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ABSTRACT 8 

In the United States, blackouts during hurricanes may be caused by collapse of electrical transmission 9 

towers. Fragility curves that document the likelihood of collapse of these towers are needed for fast damage 10 

assessment and emergency management of electrical transmission networks. This paper introduