves modeling and analyzing hundreds of
3-panel structures with varying configurations (e.g., size, geometry, and topology). The dif-
ficulty of directly modeling buckling behavior is further compounded by the need to handle
such a large number of structurally distinct cases. As a result, the direct modeling approach
was deemed impractical in this context and was not pursued. Instead, this study adopted the
first approach (see details in Section 2.2.4); despite being less accurate, it provides a reli-
able approximation of member buckling capacity and reflects a practical trade-off between

accuracy and feasibility.

With OpenSees as the chosen FE platform (McKenna et al., 2010), the features of the

high-fidelity FE models are summarized below. As mentioned earlier, the redundant brac-
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Figure 2.7: High-fidelity finite element model illustrated for a complex bracing pattern.

ings are used—when necessary—to reduce the unbraced buckling lengths of primary mem-
bers and do not carry any significant load (referred to as zero-load members). In practice,
it is customary to not include the redundant members in the tower analysis and this study
adopted the same approach (Power Line Systems, nd; de Souza et al., 2016). Even though
the redundant bracings were not explicitly included in the FE model (see Figure 2.7), their
effects were accounted for by setting the correct buckling lengths of primary members
in calculating their buckling capacities. It is worth noting that this modeling simplifica-
tion was made to facilitate the exploration of various structural configurations. Notably, it
aligns with the use of an effective length-based approach for assessing buckling capacity.
However, if a direct modeling approach for buckling were adopted, explicitly modeling the
redundant bracings would be essential, as they can play an important role in maintaining

structural stability and influencing deformations under ultimate load conditions.

The primary members were modeled by force-based beam-column elements (as op-
posed to truss elements) to account for the bending moments that are present in real towers.
In order to consider the interaction between the axial force and bending moment, fiber sec-
tions were utilized where each fiber was modeled by the bilinear steel material. One detail
worth mentioning is that a 3D rotation procedure was employed so as to correctly specify

the orientations of the local axes of angle members (see Figure 2.3b).
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The flexible connections (or joints) were modeled using zero-length elements, but not
all connections need to be modeled this way. Tower structures are typically subdivided into
smaller sections for transport and erection purposes (Kalaga and Yenumula, 2017), which
governs the positions of leg-to-leg connections. The legs are continuous for most panels,
while some panels include leg-to-leg connections. The leg-to-leg connections are normally
lap splices where both flanges are bolted with multiple bolts. This type of connection can
be assumed rigid as it transfers the bending moment fully (Ma et al., 2021a). Since pan-
els without leg-to-leg connections are the most common both within individual towers and
across the portfolio, these connections were omitted during the surrogate model develop-
ment. However, it should be noted that this simplification neglects cases where leg-to-leg
connections are present and may introduce slippage effects—particularly under tension,
where increased deflection may occur due to separation between angle members. In such
cases, results may be affected, and separate studies may be warranted to investigate this
type of panels, especially for towers with many leg-to-leg connections or where leg mem-
bers are prone to large tension. Moreover, depending on the realized bracing pattern, the
connections at the intersection of diagonal bracings can become very complex (such as
the case shown in Figure 2.7). With the redundant bracings and the connections thereof
already omitted from the model, for simplicity, this study further neglected the connections
at the diagonal intersection. As a result, only the flexible connections between the diagonal
bracings and the legs were considered, which still captures what is arguably most important
slippage effect, because the diagonal bracings are the primary load-bearing members under

shear loads.

While joint eccentricities were neglected, the joint slippage behavior (as depicted in
Figure 2.5b) was modeled using the parallel material approach proposed by Mohammadi Darestani
et al. (2020). Note that the joint failure was not considered herein since it is extremely rare

in reality (Ma et al., 2021a). To account for the semirigid behavior of the connections con-
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sisting of more than one bolt, the rotational stiffness was modeled according to the method
suggested by Jiang et al. (2017). In addition, the geometric nonlinearities can be considered

via the corotational geometric transformation.

2.2.4 Proposed PMM capacity model

Being physics-based, the abstracted new ‘panel component’ entails defining the limit states
(LSs) and engineering demand parameters (EDPs) as for any conventional structural com-
ponent. However, the LSs and EDPs should be defined at the panel level, encompassing
all the constituent members. This section first discusses the panel failure modes and then
defines one LS and three EDPs for a panel, following which the limit capacity model is

proposed.

The panel failure modes essentially depend on the failure of individual members due to
yielding or buckling. Although yielding could occur, independent studies have found that
buckling is the dominant failure mode (Dikshit and Alipour, 2023; Mohammadi Darestani
et al., 2020). The leg buckling especially can lead to global instability of transmission
towers and in turn the tower collapse. Based on personal communication with experts in
tower testing and their field observations, legs almost always fail in compressive buckling,
whereas leg tension failure (extremely rare) may occur only under abnormal circumstances

such as serious corrosion or conductor galloping.

The limit state considered in this study is the collapse of the panel, which in turn will
lead to partial or, more likely, total collapse of the tower. This panel failure limit state
corresponds to the failure of any of the legs in compression. Recall that legs mainly carry
the axial and bending moment loads on the panel (see Figure 2.3). Therefore, this study
proposes using the axial load and the two bending moments (PMM for short) as the EDPs

to quantitatively capture the panel failure upon leg buckling. The compression capacity (F,)
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of an angle member can be calculated based on the SSRC formula which is also adopted in

the design standard (ASCE, 2015):

PC:Fa'Ag (2.3)

F, = ' (2.4)

2F
C.= — 2.5
c=T E, (2.5)

where A, is the gross cross-sectional area (m?); F, is the allowable compressive stress (Pa);
E is the modulus of elasticity and it is usually taken as 200 GPa; F., is the critical stress
(Pa); and C, is the critical slenderness ratio that separates the elastic and inelastic buckling.
The critical stress (F;,) reflects the reduction of material’s yield stress (F)) based on the

width-to-thickness ratio (w/f) of the section and can be obtained by:

(

) 80W
Fy; T < JE (F) i
= w/t . 1449
For = [L677 =067 50| B (), < < M2 (2.6)
0.03327%E . W 144W
(/) rT VR

where ¥ = 2.62 for F, in MPa. Note that here the effective lengths (KL) of members
consider the effects of redundant bracings (omitted in the FE model) as well as the end

conditions.

Moreover, the values of the EDPs (PMM) corresponding to the failure limit state can
be referred to as the limit capacities of the panel, which form a surface in the 3D space
illustrated in Figure 2.8. The panel failure depends on the failure of the leg subjected to

the highest compression. This compression force arises mainly from the combined axial
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Figure 2.8: Illustration of the PMM limit capacity surface for a panel.

and bending loads, which would result in the panel’s limit capacity surface being a plane in
linear mechanics. In reality, the activation of the nonlinear joint behavior causes the PMM
capacity surface to not be exactly a plane. However, the deviation from a perfect plane is
minimal and can be considered negligible for practical purposes. This hypothesis is sup-
ported by a numerical investigation, where the PMM capacity surfaces were constructed
point by point using 3-panel structures (Figure 2.9). This setup allows more realistic con-
sideration of the boundary conditions of the panel (as in a real tower). The design of the
3-panel structures can be divided into two logical steps. First, the middle panel (panel of
interest) is designed using the design routine introduced in Section 2.2.2. Second, assuming
that the top panel and the bottom panel share the same leg size and the same bracing size
as the middle panel, the other two panels are designed accordingly. The 3-panel structures
were modeled with the same high-fidelity modeling approach described in Section 2.2.3.
The bottom nodes of the bottom panel are fixed, while the top panel has no constraints. A
computer code was written to automate the design and the FE model creation of the 3-panel

structures for both the straight type and the inclined type.

For calculating the limit capacity surface, a number of loading patterns need to be

analyzed. Each loading pattern—consisting of three resultant loads (Fy, Mx, Mz) applied
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Figure 2.9: Illustration of the 3-panel structures and the load application: (a) straight type; (b)
inclined type.

at the top of the middle panel—can be determined as follows:

Fy = 4-pFY =—-P (27)
My =2-ppgy - Wi (2.8)
MZ = 2 . pMZ * Wy (29)

where pr,, puy, and py, are the constituent nodal loads for Fy, My, and Mz respectively;
and w; is the top width of the middle panel. Applying the loads directly to the middle
panel allows more convenient control for computing the failure surface. This results in low,
though non-zero, stresses in the top panel because the structure is statically indeterminate.
However, the top panel still serves a role in constraining the displacements of the middle
panel. Note that the three resultant loads are constructed such that Fy < 0, My > 0, and
Mz > 0 as per the coordinate system shown in Figure 2.9. Further, P = —Fy was intro-
duced so that the limit capacity surface can be conveniently presented as non-negative (see
Figure 2.8). Figure 2.10 gives the flowchart that can be used to compute the PMM limit
capacity surface for a panel. This study used the displacement-controlled static analysis

for all the load analyses mentioned therein. Note that the symmetry of the capacity surface
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Figure 2.10: Flowchart for calculating the PMM limit capacity surface point by point. Superscripts
c and ¢ indicate capacity and target respectively.

(thanks to the symmetry of the panel) was leveraged in the process.

The PMM capacity surfaces for both straight and inclined panels were built point by
point using the high-fidelity model, and their fit to planes was evaluated for accuracy (see
Appendix B for details). The coefficients of determination (R?) were found to be near 1,
confirming that the limit capacity surfaces are well characterized by planes. Recognizing
that Mymax = Mzmax, the PMM capacity plane can be fully defined by Ppnax and Mxmax, as
follows:

P Myx Mz

n 4 —1 (2.10)
B max MX max MX max

A quantitative comparison study further reveals that significant discrepancies (exceeding
30%) in Ppax and Mxmax may arise when realistic beam-column behavior, connection ef-

fects, and member interactions are neglected (see Appendix B). Therefore, the high-fidelity
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approach should be used as the basis for accurately determining Ppax and Mxmax, as de-
scribed in the first step of Figure 2.10. Pyax and Mymax represent the panel-level loads at
which individual legs reach their buckling capacity; this anchors the panel capacity plane
in leg-level buckling. In the remainder of this chapter, the terms ‘limit capacity surface’

and ‘limit capacity plane’ are used interchangeably.

2.2.5 Proposed surrogate analytical model

As mentioned earlier, it is practically unfeasible to use the high-fidelity models for per-
forming large-scale (e.g., thousands of towers) FE analysis. To begin with, the creation
of the high-fidelity FE model for a transmission tower is rather time-consuming (at least
multiple days) and the model is very computationally expensive to analyze (Ma et al.,
2021a). This modeling approach is also too cumbersome to adapt for modeling the various
structural configurations present in tower portfolios. Moreover, the complexity of the high-
fidelity model, in terms of the nature (e.g., node location) and number of the input random
parameters, makes it challenging to perform probabilistic simulations in a Monte Carlo
fashion. For example, fragility models for bridge classes are typically derived leveraging
FE models with a few dozen random variables (Karamlou and Bocchini, 2015; Padgett and
DesRoches, 2007), whereas using the high-fidelity model for tower class fragilities would
require sampling hundreds or thousands of random variables. This, in turn, hinders the
advancement and diffusion of uncertainty modeling of tower portfolios. The PMM limit
capacity model presented above enables the tower collapse failure analysis to be performed
at the panel level. This section further proposes the panel-oriented surrogate analytical
models for computing the desired EDPs. The mechanical behavior of panels under vari-
ous sources of loads is first discussed (Section 2.2.5.1), following which Section 2.2.5.2
presents the formulation of the surrogate analytical model together with the calibration of

the shear-related modeling parameter.
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2.2.5.1 Mechanical behavior of panels

A self-supporting transmission tower behaves like a cantilever from the foundation. The
forces transmitted from the upper tower to a panel can be calculated by equilibrium. As in-
dicated in Figure 2.3c, these forces can be summarized as resultant forces acting through the
centroid of the panel top. During wind events, the various sources of loads for the consid-
ered double-circuit towers are shown in Figure 2.11, and they include the loads transmitted
from wires (i.e., conductors and overhead ground wires) and the loads directly applied on
the tower body. The loads transmitted from the wires are usually represented as concen-
trated vector loads at the attachment points and can be decomposed into three components:
vertical loads (Ly ), transverse loads (L), and longitudinal loads (L;). For tangent suspen-
sion towers—comprising almost 90% of the towers in transmission lines yet being most
vulnerable to wind hazards—the longitudinal loads are negligible (Fang et al., 1997; Ma
et al., 2021a). This is because the insulator strings can swing freely along the longitudinal
direction and thus release the tower from the unequal tension (if any) in the two adjacent
spans. In addition to the self-weight, the tower body is directly subjected to wind loads
which are typically calculated at selected heights along the tower (see Figure 2.11) and ap-
plied as nodal loads in the transverse and longitudinal directions respectively (Dikshit and
Alipour, 2023; Ma et al., 2021a). Depending on the direction of the wind loads, a panel

may be under various combinations of axial, shear, bending and torsion loads.

Under the axial load and/or bending load, the behavior of the panel is governed by the
four legs which are the primary resisting members (Wang et al., 2023). It is reasonable to
assume that the axial load produces equal compression forces in four legs while the bending
load produces equal compression in two legs on one side and equal tension in the other two
legs. Past studies showed that little or no yielding of steel material may occur before the

towers fail from buckling (Dikshit and Alipour, 2023; Mohammadi Darestani et al., 2020).
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Figure 2.11: Illustration of the loads pertaining to a double-circuit tower.

Therefore, the legs and in turn the panel exhibit almost linear elastic behavior before the

failure limit state of the panel.

Considerable shear loads on the panel can be generated by the transverse loads (Lr)
transmitted from wires as well as the wind loads directly acting on the tower. The shear
load is mainly carried by the diagonal bracings in the two faces that are parallel to the shear
direction. The slippage at the bracing-to-leg connections can have an important impact on
the shear behavior of the panel. Figure 2.12 shows two example shear load-displacement
relationships obtained with the high-fidelity model for a straight panel and an inclined
panel. With the 3-panel structure (see Figure 2.9), the shear resultant (Fx) was constructed

from four nodal loads (pr, ) and can be calculated as:

Fx =4-pr (2.11)

The shear displacement (U ) for the middle panel (panel of interest) was determined as the

difference between the average displacement of the top four nodes and the average displace-
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Figure 2.12: Shear load-displacement relationships and concurrent slippage responses: (a) straight
type; (b) inclined type. Different slippage modeling parameters were used in the two example
panels, hence the different slippage responses.

ment of the bottom four nodes. The shear load analysis was performed with displacement
control until any connection associated with the middle panel reaches its maximum load
capacity (i.e., point D in Figure 2.5b). It is evident from Figure 2.12 that the panel’s shear
behavior inherits the nonlinearity from the slippage response. It is worth noting that the
joint slippage can increase the second-order P-A effect, especially at the tower level (Jiang
etal., 2017), hence affecting the computed EDPs (PMM). In real transmission towers, joint
slippage can occur at low load levels. In fact, most bolted joints in service function in
the bolt bearing phase (i.e., Phase 3 in Figure 2.5b) (Ungkurapinan, 2000). Therefore, it
is necessary to consider the slippage effect on the panel’s shear behavior in the surrogate

analytical model in order to compute the desired EDPs (PMM) accurately.

With the longitudinal loads (L;) absent from the tangent suspension towers, torsional
loads can only be generated by the yawed winds (i.e., ¥,, # 0° or 90°) on the tower body,
as shown in Figure 2.11. The torsional load is primarily carried by the bracings in all four
faces of the panel. Similarly to the shear behavior, the torsional behavior of the panel is
subject to the slippage effect at the bracing-to-leg connections. However, compared to the
shear loads that are largely generated by the loads transmitted from the wires, the torsional

loads (when present) are much smaller. Moreover, the panel’s torsional rotation does not
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meaningfully affect the considered EDPs (PMM). Thus, the panel’s torsional behavior and
the slippage impact therein are not as relevant in the formulation of the surrogate analytical

model—this behavior can be approximated as linear.

2.2.5.2 Model formulation and parameter calibration

The formulation of the surrogate analytical model should incorporate the aforementioned
mechanical behavior of the panels but also recognize that retaining all nonlinearities asso-
ciated with the high-fidelity model offers little advantage in computing the desired EDPs.
Therefore, this study proposes using one 3D shear deformable elastic beam-column ele-
ment for surrogate modeling of one panel (straight or inclined). The proposed formula-
tion can be implemented using existing elements available in OpenSees (McKenna et al.,
2010) or any other finite element software. As shown in Figure 2.13, four modes of force-
deformation responses are condensed into four corresponding stiffness parameters. Each
force-deformation response refers to the sectional stress-strain resultant relationship of the
corresponding mode. Note that the (surrogate) beam-column element section is only an
abstract representation of the real panel section. The beam-column section is doubly sym-
metric (inherited from the actual panel) about the local y and z axes and yet amorphous.
As mentioned in Section 2.2.5.1, panels exhibit almost linear elastic axial behavior thanks
to the negligible material nonlinearity before panel failure. Therefore, the sectional axial
force-deformation response can be taken as linear elastic, and the sectional axial stiffness

(Ksq) for both panel types can be obtained by:

Kyy=EA=E -4-Ap, (2.12)

where A represents the area of the abstract section and is calculated as the sum of the

sectional areas of the four corner legs (Ajeg).
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Figure 2.13: Proposed formulation of the surrogate analytical model.

Similarly, the panel’s bending behavior is also close to linear elastic until failure, and
it is governed by the four legs. The sectional bending stiffness (Kj;) can be computed by

Equations (2.13)-(2.15):

L+1

Ky—E[—E. " (2.13)
Wi\ 2

I—4. {IlegjLAleg (é) ] (2.14)
W\ 2

I,—4. {Ileg—l—Aleg (é’) ] (2.15)

where [ is the second moment of area of the abstract section and is calculated as the average
of I; and I; I; and I}, are respectively the second moments of area of the panel top section
and the panel bottom section (see Figure 2.13), both of which are determined using the
parallel-axis theorem; and /e, is the second moment of area of a single leg section. Note

that I, = I, for panels of the straight type, since w; = wy,.

Although the panel’s torsional behavior is not as relevant in computing the desired

EDPs (PMM), a torsional stiffness is required by the 3D formulation in order to prevent
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the local rigid-body spinning. To this end, the linear elastic torsional force-deformation
response was adopted in this study. Assuming that the torsional stiffness is exclusively
provided by the diagonal bracings, the sectional torsional stiffness (Ky) for both panel

types can be calculated by the following equations (Tabet, 2009):

wﬁvg -hy
Ky = GJ = E - Aprace V2 3 (2.16)
(\/Wae +12)
Wayg = ;W” (2.17)

where G is the shear modulus of the steel material and can be taken as 77 GPa; J is the
torsional moment of inertia of the abstract section; Apace 18 the sectional area of a single

bracing; and wy, is the average width of the panel.

To account for the nonlinear slippage effect on the panel’s shear behavior, a calibra-
tion procedure was employed herein for determining the sectional shear force-deformation
response, as shown in Figure 2.14. Although the shape of the panel’s shear load (Fy)-
displacement (Uy) relationship resembles that of the slippage response, the former does
not show four phases as clearly as the latter (see Figure 2.12). In fact, the slippage mod-
eling parameters bear considerable variations, as will be discussed in Section 2.3.1. As a
consequence, the Fx-Uy relationships lack a standard shape, which poses a big challenge
for calibration. With the proposed surrogate model formulation, this study adopted a sim-
plified linear elastic shear force-deformation response, where the sectional shear stiffness
(Kys) was calibrated based on one target point on the Fx-Uy relationship. The specified
calibration target (U;, F}) is the transition point at the onset of the last nonlinear segment
of the shear relationship, as illustrated in Figure 2.14. This target point was selected be-
cause it approximately corresponds to the end of the bolt bearing phase which most bolted
joints function in (Ungkurapinan, 2000). In this way, the calibrated Ky is close to the

true value achieved when the panel starts approaching failure. The resulting linear shear
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Figure 2.14: Calibration procedure for determining Kj;.

relationship is overall close to the actual nonlinear shear relationship. To determine the
calibration target point for an Fy-Uyx relationship, several transition points (typically two
to five points) were first identified via the Ramer-Douglas-Peucker (RDP) algorithm (Dou-
glas and Peucker, 1973). Then the correct transition point (as defined above) was manually
selected by visual inspection. As shown in Figure 2.14, a cantilever implemented with the
proposed surrogate model formulation was utilized to calibrate the K, (the only unknown),
for which the golden section method was employed. As will be explained in Section 2.3,
the results of this calibration were used only to train the metamodel that is provided as
one of the main outcomes of this study, and analysts will not need to repeat the manual

procedure for this class of towers in the future.

In summary, the four stiffness parameters are rigorously anchored in the panel’s me-

chanical behavior with careful simplifications and assumptions. Despite its linear element
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formulation, the surrogate model is specifically calibrated to capture two key aspects of the
nonlinear responses of transmission towers. First, the shear stiffness parameters are cali-
brated to optimally balance the pre- and post-slippage stiffness. Second, the panel capacity
is calibrated to detect any combination of axial force and bending moments (PMM) that
would lead to leg instability in the high-fidelity model. Thus, the proposed surrogate is not
a simplistic linearization that disregards the nonlinear portion of the response; rather, it
is a linear model calibrated to closely approximate the essential nonlinear features. Most
importantly, it captures the leg buckling failure through a PMM capacity surface that is
calibrated using a fully nonlinear reference model. A validation study demonstrating the

performance of the proposed surrogate model is presented in Section 2.5.

2.3 Metamodel for consistent capacity and demand simu-

lation

Section 2.2 addresses the first part of the proposed framework for portfolio analysis of
transmission towers—establishing the PMM capacity plane model and the surrogate ana-
lytical model for the abstracted two types of panel components. This section focuses on the
development of a metamodel which is motivated by the need of consistent simulation of
panel capacity and demand. At the component level, the component’s response (or demand
placed on it) should be compared with its capacity for assessing the component damage,
which can then be translated into the damage of the overall structural system. While the
components’ responses usually come from the FE analysis, the components’ capacities may
be obtained by two approaches. The first approach is to sample the components’ capacities
from separately prescribed (joint) probability distributions. For example, capacity esti-
mates were introduced for bridge components based on experimental results, surveys, and

assumptions (Nielson, 2005; Padgett, 2007). The second approach is to more rigorously
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compute the components’ capacities as a function of relevant structural parameters.

For the abstracted panel components, the first approach is hampered by the lack of
data to characterize the panels’ limit capacity surfaces, specifically Ppnax and Mymax as per
Equation (2.10). Moreover, in the context of portfolios of towers, each of the two types
of panels exhibits considerable variations (recall Section 2.2.2), and in turn the range of
the panel capacities can be very large. In this case, independent sampling of the panel
capacity without reconciling the underlying panel modeling parameters is likely to lead to
unrealistic demand-capacity pairs and thus misleading analysis results. In fact, the same
two issues are also faced when defining the panel surrogate modeling parameters (i.e., Ky,
Ky, Ky, Ks). Therefore, a procedure is needed for the consistent probabilistic simulation
of panel capacity and demand instead of treating them separately. To this end, this study
adopted the second approach and introduced a dual-purpose metamodel. Specifically, the
same set of random samples for basic structural properties is used to compute both the
panel capacity and the surrogate modeling parameters, which guarantees the consistency

of panel demand-capacity pairs. The metamodel can be mathematically represented as:

7= £(x) (2.18)

where ¥ is the prediction of the metamodel, which can be a parameter of the limit capacity
surface of the panel or of the surrogate analytical model; X represents a vector of structural
input parameters. For practical purposes, two versions of the model have been calibrated:
fste for straight panels and fj,. for inclined panels. When not specified, f will indicate both
models in the remainder of the text. The development of the metamodel is detailed in the

following two subsections.
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2.3.1 Design of experiments

Based on the panel variations discussed in Section 2.2.2, this study considered 11 input
variables for training the metamodel, as shown in Table 2.1. Encompassing both macro-
and micro-levels, these input variables were selected because they capture the most im-
portant factors determining the panel capacity and demand. To generate data for training
the metamodel, a sampling protocol or design of experiments (DoE) is typically used. The
Latin hypercube sampling (LHS) technique was employed herein to strategically cover the
design space, and the SMT Python library was utilized to handle the mixed-variable sam-
pling (Saves et al., 2024). The ranges of the 11 variables that were used to generate the
training data are also provided in Table 2.1. Note that the two types of panels are associ-
ated with different ranges for w;, while they share the same ranges for the other variables.
The ranges of w; cover the vast majority of the panels that can be found in real transmis-
sion towers. Variables sje; and sprace are integers representing standardized angle sections,
which are sorted in ascending order by sectional area (see Table A.1). Bolted connections
can vary in terms of bolt count and clearance levels, leading to differing slippage response
curves. The force and displacement values at the controlling points of these curves (see
points A to D in Figure 2.5b) are the variables determining the connection behavior, as
given in Table 2.1 (Mohammadi Darestani et al., 2020; Ungkurapinan, 2000). For the six
parameters that follow lognormal distributions, the minimum and maximum values were
calculated as the inverse cumulative distribution function (CDF) at probabilities of 1% and
99%, respectively. Concerning the ASTM A36 steel that dominates the transmission tower
inventory of the United States, the range of its yield stress was similarly defined by the

inverse CDF at probabilities of 1% and 99%.
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Table 2.1: Variables and associated ranges used in the DoE.

Variable Description Type Minimum Maximum Notes

Geometry

wy Panel top Continuous 1000.0 2500.0 Type-
width (mm) (straight), (straight), dependent

1000.0 5820.0
(inclined) (inclined)

Size

Sleg Angle size of Discrete 1 51 See Table A.1
legs

Sbrace Angle size of Discrete 1 51 See Table A.1
bracings

Connection

Force @ A Load atonset ~ Continuous 11.89 32.55 LN(20.14,4.41)
of slip (kN)

Force @ C Load at onset ~ Continuous 74.20 126.47 LN(97.51,11.21)
of plasticity
(kN)

Force @ D Maximum Continuous 136.28 181.81 LN(157.71,9.78)
load (kN)

Phase 1 Displacement ~ Continuous 0.13 0.44 LN(0.25,0.065)
at elastic
frictional load
transfer (mm)

Phase 2 Slippage Continuous 0.31 2.33 U(1.32,0.58)
length (mm)

Phase 3 Displacement  Continuous 1.01 2.83 LN(1.73,0.39)
at elastic load
transfer (mm)

Phase 4 Displacement  Continuous 1.45 4.26 LN(2.55,0.60)
at nonlinear
load transfer
(mm)

Material

F, Yield stress Continuous 228.80 363.93 LN(290.0,29.0)

(MPa)

Note: LN = lognormal (mean, standard deviation); U = uniform (mean, standard deviation).
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2.3.2 Polynomial response surface metamodel

For each sample realization of the 11 input variables of a given panel type, the 3-panel struc-
ture was designed via the panel design routine described in Figure 2.6 and Section 2.2.4.
Samples resulting in non-permissible designs were discarded, while high-fidelity FE mod-
els were automatically created for the remaining valid designs. With the high-fidelity model,
the PMM limit capacity surface was obtained as described in Section 2.2.4, and the model-

ing parameters of the surrogate analytical model were derived using the method presented

in Section 2.2.5.2.

The proposed metamodel takes the form of a second-order polynomial response sur-
face for each output quantity ¥, which was selected for its interpretability, efficiency, and
accessibility. To limit complexity and prevent overfitting, the number of input parameters
for the metamodel should be kept small. More importantly, when using the metamodel
for probabilistic simulations, samples of its input parameters need to be generated. If this
number is too large, the benefits of using the metamodel and the surrogate panel model
would be negated in comparison to using the high-fidelity model. For the purpose of fea-
ture selection, a sensitivity analysis was first conducted to rank the importance of all 11
input variables. Based on this ranking, the number of input features was varied (e.g., top
four, five, or six), and the resulting metamodels were evaluated in terms of accuracy and

complexity. It was found that using the top five features provided overall the best trade-off

between predictive performance and model complexity.

Therefore, this study pre-selected five input parameters (out of 11) for metamodel fit-
ting: the panel top width (w;, unit: mm), the sectional area of legs (Ajeg, unit: mm?), the
sectional area of bracings (Apace, UNIt: mm?), the slippage length or Phase 2 (g;p, unit:
mm), and the yield stress of ASTM A36 steel (Fy, unit: MPa). These parameters cover

all four aspects of the DoE (see Table 2.1). The top width captures the overall geomet-
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ric size of the panel. The indices of angle sections (Sieg, Sprace)—Ppreviously mentioned
in Section 2.3.1—are replaced here with the corresponding angle areas (Ajeg, Aprace) be-
cause the area is physically meaningful and can better inform the metamodel. Out of the
seven slippage modeling parameters, only the slippage length was selected; it has the most
important effect on the nonlinear shear behavior of the panel and bears the largest disper-
sion (coefficient of variation = 0.44). Finally, F, directly captures the material’s influence
on the capacity of the panel. Upon knowing wy, Ajeg, and Aprace, three stiffness param-
eters of the surrogate analytical model—Kj,, K5, and Ky—can be readily calculated by
Equations (2.12), (2.13), and (2.16). Therefore, only the K needs to be provided by the
metamodel to fully characterize the surrogate panel model for demand analysis. The in-
put vector (X) of the metamodel and the quadratically expanded predictor space (X/) are
expressed as follows:

X = [WtaAlegaAbracealslipaFy] (2.19)

/

X = [WtaAlegaAbracev lslip; Fy7 WtAleg> WtAbrace7 thslip; WtFyaAlegAbrace7Aleglslip>Aleng;

AbracelslipaAbracer; lslipr7 W;2>A12eg7Al%racev lszlip7 Fyz] (220)

As customary, the original representation of the predictors (as given in X/) was stan-
dardized before performing the regression analysis. For each predictor, the centering and

scaling is given by:

Zi= ' 2.21)

where Z; is the j' standardized predictor; XJ/. is the j'" original predictor in X u; and o;
are the mean and standard deviation of Xj/- and can be calculated from the samples. The

standardized predictors Z; can be collected in vector Z. The polynomial response surface
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metamodel in terms of the standardized predictors is now written as:

n=20
Y € [Prax, Mxmax, Kss) = f(X) = 60+ ) 6,Z; (2.22)
j=1
where @ = [0y, 0y, ...,6,] is the coefficient vector. In summary, for consistent simulation

of the panel capacity and demand, the metamodel prediction (') is one of three quantities:
Prax and Mxmax for determining the PMM limit capacity plane, and K for surrogate mod-
eling of the panel. In total, six sets of coefficients (8) need to be learnt for the two types of

panels.

Finally, ridge regression was employed for fitting the metamodel, because it can handle
robustly the pairwise correlation between predictors and affords the minimum variance in
the resulting coefficient estimates (Hoerl and Kennard, 2000; Misra and Padgett, 2019).
To determine the best value of the regularization parameter (¢&t)—a hyperparameter of the
ridge regression encoding the regularization strength—the common practice is to apply
cross-validation. In this study, the leave-one-out cross-validation was performed on the
training dataset to search the optimum o within the range of [107!°, 10!°]; the best model
was selected using the coefficient of determination (R?) as the scoring parameter. The
performance of the model was then evaluated on the previously unseen testing dataset. The

obtained metamodel and the associated evaluation are presented in Section 2.4.

2.4 Results of the metamodel

With the DoE scheme described in Section 2.3.1, large batches of FE analyses were carried
out to generate sample data for training the polynomial response surface metamodel. To
achieve stability in the metamodel forms, a convergence study was performed by generating
a series of panel samples of increasing sample sizes (i.e., 100,200, ...), where each sample

realization comprises 11 input variables for a given panel type. A sample size of 500 was
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Table 2.2: Metamodel training setup and results.

Type Purpose b Sample size  Optimum ¢ R” on R? on
training set  testing set

Straight Capacity Prax 500 0.1 0.993 0.987
My max 500 0.1 0.990 0.985

Demand K 500 1.0 0.855 0.858

Inclined Capacity Prax 483 1.0 0.964 0.965
My max 483 1.0 0.901 0.904

Demand K 483 1.0 0.866 0.862

Note: The training-testing split is set at 75% — 25%.

found sufficient for both types of panels. Table 2.2 summarizes the setup for the metamodel
training and some key results. For the inclined type, 17 samples led to non-permissible

panel designs and were disregarded; hence the sample size is 483.

To shed further light on the panel capacities and shear stiffnesses, the sample data used
for metamodel training are presented in Figure 2.15 using swarm and violin plots. The
figure shows that the ranges of Pnax, Mxmax, and Kgs observed for all sample cases are
very large for both types of panels. This confirms that, for either panel type, independent
sampling on these ranges is likely to lead to unreasonable tower models and unrealistic
panel demand-capacity pairs. As mentioned, the use of the proposed metamodel provides
the necessary consistent simulation of panel capacity and demand. It is important to note
that the panel samples were strategically generated to cover the design space for better
informing the metamodel. As a result, the sample sets of Ppax, Mxmax, and K are not
necessarily representative of their realistic distributions. To obtain the realistic distributions
or statistics of component modeling parameters and capacities, detailed inventory data or
comprehensive experimental data are required (Misra and Padgett, 2019; Nielson, 2005).
The datasets (i.e., characteristics of the sample panels and associated sample capacity and
stiffness) are portfolio-agnostic, so is the derived metamodel. The metamodel is effectively
applicable to any panel of either type within the scope defined by Table 2.1; thus, tower

design requirements can be easily incorporated afterwards for the purpose of generating
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realistic tower models, such as for the second and third use cases in Figure 2.1.

The six sets of coefficients calibrated for the metamodel in Equation (2.22) are pre-
sented in Appendix C. With only five structural input parameters (w;, Ajeg, Aprace> Istips
Fy), the response surface metamodel, in place of the high-fidelity FE model, can be used
to compute Ppax and Mymax (for determining the PMM limit capacity plane) and K, (for
surrogate modeling of the panel) efficiently and consistently. To evaluate the performance
of the metamodel, a metric must be selected, such as the coefficient of determination (R?)
or root mean squared error (RMSE). This study adopted R>—indicating the proportion of
explained variance—because it is more informative and does not have the interpretability
limitations present in other metrics (Chicco et al., 2021). For better and intuitive under-
standing, Figure 2.16 shows the predicted values versus the actual values (on the testing
set only) as well as the R? scores on both the training set and testing set. The diagonal line
represents the ideal case when the predicted value is equal to the actual value. As observed
from Figure 2.16a-d, the metamodel has good accuracy in the capacity prediction for both
types of panels. In addition, the R? scores on the training and testing sets are close, which

means that the metamodel does not suffer from overfitting.

In comparison, the metamodel shows somewhat lower accuracy in the Ky prediction
(see Table 2.2 and Figure 2.16e-f). It is tempting to attribute the lower accuracy to the
choice of only including the slippage length (out of seven slippage modeling parameters)
in the input parameters (X). However, a test analysis incorporating one additional slippage
modeling parameter (i.e., adding Force @ A, Force @ C, Force @ D, Phase 1, Phase 3,
or Phase 4 one at a time, as defined in Table 2.1) showed an insignificant improvement in
accuracy for K prediction, with the best achieved R? = 0.877. In fact, unlike the P, and
Mxmax samples, the K; samples were obtained via an additional calibration procedure (see
Figure 2.14), which introduced some noise into the fitting. The accuracy of K prediction

is possibly constrained by the inherent limitations of a second-order polynomial response
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Figure 2.16: Performance evaluation of the metamodel: (a) straight, Ppnax; (b) inclined, Ppax; (¢)
straight, Mxmax; (d) inclined, Mxmax; (€) straight, K; (f) inclined, Ki;.

surface metamodel. Given that the accuracy gain from adding one more parameter is not
justified by the cost (seven additional terms in the metamodel), the use of five input pa-
rameters is preferred and upheld. While the R? scores for the Kj prediction are less ideal

than those for Ppax and Mymax, they are still considered acceptable based on similar work
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in the field (Misra and Padgett, 2019; Segura et al., 2020). Essentially, the shear behav-
ior described by K influences the desired EDPs (PMM) indirectly (see Section 2.2.5.1).
When assessing the metamodel’s performance in a broader context, such as portfolio anal-
ysis, the prediction error becomes negligible compared to other prevalent sources of error
or uncertainty (e.g., load uncertainty, structure-to-structure uncertainty). In conclusion,
the developed metamodel demonstrates sufficient accuracy for simulating the capacity and

demand of both types of panels.

2.5 Validation and application

To perform tower failure analysis at the ‘panel component’ level, the demand placed on
each panel (or panel response) should be compared to its limit capacity. The panel failure

LS function can be expressed as:
Ui = Ppym; (Mx i,Mz ;) — P, (2.23)

where i = 1,2,.... k for a tower consisting of k panels; Ppyy;, (Mx i,Mz,;) represents the
axial force capacity of panel i, as determined from the PMM limit capacity plane under the
bending moments My ; and Mz ;; and P; denotes the axial force demand on panel i. For
a given panel, the metamodel can be used to obtain its PMM limit capacity plane and the
modeling parameter K, consistently. The demand is computed through FE analysis using
the proposed surrogate analytical model. The panel-oriented surrogate modeling concept
and formulation are rigorously developed based on the mechanical behavior of the panels.
However, in view of the assumptions and simplifications introduced therein, the accuracy of
the surrogate analytical model in computing the desired EDPs (PMM) needs to be assessed.
Some notable assumptions and simplifications include the estimation of parameters such as

K4, Ky, and K ; the calibration of parameter Kjq; and the formulation and implementation
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Figure 2.17: Validation setup illustrated with a 3-panel structure of the inclined type: (a) high-
fidelity model; (b) surrogate model; (c) decomposition of yawed wind loads.
of the beam-column element. Therefore, a numerical validation campaign was conducted
for both types of panels using 3-panel structures (Section 2.5.1). Then, fragility curves for
a full tower were derived using both the high-fidelity model and the surrogate model to

examine discrepancies in the fragility assessment (Section 2.5.2).

2.5.1 Validation by 3-panel structures

As illustrated in Figure 2.17, this part utilized 3-panel structures, where the middle panel
was considered for accuracy assessment while the top and bottom panels served to dif-
fuse the load and constraint effects, respectively. The high-fidelity model (Figure 2.17a)
was used as the benchmark for the surrogate model (Figure 2.17b) that consists of three
beam-column elements. To mimic the case of yawed wind load (F,,), four different wind
directions were considered (i.e., ¥,, = 0°,15°,30°,45°), as shown in Figure 2.17c. A ver-
tical load (Fy) was included and was set to —%Pmax of the middle panel. The vertical and
horizontal loads were applied to the top node of the surrogate model and split evenly among
the top four nodes of the high-fidelity model (Fxy =4 pr,, Fy =4 pr,, Fz =4 pr,). Note
that, for fair comparison of the computational efficiency, displacement control (displace-

ment increment = 0.001 mm) was used in the wind load analysis for both the surrogate
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model and the high-fidelity model. However, the former has the potential to achieve faster
performance because it can remain numerically stable even with large displacement or load

increments. Specifically, the validation analysis can be described as four logical steps:

1. Sample panels and create FE models: with the DoE scheme presented in Section 2.3.1,
50 middle panels were sampled for each panel type. For each permissible middle
panel (50 for the straight type while 49 for the inclined type), a high-fidelity model
and a surrogate model were created for the corresponding 3-panel structure. In partic-
ular, the metamodel derived in Section 2.4 was utilized to obtain the surrogate mod-
eling parameter K, and the PMM limit capacity plane (essentially Pyax and Mymax)

for each panel.

2. Perform FE analysis for the surrogate model: the vertical load Fy was first applied
and held constant. Then, depending on the considered wind direction, the yawed
wind load (i.e., Fx and Fz) was applied incrementally while the failure assessment
was performed for all three panels in the structure. The analysis stopped upon
the failure of any of the three panels and the achieved load level (Fx, Fy,Fz) f was

recorded.

3. Perform FE analysis for the high-fidelity model: the same load level (Fx,Fy,Fz)

was reached by first applying the vertical load Fy and then the yawed wind load.

4. Postprocess the structural responses and compare: in addition to the EDPs (PMM),
the displacement responses (Uy, Uy, Uz) and computation time were also investi-
gated. For the surrogate model, the EDPs (PMM) and displacement responses can be
easily retrieved from the element responses since a single element models one panel.
For the high-fidelity model, the EDPs (PMM) with respect to a panel were calculated
as the resultant forces acting through the centroid of the panel top using the rele-

vant element responses. The displacement responses were calculated as the average
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of the nodal displacements at the panel top. Lastly, focusing on the final state—
corresponding to the load level (Fx, Fy,Fz) ;/—the EDPs and displacement responses

given by the high-fidelity model and the surrogate model were compared.

Although the main goal is to validate the accuracy of the surrogate analytical model in
computing the EDPs (PMM)), this global validation process serves also for the validation of
the metamodel used in Step 1. This is because the panels within the 99 3-panel structures
were unseen by the metamodel (derived using a sample size of 500). Therefore, the results
and accuracy of the surrogate model should be interpreted considering these coupled ef-
fects. A total of 50 straight-type 3-panel structures and 49 inclined-type 3-panel structures
were analyzed across four wind directions, using both the high-fidelity and surrogate mod-
els. All numerical analyses were completed using a desktop computer (CPU type: Intel
Xeon CPU E5-1620 v3 @ 3.50 GHz, RAM: 32.0 GB). Figure 2.18 compares the compu-
tation time between the high-fidelity model and the surrogate model, where each box plot
mixes the two panel types and the four wind directions. The computation time shown in
the figure includes the time for FE model creation (Step 1) and for FE analysis (Step 2 or
3). However, the model creation is automated and takes almost negligible time, so the time
primarily reflects the FE analysis complexity. Figure 2.18a-b show that the high-fidelity
models take much more computation time (mean = 42.0 minutes, median = 19.3 minutes)
than the surrogate models (mean = 1.4 minutes, median = 0.7 minutes). Overall, the sur-
rogate models are more than 20 times faster than the high-fidelity models, as shown by the

pair-wise time ratio (mean = 26.1, median = 22.6) in Figure 2.18c.

Figure 2.19 compares the structural responses computed by the high-fidelity model and
the surrogate model for two example 3-panel structures: one straight-type and one inclined-
type. For the two examples shown, the surrogate model presents very good accuracy in both
the EDPs and displacement responses compared to the high-fidelity model. Similar results

were observed for the other sample structures. Finally, Figure 2.20 summarizes the results
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Figure 2.18: Comparison of computation time: (a) high-fidelity model; (b) surrogate model; (c)
time ratio between the high-fidelity model and the surrogate model.
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of all validation analyses in terms of the percentage difference which is determined as:

Percentage difference = w -100% (2.24)
Thifi

where rgyr 1S the structural response (i.e., P, My, Mz, Ux, Uy, Uz) from the surrogate
model; and ry;5 is the corresponding response from the high-fidelity model. The results
shown in Figure 2.20 are for the middle panels only whose boundary conditions are best
represented. The percentage difference in the EDPs is illustrated by box plots; the percent-
age difference in the displacement responses is illustrated by the violin plots and swarm
plots, where the hues of the dots are mapped with the absolute values of the correspond-
ing high-fidelity displacement responses (see the legend). Each plot aggregates both panel
types and the four wind directions while the last plot further combines the results of the

two lateral displacement responses.

The percentage difference in the EDPs is negligibly small: for P, mean = 0.016%,
median = 0.013%:; for Mx, mean = 0.83%, median = 0.74%; and for Mz, mean = 0.47%,
median = 0.31%. The percentage difference in the displacement responses shows slightly
larger magnitude and dispersion: for Uy, mean = 2.73%, median = 2.57%; for Uy and
Uz, mean = 4.17%, median = 3.25%. The larger discrepancies occur in cases where the
displacements are very small, as indicated by the colors of the dots. In these instances, the
percentage difference may appear to be large, even though the absolute difference between
the responses of the two models is effectively very small. This issue is relevant to the top

portion of the plot for Uy and Uz, as well as the entire plot for Uy.

In summary, with the high-fidelity model as benchmark, the above results validate that
the proposed surrogate analytical model (and implicitly the metamodel) has satisfactory
accuracy in computing the EDPs (PMM) and displacement responses. Meanwhile, the

surrogate model also offers significant simplicity and efficiency in FE model creation and
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Figure 2.20: Percentage difference of structural responses regarding the middle panels.

computation.

2.5.2 Application in a full tower model

Given that nonlinear effects tend to amplify with increasing panel count, the performance
of the proposed surrogate model within the context of a full-height tower was investigated.
The assessment was twofold: first, pushover analyses were performed under transverse
and longitudinal load cases, and the resulting load-displacement curves were compared;
second, fragility curves under stochastic hurricane wind loads derived by the high-fidelity

model and the surrogate model were compared.

The tangent suspension tower used for validation is of height 15.22 m, and the angle
sections of the various members are given in Figure 2.21a. For the purpose of comparing
the high-fidelity and surrogate models, the angle sections were assigned without following
a formal tower design process. Additionally, the top straight panel was assumed to serve
as the peak of the tower and support the ground wire. Figure 2.21a shows the high-fi-
delity model of the tower, where the slippage parameters and yield stress were set to their
mean values listed in Table 2.1. The capacities of the angle members were calculated by

Equation (2.3). Figure 2.21b shows the surrogate model of the tower. The metamodel input
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data for all eight panels within the tower—and in turn the FE model and the panel capaci-
ties—were treated as known and deterministic. In addition to the basic body composed of
the straight and inclined panels, the crossarms and peak need to be modeled in order for the
loads at the attachment points to be transmitted to the tower body. Assuming that the peak
and crossarms do not fail, this study models them with the elastic Bernoulli beam-column
element available in OpenSees (McKenna et al., 2010). As illustrated in Figure 2.21b, each
crossarm is modeled with two elements using the same stiffnesses (K,, Ky, K) as the
panel that it is attached to. The peak (i.e., the top panel) is modeled with one element that
share the same stiffnesses (K,, Ky, Kir) as panel 8. As a result, the tower is effectively
modeled by a series of beam-column elements, with each panel surrogate paired with the

consistent PMM capacity.

For the purpose of load calculations, the tower was assumed to support six phase con-
ductors (Bluebird: unit weight = 2.511 Ib/ft or 36.62 N/m, diameter = 1.762 inch or 4.48
cm) and one overhead ground wire (3/8 HS: unit weight = 0.273 1b/ft or 3.984 N/m, di-
ameter = 0.36 inch or 0.914 cm). The spans ahead of and behind the tower were assumed
to be equal (span length = 600 ft or 182.9 m) and level. The wind loads were calculated
using the static equivalent gust wind loads model which can provide a reasonable hurricane
wind load pattern (ASCE, 2016; Mohammadi Darestani et al., 2020). The expression for

the wind force (F) is the following:
F=(0.613-K,-Kq-Ky K- V?)-G-Cs-A, (2.25)

where K; is the velocity pressure exposure coefficient; K;, K;; and K, are respectively the
directionality factor, the topographic factor and the elevation factor, and they are taken as
1 (Mohammadi Darestani et al., 2020); V is the 3-second gust wind speed at 10 m above
ground; G is the gust effect factor; Cy 1s the force coefficient; and A, is the area projected

on the plane perpendicular to the wind direction. K, reflects the effect of height (z) and
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Figure 2.21: (a) High-fidelity tower model; (b) Surrogate tower model, and an illustration of the
transverse wind load case (the loads are not drawn to scale). Note that the dimensions of the angle
profiles are in inches, and further information on these profiles can be found in Table A.1
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terrain and can be calculated as:

max(4.75,z)) @ (2.26)

K. =201 (
g

where o = 9.5 and z, = 274.32 m, assuming exposure category C.

Three uncertain variables (K, G, and Cr) were considered, for which probabilistic mod-
els from the literature were adopted (Ellingwood and Tekie, 1999). Specifically, K, follows
a Normal distribution with mean calculated by Equation (2.26) and coefficient of variation
(c.0.v.) equal to 0.16; G also follows a Normal distribution with mean equal to 0.85 and
c.o.v. equal to 0.11; and Cy follows a Normal distribution with mean set to 1 for wires
or calculated by 4®? — 5.9 + 4 for tower body (where ® is the solidity ratio) and the
c.o.v. equal to 0.12. Figure 2.21b illustrates the load application for the case of transverse
wind. As mentioned earlier, the longitudinal loads (L) at the attachment points are negli-
gible and thus taken as zero. The wind-induced transverse loads (L7) are determined using
Equation (2.25). The vertical loads (Ly) are calculated as the weight of the wire supported
plus the weight of the associated hardware assembly. Moreover, the direct wind loads on
the tower (Fr) are calculated segment-wise by Equation (2.25) and are applied at the nodes
closest to the points where the loads are calculated. I.e., in the high-fidelity model, each Fr

load is evenly distributed among the associated four nodes.

Pushover analyses were performed for two load cases: transverse and longitudinal. The
wind load profiles were determined assuming a wind speed of V = 60m/s, with the three
uncertain variables set to their mean values. The pushover analyses for both the high-fi-
delity and surrogate models were carried out using displacement control. At each analysis
step, failure checks were executed: the high-fidelity model assessed leg member failure
based on individual capacities, while the surrogate model evaluated panel failure according

to Equation (2.23). The analyses were terminated upon the occurrence of any leg failure in

57



the high-fidelity model or any panel failure in the surrogate model.

Figure 2.22 presents the load-displacement relationships for the two load cases, where
the displacement corresponds to the transverse or longitudinal displacement recorded at
the tip node. As expected, the surrogate model produces linear load-displacement curves,
while the high-fidelity model exhibits nonlinear behavior due to slippage and other non-
linear etfects. Nonetheless, the relationships given by the surrogate model remain in good
agreement with those of the high-fidelity model across both load cases. For the transverse
load case, the high-fidelity tower failed at a load factor of 2.9, with a corresponding tip
displacement of 119 mm. The failure occurred in one of the compressive legs in the bottom
panel. Although the other compressive leg on the same side did not fail simultaneously, it
was very close to failure. In comparison, the surrogate tower failed at a load factor of 3.1,
with a tip displacement of 129 mm. The failure occurred in the bottom panel, which aligns
with the failure location observed in the high-fidelity model. For the longitudinal load case,
where wind only induces loads on tower body, higher load factors were required to cause
failure. The high-fidelity tower failed at a load factor of 12.1 with a tip displacement of 107
mm. Similar to the transverse case, one compressive leg in the bottom panel failed, while
the other compressive leg was near failure. The surrogate tower reached failure at a load
factor of 13.3 with a tip displacement of 128 mm. The failure occurred in the bottom panel,
consistent with the failure location in the high-fidelity model. In both load cases, the results
from the surrogate model were close to those of the high-fidelity model. The discrepancy
in the load factor at failure is 7% for the transverse case and 10% for the longitudinal case.
While such difference would be unacceptable for the study of an individual tower, it is well
within the range of approximations done for portfolio fragility model development. It is
worth highlighting that the pushover analysis for each loading condition took over 30 min-
utes on an Apple M3 processor, whereas the surrogate model completed the same analysis

in just a few seconds on the same hardware.
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Figure 2.22: Comparison of load-displacement relationships.

For the purpose of fragility curve derivation, the 3-second gust wind speed was selected
as the intensity measure (IM), and the fragility curves were derived for the transverse wind
direction. Following an approach similar to that presented by Shinozuka et al. (2000), 500
IM levels were randomly sampled within the range of [80, 130] m/s using LHS. At each IM
level, three wind load samples were generated based on the aforementioned distributions,
and corresponding static equivalent wind analyses were performed. For each analysis, the
tower response was recorded as either failure or survival, thus providing a set of fragility
observations. In total, 1500 FE analyses were conducted for both the high-fidelity model
and the surrogate model. The fragility curves were fitted assuming a LN distribution, with

the median (6,) and standard deviation (f3.) estimated by the maximum likelihood method.

The fragility curve derived from the high-fidelity model had parameters (6, = 94.7,
B. = 0.00354), while that from the surrogate model had (6, = 97.9, B. = 0.00246). The
median values—the IM level with 50% probability of failure (Py)—indicate a 3.2 m/s shift,
or a 3.4% discrepancy; the standard deviations show a 30.5% discrepancy. It should be
noted that the variation in 8, generally has the first-order effect on fragility values, whereas

that in B, has the second-order effect (Shinozuka et al., 2000; American Nuclear Society,
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1982). For instance, Baker (2015) indicated that a c.o.v. between 0.06 and 0.08 for 6., and
between 0.20 and 0.40 for 3., may be acceptable for seismic fragility estimates of build-
ings. Similarly, previous work suggested that a 5% difference in the median and disper-
sion would be adequate for seismic fragility estimates of bridges (Padgett and DesRoches,
2007). Therefore, the discrepancy between the fragility curves derived by the surrogate
model and the high-fidelity model is in line with the level of accuracy generally expected
in these applications, and is deemed acceptable, especially given the intended use of the

surrogate model for portfolio-scale analysis.

2.5.3 Limitations and future studies

It should be noted that the proposed surrogate panel model employs a linear element for-
mulation and yet accounts for nonlinear effects. For example, the calibration of the shear
stiffness reflects the connection behavior, with consideration of potential slippage. This
type of approximation works very well for panels exhibiting modest nonlinear behavior,
but it may become inaccurate in cases of strongly nonlinear response. Moreover, the de-
fined failure LS and EDPs are focused specifically on capturing leg buckling, which can
trigger global instability and ultimately tower collapse. While this is the most common fail-
ure mode, it must be acknowledged that other members can fail, and intermediate failure
modes (e.g., partial collapse) may occur, which would not be captured well by the pro-
posed surrogate. This limitation is particularly relevant for other classes of towers (e.g.,
tension towers), which are designed to resist longitudinal loads and may experience failure
primarily in bracing members rather than legs. Finally, the metamodel is trained based on
the configurations provided in Table 2.1, and caution should be exercised when applying it

to extrapolated scenarios beyond this training set.

When developing a computational model for probabilistic simulation, three key objec-

tives are typically sought: (1) mechanical accuracy; (2) a small number of modeling pa-
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rameters, which facilitates the probabilistic calibration of the input; and (3) computational
efficiency, which enables analysts to run extensive cases and investigate effectively the
probabilistic space. Traditional models of transmission towers (called ‘high-fidelity mod-
els’ herein) offer a trade-off among these goals that largely favors mechanical accuracy, at
the expense of the other two goals. This trade-off is ideal when studying a single tower, and
such models are indeed commonly used in that context. This study introduces a new com-
putational model (called ‘surrogate’) that strikes a different balance: it achieves extremely
low computational cost and a small number of modeling parameters, at the expense of some
potential loss of accuracy. This different balance is particularly appealing when studying
portfolios of towers, such as all transmission towers in the Florida power system. In such
cases, computational speed is essential, and the ability to calibrate just a small set of prob-
abilistic model parameters to capture structural variability across the portfolio makes the

effort practical.

Moreover, in the context of portfolio analysis, a small loss of accuracy at the individ-
ual structure level becomes tolerable, because aggregate results are less sensitive to the
response of individual structures (Rincon and Padgett, 2024). Indeed, the results show
that the model’s ability to capture structural stiffness and capacity is not affected by bias
(see Figure 2.16). Therefore, individual under- and over-estimations may offset each other
across the portfolio. For a global assessment of the expected monetary loss in transmission
lines due to a hurricane, this level of accuracy is entirely appropriate, and the simplicity of
the model makes large-scale analyses feasible. Ditferent types of decisions call for differ-
ent modeling strategies; this study introduces a new class of models for towers, specifically

tailored to support portfolio-level decision-making.

In this sense, one major contribution of this work—beyond the specific surrogate model
presented—is a rational procedure for developing and evaluating mechanical models that

are particularly suitable for large-scale probabilistic analysis. This procedure can be ex-
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tended to develop alternative models that offer different trade-offs or target other structural
systems. For example, future studies could explore the use of nonlinear beam elements
as panel surrogates. While such models would entail a modest increase in computational
cost and roughly twice the number of modeling parameters, they may yield higher accu-
racy. Similarly, the procedure could be adapted to develop panel-based surrogate models
for telecommunication towers, following the same calibration strategy and performance

assessment steps presented in this study.

2.6 Concluding remarks

This study abstracts panels as the basic components of transmission towers and proposes
physics-based surrogate models of panels, which enables efficient panel-level finite element
modeling of towers and panel-based tower failure analysis under hurricane winds. In con-
trast to existing studies that conventionally used the high-fidelity, member-level modeling
approach for deriving archetype tower fragilities, the proposed approach targets the need
of modeling and analyzing heterogeneous portfolios of towers in the context of regional-
scale analysis. The methodology described can be applied to all types of lattice steel towers.
With a focus on the panels in double-circuit transmission towers, the failure limit state (LS),
engineering demand parameters (EDPs), and the surrogate analytical model (via the beam-
column element formulation) are coherently established. Further, a polynomial response
surface metamodel is introduced for consistent simulation of panel capacity and demand.
The accuracy and efficiency of the proposed surrogate analytical model are examined for

the cases of 3-panel structures and a full-tower example.

Specifically, two types of panels (i.e., straight and inclined) were abstracted as the basic
components from the construction and mechanical perspectives. The broad variations of

panels in the scope of portfolios of towers were characterized from the aspects of topology,
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geometry, size, connection, etc. Throughout the study, the high-fidelity, 3-panel structure
models with connection details were utilized as the reference or benchmark. This study
defined the panel failure LS as corresponding to the leg buckling and proposed using the
axial load and two bending moments (PMM) as the EDPs. A batch of numerical experi-
ments revealed that the PMM limit capacity surfaces for both types of panels are planes in
the 3D space. Moreover, retaining all nonlinearities associated with the high-fidelity model
offers little advantage in computing the desired EDPs. Thus, this study proposed using
one 3D elastic beam-column element for surrogate modeling of one panel, where the axial,
shear, bending and torsional modes are condensed into four corresponding stiffness param-
eters. Furthermore, a response surface metamodel was developed to translate the usual and
known structural properties of panels into the surrogate modeling parameters and PMM
capacity planes, while overcoming the potential issue of unrealistic demand-capacity pairs

inherent to the direct sampling approach.

The proposed surrogate analytical model showed good accuracy with negligibly small
percentage difference in the computed EDPs compared to the high-fidelity model. In the
full-tower fragility curve estimation, the use of the surrogate tower facilitated the prob-
abilistic simulation by using a small set of parameters, and the computational cost was
minuscule (e.g., a finite element analysis required only several seconds). In the considered
example, the surrogate model introduced a 3.4% discrepancy in the median parameter of
the estimated fragility curve. This level of error renders the model inappropriate for the
study of individual structures and their reliability. However, the complexity of portfolio-
scale analyses and the need to limit the computational cost of each finite element evaluation

make some level of compromise in accuracy common in practice.

As a persistent challenge faced by the research community in regional risk assessment,
the availability and fidelity of data (or information) often poses huge constraints even if

low-fidelity structural models are used. The aforementioned features offered by the pro-
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posed surrogate model, as well as the consistent simulation of panel capacity and demand,
require the metamodel input data for all panels of each sample tower, which is not trivial.
Tower inventory data can ideally be obtained from utility companies or reconstructed us-
ing a tower design module. Alternatively, such lack of data essentially presents a source of
epistemic uncertainty, whose effect can be accounted for via rigorous uncertainty character-
ization and propagation. Sensitivity studies can help explore the role of information fidelity
and the relative importance of associated uncertainties, thereby guiding efforts in data col-
lection and uncertainty treatment (Nielson and DesRoches, 2006; Padgett and DesRoches,

2007).
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Chapter 3

Parameterized class fragility model for transmission
towers under hurricane wind

3.1 Introduction

Risk and resilience assessment has increasingly shifted from the scale of individual struc-
tures to regional or network scales, which involve heterogeneous portfolios containing hun-
dreds or even thousands of assets (structures) (Silva et al., 2019). Such portfolios inher-
ently exhibit inter-structure variability (also known as structure-to-structure variability).
Fragility analysis is a key component of risk and resilience modeling frameworks. In prac-
tice, fragility models—also termed fragility functions or fragility curves—are widely used
to predict the damage levels of physical assets (Melchers and Beck, 2018). At the re-
gional scale, however, fragility modeling must account not only for the load uncertainty
and intra-structure uncertainty (also known as within-structure uncertainty), but also for

the additional complexity of inter-structure uncertainty.

Two mainstream families of approaches exist for fragility modeling: archetype fragili-
ties and parameterized (class) fragilities, distinguished primarily by how they address inter-
structure uncertainty. The archetype approach is more common, largely due to its similar-
ity to single-structure fragility development and historical precedent, while parameterized
fragilities remain less studied. Archetype fragilities are developed by selecting a few repre-
sentative (or index) structures from the portfolio or class, then deriving a fragility model for

each. This procedure follows the conventional single-structure framework, accounting only
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for intra-structure and load uncertainty. In application, each archetype fragility is assigned
to the subset of the portfolio it best represents. However, this approach has notable draw-
backs. First, it provides only a coarse representation of portfolio fragility, capturing het-
erogeneity at low resolution, which can mislead downstream risk and recovery assessments
(Rincon and Padgett, 2024). Second, the selection of representative archetypes is typically
based on basic structural characteristics (e.g., via clustering or classification) rather than
directly on damage/fragility outcomes (Porter and Cho, 2013; Silva et al., 2019). As a re-
sult, it is difficult to ensure that the chosen archetypes truly represent the ‘mean’ fragility
of their subsets, leaving potential bias in the results. In contrast, parameterized fragility
models explicitly characterize and propagate inter-structure uncertainty. Rather than re-
lying on a few representative structures, this approach involves probabilistic simulation of
hundreds or thousands of structures, depending on portfolio heterogeneity. These fragilities
are expressed as functions of a vector of parameters, such as structural features, site condi-
tions, system configurations, and material properties. This parameterization enables flex-
ible fragility models that capture heterogeneity more rigorously and provide finer-grained
and more reliable regional damage assessments. Parameterized fragility models have been
developed for classes of bridges (Ghosh et al., 2013; Misra and Padgett, 2019), wood dis-
tribution poles (Mohammadi Darestani and Shafieezadeh, 2019), and buildings (Seo et al.,

2012; FEMA, 2020).

Despite progress in some asset classes, parameterized fragility models remain scarce—
and in many cases absent—for critical infrastructure such as lattice transmission towers
used in electric power networks. Historical hurricanes have repeatedly shown the vulnera-
bility of these towers (NERC, 2018; U.S. Department of Energy, 2013; Schweikert et al.,
2019). While many studies have developed single-structure or archetype-based fragilities
for transmission towers (Cai et al., 2019; Dikshit and Alipour, 2023; Fu et al., 2019; Ma

etal., 2021a; Macedo et al., 2024; Tian et al., 2020), to the best of our knowledge, no param-
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eterized fragility models exist for transmission towers. This gap limits the quality of risk
and resilience assessments for power transmission networks and, by extension, other inter-
dependent infrastructure systems. A major challenge in developing class fragility models
for transmission towers is the lack of suitable surrogate models. Traditionally, towers have
been analyzed using high-fidelity finite element (FE) models of varying complexity, where
hundreds of members were explicitly modeled to capture member-level buckling failures
(Mohammadi Darestani et al., 2020; Ma et al., 2021a) While appropriate for single-tower
analysis, these models are impractical for class fragility development. High-fidelity models
are computationally expensive, demand detailed input data that are infeasible to collect at
the portfolio scale, and are not well suited for efficient probabilistic simulation. Chapter 2
introduced physics-based surrogate models of lattice panels, enabling efficient panel-level
FE modeling of towers and panel-based failure analysis under hurricanes. This approach
provides a pathway toward portfolio-oriented, parameterized fragility models for transmis-

sion towers (Wang and Bocchini, 2025b).

Building on the aforementioned surrogate models, this chapter presents the derivation
of parameterized fragility models for a general class of transmission towers under hurricane
winds, using dynamic analysis. Section 3.2 outlines an eight-step framework for develop-
ing parameterized class fragility models, following a well-established approach, but also
introducing several original details and recommendations for best practice. In Section 3.3,
we demonstrate the framework through an application to the Florida transmission line port-
folio, a region highly prone to hurricanes. We propose an efficient method for modeling
tower—line systems. For uncertainty modeling of the tower class, we introduce a novel
approach that transforms the uncertainty in transmission line design variables into uncer-
tainty in surrogate-compatible modeling parameters via a design module and conversion
step. Furthermore, we present a strategy for efficient and sufficient uncertainty propaga-

tion, based on hierarchy of the uncertainties. The results of the parameterized fragility
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models are then presented, along with sensitivity analysis and discussion. Section 3.4 con-

cludes with a summary of the main contributions and findings.

3.2 Development of parameterized class fragility models

This section revisits the framework for developing parameterized class fragility models,
with a focus on analytical fragilities derived by structural analysis. The framework consists
of eight common steps, as shown in Fig. 3.1. For clarity, each step is presented in a dedi-
cated subsection, with the corresponding application demonstrated in Section 3.3. Fragility
curve development is a broad topic, and modeling choices at each step can be highly asset-
and hazard-dependent. Our goals are: (1) to present the framework at a high level, inde-
pendent of specific hazards or assets, by clearly identifying the general task of each step
and introducing formal mathematical notations where appropriate; and (2) to highlight typ-
ical modeling choices and practices, supported by illustrative examples, while pointing out

associated challenges and potential pitfalls.

When modeling a portfolio of assets, a large number of input parameters (or variables)
are typically involved. In the context of fragility development, these parameters can be
broadly divided into four types, which will be used throughout this chapter. For clarity,
the definition and notation of each type are briefly summarized below, while more detailed
explanations are provided in the following subsections.

* Type I: Parameters used for asset classification, denoted as vector X I— [XII,le, .. ,X}l . ].
These may be quantitative (e.g., number of stories) or qualitative (e.g., construction
material) structural characteristics and must be available to the analyst, as they are
required to apply the developed fragility model. A specific set of Type I parameters
defines a class of assets with shared characteristics but still some inter-structure vari-

ability. For instance, in seismic damage assessment, highway bridges are classified
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Figure 3.1: Common steps for developing portfolio-oriented, parameterized fragility models. The
dashed line indicates the optional revision/iteration process informed by sensitivity analysis.
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by characteristics such as girder material (FEMA, 2020).

Type II: Parameters used to tune the (class) fragility model, often referred to as
tuning parameters, denoted as vector X' = [X[1 xIT .. ,X1]. Also these must be
known by the analyst, who has to specify their values to adjust the fragility model.
Type II parameters can be seen as a way to define more granular subclasses within
a Type I class, offering flexible (and potentially infinite) combinations rather than a
few fixed categories. For instance, seismic fragility models of highway bridge classes

are parameterized by span length and skew angle, among others (FEMA, 2020).

Type I1I: Parameters are assumed to be unknown by the analyst and treated as random
variables, denoted as vector X" = [x{" X2 .. X!, Their uncertainties are propa-
gated and embedded in the fragility model. Examples include material strengths and

damping ratio.

Type IV: Parameters that are fixed at deterministic nominal or conventional values,
denoted as vector X" = [x[V xIV .. ,X}V]. These either exhibit negligible variabil-

ity or have minimal impact on the outcome. For example, a strain-hardening ratio of

0.01 is a widely accepted default for modeling bilinear steel material.

Lastly, there is the intensity measures /M, capturing the intensity of the hazard event at

the site of the asset. Sometimes multiple intensity measures are used for the same fragility

model (e.g., gust wind speed and direction). Some modelers consider the intensity mea-

sure(s) part of the Type II variables, but given its special role, in this study we prefer to

treat IM as a separate class of variables. For a given asset class, the parameterized fragility

for a certain limit state is expressed as the conditional probability Pf‘ x1.7y- This formula-

tion is distinct from traditional fragility models, Pyj;ys, which are conditional only on IM.

Sometimes, parameterized fragility models are also referred to as ‘multi-dimensional’ or

‘multivariate’. Once the tuning parameters are specified (X! = x'1), the tailored fragility
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Pf| x1_yi.7, Teduces to the familiar two-dimensional fragility curve, with intensity measure
on the horizontal axis and probability of reaching or exceeding a given limit state on the ver-
tical axis. It is often desirable to represent fragility models with an analytical model, such
as the lognormal (Mohammadi Darestani and Shafieezadeh, 2019; FEMA, 2020) or logis-
tic (Misra and Padgett, 2019; Rincon and Padgett, 2024) cumulative distribution functions
(CDF). In such cases, the parameters of the analytical curve are expressed as functions of
the tuning parameters (i.e., Type II variables). For example, if the lognormal CDF is chosen
as analytical representation of the fragility curve, the probability of reaching or exceeding

a certain limit state at /M = im and with tuning parameters X' = x' is given by:

ln(im/O(xH))> G

Pf‘XII:xII;IM:im - ( B (x1)

where ®(-) is the standard normal CDF; 6 (x'") and B (x") denote the median of the lognor-
mal distribution and the standard deviation of the associated normal distribution, respec-
tively. Both 0 and 3 are expressed as functions of the tuning parameters; thus, parameter-
izing a class fragility requires identifying the functional relationships between the Type 11
variables and the fragility curve parameters. In most cases, these relationships are obtained
by calibrating separate models (‘metamodels’), such as polynomial response surfaces. The

estimates of the fragility curve parameters obtained by these models are denoted as 6 (x')

and f(x1).

3.2.1 Step 1: Characterization of asset portfolio

For developing portfolio-oriented fragility models, characterizing the portfolio of assets is
essential. However, data on entire portfolios are often difficult to obtain and may even be
inaccessible for security reasons in the case of critical infrastructure. Common sources

of portfolio data include: (1) public inventory data, such as the National Structure Inven-
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tory (U.S. Army Corps of Engineers, Hydrologic Engineering Center, 2025) and National
Bridge Inventory (FHWA, nd); (2) targeted data collection using field surveys (Porter and
Cho, 2013); (3) proprietary data purchased from vendors; (4) synthetic inventory data gen-
erated using statistical or simulation-based methods (Deierlein et al., 2020). In practice,
portfolio data are often incomplete or imperfect, necessitating imputation. The availabil-
ity and fidelity of data directly influence (key) modeling choices, such as the selection of

tuning parameters and portfolio modeling, as will be discussed later.

Once portfolio data are available, understanding and characterizing the heterogeneity of
assets within the portfolio is a critical step. This typically involves classifying or clustering
assets based on salient structural characteristics—Type I parameters (X'). A given portfolio

may consist of a single class or, more commonly, multiple classes.

3.2.2 Step 2: Structural model definition

This work focuses on analytical fragility models, which entail physics-based, mechanical
representations of structural response, in contrast to non-analytical fragility models derived
from expert judgment or post-event damage observations. The appropriate analytical ap-
proach depends on the asset and hazard type, and the modeler must decide among options
such as dynamic versus static analysis, linear versus nonlinear, or closed-form versus FE
models (Silva et al., 2019). Because closed-form solutions are rarely available and typ-
ically rely on restrictive assumptions, FE models are most often required. Accordingly,
the following discussion of structural and load model definitions focuses on FEM-based

analysis.

For portfolio- or regional-scale analysis, models of varying complexity can be used,
ranging from high-fidelity models to simplified or surrogate models. Choosing the appro-

priate model is both important and nontrivial. The choice should be guided by three main
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factors. First, the model must compute the relevant engineering demand parameters (EDPs)
and capture the governing failure modes and limit states (LSs). High-fidelity models gener-
ally provide more detailed and accurate response quantities, but simplified models can also
capture key behaviors and deliver comparable accuracy when carefully calibrated (Patsialis
and Taflanidis, 2020; d’Aragona et al., 2020; Wang and Bocchini, 2025b). Second, the
number of models required to represent portfolio heterogeneity must be balanced against
computational cost. High-fidelity models are time consuming to build and analyze, and this
makes them particularly suitable for archetype-based fragility studies, which rely on only
a few representative structures. In contrast, parameterized fragility modeling, as pursued
here, often involves hundreds or thousands of structural realizations, where simplified or
surrogate models become essential to enable large-scale simulations while still capturing
portfolio heterogeneity. Third, and sometimes overlooked, is the information (data) re-
quired to construct the simulation model. A higher-complexity model offers little benefit if
it requires input data that are not available with sufficient confidence for the application at
hand. Any potential gains in simulation accuracy are often offset by the large uncertainties
introduced when assigning poorly known parameter values for the entire portfolio. Thus,
the complexity of the model should be commensurate with the type and quality of data

available (Lu et al., 2020; Yi et al., 2025).

In general, high-fidelity nonlinear models excel in mechanical adequacy but face limi-
tations in computational tractability and data demands. Simplified models, while less de-
tailed, can provide practically useful results and perform well in these latter aspects, mak-
ing them favorable for portfolio-scale applications. For example, the number of parame-
ters needed to meaningfully represent different asset classes is typically moderate, ranging
from a few units to a few dozen (Nielson, 2005; Patsialis and Taflanidis, 2020), whereas

the number of modeling parameters in high-fidelity models can easily be in the hundreds.

In the field of class fragility curve development, models with a relatively high level
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of simplification and surrogation have been preferred. For example, for bridge fragility
development, it is customary to use finite element models that capture the behavior of
complex structural components with zero-length finite elements. For instance, the complex
geometry and mechanics of a bridge abutment dissolves into only a couple of parameters
controlling its active and passive stiffness. This simplifies the generation of random bridge
samples while preserving the ability to correctly capture the structural response (Nielson,

2005).

3.2.3 Step 3: Load model definition

Loads can be static or dynamic, with corresponding analyses carried out using static pro-
cedures or dynamic time history analysis (DTHA). Despite its higher computational cost,
dynamic analysis is preferred because it explicitly captures load duration, transient effects,
and event-to-event variability, whereas static analysis largely misses these aspects and can
yield biased results. For dynamic loads, either recorded or synthetic time histories may
be employed, such as ground motions (Wen and Wu, 2001; Ancheta et al., 2014) or wind

velocity histories (Khazaali et al., 2022).

Fragility development requires analyses over a range of hazard intensities to bring the
structure to relevant damage or failure states. A key question in this step is which inten-
sity measure to use.While the literature on earthquakes provides extensive discussion and
criteria for intensity measure selection (Padgett et al., 2008; Giovenale et al., 2004)—such
as efficiency, practicality, and hazard computability—studies for other hazards (e.g., hur-
ricanes, hail, floods, wildfires) remain comparatively limited. Nevertheless, many of these
criteria are transferable across hazards. In the context of regional analysis, the criterion of
hazard computability is particularly important; it refers to the level of effort required to ob-
tain the probabilistic hazard or hazard curve. If a fragility model depends on an unavailable

intensity measure, its use becomes infeasible or requires conversions that may introduce
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error and bias. For example, hurricane wind intensity maps are typically expressed in 1-
min maximum sustained wind speed (MSWS), consistent with the Saffir—Simpson scale
(Wikipedia contributors, 2025c). Using alternative intensity measures such as the 3-sec
gust or hourly mean wind speed requires conversion factors (SEA et al., 2010), which are
often unreliable and can produce large errors (Khazaali et al., 2022). Thus, 1-min MSWS
is the preferred intensity measure for hurricane wind fragility development on the basis of

hazard computability.

3.2.4 Step 4: Selection of tuning parameters

For a given asset class defined by Type I variables, once the structural and load models have
been selected, all model parameters are identified. These parameters can then be catego-
rized into Types II, III, and IV based on the definition given earlier. Type IV parameters—
fixed at nominal or conventional values—are usually straightforward to assign (e.g., grav-
itational acceleration, mesh size in FE models). In contrast, both Type II and Type III
parameters exhibit variability that can have a meaningful influence on fragility outcomes.
Therefore, their effects should be captured in the class fragility model, albeit in different

ways.

The selection of Type Il parameters (user-specified tuning parameters) should respect
the principle that they are known by analyst using the fragility curves. These parameters
are explicitly included in the class fragility expression (Pf‘ x'.py) to tailor the model to sub-
class characteristics. In practice, the number of Type II parameters is typically limited to
only a few. For example, five tuning parameters were used in wind fragility models for
wood poles (Mohammadi Darestani and Shafieezadeh, 2019), and four tuning parameters
were specified in the seismic fragility models for highway bridges (FEMA, 2020). Notably,
while fragilities could in theory be parameterized with respect to Type Il parameters, this

approach undermines practical usability—similar to the hazard computability issue (Sec-
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tion 3.2.3)—because users would need to estimate values for these unknown parameters.
Instead, Type III parameters are transparent for the user of the fragility curves, even though
their uncertainty is rigorously propagated and incorporated in the fragility model (see Sec-

tion 3.2.6).

It should be noted that the influence of Type II and Type III parameters on fragility out-
comes is often unclear beforehand, so their categorization and treatment partially rely on
engineering judgment. A more rigorous approach is to use sensitivity analysis to systemat-

ically assess parameter influence and adjust their treatment accordingly (see Section 3.2.8).

3.2.5 Step 5: Design of experiments on tuning parameters

As noted earlier, parameterization of the class fragility model aims to establish functional
relationships between the tuning parameters and the distribution parameters. These re-
lationships are typically approximated using metamodeling methods, which require a set
of input-output pairs. Exploring the entire input space X' is often infeasible or unnec-
essary. Therefore, design of experiments (DoE) is commonly used to strategically cover
the input space and generate the required input—output pairs. Specifically, a set of ny sam-
ples 2" = {xlll, . ,xgs}, with x}l € R, is obtained from the DoE, and the correspond-
ing outputs are evaluated for each design point. In our lognormal case, the outputs are
¥ =6y,...,6,] and B = [Bi,...,B]. yielding input—output pairs {.2", 9} for 6 (x") and
{2, B} for p(x").

A wide range of DoE techniques exists, from classical methods such as factorial and
central composite designs to modern approaches like Monte Carlo sampling and Latin hy-
percube sampling (LHS). The choice of technique depends on factors including the number
of inputs, the size of the design space, and the characteristics of the underlying functions

(Viana et al., 2021). It is important to note that, unlike real-world experiments affected
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by noise and inherent variability, computer simulations are deterministic: repeated runs
with the same inputs produce identical outputs. Randomized DoE methods (e.g., LHS) can
introduce variability in the design to mimic real-world effects. However, this should not
be confused with the randomness used in uncertainty propagation, which serves to sample
input distributions and propagate uncertainty through the model. Deterministic DoE (e.g.,
factorial designs) is equally valid and, in many cases, preferred due to its transparency and

simplicity.

3.2.6 Step 6: Uncertainty characterization for uncertain variables

The uncertainty characterization step involves, for each i Type II DoE point x!', defining
the joint distribution of the n3 Type III parameters X! (treated as uncertain variables). This
distribution is denoted by F;m (xM), i =1,2,...,n,. The joint distributions enable direct
sampling for efficient probabilistic simulation to propagate uncertainty (see Section 3.2.7).
Below we highlight three important aspects of uncertainty characterization in the portfolio

context.

First, the joint distribution F)im (x') generally differs across DoE points, since each set
of tuning parameters corresponds to a different ensemble of structures with potentially dis-
tinct inter-structure variability. Thus, the distribution should be characterized for each DoE
point. It is generally advisable to keep the number of DoE points (n;) and the dimension
(n3) at tractable levels. Second, uncertainty characterization at the portfolio scale requires
careful consideration of information fidelity, as some ‘translation’ is often needed to move
from available data to the mechanical parameters required by the simulation models. For
instance, while available building data may include the number of stories, construction
material, or design code specification, the mechanical model requires parameters such as
stiffnesses and masses. This translation inevitably introduces uncertainty—interpreted as

information fidelity—arising from incomplete data and/or the choice of translation method
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(Y1 et al., 2025). Different strategies exist for this process. Heuristic or data-driven rule-
sets are often used to map common descriptions of buildings into mechanical parameters
of reduced-order models (d’Aragona et al., 2020; Lu et al., 2020). Other studies have re-
lied on experimental data, surveys, or simplifying assumptions to derive parameters for
bridge classes (Nielson, 2005; Padgett, 2007). Wang and Bocchini (2025b) presented a
regression-based approach that translates raw attributes of lattice structures (e.g., geomet-
ric dimensions, member areas) into surrogate-compatible modeling parameters (e.g., stiff-

nesses, capacities), informed by large-scale numerical simulations.

A third important, yet often overlooked, aspect of uncertainty characterization is the
damage (or limit state) dependency among components of multi-component structural sys-
tems. Consider a system with n, > 1 components, and let £ denote the composite of com-

ponent limit states within the system:

4, Ci — Dy
¢ C,—D

e=|7=|"7 7?|l=c-p 3.2)
gnc Cnc - Dnc

where ¢; denotes the limit state of the 7™ component, and ¢ j < 0 indicates that the com-
ponent has reached the specified limit state; C; denotes the capacity of the 7 component,
collected in the capacity vector C; D; denotes the response (or demand) of the 7™ compo-
nent, collected in the demand vector D. The system limit state is given by £ = ¢ (£), where
¢ 1is a function determined by the system configuration (e.g., series, parallel). Component
damage dependency is generally considered from two perspectives: demand dependency
(Gokkaya et al., 2017; Chen et al., 2022; Goda and Tesfamariam, 2015) and capacity de-
pendency (Baker et al., 2024; Chen et al., 2024). Ultimately, these two aspects should be

integrated to ensure realistic assessment of component and system damage; neglecting this
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can lead to serious bias (Xie, 2025). In simple terms, capturing component damage depen-
dency requires a dependence (or correlation) structure that accounts for both demands (D,
or upstream mechanical modeling parameters) and capacities (C) across all components
and damage states. A common approach for representing the dependency structure among
variables is to use a copula (Chen et al., 2022; Goda and Tesfamariam, 2015). The sought

joint distribution F;(m (x"1) can be expressed using a copula as:

;I (i I i (I R
(") = € (B (). B, ... R (1)) 33)
where copula C' is the function that links the marginals F)élm (), ., Fi () of the ran-
n3

dom vector X! to its joint CDF F

it Various types of copulas exist, among which the

Gaussian copula is commonly used and requires a linear correlation matrix (Lataniotis
et al., 2015). It should be noted that characterizing joint distributions often relies on sim-
ulation or even expert judgment, as direct empirical data remain elusive (especially for

capacity-related parameters).

3.2.7 Step 7: Uncertainty propagation

The characterized uncertainties—both intra- and inter-structure—together with load uncer-
tainty, need to be propagated and embedded in the fragility model. To this end, correlated
samples can be generated directly based on the joint distribution F)im (x11); let the sample
size be denoted by n,. Let n; denote the number of loads (static or dynamic) paired with

each structure. The total number of FE analyses required is then n,, - n;.

Procedures originally developed for single-structure fragility derivation, such as incre-
mental dynamic analysis and multiple stripes analysis (Baker, 2015), can be generalized
to class-level fragility derivation with appropriate accommodation of inter-structure uncer-

tainty. A key modeling choice is how large n, and n; should be (the so-called structure-load
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pairing problem) to ensure that uncertainty is sufficiently propagated—so that the resulting
fragility model (or its parameters) stabilizes with minimal computational cost. Addressing
this requires understanding the relative dominance among different sources of uncertainty.
The guiding principle is straightforward: given a fixed computational budget, prioritiz-
ing the propagation of the dominant source of uncertainty is the most effective and effi-
cient strategy. For most realistic asset classes, inter-structure uncertainty tends to dominate
(Silva et al., 2019). This implies that, under resource constraints, allocating more samples
to n, (structures) rather than n; (loads) is generally the more efficient choice. Section 3.3.7
demonstrates how to rigorously determine the uncertainty hierarchy and use it to strategi-

cally guide uncertainty propagation.

Finally, for the i Type II DoE point x}l, once the structural analysis data are collected,
we fit them to the selected lognormal distribution to obtain (6;, ;). Depending on how
the structural analysis data are obtained, different parameter estimation techniques may fit,
such as the method of moments or maximum likelihood method (Baker, 2015; Shinozuka

et al., 2000).

3.2.8 Step 8: Metamodel for tuning parameters

The last step is to construct the functional relationships 6(x") and f(x!!) using the in-
put—output pairs { 2,8} and {2, B}, respectively. For this purpose, various metamod-
eling techniques can be employed. The best metamodel is typically unknown in advance.
Therefore, it is common practice to train and compare multiple metamodels before select-
ing the optimal one (Ghosh et al., 2013). This process has become relatively straightfor-
ward, facilitated by popular machine learning packages such as scikit-learn (Pedregosa
et al., 2011). Commonly used metamodels include, but are not limited to, polynomial re-
sponse surface (PRS), random forest (RF), Extreme Gradient Boosting (XGBoost), and

support vector regression (SVR) (Murphy, 2012). PRS models are simple and interpretable
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but may struggle with highly nonlinear relationships and have been regularly used in pa-
rameterized fragility studies (Mohammadi Darestani and Shafieezadeh, 2019; Misra and
Padgett, 2019). Both RF and XGBoost are tree-based ensemble models capable of captur-
ing nonlinearities and interaction effects. SVR 1is a kernel-based method that extends sup-
port vector machines to regression problems, with different kernel choices such as linear
or radial basis functions (RBF). These four metamodels are also applied in the Application

section.

To evaluate and compare the performance of different metamodels, appropriate goodness-
of-fit measures should be selected, such as the coefficient of determination (R?) and mean
absolute percentage error (MAPE). The R? quantifies the proportion of variance in the de-
pendent variable that is explained by the independent variables. The MAPE measures the
relative discrepancies between predicted and observed values, offering a standardized met-
ric for model performance. Metamodels with good predictive performance are character-
ized by high R? and low MAPE. Once the best metamodel is selected—i.e., the functional
relationships of the tuning parameters are established—the parameterized fragility model

is obtained.

A further, beneficial step is sensitivity analysis (SA), which provides insight into the
relative influence of the Type II parameters (those exposed for tuning) and even Type 111
parameters (those embedded in the fragility model). The results can inform adjustments
to parameter categorization or uncertainty treatment, facilitating model refinement. This
represents an ideal iterative workflow for fragility development, as illustrated in Fig. 3.1.
For instance, if certain Type III parameters are found to have minimal impact on the final
fragility, they can be fixed at median or nominal values (i.e., Type IV), thereby simplifying
uncertainty propagation (Padgett and DesRoches, 2007). Numerous approaches are avail-
able for performing sensitivity analysis. These can be classified into sample-based meth-

ods (e.g., input/output correlation), linearization methods (e.g., perturbation method), and
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global methods (e.g., Sobol” sensitivity indices, Kucherenko sensitivity indices) (Marelli
etal., 2019). In this study, three sensitivity metrics are considered (see Section 3.3.9.2) and

are described below.

Let V denote a general output, which can be certain structural response or failure frac-
tion. Let U represent the general input random vector, which may include Type II and Type
III parameters. Two correlation-based sensitivity measures are commonly used due to their
simplicity: the linear correlation coefficient and the Spearman’s rank correlation coeffi-
cient. These measures remain applicable even when the input variables are dependent. The

linear correlation coefficient p; between the i™ input and the output is defined as:

def E[(U; — i) (V — uy )]

where U; def E[Uj] and uy def E[V]; o; and oy are the corresponding standard deviations.
However, linear correlation is known to be inaccurate in the presence of strong nonlinear
dependence between variables. A more robust alternative is the Spearman’s rank correla-
tion coefficient (pg), which relies on monotonicity. It is defined as the linear correlation

between the ranks:

pf < ps(UV) = p(Ri,Ry) (3.5)

While input/output correlation coefficients can provide insight into the influence of indi-
vidual inputs on the output, they cannot capture interactive effects among inputs. Global
sensitivity analysis is therefore preferred, as it considers the entire input domain. Sobol’
sensitivity indices (Sobol, 2001) are perhaps the best-known global method, but they are
only valid under the restrictive assumption of independent input variables. For dependent
input variables, alternatives such as ANalysis of COVAriance (ANCOVA) sensitivity in-
dices (Xu and Gertner, 2008) and Kucherenko sensitivity indices (Kucherenko et al., 2012)

have been proposed. Both generalize Sobol’ indices to the dependent case and are based
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on variance decomposition. In this study, the Kucherenko indices are adopted. The two
major variance-based sensitivity indices with respect to one input variable U; are the first-
order index, which represents the effect of U; alone, and the total index, which includes the

interaction effects between U; and other inputs.

3.3 Application

This section applies the above framework to develop parameterized fragility models for a
general class of lattice transmission towers, focusing on the electric transmission network
in hurricane-prone Florida. The following Sections 3.3.1 — 3.3.8 are structured according to
the eight steps of the framework, while the derived fragility models and sensitivity analysis

results are presented in Section 3.3.9.

3.3.1 Florida transmission line portfolio and representative tower class

Fig. 3.2 shows the transmission lines in Florida, spanning five voltage levels from 69 kV
to 500 kV (Homeland Infrastructure Foundation-Level Data (HIFLD), 2022). The total
line lengths by voltage level are presented in Fig. 3.3, where it can be seen that 230 kV
lines account for the largest share. A transmission line consists of two subsystems: the
wire system (e.g., conductors, ground wires, insulators) and the structural support system
(e.g., lattice towers, poles). This study focuses on the fragility of the structural support
system, while fragilities of the wire system can be found in dedicated studies such as Ma
et al. (2020). Transmission line supporting structures can be broadly grouped into four
types: single poles, double poles (H-frames), self-supporting towers, and guyed towers.
This classification is coarse, as further distinctions (e.g., angle versus tangent, suspension
versus tension) are possible (Kalaga and Yenumula, 2017). Among these, single poles,

double poles, and self-supporting towers are the most common (see Fig. 3.4), while guyed
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Figure 3.2: Geographic distribution of transmission lines in Florida by voltage level.
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Figure 3.3: Transmission line lengths by voltage level. For 230 kV and 500 kV lines, the total
lengths are further decomposed by structure type, as indicated in the legend.
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Figure 3.4: Examples of transmission line supporting structures: a single pole, a self-supporting
tower, and a double pole.

towers are less frequently used. Generally, poles dominate across transmission voltages
due to their low cost and ease of construction, whereas lattice towers are more often used

in higher-voltage lines that entail long spans and heavy loads.

While the dataset (Homeland Infrastructure Foundation-Level Data (HIFLD), 2022)
provides basic information such as geographic location, voltage, and line length, it does
not include details of the specific supporting structures. Because this study focuses on
lattice towers, we collected additional structural data, restricting attention to higher-voltage
transmission lines (230 kV and 500 kV) in Florida. The objectives were twofold: (1) to
document structural characteristics and (2) to characterize portfolio heterogeneity. To this
end, we performed GIS-based visual mapping using Google Earth Pro (Google LLC, nd)
to document supporting structures along the transmission lines. For each line, we identified
the support type, number of circuits, and cross-arm arrangements through visual inspection,

and we measured span lengths between adjacent towers using built-in measurement tools.
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The structural composition for the 230 kV and 500 kV lines is summarized in Fig. 3.3. For
230 kV lines, single poles, double poles, and self-supporting towers are most prevalent,

whereas for 500 kV lines, double poles and self-supporting towers dominate.

In this application, we focus on a representative class of self-supporting towers: suspen-
sion and tangent towers with double circuits and a vertical crossarm configuration (SST2V).
This class is common and particularly vulnerable to hurricane winds; an example tower is
shown in Fig. 3.4. Towers in this class also exhibit substantial structure-to-structure vari-

ability.

3.3.2 Efficient modeling of tower-line system

Fig. 3.5(a) shows a schematic of the tower-line system for the selected class of transmis-
sion towers, together with the orientation of the hurricane wind loads. High-fidelity models
consisting of hundreds of members have traditionally been used to simulate such tower-line
systems (Mohammadi Darestani et al., 2020; Ma et al., 2021a; Dikshit and Alipour, 2023).
As discussed in Section 3.2.2, these models are computationally expensive, require de-
tailed input data that are impractical to collect at the portfolio scale, and are unsuitable for
efficient probabilistic simulation. This study proposes an efficient modeling approach for
transmission tower-line systems. As illustrated in Fig. 3.5(b), the methodology is com-
prised of two parts: (1) treating cables as loads by directly simulating time histories of
end forces at the attachment points rather than modeling the cables explicitly in the FE
model; (2) representing panels as the basic structural components using physics-based sur-
rogate analytical models, rather than modeling hundreds of individual members. Detailed

descriptions of the two parts are provided below.

Recognizing that the cables, including both overhead ground wires (OHGW) and con-

ductors, act as loads on the supporting towers, we treated the cables and the turbulent wind
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Figure 3.5: (a) Schematic of a transmission tower-line system under hurricane winds. (b) Effi-
cient modeling of the transmission tower-line system (partially adapted from Wang and Bocchini
(2025b)). All models considered are 3D although shown here in 2D for simplicity. Loads at cable
attachments and on the tower body are shown schematically; in simulations, they are decomposed
into three Cartesian directions. Illustrations are not to scale.

acting on them as applied loads, directly representing the forces transmitted at the attach-
ment points. Previous studies have shown that the wind-induced response of cables can
be approximated analytically using a modal superposition method, given that the behavior
of the cables can be linearized around the static mean wind response (Wang et al., 2017a;
Ma et al., 2021a; Wang and Bocchini, 2023). For details, readers are referred to these
references. In this study, we extended this approach for class-scale modeling, accommo-
dating any wire system configuration within the tower class. The implementation allows
for variations in conductor and OHGW type, number of peaks (i.e., number of OHGWs),
attachment point arrangement (vertical and horizontal), cable tension, span length, yaw
angle, wind intensity, among others. The methodology primarily involves calculating the

cross-spectral density matrix (CSDM) of the modal displacement vector:

S.(f) =H(f)So(f) [H*(f)]" (3.6)

where H(f) is the transfer matrix encapsulating the structural properties of the cables lin-

earized at their mean-wind state; f denotes frequency (Hz); So(f) denotes the CSDM of
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the generalized force vector and is a function of the wind spectrum and coherence func-
tion (Wang et al., 2017a). Invoking modal participation coefficients and performing fur-
ther transformations allows computation of the CSDM of the end forces at all (seven or
eight) attachment points, S,(f). At each attachment, three force components along three
directions—transverse, longitudinal, and vertical—are considered. With S,(f), time his-
tory samples of the end forces can be generated via the spectral representation method
(SRM) (Ma et al., 2021a; Deodatis, 1996), resulting in an ensemble of 7-3 = 21 (single-

peak) or 8 - 3 = 24 (double-peak) correlated time histories.

For modeling the lattice transmission towers, this study adopts physics-based surro-
gate models of panels, which allows efficient panel-level FE modeling and panel-based
tower failure analysis under hurricane winds (Wang and Bocchini, 2025b). As illustrated
in Fig. 3.5(b), each tower can be effectively modeled by a series of beam-column elements,
with each element capturing the mechanical behavior of one panel. Each panel (straight
or inclined) is described using six abstract parameters: panel height (%), panel mass (m,,),
axial stiffness (Ky,), bending stiffness (Kj;), torsional stiffness (K ), and shear stiffness
(Ks5). Crossarms and peak(s) are also included to transfer loads from the attachment points
to the panels. For each ‘panel component’, the failure limit state is defined as correspond-
ing to the buckling of any of the legs in compression. This can be quantitatively captured
by three EDPs: the axial force (P) and the two bending moments (Mx, Mz), collectively
referred to as PMM. The PMM capacity surfaces are well approximated as planes (see
Fig. 3.5(b)) and can be fully characterized by two quantities: Ppnax and Mxmax(= Mzmax)-
The EDPs are obtained from FE analysis, while the PMM capacity planes are determined
consistently via polynomial response surface metamodels (Wang and Bocchini, 2025b).
The panel-oriented surrogate modeling approach is well suited for the tower class under
study, and it captures the main mechanical failure mode of lattice transmission towers (i.e.,

leg buckling) which can trigger tower collapse. The approach has been rigorously cali-
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brated and validated against high-fidelity models and demonstrates comparable accuracy
in computing EDPs and fragility derivation (Wang and Bocchini, 2025b). The surrogate
model enables highly efficient model creation and computation. This efficiency is espe-
cially valuable at the portfolio scale, where simulations of hundreds or thousands of towers
are required. Furthermore, the surrogate model relies on only a small number of model-
ing parameters. As a result, we only need to calibrate a small set of probabilistic model
parameters to capture structural variability across the portfolio. This greatly facilitates the
uncertainty characterization and probabilistic simulation for uncertainty propagation (see

Section 3.3.6).

3.3.3 Dynamic wind load analysis

First, we selected the 1-min MSWS as the intensity measure, primarily due to its hazard
computability (recall Section 3.2.3). As shown in Fig. 3.5(b), the wind-induced loads con-
sist of loads transmitted from the cables at the attachment points, and wind loads acting
directly on the tower body. The simulated end force time histories are long (> 60 min).
Following the recommendation of Ma et al. (2021a), we extracted 2-min time histories that
contain the one minute of turbulence associated with the MSWS. This 2-min window was
identified using the moving average technique, representing the period of maximum dy-
namic loading on the tower (the most critical period during a hurricane). The load histories

were then applied at the attachment points as nodal loads.

In addition to the cable-transmitted forces, wind also imposes direct loads on the tower
body. For this purpose, we used the synthetic repository of wind velocity time histories
developed by Khazaali et al. (2022). This repository provides wind samples across a broad
range of intensities and up to a height of 60 m, which sufficiently covers typical transmis-
sion towers. Specifically, in consistency with the duration of the end force time histories,

we used the 2-min long wind velocity time histories. These samples are organized by 1-min
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MSWS, ranging from 19 m/s to 85 m/s in 1 m/s increments. To compute the wind loads
on tower body, the tower is typically divided into segments (each consisting of multiple
panels). The dynamic wind load on segment k at time ¢ is then calculated as follows (Ma

et al., 2021a; Wong and Miller, 2010):

Fui(t) = Q Vi (1) = V()] [1 +0.28in2(2%)] (CrisAmis c08> ¥ + Cp A sin® ¥)

(3.7
where Q denotes the air density coefficient; V,, ;(¢) denotes the wind velocity fluctuation at
time ¢ regarding segment k; V() is the velocity at the centroid of segment k at time ¢ and
is obtained from FE analysis; ¥ is the yaw angle; Cy x and Cp  represent the transverse
and longitudinal force coefficients for segment k, respectively; Apyx and Ay, represent
the net areas of segment k in the transverse and longitudinal directions, respectively. It
should be noted that the wind load here is computed using the difference between the
wind velocity fluctuations and the velocity of the tower components, a simplified approach
commonly used to account for aerodynamic damping (Holmes, 2007; Yasui et al., 1999).
Moreover, Eq. (3.7) gives the resultant force, which was then decomposed into transverse
and longitudinal directions based on the yaw angle. As customary, the calculated wind

loads on each segment were applied at the node closest to the segment’s centroid.

Dynamic time history analysis was performed in OpenSees (McKenna et al., 2010)
to apply the two wind-induced loads with a time step of 0.01 sec. The Newton-Raphson
algorithm was adopted for the solution procedure, and the Newmark average-acceleration
method was employed as the integrator. Convergence was checked using the relative energy
increment criterion with a tolerance of 107>, At each time step, the demand placed on each
panel (or panel response) was compared to its limit capacity. The failure limit state of the

7 panel in the tower is determined by:

;= Pomm; (Mx j, Mz, ;) — P; (3.8)
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where j = 1,2,...,n. for a tower consisting of n. panels; PPMMJ. (Myx,j, Mz ;) represents
the axial force capacity of panel j, as determined from the PMM limit capacity plane under
the bending moments My ; and M7z ;; and P; denotes the axial demand on panel j. Given
that panel failure can trigger global instability and ultimately tower collapse, the tower (a
multi-component system) limit state is determined by treating it as a series system (Wang

and Bocchini, 2025b):

L =UL;<0=min({y, ..., ,) <0 (3.9)

3.3.4 Selected tuning parameters

For the considered class of transmission towers in Florida, five tuning parameters (X'
were pre-selected a priori to parameterize the class fragility model: voltage, design wind
speed, number of peaks (i.e., number of OHGW), span length, and yaw angle. Table 3.1
summarizes these parameters along with the valid ranges considered in this study. Impor-
tantly, all five tuning parameters are known or easily accessible, with example data sources
(not exhaustive) indicated in Table 3.1. This ensures the direct usability of the parame-
terized fragility model. The 500 kV lines were excluded because this class of towers is
not used at that voltage, according to the data collection (Section 3.3.1). The 69 kV lines
were also omitted, as they are typically classified as sub-transmission, and the use of lattice
towers in such lines is expected to be negligible. The design wind speeds considered here
are 3-sec gusts based on wind maps of a 50-year return period (7, = 50) (Wong and Miller,
2010), reflecting that the vast majority of the existing transmission towers were designed
according to these earlier standards. It should be noted that the actual design wind speed
for a tower may vary from the basic wind map values due to local regulations or project-
specific requirements. The number of peaks (corresponding to the number of OHGW) can

be one or two. The span length levels were determined from the 230 kV line data collection,
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Table 3.1: Selected five tuning parameters for the class of transmission towers.

Parameter Notation Range Number of Example
variations data source
Voltage XlIl 115, 138, 230kV 3 GIS data (Homeland
Infrastructure
Foundation-Level Data
(HIFLD), 2022)
Design wind speed qu 90, 100, ..., 150 mph (40, 7 Basic wind speed map
45, ...,67m/s) (Wong and Miller, 2010)
Number of peaks X1 1,2 2 GIS-based mapping
(Section 3.3.1)
Span length Xt 400, 500, ..., 1400 ft (122, 11 GIS-based mapping
152, ...,427m) (Section 3.3.1)
Yaw angle xi 0°,15°,...,90° 7 GIS data (Homeland

Infrastructure
Foundation-Level Data
(HIFLD), 2022),
hurricane wind map
(National Hurricane
Center, 2025)

but they are representative of typical values for other voltages as well (Wong and Miller,

2010). The yaw angle depends on both the orientation of the transmission line and the rel-

evant wind direction; the latter may be obtained from a hazard module or hurricane wind

map. Consistent with common practice, the yaw angle was considered in 15° intervals (Ma

et al., 2021a; Dikshit and Alipour, 2023; Cai et al., 2019).

From a fragility perspective, the selection of design wind speed, span length, and yaw

angle was informed by previous studies, which have demonstrated their significant influ-

ence on tower fragility (Ma et al., 2021a; Cai et al., 2019). Although no direct evidence

links voltage to tower fragility, it was included because supporting structure design is gov-

erned by the electrical function (Kalaga and Yenumula, 2017). The number of peaks was

selected due to the significant contribution of cable loads to the overall loading. The actual

influence of these two parameters on fragility outcomes is assessed in Section 3.3.9.
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3.3.5 Experimental designs

Considering the five tuning parameters and their variations listed in Table 3.1, the full input
space comprises 3234 combinations. To strategically and economically cover this space,
we applied the generalized subset design (GSD) technique (Anderson et al., 2020), which
generalizes traditional fractional factorial designs to factors with more than two levels, as in
our case. A reduction factor of 6 was specified, reducing the number of experiments to 538
(ng = 538). Thus, to obtain the functional relationships between the tuning parameters and
the lognormal parameters, @ (x!) and f3(x!1), the inputs are given by the 538 DoE points
in 2 = {x],... ,x15138}, with x!! € R?, and the corresponding outputs are ¥ = [6),... ., O53g]

andﬁ = [ﬁl,...,ﬁ538].

3.3.6 Uncertainty modeling of the tower class

As mentioned in Section 3.2.6, uncertainty characterization should be carried out for each
DoE point to obtain the joint distribution of the Type III uncertain variables, denoted as

Fi

e (xHI), i=1,2,...,538. There are several challenges in characterizing the uncertainty

of tower modeling parameters (e.g., stiffnesses, capacities). Beyond some basic informa-
tion, real tower data are largely unavailable. Moreover, unlike well-studied frame structures
for which rulesets exist to translate generic building information into model-ready param-
eters, no such empirical rules have been established for transmission towers. As a result,
directly assigning uncertainties to the modeling parameters would be infeasible or highly
unreliable if based solely on judgment. To address these challenges, Section 3.3.6.1 intro-
duces a novel approach that transforms uncertainty of transmission line design variables
into uncertainty of surrogate-compatible modeling parameters through a dedicated design
module and conversion step. Specifically, we characterize uncertainty in transmission line

design parameters, for which more data are available and confidence is higher. These un-
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certainties are propagated through the tower design module to generate batches of synthetic
tower designs. The resulting raw design data are then converted into surrogate-compatible
modeling parameters, thereby transforming the uncertainties from the design parameter

space into the Type III parameter space.

Section 3.3.6.2 presents the uncertainty characterization using the post-converted batch
tower modeling parameters. First, interpolation rules are established to reduce the number
of uncertain parameters to a fixed set of 23. These 23 parameters comprehensively capture
the modeling and analysis of the entire tower class; they include both mechanical and
capacity parameters, explicitly accounting for component damage dependency. Finally, the
joint distribution of these 23 parameters at each DoE point is obtained through statistical

inference, with a Gaussian copula employed to represent the dependence structure.

3.3.6.1 Generation of tower designs incorporating design uncertainty

The use of the design module for generating synthetic tower designs and transforming
design uncertainty is illustrated in Fig. 3.6. The process begins by characterizing the un-
certainty in transmission line design variables for each DoE point. In total, seven primary
design variables (grouped into three design phases) were identified based on available lit-
erature and judgment, with their probabilistic distributions summarized in Table 3.2. All
seven variables were assumed to be mutually independent. Note that Table 3.2 applies to all
538 DoE points. For each DoE point, the LHS technique was employed to generate samples
of the design variables, with each realization corresponding to a tower design produced by
the design module. Since the seven variables include a mix of categorical, continuous, and
discrete types, the LHS implementation from SMT (Saves et al., 2024) was used to handle

this heterogeneity.

The cable design precedes and dictates the design of supporting towers. Conductor
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Figure 3.6: Flowchart of transforming design variable uncertainty into surrogate modeling parame-
ter uncertainty through tower design and data conversion. The single-peak and double-peak draw-
ings are illustrative only and not to scale.

Table 3.2: Uncertain design variables with corresponding probabilistic distributions.

Design aspect Design variable Notation Type Distribution
Cable design Conductor - Categorical ~ Uniform on conductor
database (Table D.1)
OHGW - Categorical Uniform on OHGW
database (Table D.2)
Tension percentage (%) pT Continuous  Triangular (15,20,25)
Tower geometry Shield angle (°) Ochicld Continuous Uniform (20, 30)
and topology
Tower size Coefficient in Ryle’s kw Continuous Uniform
formula for tower weight (0.0014,0.0018)
Number of different leg s Discrete Uniform (2,6)
sizes in a tower
Number of different brace Rbs Discrete Uniform (2,6)

sizes in a tower
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and OHGW were assumed to follow uniform distributions based on the databases provided
in Appendix D. Note that the applicable conductor database depends on the line voltage,
following the minimum conductor size recommendations (U.S. Department of Agriculture,
Rural Utilities Service, 2015). The tension percentage refers to the horizontal cable tension
(Tp,), relative to its rated tensile strength (RTS): 7, = pt - RTS. This tension percentage is
typically set around 20% (CIGRE Study Committee B2, 2016), and a triangular distribution

with a mode of 20% was assumed in this study.

The tower design can be divided into three aspects: geometry, topology, and sizing,
and an in-house code was developed following relevant standards and practices. While de-
tailed procedures are omitted here, a high-level overview is provided below. The geometry
and topology design are primarily governed by electrical requirements, such as shielding
angle and various electrical clearances. The shielding angle, illustrated in Fig. 3.6, deter-
mines how the OHGW protects the conductors from lightning strikes. Its value influences
geometric dimensions such as crossarm widths and was assumed to follow a uniform dis-
tribution based on typical industry values (Kalaga and Yenumula, 2017). Typical values for
various clearances were adopted from the literature (Kalaga and Yenumula, 2017; U.S. De-
partment of Agriculture, Rural Utilities Service, 2015). For double-peak towers, the peak
height (f,eax) Was set to a nominal value of 1 ft (0.3048 m), while the horizontal separation
between two ground wires (xpeak) varies according to design. For single-peak towers, Apeak
may vary, while x,eax = 0. The design loads were computed considering two extreme wind
load cases (Wong and Miller, 2010): one with a yaw angle of 0° and the other with 30°. As
1s common practice in tower design, the entire tower was treated as a single segment with a
uniform solidity ratio and a uniform net area for the purpose of load calculation. Based on
typical reference values from the literature (Wong and Miller, 2010; Tapia-Hernédndez and
Sordo, 2017; Mara, 2013), we used a uniform solidity ratio € = 0.25 (corresponding to a

force coefficient of 2.775 by 4&? — 5.9¢ 4 4), and a unit uniform net area A,, = 0.55 m? /m.
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The tower size design is governed by structural requirements (ASCE, 2015). The Ryle’s
formula was used to estimate the tower weight during the preliminary design stage (Ryle,
1946):

VVtower = kW 'Htower : MGL (3-10)

where ky is a coefficient assumed to follow a uniform distribution based on typical values;
Hiower 1s the tower height; and Mg, denotes the overturning moment at the ground line.
Moreover, along the tower height, from bottom to top, the structure not only tapers in
its geometric dimensions but also typically employs progressively smaller leg and bracing
members. Consequently, multiple leg and bracing sizes can exist within a single tower. In
this study, both the number of leg sizes (n;5) and the number of bracing sizes (nps) were
assumed to follow a uniform distribution on (2,6), based on literature and engineering
judgment (Ma et al., 2021a; Dikshit and Alipour, 2023; Mara, 2013). To ensure design
realism, it was further enforced that leg members are always larger than or equal to bracing

members within the same panel.

The design module outputs raw tower design data, including geometric dimensions and
the sizes of leg and bracing members. For each panel surrogate (see Section 3.3.2), six
mechanical parameters are needed: hj,, m,, Ky, Ky, Ky, and K. In addition, two ca-
pacity parameters, Pnax and Mx max, are required to fully define the panel’s PMM capacity
plane. We employed rigorous conversion equations (for Ky,, Ky, and K;) together with re-
sponse surface metamodels (for K, Pmax, and Mx max) to translate the raw tower data into
surrogate-compatible modeling parameters (Wang and Bocchini, 2025b). The metamodels
were derived for two panel types (straight and inclined) to predict the surrogate modeling
parameters and PMM capacity planes consistently, using five inputs: panel top width (w;),
leg sectional area (Aje,), brace sectional area (Appace), connection slippage length (g;p), and
the yield stress of ASTM A36 steel (F)). For a given tower, the first three inputs were

supplied directly by the tower design module. The slippage length was randomly sampled
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from a uniform distribution (lower bound = 0.31 mm, upper bound = 2.33 mm) and applied
consistently across all panels within the tower (Ungkurapinan, 2000). Similarly, the yield
stress was sampled from a lognormal distribution (mean = 290.0 MPa, standard deviation

=29.0 MPa) and was also applied consistently to all panels within the tower.

3.3.6.2 Statistical inference of joint distributions

Using the post-converted batch tower modeling parameters, a joint distribution is now
sought for each DoE point to represent the corresponding uncertainty. However, two chal-
lenges arise. First, the number of panels varies among towers, so the number of Type III
parameters is not fixed. This variability renders the derivation of the joint distribution non-
tractable. Second, even with the surrogate modeling approach, a single tower may still
involve a large number of parameters, making the derivation of the high-dimensional joint

distribution challenging.

To overcome the aforementioned challenges, interpolation rules based on two reference
panels were proposed. Due to the tapering geometry and decreasing member sizes from
bottom to top, panel parameters within the same tower exhibit discernible trends. Fig. 3.7
illustrates the variations of the eight parameters along the panels for two example towers.
Panel numbering starts from 1 at the bottom and increases upward. Tower 1 has 12 panels
(five straight and seven inclined), while Tower 2 has eight panels (three straight and five
inclined). Parameters of all straight panels show minimal variation, whereas those of in-
clined panels display more pronounced variation, following predictable patterns that can be
approximated using linear, quadratic, or cubic functions. Similar trends were consistently
observed across the generated batch tower designs; the two examples are shown here for
clearer visualization. Therefore, we proposed two reference panels: the bottom straight
panel (the lowest straight panel in the straight tower body) and the bottom inclined panel

(the bottom panel of the entire tower). Guided by the observed trends and the physical
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Figure 3.7: Actual and interpolated variation of surrogate modeling parameters across panels along
the tower height for two example towers.
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meaning of the parameters, we established the following rules. Let vy and vy, denote any
of the eight parameters of the reference bottom inclined panel and the reference bottom
straight panel, respectively. For a given tower, the parameters of all straight panels were
assumed equal to the corresponding parameters of the reference bottom straight panel (vg).
For inclined panels, let A denote the panel number whose parameters are to be interpolated,
and let v, represent any generic parameter of that panel. Different interpolation functions
were applied to different parameters. Specifically, linear interpolation was used for 4, m,,
Ku, K¢, Pmax, as follows:
A—1

VA =Vine— 57—
A inc }Lstr_l

(Vine = Vstr) (3.11)

where Ay, denotes the panel number of the reference bottom straight panel. We proposed

quadratic interpolation for Mx max, as follows:

A — Asr
1 - A‘SU‘

2
Vi = Vstr + ( ) (Vinc - Vstr) (3.12)

Finally, cubic interpolation was used for K, and K :

A — Ase
1= Aser

3
V) = Vsr + ( ) (Vinc - Vstr) (313)

Fig. 3.7 also compares the actual and interpolated values for the two example tow-
ers. While the interpolation is not perfect, the interpolated values closely follow the actual
values and preserve the general trends well. A few points are worth noting. First, the
slight loss of accuracy is considered acceptable in the context of portfolio-scale analysis,
where inter-structure variability typically dominates and several approximations already
exist (e.g., surrogate modeling, curve fitting). Second, this interpolation is specifically in-

tended to address the two challenges in deriving joint distributions for class-scale analyses;
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Table 3.3: Type III parameters for the class of transmission towers.

Parameter Unit  Notation Type
Xpeak if double-peak (fpeak = 1 ft); m X1 Continuous
hpeax 1f single-peak (xpeak = 0)

Width of cross-arms m X Continuous
Number of straight panels - X Discrete
Number of inclined panels - XiH Discrete
Height of the bottom straight panel m xi Continuous
Mass of the bottom straight panel kg X6III Continuous

Axial stiffness of the bottom straight panel N X Continuous
Bending stiffness of the bottom straight panel N-m? XE%H Continuous
Torsional stiffness of the bottom straight panel N-m? X1 Continuous
Shear stiffness of the bottom straight panel N X 1%1 Continuous
Maximum axial capacity of the bottom straight panel N XlnlI Continuous
Maximum bending capacity of the bottom straight panel ~N-m x4 Continuous
Height of the bottom inclined panel m X1H3I Continuous
Mass of the bottom inclined panel kg X Continuous
Axial stiffness of the bottom inclined panel N Xllg Continuous
Bending stiffness of the bottom inclined panel N-m*>  X{§  Continuous
Torsional stiffness of the bottom inclined panel N-m? X 11%1 Continuous
Shear stiffness of the bottom inclined panel N X' Continuous
N

Maximum axial capacity of the bottom inclined panel XM Continuous
Maximum bending capacity of the bottom inclined panel ~N-m leg Continuous
Conductor - X3 Categorical
OHGW - inzl Categorical
Tension percentage % X Continuous

for single-tower analyses, the joint distribution is not required and interpolation could be
avoided. Third, these interpolation functions share the same spirit as the rulesets used in
buildings, such as assuming uniform distributions for mass and stiffness across stories (Yi
etal., 2025; Lu et al., 2020). Our approach may also provide guidance for other slender lat-

tice structures, such as telecommunication towers. Finally, the joint distribution F! ; (x'™)

Xlll
pertains to a fixed set of 23 Type III parameters, as summarized in Table 3.3. Note that
the last three parameters also belong to the design uncertain variables introduced in Sec-

tion 3.3.6.1. They are included in this joint distribution to capture the correlation between

the tower structure and the loads transmitted from the cables (i.e., the tower—line system).

The joint distribution F)im (x) was obtained by statistical inference from the batch data

generated for the i DoE point. We adopted the copula formalism to represent this multi-
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variate distribution, using a Gaussian copula to capture the dependence structure among the
23 parameters (see Section 3.2.6). Statistical inference thus involved two steps: (1) fitting
the marginals )élm (), ..., ;5131 (x}1), and (2) estimating the Gaussian copula C'. For the
last three parameters in Table 3.3, the marginals were already prescribed (see Table 3.2),
so only copula inference was required to capture tower—line correlation. For marginal in-
ference of the remaining 20 parameters, an automated approach was used (Lataniotis et al.,
2015): each parameter was fitted to 12 candidate distributions (‘Uniform’, ‘Normal’, ‘Log-
normal’, ‘Gumbel’, ‘GumbelMin’, ‘Weibull’, ‘Gamma’, ‘Exponential’, ‘Beta’, ‘Triangu-
lar’, ‘Logistic’, ‘Laplace’, ‘Rayleigh’). The best-fitting distribution was selected using the
Akaike Information Criterion (AIC). To avoid nonphysical values, fitted marginals were
treated as truncated distributions within the observed data range. The Gaussian copula pa-
rameters were then estimated via Spearman’s correlation coefficients among all pairs of
random parameters. For each DoE point, 800 tower designs were generated to ensure sta-
ble statistical inference of both marginals and the copula. This sample size is an artifact

of relying on a synthetic repository. Ideally, such statistical inference would be performed

using actual inventory data.

Fig. 3.8 shows the joint distribution for one DoE point, including both the marginals and
the copula. Overall, the 23 parameters exhibit non-negligible dependence. In particular, the
16 parameters from the two reference panels are mostly positively and strongly correlated,
which is expected given the trends observed. This highlights the necessity of accounting
for component demand and capacity correlations to ensure reliable damage analysis. In
total, 538 joint distributions were obtained for the 538 DoE points. These enable efficient

probabilistic simulation by supporting direct correlated sampling.

A summary of the sources of uncertainty for the class of transmission towers is pro-
vided as follows. The joint distributions of the 23 Type III parameters capture uncertainties

transformed from the design variables and therefore represent structural uncertainty—both
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inter-structure and intra-structure, although the former typically dominates. Among these,
the conductor, OHGW, and tension percentage are associated with load uncertainty, since
cables are treated as external loads. Load uncertainty also arises from wind velocity turbu-
lence acting directly on the tower body. The next section turns to the propagation of these

uncertainties at each DoE point.

3.3.7 Dominance-guided uncertainty propagation

To propagate and embed uncertainty into the fragility curve for each DoE point, forward
uncertainty propagation can be carried out through sampling. In our case, this requires
correlated sampling from the joint distribution of the 23 Type III parameters, with each
sample corresponding to a tower realization. In parallel, load uncertainty is propagated
by sampling wind velocity histories from the repository for loads acting directly on the
tower body, as well as simulated end force histories for loads transmitted from cables to
the tower. An initial consideration before uncertainty propagation is the choice of data
collection strategy for fragility derivation. To this end, we adopted an approach similar to
that of Shinozuka et al. (2000) or multiple stripe analysis. This strategy was chosen for its
ease of implementation and the flexibility it offers: intensity levels can be freely specified,

and different load inputs may be used across intensity levels.

With the chosen strategy, uncertainty propagation involves three key considerations: (1)
the number of structures (towers) to sample, (2) the number of load samples, and (3) the
pairing scheme between sampled structures and loads for DTHA. At each DoE point, we
considered intensity levels from 20 m/s to 80 m/s at 1 m/s intervals. A total of 100 intensity
levels were sampled over this range and paired with 100 towers sampled via LHS from the
joint distribution. Each tower was then subjected to three wind velocity time histories and
three end force time histories, resulting in three DTHA per tower at the corresponding in-

tensity. In total, 300 DTHA were performed to derive the fragility curve at each DoE point.
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The above decisions were guided by uncertainty dominance—we prioritized the dominant
source of uncertainty in order to achieve efficient yet reliable propagation. Comparative
studies were conducted to examine the relative importance of structural versus load uncer-
tainties by varying the number of structural and load samples. Fig. 3.9 illustrates one such
study at a DoE point, comparing six cases and their corresponding fragility curves. The re-
sults show that the size of the load samples has a stronger influence on the fragility curves
when only 50 structures are sampled than when 100 structures are used. This indicates
that once a sufficient number of structures are sampled—thereby adequately propagating
inter-structure uncertainty—the effect of additional load samples becomes small, as inter-
structure uncertainty dominates over load uncertainty. Moreover, when taking the case ‘100
structures, 3 DTHA'’ as the reference, using only 50 structure samples leads to convergence
toward a fragility curve that deviates from this benchmark, even if more load samples are
added. This represents a more critical error than undersampling loads. This underscores
that recognizing and prioritizing the dominant source of uncertainty in propagation is not
only a matter of efficiency but also of correctness. Insufficient propagation of the dominant
source can lead to misleading convergence of fragility estimates. Fig. 3.9 also shows the
convergence of the two lognormal parameters for the case ‘100 structures, 3 DTHA’. Both
parameters stabilize at around 100 structures, confirming adequate propagation of inter-
structure uncertainty. Similar convergence checks were performed and verified at multiple

DoE points, though are not shown here.

The fragility curves were fitted using the maximum likelihood method (Shinozuka et al.,
2000; Baker, 2015), as illustrated in Fig. 3.10. Since each structure is paired with three
loads (i.e., three DTHA), the per-structure failure fraction can take values of 0, 1/3, 2/3,
or 1. Multiple structures may fall at the same IM level due to the sampling and pairing
scheme. Consequently, the overall failure fraction (used for curve fitting) at an IM level

depends on the number of structures present at that level.
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3.3.8 Comparison of metamodels

Using the dominance-guided uncertainty propagation strategy, 538 fragility curves were
obtained, yielding ¥ = [0y,...,0538] and B = [Bi,...,Bs3s]. Fig. 3.11 shows their his-
tograms, where 6 ranges from about 54 to 137 m/s and 3 from about 0.05 to 0.3. To iden-
tify optimal functional relationships from the input—output pairs { 2", 9} and { 2", B}, we
compared four metamodeling methods: PRS, RF, XGBoost, and SVR (see Section 3.2.8).
Model performance was evaluated using R? and MAPE. For PRS, four polynomial degrees
(PRS1-PRS4) were tested, with lasso regression employed for automatic predictor selec-
tion. SVR was implemented using a radial basis function kernel, denoted SVR (RBF).

Hyperparameters for all metamodels were tuned via grid search.

Fig. 3.12 and Fig. 3.13 show the performance of the metamodels for 6 and 3, respec-
tively. The variation in performance with different training—testing splits is also displayed
for convenient assessment, given the relatively small dataset. Fig. 3.12 indicates that PRS1
exhibits the lowest performance for 0 prediction, while the other metamodels achieve simi-
larly high accuracy across splits. Recall that 8 represents the median corresponding to 50%

failure probability. The strong prediction performance is likely due to the high relevance of

107



the chosen tuning parameters, such as design wind speed and yaw angle. No single meta-
model clearly outperforms the others when considering both R? and MAPE across training
and testing sets. In contrast, prediction of 8 is generally less accurate. Comparison of R?
and MAPE scores between training and testing sets indicates varying degrees of overfitting,
and the training-testing split has an important effect on performance. Recall that f3 is a dis-
persion parameter, with smaller values yielding steeper fragility curves and larger values
producing flatter curves. The lower prediction accuracy for f3 is likely due to its weak direct
relationship with the five tuning parameters. Among the PRS models of varying degrees,
performance is generally inferior to that of RF, XGBoost, and SVR. Similarly, no single

metamodel consistently outperforms the others across both R? and MAPE metrics.

To assess the impact of B prediction performance on the fragility curves, four hypo-
thetical cases were considered by pairing the maximum and minimum values of 6 and f8
(Fig. 3.11): 6 =54, =0.05;0 =54, =0.3; 6 =137, = 0.05; and 6 = 137, = 0.3.
Based on the MAPE values in Fig. 3.13(a)-(b), a 10% deviation in B was assumed, gener-
ating artificially increased and decreased f3 values for each case. Fig. 3.14 illustrates the
effect of these deviations on the fragility curves. When f is small (= 0.05), a 10% devia-
tion has negligible impact regardless of 6 value, as the curves are already steep. For larger
B (= 0.3), the same deviation produces more noticeable differences, especially at higher 6.
Overall, the fragility curves remain reasonably robust despite these deviations, consistent
with the general understanding that 8 primarily governs the fragility (first-order effect),
while 3 has a secondary influence (second-order effect) (American Nuclear Society, 1982;

Shinozuka et al., 2000).

3.3.9 Results and discussion

We shared all metamodels trained with a 90%-10% training-testing split at https://doi.

org/10.5281/zenodo.17504411. Users may select any of these metamodels based on
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Figure 3.12: Performance of metamodels for 0 prediction: (a) MAPE on training set; (b) MAPE on
testing set; (c) R? on training set; (d) R? on testing set.
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Figure 3.13: Performance of metamodels for  prediction: (a) MAPE on training set; (b) MAPE on
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Figure 3.14: Effect of B prediction inaccuracy on fragility curves.

preference or practical considerations. The repository also includes example code demon-
strating how to use the metamodels to generate tailored fragility curves. Given a hurricane
wind map with intensity and direction information (e.g., from hurricane simulators), to
use the parameterized fragility model Pf‘ x> the user only needs to supply the five tun-
ing parameters (Table 3.1) as inputs to the metamodels. The metamodels then return the

corresponding 6 and 3, which define the tailored fragility curve for fragility analysis.

Section 3.3.9.1 provides a detailed discussion on the application and fine-tuning of the
parameterized class fragility model. For illustration, the RF metamodel was used for both
0 and B, though similar insights are expected with other metamodels. To investigate the
relative importance of different parameters on fragilities, sensitivity analysis was performed
using both input/output correlation coefficients and the Kucherenko global method. The

problem formulation and SA results are summarized in Section 3.3.9.2.
3.3.9.1 Parameterized tower class fragility models

To illustrate the fine-tuning effect, Fig. 3.15 shows six fragility curves based on a ‘base

case’ (138 kV, 90 mph, 1-peak, 600 ft, 0°), with each of the other cases differing from
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Figure 3.15: Effect of tuning parameter variation on tailoring fragility curves.

the base case by a single tuning parameter. This visual comparison focuses on the effect
of each individual parameter in this limited scenario. A more systematic and quantitative
assessment of the relative importance of all tuning parameters is presented in the next
section using sensitivity analysis. As expected, higher design wind speed shifts the fragility
curve to the right, reflecting stronger tower design. At a yaw of 90°, the transmitted cable
loads are minimal, also shifting the curve to the right. Larger span length similarly produces
aright-shifted fragility curve, though the physical link is less clear. Voltage has a noticeable
effect: the 230 kV curve lies mostly to the right at lower wind speeds but crosses the base
case curve at higher speeds. In contrast, the number of peaks has little influence, as the

2-peak curve nearly overlaps the base case.

3.3.9.2 Sensitivity analysis results

For sensitivity analysis, the input and output variables need to first be defined. In this study,
we considered 29 input variables: 5 Type II parameters (Table 3.1), 23 Type III parameters
(Table 3.3), and the /M level. The output variable was defined as the per-structure failure

fraction (0, 1/3, 2/3, or 1; see Fig. 3.10). This setup resulted in 53800 input—output pairs
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for sensitivity analysis. Given the relatively large number of input variables, sensitivity
analysis was conducted in two stages, with the second method building on the insights

from the first.

First, we computed input/output correlation coefficients, including both linear correla-
tion coefficients (Eq. (3.4)) and Spearman’s rank correlation coefficients (Eq. (3.5)), across
all 29 input variables. The results are shown in Fig. 3.16, where positive and negative
signs indicate the direction of correlation. While Spearman’s coefficients are more robust
than linear coefficients, the two measures yielded very similar results; the subsequent dis-
cussion focuses on the Spearman’s coefficients. As expected, the /M level exhibits the
strongest correlation with the failure fraction, though it is less informative for further dis-
cussion. Among the five tuning parameters, design wind speed (X%I), span length (XA{I),
and yaw angle (XSH) show strong negative correlations with failure fractions, consistent
with the illustrative cases in Fig. 3.15. Voltage (XIH) and number of peaks (X3H) display
weaker correlations, negative and positive respectively. These findings provide practical
guidance for data collection when applying the parameterized fragility model: it is more
important to obtain high-quality data for design wind speed, span length, and yaw angle,
while voltage and number of peaks may be fixed at nominal values if necessary. Notably,
the latter two were originally included as tuning parameters based largely on engineering
judgment. Moreover, some Type III parameters (unknown and embedded as uncertainty)
show stronger correlations with failure fractions than the Type II parameters (known and
exposed for fragility model tuning). This should not be surprising, however, as Type 1II
parameters capture inter-structure variability, which is often substantial. Considering all 29
input variables, the top eight influential parameters ranked by Spearman’s correlation co-
efficients are: M (0.739), X{¥ (0.258), X3! (0.258), X1§ (0.253), X1 (0.238), X1 (0.226),
X3 (0.220), X[ (0.175).

The input/output correlation coefficients are useful for assessing the influence of in-
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Figure 3.16: Input/output correlation coefficients considering 29 input variables.

dividual inputs on the output but cannot capture interaction effects between inputs. To

overcome this limitation, we conducted a global sensitivity analysis using Kucherenko in-

dices. The analysis focused on the top eight input variables given by Spearman’s corre-

lation coefficients, with the per-structure failure fraction retained as the output. Fig. 3.17

shows that /M remains the most influential variable according to both first-order and total-

effect indices. The ranking of the eight input variables largely aligns with the correlation

analysis (Fig. 3.16), with only minor shifts, and the relative impacts of the latter seven are

comparable. However, the noticeable differences between the first-order and total-effect in-

dices highlight substantial interaction effects among input variables. Accounting for these

interactions is important for proper parameter handling, as ignoring them could lead to

inappropriate decisions.

3.4

Concluding remarks

This chapter presented the derivation of parameterized fragility models for a representative

class of lattice transmission towers under hurricane winds, with a focus on the power trans-
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Figure 3.17: Kucherenko indices considering eight input variables.

mission network in Florida. Building on previous studies, we first outlined an eight-step
framework for developing parameterized class fragility models, highlighting several orig-
inal details and recommendations for best practice. We then applied this framework step
by step to develop the tower class fragility model using dynamic time history analysis. To
our knowledge, this is the first parameterized fragility model developed for this asset class.
The resulting model enables more granular fragility assessment at the portfolio or network

scale.

We proposed an efficient modeling approach for transmission tower—line systems in a
portfolio context, based on two key ideas: (1) treating cables as loads by directly simu-
lating the time histories of forces at the attachment points; (2) treating panels as the basic
components using physics-based surrogate analytical models. The class fragility model
was parameterized using five easily accessible tuning parameters: voltage, design wind
speed, number of peaks (i.e., number of overhead ground wires), span length, and yaw an-
gle. Fragility curves were assumed lognormal, and the two distribution parameters (6, )
were expressed as functions of the tuning parameters through a regression-based design of
experiments that strategically covered the input space. Uncertainty modeling at each de-

sign point involved transforming the uncertainty of tower design variables into uncertainty

115



of surrogate-compatible modeling parameters, using a tower design module to generate
synthetic inventory and a conversion step to map raw designs into surrogate model param-
eters. We introduced novel interpolation functions to reduce the joint distributions of this
tower class to 23 uncertainty parameters while explicitly accounting for correlations be-
tween component demands and capacities. Additionally, we proposed a dominance-guided
uncertainty propagation strategy, which is both more efficient and critical for ensuring ade-
quate propagation of uncertainties. For example, increasing the number of structural sam-
ples (the dominant source of uncertainty) was found to be more important than increasing
the number of load samples. Different metamodeling methods were used to construct the
functional relationships. Sensitivity analyses revealed that design wind speed, span length,
and yaw angle are the most influential tuning parameters, whereas voltage and number of

peaks have minor effects.

While the refined framework is intended to be generally applicable for developing pa-
rameterized fragility models for any hazard and asset type, the application to transmission
towers is particularly relevant for similar assets, such as other classes of transmission tow-
ers, telecommunication towers, or slender structures. Data availability remains a common
challenge in regional or portfolio-scale analyses; Nevertheless, the use of a tower design
module to generate synthetic inventory data could ideally be replaced by actual inventory

data.
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Chapter 4

Using parameterized fragility models for hurricane risk
analysis of power transmission networks

4.1 Introduction

Regional risk and resilience analysis has seen significant advancements over the past decades.
The focus has expanded from earthquakes to hurricanes and to multi-hazard scenarios,
while the scope of analysis has broadened from residential buildings to diverse infrastruc-
ture systems. Several dedicated platforms have been developed to support such studies
(FEMA, 2021; Zsarnoczay et al., 2025; IN-CORE, 2024; PRAISys, 2025). Within the risk
and resilience assessment framework, fragility analysis is a critical step for predicting the
damage of physical assets or structures, typically through the use of fragility models (also
known as fragility functions or curves) (Melchers and Beck, 2018). At the regional scale—
unlike at the single-structure level—analysts often face the challenge of heterogeneous
portfolios containing hundreds or thousands of assets that exhibit substantial structure-to-
structure variability (Silva et al., 2019). In this context, several approaches to fragility
modeling have been adopted, with two major families being archetype fragility models and

class fragility models (either parameterized or non-parameterized).

The archetype fragility approach is more widely used, largely due to its similarity to
single-structure fragility development and its historical legacy. In this approach, a few
representative (or index) structures are selected from the portfolio or class, and a sepa-

rate fragility model is developed for each following conventional single-structure fragility
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procedures, without explicitly accounting for inter-structure uncertainty. In regional ap-
plications, each archetype fragility is then assigned to the entire portfolio or to the subset
it best represents. While straightforward, this practice provides only a coarse represen-
tation of portfolio fragility, capturing heterogeneity at low resolution. The class fragility
approach can be further categorized into parameterized and non-parameterized forms. The
non-parameterized class fragility is obtained by first deriving multiple archetype fragilities
and then combining them into a single, aggregated fragility model without explicit parame-
terization. Although seldom used in academia, this approach is more common in the catas-
trophe modeling industry. The focus here is on the parameterized class fragility. Instead of
relying on a few representative structures, this approach explicitly characterizes and prop-
agates inter-structure uncertainty within the heterogeneous portfolio during fragility model
development. Such model expresses fragility as a function of a vector of tuning parameters,
such as structural characteristics, site conditions, and system configurations (FEMA, 2020;
Ghosh et al., 2013; Mohammadi Darestani and Shafieezadeh, 2019). For regional analyses,
users can input available parameters to generate tailored fragility curves for individual as-
sets within a heterogeneous portfolio. This parameterization enables flexible modeling that
captures heterogeneity more rigorously, providing a finer-grained representation of portfo-

lio fragility.

Despite their clear methodological and practical differences, both archetype and class
fragility models are routinely used in practice. However, the implications of adopting dif-
ferent fragility modeling approaches for regional risk and resilience assessments remain
poorly understood. Recently, using bridge and transportation networks as case studies,
Rincon and Padgett (2024) showed that the level of portfolio resolution achieved by dif-
ferent fragility modeling practices can substantially influence risk outcomes and lead to
divergent conclusions. It is unclear whether and how these findings generalize to other

infrastructure and hazard types. The electric power transmission system is a critical case
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in point: transmission lines carry high-voltage bulk power over long distances and can
cause much larger, system-scale disruptions than distribution networks, yet they are vul-
nerable to hurricane winds and have historically experienced extensive physical damage
and outages (NERC, 2018; Florida Public Service Commission, 2018, 2019). Most prior
hurricane risk studies of transmission networks have relied on archetype fragility repre-
sentations for structural components (e.g., towers, conductors), rather than parameterized
fragilities (Ma et al., 2021a; Huang and Wang, 2024; Xue et al., 2020). This practice is
partly explained by the general shortage of parameterized fragility models for transmission
assets. For lattice transmission towers specifically—complex and commonly used support-
ing structures—many archetype or single-tower fragility models exist (Cai et al., 2019;
Dikshit and Alipour, 2023; Fu et al., 2019; Ma et al., 2021a; Macedo et al., 2024; Tian
et al., 2020; Mohammadi Darestani et al., 2020). The parameterized fragility model devel-
oped in Chapter 3 creates an opportunity to perform a systematic comparison of archetype
versus class fragility approaches for transmission networks and answer the open question

about how fragility-modeling practices affect regional hurricane risk quantification.

This study evaluates the implications of different fragility analysis practices on hur-
ricane risk quantification outcomes for electric power transmission networks. Section 4.2
presents the methodology for this comparative study within a probabilistic simulation frame-
work, considering three different fragility models: a parameterized class fragility model,
a mean fragility model, and an archetype fragility model. The section also introduces a
novel once-for-all temporal sampling scheme for using class fragility models, designed to
prevent repeated activation of embedded inter-structure uncertainty and thereby avoid risk
overestimation. In addition, a blending approach for hurricane wind field simulation is
described. Section 4.3 applies the methodology to the Florida (FL) transmission network
under two historical hurricanes—Irma (2017) and Michael (2018). The three fragility anal-

ysis practices are compared across both events using multiple metrics, including geospatial
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and aggregate network-level measures, to systematically assess their implications for risk
evaluation of heterogeneous portfolios at regional or network scale. Finally, Section 4.4
summarizes the main findings, and discusses the limitations and broader implications of

the work.

4.2 Methodology

4.2.1 Graphical modeling of power transmission network

This study models the power transmission system as a graph using complex network (CN)
theory, which provides specialized analytical tools and systematic insights for charac-
terizing the structural properties of complex systems through statistical patterns in their
topology (Ma et al., 2021b). A power system can be represented as a connected graph
¢(V,E,W), where V is a set of N nodes, E is a set of K edges, and W contains the edge
weights. Typically, nodes correspond to buses with generators, substations, and loads,
while edges represent transmission lines connecting the nodes. Edge weights can be de-
fined in various ways: the simplest approach assigns all edges a weight of 1, consider-
ing only the network topology, whereas more realistic weights—such as line reactance or

power flow—capture the electrical properties of transmission lines (Wang et al., 2017b).

Extreme events like hurricanes can damage structural components (e.g., transmission
towers). Using CN theory, these damage scenarios can be simulated by removing the af-
fected nodes or edges, thereby reflecting the resulting network state. Details of the failure

mechanisms are provided in Section 4.2.4.
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4.2.2 Simulation of hurricane wind field

Structural components in transmission networks are sensitive to wind direction, which has
been shown to significantly influence their response (Ma et al., 2021a; Mohammadi Darestani
et al., 2020). Therefore, hurricane wind fields that include both wind speed and direction
are required for fragility analysis. Such wind fields are typically generated using sophis-
ticated hurricane simulators (Xu et al., 2024; Ma et al., 2022). For historical hurricanes,
reanalysis datasets such as ERAS are available (Hersbach et al., 2023); however, they often
underestimate peak wind speeds, inadequately capture the inner-core structure of hurri-
canes, and may have spatial or temporal resolutions that are too coarse for high-resolution
risk analysis (Liu et al., 2025). For events with known tracks, such as those in IBTrACS
(Knapp et al., 2010; Gahtan et al., 2024), wind field simulation can be efficiently performed
using a boundary-layer model (Wang and Wu, 2022). To address the limitations of ERAS
data, parametric correction methods can be applied (Liu et al., 2025). In this study, we use
a simplified blending approach to reconstruct hurricane wind fields for historical events.
This approach combines the wind field simulated by the parametric Holland model (Hol-
land, 1980) with the ERAS reanalysis wind field. For a site at distance r from the hurricane

center, the blended wind speed (V},) is given by:

Vo =w-V,+(1—w)-V, 4.1)

where V), is the surface wind speed at 10 m above ground, obtained by converting the
gradient wind speed from the parametric Holland model; V, is the ERAS wind speed at 10
m above ground (interpolation is applied if data are unavailable at a given location). V,,

Ve, and V), represent 1-min sustained winds in m/s. The weight coefficient w, defined by a
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cosine taper, blends V), and V, and is given by:

(
I, 7 < Rinner
w=190.5- [1 —+cos (71«' R—oz;ﬁr;?f:ner>] s Rinner <7 < Router (4.2)
{ 0, r 2 Router

where Rjner 1S the inner radius where blending begins, set equal to the radius of max-
imum wind (Rmax); Router 1S the outer radius where blending ends, defined as max(3 -

Rmax, 100 km).

The blending assigns the inner core to be dominated by the parametric Holland model
and the far field by ERAS, with a smooth transition in between. This approach leverages the
strengths of both sources: the parametric model provides a more realistic hurricane core,
while ERAS captures the broader, background wind field. It is worth noting that we use the
parametric Holland model for its simplicity and popularity, which meets the objectives of
this study. We acknowledge that more advanced, physics-based wind profile models exist
(Chavas et al., 2015; Sheng and Bocchini, 2025) and could be employed if available and

justified.

4.2.3 Fragility modeling of structural components

A power transmission network includes many types of structural components, such as
power plants, substations, and transmission lines. In this study, we focus on overhead
transmission lines, specifically the supporting structures that carry the cables, as they are
most vulnerable and exposed to hurricane winds. The most common supporting structures
are steel poles and lattice towers, each with further variations and classifications (Kalaga

and Yenumula, 2017). A schematic of a transmission line and the relevant angles is shown
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Figure 4.1: Plan-view illustration of the yaw angle (a,) and tower types along transmission lines
(not to scale).

in Figure 4.1. The yaw angle (o) is calculated based on the line direction (o) and wind
direction (@) from the simulated wind field: o, = a,, — o, with 0° corresponding to the
transverse direction and 90° to the longitudinal direction. We consider three fragility mod-
els for the supporting structures, representing different regional fragility analysis practices:

parameterized fragility, mean fragility, and archetype fragility. All three correspond to one

failure limit state: tower collapse.

First, we use the parameterized fragility model developed in Chapter 3, which repre-
sents a general class of self-supporting, suspension lattice transmission towers in Florida.
The model is expressed as the conditional probability of failure Py x.;y, where IM is the
intensity measure (1-min maximum sustained wind speed, m/s) and X is a vector of five
tuning parameters—voltage (kV), design wind speed (3-sec wind gust, mph), number of
peaks (= number of overhead ground wires), span length (ft), and yaw angle (degree).
This parameterized fragility model captures the realistic structure-to-structure variability
of the heterogeneous transmission line portfolio (e.g., design wind speeds ranging from 90
to 150 mph, span lengths from 400 to 1400 ft) by explicitly characterizing and propagat-
ing inter-structure uncertainty. It represents the state-of-the-art fragility for transmission

towers and is publicly available (Wang and Bocchini, 2025a). For regional or network-
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Figure 4.2: Fragility curves used in this study. Shown are examples of parameterized fragility
curves, along with the mean fragility curve and the archetype fragility curve. The parameterized
fragility curves are adapted from Chapter 3, with tuning parameters listed in parentheses: voltage
(kV), design wind speed (3-sec wind gust, mph), number of peaks, span length (ft), and yaw angle
(degrees). For comparison, the original intensity measure of the archetype fragility curve has been
converted to 1-min maximum sustained wind speed (m/s).

scale analysis, the analyst provides the known tuning parameters for each tower to obtain a
fine-tuned fragility curve Prjx—y.;y Which reflects the remaining unknown uncertainty. By
conditional on both the structural features and the intensity measure, this model delivers
a high-resolution, granular representation of fragility for heterogeneous portfolios. Fig-
ure 4.2 illustrates example parameterized fragility curves and the effect of tuning. The most
influential parameters are design wind speed, span length, and yaw angle, whereas voltage
and number of peaks have small impact. In this study, we apply this parameterized fragility
model to all supporting structures in the Florida transmission network—including poles
and lattice towers—except for failure-containment tension structures, which are assumed

not to fail (see Section 4.2.4). For this application, we assume all supporting structures

belong to the same class considered in Chapter 3.
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The second fragility model, referred to as the mean fragility, is constructed by fixing the
five tuning parameters at their nominal values: X = (138 kV, 120 mph, 2-peak, 900 ft, 45
degrees). The resulting fragility curve, denoted as Pf| x=x./v 18 shown in Figure 4.2. This
model reflects a popular practice in fragility analysis—using a mean fragility curve in the
expectation of obtaining mean results. The underlying assumption is that under- and over-
estimations will balance out when results are aggregated across the portfolio. However,
the validity and implications of this assumption for power transmission networks remain
unclear. Note that this is a single, fixed fragility curve conditional only on the intensity
measure, despite being expressed with parameter notation. For regional or network-scale
analyses, the same mean fragility curve is assigned to all supporting structures it represents,
regardless of inter-structure variability. Consequently, differences in predicted damage are
driven solely by variations in the intensity measure, not by structural characteristics. In
this study, the mean fragility model is applied to all supporting structures in the Florida
transmission network—including poles and lattice towers—except for tension structures,

which are assumed not to fail.

The third fragility model is the archetype fragility, denoted Pz, which represents a
very common practice in fragility analysis. The model used in this study is adapted from
that available on the IN-CORE platform (IN-CORE, 2024). As shown in Figure 4.2, the
archetype fragility curve is weaker than both the example parameterized and mean fragility
curves. The original model uses a 3-sec wind gust as the intensity measure, which is con-
verted here to 1-min max sustained wind speed (MSWS) for consistency and comparison.
The archetype fragility corresponds to a single representative transmission tower assumed
to typify an entire portfolio (or a subset thereof), without explicitly accounting for structure-
to-structure uncertainty. Similar to the mean fragility, it is a single curve conditional only
on the intensity measure, providing a coarse representation of portfolio fragility. Accord-

ingly, analysts typically assign this same curve to all assets it best represents, disregarding
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inter-structure variability. In this study, the archetype fragility is likewise applied uniformly
to all supporting structures in the Florida transmission network (including poles and lattice
towers), assuming that the archetype tower is representative of the entire transmission line

portfolio.

Since all three fragility models were originally developed for lattice towers but are
applied here to both towers and poles, we use the term ‘tower’ broadly to refer to all sup-

porting structures, unless otherwise specified.

4.2.4 Failure mechanism of tower-line system

Transmission lines extend over long distances, and from the standpoint of longitudinal
strength, the supporting structures can be broadly categorized as suspension and tension
towers (Figure 4.1). Suspension towers are not designed to resist longitudinal loads; in-
stead, they rely on the free swing of insulators to balance small longitudinal forces. Be-
cause of their weak longitudinal capacity, the failure of a suspension tower can trigger a
cascading failure along the line, similar to a domino effect (Dikshit et al., 2024). To limit
the extent of such cascades, tension towers—also known as failure-containment or anchor
towers—are installed periodically along the line. These structures are designed to resist
longitudinal loads and are therefore stronger (shown in bold in Figure 4.1). The spacing
between tension structures typically ranges from 2 to 10 miles (3.2 — 16.1 km) (Wong and
Miller, 2010). Cascading failures can propagate until they stop naturally or are arrested by
a tension tower, effectively confining the failure within a failure-containment section. The
fragility models defined in Section 4.2.3 are applied to suspension towers, which constitute
80% — 90% of transmission structures (Fang et al., 1997). In this study, tension towers are
assumed not to fail and are considered to always arrest a cascade once reached. The spacing
between two tension towers is assumed to be 10 km for all transmission lines. Thus, lines

shorter than 10 km contain no intermediate tension towers (i.€., a single failure-containment
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section bounded by two nodes), whereas longer lines include at least one tension tower di-

viding them into multiple containment sections.

Two extreme scenarios are considered to represent the cascading failure mechanism:
(1) Without cascading—failure of a suspension tower does not trigger adjacent failures; (2)
With cascading—failure of a suspension tower triggers the failure of all other suspension
towers within the same containment section. The reality falls between these two extremes
and is closer to the ‘without cascading’ case. Nonetheless, analyzing both scenarios pro-
vides upper and lower bounds on the potential number of failed towers. In summary, the
total number of failed towers equals the number of initially failed towers in the no-cascade
case, or the number of final failed towers after propagation in the with-cascade case. A
transmission line (edge) is considered failed (inactive) if any of its supporting structures
fail; failed edges are then removed from the original network to yield a damaged graph

representing the post-event system state.

4.2.5 Probabilistic simulation of structural components failure within

the network

With the fragility models defined for structural components, hurricane risk analysis of
transmission networks is performed within a probabilistic simulation framework, typically
using Monte Carlo simulation (Ma et al., 2022; Ouyang and Duenas-Osorio, 2014). This
study adopts a similar approach, with two key methodological aspects highlighted in this
section. Section 4.2.5.1 introduces a novel once-for-all temporal sampling strategy to cor-
rectly apply class fragility models and avoid bias from unintended inter-structure uncer-
tainty. Section 4.2.5.2 describes the incorporation of spatial correlation through random

fields, followed by a summary of the overall probabilistic framework.
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4.2.5.1 Once-for-all temporal sampling strategy

Unlike earthquake events, which typically last only seconds, hurricanes are long-duration,
evolving events, spanning hours to weeks. As a result, hurricane risk analysis often in-
volves temporal sampling—evaluating the hazard at multiple time steps with a specified
interval. Common intervals reported in the literature include 10 minutes (Xu et al., 2024),
1 hour (Ma et al., 2022), and 4 hours (Liu and Singh, 2010). However, when using class
fragility models, repeated temporal sampling can introduce a bias toward overestimation.
This occurs because inter-structure uncertainty is explicitly embedded in class fragility
curves. Each temporal sample effectively represents a ‘different’ structure. In reality, a
tower remains unchanged throughout the hurricane, so multiple samples at different time
steps artificially simulate multiple structures. Since a tower fails if it exceeds its limit at any
time step, even a single ‘weak’ sample triggers failure, leading to systematic overestimation
of tower failure probabilities and risk. This overestimation is further amplified by the fact
that a transmission line behaves as a series system: the failure of any single tower results
in the failure of the entire line, even without considering cascading failures. This chal-
lenge can be broadly described as decoupling different sources of uncertainty. To decouple
structural and load uncertainties, Ma et al. (2022) proposed the fragility pool technique:
a pre-generated pool of archetype fragilities (assuming fully known archetypes, without
structural uncertainty) is created, and for each simulation, fragility models are sampled
from the pool and assigned to structures at the start. Because the assigned archetype struc-
tures remain deterministic throughout the event, multiple temporal sampling can be taken
without overestimating risk. While theoretically rigorous, this approach is rarely practi-
cal. Generating a comprehensive pool of archetype fragilities demands substantial com-
putational resources and, more importantly, assumes full knowledge of each structure—a

requirement that is often infeasible due to limited data availability.
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In this study, we propose a practical once-for-all temporal sampling strategy to correctly
use class fragility models without evoking the embedded structure-to-structure uncertainty,
thereby avoiding risk overestimation. The approach proceeds in two steps. First, for each
tower j in the transmission network ¢, we evaluate the tower failure probabilities at all
time steps based on the fine-tuned fragility curves and record the maximum failure proba-
bility throughout the event, P]ton"lvg A 1-hour time interval is used, consistent with the wind
load duration used in the development of the parameterized fragility model. Second, a sin-
gle sample is drawn for the entire event, and the sampled value is compared with P55 to
determine tower failure. By sampling only once, we avoid effectively ‘resampling’ differ-
ent structures at each time step, thereby preventing overestimation of risk. This approach
reflects the fact that a tower fails if it exceeds its limit at any time step, analogous to a
temporal series system. The first step is illustrated in Algorithm 4.1, and the second step
is detailed in Section 4.2.5.2. For a tower j, the failure probability varies across time steps
t; €  due to two factors: the time-varying yaw angle o, ;(#;), which fine-tunes the fragility
curve at each step, and the time-varying wind speed IM;(t;). For consistency and compar-
ison, the same strategy is applied to the mean and archetype fragility models, although the
archetype model does not involve inter-structure uncertainty. It is worth noting that our
proposed approach is conceptually related to the idea of synchronous sampling, where a
single random realization is maintained across models or scales to enable consistent and

fair comparison. In our case, the once-for-all sampling strategy plays an analogous role by

‘synchronizing’ the structural realization across all times steps within an event simulation.

4.2.5.2 Modeling spatial correlation using random fields

Another important aspect of regional risk analysis is the spatial correlation of damage
among structural components. This correlation arises from two main sources: (1) structural

similarity, as nearby structures often share similar design, vintage, and deterioration char-
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Algorithm 4.1 Computation of maximum tower failure probabilities during a hurricane
event.
Require: ERAS data, hurricane track data, transmission network ¢, simulation time pe-
riod .7, fragility model choice (parameterized or mean or archetype)
.. for each time step #; € .7 do

2 Initialize wind field simulation using the blending approach

e for each tower j € ¢4 do

& Compute wind speed IM;(z;) and wind direction o, ;(#;)

5 if parameterized fragility then

o Set tuning parameters, including the yaw angle o, ;(#;)

7 Predict lognormal parameters 6;(¢;) and f3;(¢;) by metamodels

8 Compute probability of failure PI°'(¢;) using the finetuned
fragility curve, with known IM(z;)

o else if mean fragility then

10: Compute probability of failure Pi°V"(z;) using the mean
fragility curve, with known IM(t;)

1m: else

2 Compute probability of failure Pjt‘ower(t,-) using the archetype
fragility curve, with known IM;(t;)

13 Update Pi5h0 = max (Pj5nac, PV ()

« return [PV for j € ¥

J,max

acteristics, and (2) hazard correlation, since structures in close proximity experience similar
hazard conditions. The importance of considering such correlations has been demonstrated
in regional seismic risk studies (Heresi and Miranda, 2022; Sousa et al., 2018; Bocchini
et al., 2011), and for hurricane risk in power systems, Ma et al. (2022) incorporated spatial
correlation using a random field approach. Although calibrating spatial correlation models
is very challenging due to system complexity and limited data, including even a crude cor-
relation is preferable to ignoring it. Moreover, spatial correlation typically has a secondary
effect on damage predictions; the primary influence comes from the fragility-based failure

probabilities, which capture the dominant factors affecting asset failure.

In this study, we adopt the random field technique to model spatial correlation (Ma
et al., 2022; Bocchini et al., 2011). For each simulation sample s, the external stressors on

transmission network components are simulated as a two-dimensional, non-Gaussian ran-
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dom field D with uniform marginal distribution in [0, 1]. A covariance matrix is required
to generate the field, with a correlation distance A set to 10 km, based on the spacing be-
tween tension towers. We recognize that a comprehensive calibration of A would require
extensive data and simulations, which is beyond the scope of this work. To generate Dy,
the study region is discretized into a regular grid, and the field value at tower j, denoted
d; s, 1s obtained via interpolation. Initial failures of suspension towers (without cascading)
are determined by comparing d; ; with the maximum tower failure probability Pjtor;vf; Al-
gorithm 4.2 summarizes the probabilistic simulation framework for structural component
failures. For each simulation, a single spatially correlated random field is generated for
the entire hurricane event, as per the once-for-all temporal sampling strategy. Monte Carlo

simulations continue until the edge failure probabilities [Pke ige] converge at sample size Nj,

following the convergence criterion in Ma et al. (2022).

Algorithm 4.2 Probabilistic risk assessment of transmission network under hurricanes.

Require: maximum tower failure probabilities [PI°%"], transmission network ¢, correla-

tion length A, number of simulations Ny o
;. for s =1 to Ny do
2 Generate a random field &; with given A
3 for each edge k € 4 do
& Compute field value d; ; for each tower j € edge k by interpolation
s: Determine initial failures of suspension towers (without
cascading): failure if d; ; < P]tomwg){, count as n}{‘ﬁ‘ial
6 Determine cascaded failures of suspension towers; count as nz‘;scade
7: Determine edge state: failure if n}fiﬁal > (, survival otherwise
8 Update edge probability of failure P,fige
s Obtain damaged network ™ by removing failed edges from &
10: Compute network performance metrics for %d amage
u return [Py dee), [mitel], [ng2s2d€], and [Network metrics], for k € 4 and s = 1,..., N
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4.2.6 Network performance metrics

Using complex network theory, various metrics (topological, spectral) can quantify power
network performance (Ma et al., 2021b). This study focuses on three simple and effec-
tive network-level metrics: the number of failed towers, the largest connected component

(LCC) ratio, and the global efficiency ratio. Descriptions of each metric are provided below.

The number of failed towers provides a direct and intuitive measure of network dam-
age. It is computed for two extreme cases: without and with cascading. As shown in
Algorithm 4.2, the total number of failed towers is obtained by summing the initial fail-
ures and, for the cascading case, the additional failures triggered along the lines. These are
denoted as N™Mtal apd Neascade regpectively. In the pre-event, undamaged state, the entire
network forms a single connected component. (Here, a ‘component’ refers to a set of con-
nected nodes, not structural components like towers.) The LCC ratio quantifies network
connectivity after damage and is defined as LCC ratio = N cc/N, where Np cc is the num-
ber of nodes in the largest connected component. A smaller LCC ratio indicates greater
fragmentation and more severe network damage. Finally, global efficiency measures how
efficiently nodes can communicate and has been used as a network performance metric
(Rincon and Padgett, 2024). To facilitate interpretation relative to the undamaged state, we
define the global efficiency ratio, 1, = 14/1,, where 1, and 7, are the global efficiencies
of the damaged and undamaged networks, respectively. Smaller 7, values indicate more

severe damage and greater loss of network performance.
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4.3 Demonstration on the Florida power transmission net-

work under historical hurricanes

In this section, the proposed methodology is demonstrated using the Florida transmission
network under historical hurricane events. Florida is selected as the case study due to its
high hurricane exposure and history of severe storm impacts. Section 4.3.1 describes the
graph model of the FL transmission network. Section 4.3.2 presents the simulated hurricane
wind fields for two representative events—Irma (2017) and Michael (2018). Section 4.3.3
compares the results obtained from different fragility modeling practices and discusses

their implications.

4.3.1 Florida transmission network modeling

To model the FL transmission network, we use publicly available GIS data and manu-
ally collected sources (Homeland Infrastructure Foundation-Level Data (HIFLD), 2022;
Homeland Infrastructure Foundation-Level Data (HIFLD), 2023). Missing information is
imputed as needed while preserving available data integrity. Detailed node and edge at-
tributes are omitted here and can be found in the cited sources. Below, we describe the
data collection for the five tuning parameters required by the parameterized class fragility

model.

Edge voltages are directly obtained from GIS data (Homeland Infrastructure Foundation-
Level Data (HIFLD), 2022), with all towers along the same line sharing the same volt-
age. Design wind speeds are derived from publicly available raster data (American So-
ciety of Civil Engineers (ASCE), 2023); for each line, the design wind speed at the line
midpoint is assigned to all towers along that line, consistent with usual design practice.

Span lengths for 500 kV and 230 kV lines are taken from manually collected data (see
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Chapter 3), while those for other voltages are sampled from a discrete uniform distribu-
tion [400,500,...,1400] ft, a typical range of span lengths. All towers along a line share
the same span length. The number of peaks (1 or 2) is not easily available or will take a
lot of efforts to collect. Given that it has negligible influence on fragility fine-tuning, it
is randomly assigned from a discrete uniform distribution [1,2] and kept constant within
each line. Finally, the yaw angle for each tower (recall Figure 4.1) is computed from the
simulated wind direction and the line orientation from GIS data (Homeland Infrastructure
Foundation-Level Data (HIFLD), 2022). Among the five tuning parameters, only the yaw
angle varies with time and across towers, while the other four remain static and identical

within each line.

As shown in Figure 4.3, the FL transmission network is modeled as an undirected graph
consisting of 2404 nodes and 3013 transmission lines (edges) (Hagberg et al., 2008). The
lines are color-coded by voltage level: 69 kV, 115 kV, 138 kV, 230 kV, and 500 kV. Fig-
ure 4.4 shows the distribution of the number of towers per transmission line, excluding very
short lines that contain no towers. Overall, the network comprises 90419 towers (i.e., all

supporting structures, including poles and lattice towers).

4.3.2 Wind fields of historical hurricanes Irma (2017) and Michael
(2018)

Two historical hurricanes—Irma (2017) and Michael (2018)—are selected because they
followed distinct tracks and affected different regions of Florida. Irma struck the state
twice, first as a Category 4 at Cudjoe Key and then as a Category 3 on Marco Island, pro-
ducing strong winds across nearly the entire state except the western Panhandle (Wikipedia
contributors, 2025a). In contrast, Hurricane Michael was the first recorded Category 5 hur-

ricane to make landfall in the Florida Panhandle (Wikipedia contributors, 2025b). Studying
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Figure 4.4: Histogram showing the distribution of the number of towers per transmission line (edge).
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Figure 4.5: (a) Wind field for Hurricane Irma on 2017-09-10 at 13:00 UTC; (b) Wind field for
Hurricane Michael on 2018-10-10 at 17:00 UTC.

these two events allows assessing the implications of different fragility modeling practices

under varied scenarios, yielding more robust and generalizable conclusions. Using the

blending approach described in Section 4.2.2, wind fields over Florida are simulated at 1-

hour intervals for each hurricane event. Figure 4.5 shows the wind fields at selected time

steps for Irma and Michael, along with the hurricane track and center. Wind speeds are

expressed as 1-min MSWS (m/s). ERAS wind fields underestimate peak winds and poorly

capture the inner-core structure, whereas the blended fields effectively address these issues

by integrating the parametric and ERAS wind fields. The simulated wind fields and source

data (tracks, ERAS5) are publicly available (Wang and Bocchini, 2025c¢).
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4.3.3 Results and discussion

Geospatial results are presented before aggregated metrics to preserve spatial information
and provide context for interpreting network-level outcomes. Section 4.3.3.1 shows trans-
mission line (edge) failure probabilities and maximum tower failure probabilities, offering
both a network-wide overview and detailed edge- and tower-level insights. Section 4.3.3.2
presents the three aggregated network performance metrics. In both sections, the three
fragility models are compared across the two hurricanes and across metrics. This com-
prehensive comparison allows for a thorough assessment of model behavior, ensuring that
observed differences reflect inherent characteristics of the fragility models rather than ran-

dom variations between events.

4.3.3.1 Geospatial results

The Monte Carlo simulation follows the procedure described in Section 4.2.5 (see Algo-
rithms 4.1 and 4.2). Using the three fragility models for each hurricane, six simulation
cases are analyzed in total. For each case, 500 samples (N; = 500) are sufficient to ensure
convergence of edge failure probabilities. Figure 4.6 shows the convergence plots for all
six cases, along with box plots summarizing the edge failure probabilities at convergence.
For Hurricane Irma, 65, 40, and 2072 edges fail at least once (Pedge > | /500 = 0.002) un-
der the parameterized, mean, and archetype fragility models, respectively. For Hurricane
Michael, the corresponding numbers are 94, 86, and 336. The archetype fragility model
markedly overestimates damage compared with the parameterized and mean fragility mod-
els, as evident in the geospatial maps (Figure 4.7(c) and (f)), where even edges far from the

hurricane tracks experience failures.

The final convergent edge failure probabilities are shown in the boxplots of Figure 4.6

and summarized in Table 4.1. For Irma, the parameterized and mean fragility models yield
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Figure 4.6: Convergence plots for all six simulation cases, with accompanying box plots summariz-
ing the probability of transmission line failure at convergence for each case. Note: plots show only
lines that failed at least once in each respective simulation.

similarly low central values (median and mean) and narrow distributions (small range and
standard deviation), indicating generally low predicted damage. In contrast, the archetype
model produces much higher mean and median values, systematically overestimating fail-
ure probabilities—an expected outcome given that the selected archetype represents a rel-
atively weak structure (Figure 4.2). Its results also exhibit a much wider spread (standard
deviation about 10 times larger) and an extreme maximum of 1, indicating unrealistically
high or near-total failure probabilities in some cases. All models show right-skewed distri-
butions (mean > median), but the archetype model displays the strongest skew, with a large
gap between mean (0.058) and median (0.008), implying that a few extreme overpredic-
tions drive up the average. Overall, for Irma, the parameterized and mean fragility models
behave similarly, while using a single archetype fragility model introduces systematic bias,

overestimating risk and producing extreme outliers.

For Michael, the parameterized fragility model yields the highest median and the second-
highest mean edge failure probabilities, indicating overall greater central tendencies than

the other two models. The archetype model exhibits a strongly right-skewed distribution—
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Table 4.1: Summary statistics of transmission line failure probabilities at convergence.

Hurricane  Model Mean Median Max. Min. Standard deviation
Parameterized 0.010 0.004 0.064 0.002 0.015
Irma Mean 0.007 0.002 0.082 0.002 0.014

Archetype 0.058 0.008 1.000 0.002 0.135

Parameterized 0.233 0.102 0.916 0.002 0.272
Michael Mean 0.079 0.022 0.576  0.002 0.127
Archetype 0.268 0.002 1.000 0.002 0416

Note: The reported statistics refer to lines that failed at least once during the simulation.

mostly low probabilities with a few extreme outliers that inflate the mean. In terms of
variability, the archetype model remains inconsistent and occasionally extreme, while the
parameterized model preserves more variability than the mean model—likely reflecting
more realistic spatial heterogeneity in vulnerability, as further illustrated in the geospatial
maps below. All models are right-skewed, but the archetype model exhibits the strongest
skew (mean = 0.268 vs. median = 0.002), indicating predominantly low probabilities with

occasional extreme values.

Comparing across the two hurricanes shows event-level trends: The mean edge failure
probabilities from the parameterized, mean, and archetype fragility models for Michael are
approximately 23, 11, and 5 times those for Irma, respectively. All models show substan-
tially higher predicted damage for Michael, consistent with its greater intensity and inland
penetration. The parameterized model scales most strongly (mean increases from 0.010 to
0.233), suggesting that it captures hazard intensity and structural vulnerability changes ef-
fectively. The mean fragility model increases more moderately (mean increases from 0.007
to 0.079), possibly under-responsive to event severity due to its coarse fragility definition.
The archetype fragility model shows a less proportional rise (mean increases from 0.058 to
0.268), reflecting saturation effects from already inflated values. There is also consistency
across both events: the parameterized fragility model yields the most balanced and stable
predictions, the mean fragility model systematically underpredicts relative to parameter-

ized model, and the single archetype fragility model produces highly variable results with
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occasional unrealistic extremes. These consistent patterns across hurricanes indicate that

the observed differences reflect model characteristics rather than random event effects.

Figure 4.7 shows geospatial maps of transmission line failure probabilities for six sim-
ulation cases. Zoomed-in insets display maximum tower failure probabilities (as points)
along each line in the bounding box. For Irma, comparing the three fragility models (Fig-
ure 4.7 (a)-(c)), the archetype fragility substantially overestimates the number and extent
of failed edges. In contrast, the parameterized and mean fragility models localize damage
more realistically to areas of strong winds near the hurricane track. Notably, the param-
eterized model also predicts failures in central Florida beyond the main wind field near
landfall, reflecting its ability to capture structural heterogeneity and wind direction effects.
The mean fragility model, conditional only on wind intensity, provides a coarser, lower-
resolution damage prediction that cannot resolve these finer patterns. Focusing on the
zoom-in of maximum tower failure probabilities in Figure 4.7(a)-(c), the parameterized and
mean fragility models show similar ranges, but their spatial patterns differ. In Figure 4.7(a),
the maximum tower failure probabilities exhibit scattered, non-continuous variations along
lines, reflecting high-resolution fragility definition due to spatial heterogeneity captured
by the five tuning parameters. In contrast, the mean fragility model (Figure 4.7(b)), be-
ing a single curve conditional only on wind speed, produces smooth, continuous patterns
following the wind field. For the same reason, the archetype fragility (Figure 4.7(c)) also
yields smooth, continuous patterns, but with maximum tower failure probabilities reaching
1. This tower-level overestimation drives extreme edge failure probabilities, since an edge

fails if any tower within it fails.

For Michael, the geospatial maps in Figure 4.7(d)-(f) show similar patterns as observed
for Irma. The archetype fragility substantially overestimates the scope and number of failed
edges, whereas the parameterized and mean models localize damage to areas near strong

winds along the track. Focusing on the zoomed-in bounding box of maximum tower failure
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Figure 4.7: Geospatial maps of transmission line failure probability for six simulation cases: (a)—(c)
Irma with parameterized, mean, and archetype fragilities; (d)—(f) Michael with parameterized,
mean, and archetype fragilities. Zoom-in maps in the bounding box show the maximum tower
failure probability (as points) along each line. Lines that never failed are grey; lines that failed at
least once are shown in color. For easier comparison, Michael cases (d)—(f) share the same color
scale, even though their maximum values differ slightly. For Irma, subplot (c) uses a different scale
than (a) and (b) due to its higher maximum values.

probabilities, the parameterized and mean fragility models differ both in spatial pattern and
range, with maximum tower failure probabilities reaching about 0.73 and 0.26, respectively.
As with Irma, the parameterized fragility model captures fine-grained variations reflecting

spatial heterogeneity, while the mean and archetype models produce coarser, speed-driven

predictions that ignore structural variability and wind direction effect.

Comparing the two events, we observe clear event-level trends. Maximum tower failure
probabilities increase substantially for Michael across all three fragility models, consistent
with the corresponding rise in edge failure probabilities, since edge failure is driven by
tower-level failures. However, the scaling of maximum tower failure probabilities differs
across the three fragility models—Ilargest for the parameterized model, moderate for the
mean model, and smallest for the archetype model—mirroring the patterns observed in

edge failure probabilities for the same reasons. Across both hurricanes, the parameter-
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Figure 4.8: Comparison of network performance metrics from using different fragility models: (a)
Irma; (b) Michael.

ized and mean models yield realistic geospatial damage scope. The parameterized model
further offers finer spatial resolution by capturing structural heterogeneity and wind direc-
tion effects through its tuning parameters, whereas the mean model tends to underpredict
(relative to the parameterized model) and lacks this granularity. The archetype model, in
addition to producing unrealistic extreme maxima, systematically overestimates damage
extent and fails to resolve spatial heterogeneity. Overall, the consistent relative behavior
of the three models across both events reinforces that these differences stem from inherent

model characteristics rather than random event variability.
4.3.3.2 Aggregate network performance results

Results of the three aggregate metrics introduced in Section 4.2.6 are discussed here. Fig-
ure 4.8(a) and (b) compare network performance metrics across fragility models for Irma

and Michael, respectively, with key statistics summarized in Table 4.2.

The number of failed towers is examined first. As expected, failures considering cas-

cading effects (N°2°2) exceed those without cascading (N™Mtal). Recall that these two
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Table 4.2:

Summary statistics of network performance metrics.

Hurricane Model Metric Mean Median Max. Min. Standard deviation

Irma Parameterized ~ Ninitial 14 0 248 0 28
Parameterized — Ncascade 28 0 408 0 51
Mean initial 5 0 140 0 14
Mean Ncascade 10 0 253 0 28
Archetype inital 2769 2713 4674 1296 621
Archetype Ncascade 3894 3853 6304 1742 780
Parameterized LCCratio 0.99933 1.0 1.0 0.99043 0.00153
Mean LCCratio 0.99935 1.0 1.0 0.99043 0.00164
Archetype LCCratio 0.95247 0.95403 0.98295 0.78910 0.01772
Parameterized 1, 0.99878 1.0 1.0 0.97594  0.00249
Mean . 0.99923 1.0 1.0 0.98216 0.00196
Archetype . 0.84241 0.84375 0.95348 0.66476 0.04374

Michael ~ Parameterized Ninitial 642 625 1641 150 209
Parameterized = Ncascade 959 945 2169 270 271
Mean Ninitial 154 140 738 0 110
Mean Ncascade 269 255 1087 0 171
Archetype [initial 3770 3786 4414 2935 254
Archetype Ncascade 4050 4061 4798 3289 236
Parameterized LCCratio 0.92563 0.90765 0.99875 0.90349 0.03543
Mean LCCratio 0.98813 0.99875 1.0 0.90641 0.02872
Archetype LCCratio 0.90255 0.90266 0.90641 0.89101 0.00127
Parameterized 1), 0.92459 0.91131 0.99610 0.90597 0.02746
Mean . 0.97780 0.98119 1.0 0.90999  0.02532
Archetype . 0.89949 0.89995 0.90387 0.85901 0.00302

143



represent upper and lower bounds, with reality typically closer to the non-cascading case;
hence, N™Mitial serves as the more realistic reference. According to available post-event data,
three utility companies reported 23 damaged transmission structures (excluding known
wood transmission poles) from Hurricane Irma (Florida Public Service Commission, 2018).
Comparing this to the central values of N the parameterized fragility model yields the
closest estimates (mean = 14, median = 0), while the mean fragility model somewhat un-
derpredicts (mean = 5, median = 0). The archetype fragility model produces unrealistically
high results (mean = 2769, median = 2713), reaffirming its strong tendency to overestimate
risk. For Hurricane Michael, two utility companies reported repairs or replacements of 519
equivalent transmission structures (excluding known wood transmission poles) (Florida
Public Service Commission, 2019, 2020). Comparing this to the central values of initial
the parameterized fragility model provides the closest estimates (mean = 642, median =
625), while the mean fragility model underpredicts (mean = 154, median = 140). The
archetype fragility model again shows substantial overestimation (mean = 3770, median =

3786).

We acknowledge that the above comparison is not a full rigorous validation, as the avail-
able data may be incomplete and the historical events inherently include random variabil-
ity. Nonetheless, it offers a useful sanity check and an indicative benchmark. In both Irma
and Michael, the results consistently show that the parameterized fragility model yields
the most realistic and reliable damage estimates, the mean fragility model tends to under-
predict, and the archetype fragility model substantially overestimates risk. The consistent
relative behavior of the three models across both events further supports that these patterns

reflect inherent model characteristics rather than event-specific randomness.

A discussion on the systematic bias of the mean and archetype fragility models is pro-
vided below. Starting with the mean fragility model, recall that it is defined by fixing

the five tuning parameters at their nominal or median values, i.e., X = X = (138 kV, 120
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mph, 2-peak, 900 ft, 45°). The accuracy/performance of this model depends on the ac-
tual distribution and heterogeneity of these parameters across the network. In an idealized,
homogeneous system—where all towers share the same properties as the nominal setting
and reach their maximum failure probabilities at a yaw angle of 45°—the parameterized
and mean fragility models would yield identical results. In reality, however, the portfo-
lio is heterogeneous. The mean fragility model tends to underestimate damage primarily
for two reasons. First, at the individual tower level, it cannot capture the temporal chain
(or series-system) effect associated with time-varying yaw angles. Although it accounts for
time-varying wind speeds, it ignores the changing wind direction during a hurricane, which
significantly influences tower response. Because failure is typically governed by the weak-
est temporal state (often when the yaw angle is near 0°), the mean fragility model misses
this critical effect and thus underestimates failure probability. Second, at the portfolio
or regional scale, variations in other important parameters—such as design wind speed—
also influence the overall damage estimation. If the portfolio contains a larger proportion
of vulnerable towers (e.g., with design wind speeds below 120 mph) than represented by
the nominal setting, the mean fragility model will underestimate aggregate damage. Con-
versely, if the portfolio is dominated by stronger towers, it may overestimate risk. This
highlights a well-known limitation of using a single mean fragility curve—defined by av-
erage structural characteristics—for regional analysis of a heterogeneous portfolio. Mean
structural properties rarely guarantee a true ‘mean’ fragility response and often introduce
systematic bias, leading to consistent under- or overestimation. In simple terms, mean in-
put does not necessarily translate to a mean result. In contrast, the flexible, parameterized
fragility model provides more objective and robust assessments by explicitly accounting

for structure-to-structure variability.

Regarding the overestimation by the archetype fragility curve, a similar mixture effect

applies as discussed for the mean fragility model. However, in this case, many towers in
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the portfolio are stronger than the ‘weak’ archetype tower, leading the archetype curve to
systematically overpredict failures. We did not intentionally select a weak archetype; it
was used simply because it is the only tower fragility model available in the IN-CORE
platform. The aim is not to critique this particular archetype, but to illustrate that applying
a single fragility curve across a heterogeneous portfolio can produce misleading results,

emphasizing the limitations of such an approach.

Using the parameterized model as a reference, for Irma, both the LCC ratio and global
efficiency ratio indicate that the mean fragility model slightly underestimates damage (over-
estimates network performance), while the archetype fragility noticeably overestimates
damage (underestimates network performance). For Michael, the trends are similar: the
mean fragility model underestimates damage, and the archetype model overestimates it.
Overall, based on the parameterized model, Hurricane Michael (mean LCC ratio = 0.92563,
mean 1), = 0.92459) causes more severe network damage than Irma (mean LCC ratio =
0.99933, mean 7, = 0.99878), consistent with Michael’s greater intensity and inland pene-

tration.

Comparing the two events reveals patterns similar to those observed in transmission line
failure probabilities (Table 4.1). For Irma, a lower-intensity event, the archetype fragility
model produces much higher dispersion in the three network metrics than the parame-
terized and mean models (Table 4.2). This occurs because the parameterized and mean
models predict very low tower failure probabilities, while the archetype model spans 0 — 1,
increasing variability. For Michael, a higher-intensity event, the parameterized fragility
model generally exhibits the largest standard deviation in the three metrics. This should
be because the archetype model is mostly saturated at high maximum tower failure proba-
bilities, reducing dispersion. The parameterized model preserves more variability than the
mean model by capturing realistic spatial heterogeneity. The trends in aggregate metrics

align with the geospatial observations. The consistent relative behavior of the three mod-
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els across all metrics and both hurricanes reinforces that these differences reflect intrinsic

model characteristics rather than random event effects.

4.4 Concluding remarks

This study investigated how different regional fragility analysis practices influence hurri-
cane risk assessments of power transmission networks. Using a probabilistic simulation
framework, we compared three fragility models for transmission structures: parameterized
class fragility model, mean fragility model, and archetype fragility model. The transmis-
sion network was represented as a graph, and hurricane wind fields were simulated using a
hybrid approach blending the parametric Holland model with ERAS data. We proposed a
novel once-for-all temporal sampling strategy for the class fragility model, computing the
maximum tower failure probability over all time steps of a hurricane event. This approach
avoids overestimating risk due to activating the embedded inter-structure uncertainty. Spa-
tial correlation of damage was also accounted for using a random field method. Network
performance was evaluated using both granular geospatial metrics—edge failure probabil-
ity and maximum tower failure probability—and aggregate network metrics, including the
number of failed towers (with and without cascading), largest connected component ratio,

and global efficiency ratio.

We demonstrated the methodology using the hurricane-prone Florida transmission net-
work, considering two historical hurricanes (Irma and Michael) with distinct tracks and im-
pacts. Comparing results across these events allows us to assess whether observed patterns
reflect inherent model characteristics rather than random event effects. By benchmarking
against available historical damage data (number of failed transmission structures), the pa-
rameterized fragility model consistently produced the most realistic and credible results for

both hurricanes. Across all metrics, the relative behavior of the three fragility models was
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consistent: the mean fragility model tended to underestimate damage, while the archetype
fragility model substantially overestimated risk. The parameterized model captures realis-
tic spatial heterogeneity through its tuning parameters, providing a finer-grained fragility
definition, higher-resolution damage assessments, and in turn more accurate aggregate net-
work metrics. These findings align with Rincon and Padgett (2024), highlighting that the
resolution in portfolio fragility modeling could impact the risk outcomes significantly and
lead to very different conclusions. Therefore, parameterized class fragility models are rec-
ommended for more reliable and adaptable hurricane risk and resilience analysis of power

transmission networks, enabling more objective and informed decision-making.

While the results are consistent across two events, multiple metrics, and a large net-
work, they are specific to the three fragility models and the network/portfolio considered in
this study. As discussed, the relative behavior of the mean and archetype fragility models—
whether they underestimate or overestimate risk—may vary with portfolio heterogeneity,
characteristics, and the selected fragility models. This underscores a key limitation of low-
resolution portfolio modeling approaches: they lack robustness and flexibility and can eas-
ily skew results if the model is not carefully chosen. The main conclusion remains: param-
eterized class fragility models are better suited for regional risk analysis. This promotes the
broader development and use of flexible, parameterized fragility models for other hazards
and infrastructure types, to enable more accurate regional risk assessment. The framework
presented here can be generalized to other comparative studies involving different hazards
or asset types. In particular, the once-for-all temporal sampling strategy is valuable for
long-duration hazards and for using class fragility models where inter-structure uncertainty
must be carefully handled. Other temporal effects—such as tower aging due to corrosion or
fatigue, and damage accumulation either within a single event or across multiple events—
are not considered in this study, and their impacts should be explored in future work. Future

studies could also enhance the analysis by incorporating power flow—enabled metrics, such
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as outage modeling; however, this requires detailed electrical data, which is often difficult

to obtain for security reasons, especially for large-scale networks.
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Chapter 5

Conclusions

5.1 Summary

This dissertation develops a comprehensive framework for modeling and analyzing the
hurricane vulnerability of lattice transmission towers and power transmission networks at
the regional scale. Recognizing the need to balance model fidelity with computational
tractability, the research progresses from physics-based surrogate modeling of individual
tower panels to parameterized class fragility modeling and finally to network-scale hurri-
cane risk assessment. Together, the three studies collectively advance both the method-
ological foundation and the practical applicability of fragility-based regional risk analysis

for electric power infrastructure.

The first study abstracted panels as the basic components of lattice transmission towers
and proposed a physics-based surrogate analytical model that enables efficient panel-
level finite element representation of towers. Through systematic numerical experiments
on straight and inclined panels, the study established consistent definitions for failure limit
state and engineering demand parameters (EDPs) and proposed axial force-bending mo-
ment (PMM) limit capacity surfaces for panels. The surrogate model—implemented using
an elastic beam-column element with condensed stiffness parameters—was shown to re-
produce the EDPs of high-fidelity panel models with negligible loss of accuracy. When ap-
plied to full-tower simulations, the surrogate-based approach reduced computational time

by several orders of magnitude while maintaining acceptable accuracy for portfolio-level
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analyses. These findings demonstrated that physics-based surrogate modeling provides an

efficient and scalable foundation for modeling tower heterogeneity in regional studies.

Building on this foundation, the second study developed a parameterized fragility
model for a representative class of transmission towers under hurricane winds, focusing on
the Florida transmission network. The study refined an eight-step framework for deriving
class fragility models, highlighting several original details and recommendations for best
practice. The fragility model was parameterized using five tuning parameters—voltage, de-
sign wind speed, span length, number of peaks, and yaw angle—allowing fragility curves
to adapt flexibly to variations across a portfolio. Sensitivity analyses revealed that design
wind speed, span length, and yaw angle were the most influential parameters governing
tower fragility. The presented framework offers a generalizable methodology for develop-

ing parameterized fragility models for other hazards and infrastructure asset types.

The third study extended the investigation to the network scale, examining how dif-
ferent fragility modeling practices influence hurricane risk assessments of transmission
networks. A probabilistic simulation framework was used that integrates hurricane wind
field simulation, spatial correlation of structural damage, and network performance analy-
sis. Three fragility modeling approaches—archetype fragility, mean fragility, and param-
eterized class fragility—were compared using historical Hurricanes Irma and Michael as
case studies. The parameterized class fragility model consistently produced the most real-
istic and credible risk estimates when benchmarked against observed damage data, while
the mean and archetype models respectively under- and overestimated network damage.
A novel ‘once-for-all’ temporal sampling strategy was introduced for using class fragility
models to avoid overestimating risk from evoking the embedded inter-structure uncertainty.
The study highlighted the critical role of fragility resolution in regional risk assessment,
showing that flexible, parameterized fragility models lead to more granular and reliable

risk characterizations.
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5.2 Contributions

An overview of the research activities conducted during the Ph.D. program is provided in
Section 1.2. This dissertation presents a subset of those studies, and the key contributions

of the presented work are summarized as follows:

1. A physics-based surrogate analytical model for panels is developed to enable efficient
modeling of portfolios of transmission towers. Beyond the specific model proposed,
a major contribution is the formulation of a rational procedure for developing and
evaluating mechanical models suitable for large-scale probabilistic analysis. This
procedure can be extended to alternative surrogate formulations that balance accu-
racy and computational cost differently or target other structural systems. For ex-
ample, future studies could explore nonlinear beam elements as panel surrogates or
adapt the procedure to develop panel-based surrogate models for telecommunication

towers, following similar calibration and validation steps.

2. A parameterized fragility model for a general class of transmission towers is derived—
the first of its kind for this asset type. The model enables more granular fragility as-
sessment at the portfolio or network scale and is publicly available in Wang and Boc-
chini (2025a). While the presented framework is broadly applicable to developing
parameterized fragility models for various hazards and asset types, its application to
transmission towers demonstrates particular relevance for similar slender structures,

such as other transmission or telecommunication towers.

3. The influence of different regional fragility analysis practices on hurricane risk as-
sessments of power transmission networks is investigated. The parameterized model
captures realistic spatial heterogeneity through its tuning parameters, resulting in

finer-grained fragility definitions, higher-resolution damage estimates, and more ac-
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curate network-level performance metrics. The framework presented here can be
generalized to other comparative studies targeting different hazards or asset types. In
addition, the simulated hurricane wind fields used in this study are publicly available

in Wang and Bocchini (2025¢).

Additional contributions from other studies not included in this dissertation, as well as

secondary contributions from all studies, are summarized as follows:

1. A mechanistic and probabilistic methodology is proposed to assess wildfire ignition
risk from conductor-vegetation contact during high-wind events. The encroachment
mechanism is modeled through dynamic transmission line response and random vi-
bration theory. This approach enables sensitivity analyses and supports operational
decisions (e.g., power shutoff and vegetation management) by quantifying the prob-
ability of conductor-vegetation interaction under varying wind and clearance condi-

tions.

2. A dynamic traffic-based framework is developed for transportation network resilience
assessment, integrating time-dependent functionality analysis with mesoscopic traf-
fic simulations. The results demonstrate that dynamic (rather than static) model-
ing captures spatiotemporal congestion patterns and localized impacts of disruptions
such as earthquakes and protests, thus providing deeper insight into system behavior

and supporting more informed resilience planning.

3. A wind hazard map of extreme wind gusts with a 20-year return period is created
for the state of California using historical wind data and GIS analysis. This map
earned media coverage (Venteicher et al., 2023) and helped raise public awareness of

regional wind and wildfire risks.

4. The effectiveness and accuracy of the proposed surrogate model for lattice panels
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are thoroughly examined. The model successfully captures structural responses, in-
cluding potential nonlinear effects arising from material behavior and connection
slippage, despite its linear element formulation. This capability is achieved through
rigorous physics-based parameter mapping and calibration against high-fidelity mod-

els.

. An expert opinion survey on post-storm power restoration is collaboratively con-
ducted (as a contributor). The survey, designed in Qualtrics and distributed to profes-
sional linemen and grid operators, yielded valuable responses and was complemented

by interviews for deeper insight.
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Appendix A

Commonly used angle profiles

In the spirit of providing all necessary information for reproducing the results, Table A.1
lists the common angle profiles used in the design of experiments in Section 2.3.1. The

indices are arranged in ascending order of sectional area.

Table A.1: Database of commonly used angle profiles.

Index Profile Area Index Profile Area

by area in X in X in in? (mm?) by area in X in X in in? (mm?)

1 2x2x0.125 0.48 (310) 32 4x4x0.625 4.61(2974)
2 2x2x0.1875 0.71 (458) 35 4x4x0.75 5.44 (3510)
4 2x2x0.25 0.94 (606) 24 5x5x%x0.3125 3.03(1955)
6 2x2x0.3125 1.15 (742) 27 5x5x0.375 3.61(2329)
8 2x2x0.375 1.36 (877) 30 5x5x0.4375 4.18 (2697)
3 2.5x2.5%x0.1875 0.902 (582) 33 5x5x0.5 4.75 (3065)
7 2.5x2.5x%x0.25 1.19 (768) 37 5x5x0.625 5.86(3781)
10 2.5x2.5x0.3125 1.46 (942) 39 5x5x%x0.75 6.94 (4477)
12 2.5x2.5x%x0.375 1.73 (1116) 42 5x5x%x0.875 7.98 (5148)
17 2.5%x2.5x%x0.5 2.25 (1452) 28 6x6x0.3125 3.65(2355)
5 3x3x0.1875 1.09 (703) 31 6x6x0.375 4.36(2813)
9 3x3x0.25 1.44 (929) 34 6 x6x0.4375 5.06 (3265)
13 3x3x0.3125 1.78 (1148) 36 6x6x0.5 5.75 (3710)
16 3x3x0.375 2.11 (1361) 38 6x6x0.5625 6.43(4148)
19 3x3x0.4375 2.43 (1568) 40 6x6x0.625 7.11 (4587)
21 3x3x0.5 2.75 (1774) 43 6x6x0.75 8.44 (5445)
11 3.5x3.5%x0.25 1.69 (1090) 46 6x6x0.875 9.73 (6277)
15 3.5x3.5x0.3125 2.09 (1348) 47 6x6x1 11 (7097)
20 3.5%x3.5%x0.375 2.48(1600) 41 8 x8x0.5 7.75 (5000)
23 3.5%x3.5%x0.4375 2.87(1852) 44 8 x 8 x0.5625 8.68 (5600)
25 3.5%x3.5%x0.5 3.25 (2097) 45 8 x8x0.625 9.61 (6200)
14 4x4x0.25 1.94 (1252) 48 8 x8x0.75 11.44 (7381)
18 4x4x0.3125 2.4 (1548) 49 8 x 8x0.875 13.23 (8535)
22 4 x4x0.375 2.86 (1845) 50 8x8x1 15 (9677)
26 4 x4x0.4375 3.31 (2135) 51 8 x8x1.125 16.73 (10794)
29 4x4x0.5 3.75 (2419)
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Appendix B

Verification study of PMM capacity surfaces

Transmission towers have traditionally been studied at the member level because the pri-
mary failure mode is member buckling. To the authors’ knowledge, no prior research—
either experimental or numerical—has investigated the PMM capacities of full panels. In
order to gain a better understanding of the PMM capacity surfaces, two small batches of
numerical experiments were conducted for the straight and inclined panel types. For each
panel type, 50 panels were sampled using the DoE strategy described in Section 2.3.1. One
inclined panel sample incurred non-permissible design and thus was discarded. Then, for
each sampled panel, its PMM limit capacity surface was constructed point by point based
on the flowchart shown in Figure 2.10, where 50 different target loading patterns (i.e.,

N = 50) were generated by the LHS technique.

Figure B.1 illustrates the PMM capacity surfaces for two example panels, where the
50 mirrored points are obtained from symmetry (see Figure 2.8). Visual inspection of all
the 99 surfaces indicates that the PMM capacity surfaces of both panel types can be char-
acterized as planes in the PMM 3D space. To more rigorously verify this hypothesis, the
capacity points constituting each surface were fitted to a plane and the goodness of fit was
evaluated. The least square method was utilized for the surface fitting and its quality was
quantified by the coefficient of determination (R?). For the 50 PMM capacity surfaces of
the straight panels, the minimum, maximum and mean of the R? values were found to be
0.99949, 1.00000, and 0.99999 respectively. For the 49 PMM capacity surfaces of the in-

clined panels, the minimum, maximum and mean of the R? values were evaluated 0.99944,
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Figure B.1: Example PMM capacity surfaces in the 3D space: (a) a straight panel (w; = 2.335m,
Sieg = 14, Sprace = 13); (b) an inclined panel (w; = 3.458m, Sieg = 9, Sprace = 9). For brevity, the
sampled values of the other eight variables are omitted here.

1.00000, and 0.99993 respectively. The R? values are all very close to 1, supporting the hy-

pothesis that the PMM capacity surfaces of both panel types are well represented as planes,

as the nonlinearity introduced by the joint behavior is negligible in practice.

It is known that three non-collinear points can define a plane in the 3D space. Fig-
ure B.1 further suggests that the capacity plane can be determined by three particular
points—(Pnax, 0,0), (0, Mxmax,0), and (0,0, Mzmax)—where Mxmax = Mzmax due to sym-
metry. Therefore, the limit capacity plane of a panel can be fully characterized by know-
ing Pmax and Mymax. To accurately determine these two quantities, the high-fidelity ap-
proach is recommended over the simple truss approach. This recommendation is based
on a quantitative comparison using the 50 straight panels and 49 inclined panels discussed
above. In the comparison study, both approaches employed the panel design routine (see
Figure 2.6) to determine the buckling lengths, following which the compression capac-
ities (P;) of leg members were calculated from the equations provided in Section 2.2.4.
The high-fidelity approach determines Py, and Mymax through finite element analysis of
the 3-panel structure model; the simple truss approach estimates Ppax = 4P/ cos(a,) and

Myxmax = 2P-w;/ cos(a,), utilizing prominent simplifications by neglecting beam-column
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behavior, connection effects, indeterminacy, etc.

Figure B.2 illustrates the discrepancies between the two approaches (see the white box
plots) in the computed Ppax and Mymax for straight and inclined panels. The mean per-
centage differences for ‘straight, Ppax’, ‘straight, Mymax', ‘inclined, Ppax’, and ‘inclined,
Mxmax™ are 4.2%, 3.4%, 7.7%, and 12.4%, respectively. This level of average discrep-
ancy justifies the conventional use of the simple truss approach in certain cases. However,
significant discrepancies can arise, as indicated by the maximum percentage differences:
24.8%, 19.0%, 38.3%, and 36.3%. Notably, the discrepancies are larger in inclined pan-
els compared to straight panels. This is likely because the slope/inclination increases the
influence of connections and bracings, resulting in more complex structural behavior that
the simple truss approach fails to account for. Since the simple truss approach can yield
unacceptably large discrepancies, the high-fidelity approach should be used as the basis for
a more reliable and accurate determination of Ppax and Mymax. For a complete compar-
ison, the metamodel—trained on data obtained from the high-fidelity approach—exhibits
superior accuracy, as shown by the colored box plots in Figure B.2. The mean percentage
differences for ‘straight, Ppax’, ‘straight, Mxmax’, ‘inclined, Ppax’, and ‘inclined, Mymax’
are 1.8%, 2.0%, 2.6%, and 2.2%, respectively. The maximum percentage differences are:

7.0%, 10.4%, 5.4%, and 5.7%.
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Figure B.2: Discrepancies in computed Pyax and Mymax. The simple truss approach and the meta-

model prediction are compared to the high-fidelity approach, as illustrated by the white and colored
box plots, respectively.
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Appendix C

Coefficients of the metamodel

The detailed coefficients corresponding to the metamodel in Equation (2.22) are summa-
rized in Table C.1.

Table C.1: Coefficients of the metamodel.

Type Straight Inclined

Purpose Capacity Demand Capacity Demand

? Prax (N) Mxmax (N-m) K (N) Prax N) Mxmax (N-m) K (N)

6 3.061 x 106 2.614x10°  4.371 x 107 1.399 x 10° 1.782x 10°  8.585 x 107
0, 1.969 x 100 —6.259x10°  7.733x10° —8.974x10* —3.158x10*  2.180 x 10’
6 5.517x10° —1.940 x 10° 1.505x 107 4599 x 100 —5.457x10°  3.116 x 107
0; 3.047 x 10° 1.770 x 10°  8.131 x 10° —1.047 x 10* —1.306 x 10° 1.798 x 107
04 2531 x10° 2.709x10° —3.081 x10°  6.875 x 10* 1.698 x 10° —1.898 x 10°
05 1.093 x10°  3.348 x 10* —3.508 x10° —1.762x10*  2.995 x 10* 1.910 x 10°
[ —5532x 100  2.248x10° —1.430x10° —4.859x10° 9.360x10°  6.235x 10°
6, —7.652x10% —6.316x10* —3.664x10° —1.554x10*  3.032x10*  3.609 x 10°
[N —7.952x 10 —9.019x 10* —2.202 x 10° 1.131 x10* —6.672x10* —1.031 x 107
69 —4235%x10°  2.448x10° —1.553x10° —2.632x10°  6.820x10°  3.697 x 10°
610 8.192x10°  9.656 x 10° 1.417x10°  3.260 x 10! 1.287x10°  4.097 x 10°
611 1.204 x 10*  —3.366x 10* —2.569x 10°  8.852x 10° —6.033 x 10* —9.848 x 10°
612 2.574x10°  2.144x10°  3.860 x 10° 1.178 x 10°  9.468 x 105  5.648 x 10°
013 —1.518 x10* —9.710x 10° —1.432x10° —4.393x10°  7.109 x 10° —7.540 x 10°
014 —1.289x10° —7.026x10*  5.478 x 10° 1.797 x 100 2.759x10° —1.381 x 10°
015 —2.171x10° —2.422x10°  4.559x10° —8.969 x10* —1.606 x 10° 1.737 x 10°
016 1.420x10° —3.184x 107 1.369x 10°  3.994x 105 —1.621x10* —1.713 x 10°
017 3.320x 100 3.056x10° —8.836x10°  2.184x10°  2.329x10° —2.290 x 107
013 —4.704 x 10*  —1.392x10* —5.460x 10° —1.195x10° —1.758x10° —9.359 x 10°
619 1.270 x 10* 3747 x10* —1.552x10° —9.356x10°  2.880x 10*  4.859 x 10°
620 6.844 x 10* —1.502x10° —1.686x10°  5.331x 102 —6.693 x 10* —4.338 x 10°
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Appendix D

Data used in tower design module

Table D.1: Database of commonly used transmission conductors (adapted from Kalaga and Yenu-
mula (2017)). All conductors are of the aluminum conductor steel reinforced (ACSR) type.

No. Label Size  Area Stranding Diameter Unit weight RTS Applicable voltage

(kemil)  (in?) (in) (Ib/ft) (Ib) kV)
1 Penguin 2668 0.1939  6/1 0.563 0.2911 8350 115
2 Linnet 3364 03069  26/7 0.721 0463 14100 115, 138
3 Pelican 477 03952  18/1 0.814 0.518 11800 115, 138
4  Hawk 477 04355  26/7 0.858 0.657 19500 115, 138
5 Dove 5565 05084 26/7 0.927 0.766 22600 115, 138
6 Drake 795 07269  26/7 1.108 1.094 31500 115, 138,230
7  Tem 795 0.668  45/7 1.063 0.896 22100 115, 138,230
8 Rail 954 08013 45/7 1.165 1.075 25900 115, 138,230
9 Cardinal 954 0.8462  54/7 1.196 1.229 33800 115,138,230

10 Bittern 1272 1.0679  45/7 1.345 1.434 34100 115,138,230
11 Falcon 1590 1.4073 54/19 1.545 2.044 54500 115, 138, 230
12 Kiwi 2167 1.7762 7217 1.735 23005 49800 115,138,230
13 Bluebird 2156 1.8304 84/19 1.762 2.511 60300 115, 138, 230

Note: 1in =254 mm, 1 Ib/ft=14.6 N/m, 1 Ib=4.45N, 1 ft = 0.3048 m.

Table D.2: Database of common overhead ground wires (adapted from Kalaga and Yenumula
(2017)).

No. Label Material Diameter (in) Area (in?) Unit weight (Ib/ft) RTS (Ib)

1 3#6 AW Alumoweld 0.35 0.077 0.178 10280
2 T#8 AW Alumoweld 0.385 0.091 0.262 15930
3 7#9 AW Alumoweld 0.343 0.072 0.208 12630
4  3/8HS Steel 0.36 0.079 0.273 10800
5 3/8EHS Steel 0.36 0.079 0.273 15400
6 7/16 HS Steel 0.435 0.149 0.399 14500
7 7/16 EHS Steel 0.435 0.149 0.399 20800

Note: 1in=254mm, 1 Ib/ft=14.6 N/m, 1 Ib=4.45N, 1 ft =0.3048 m.
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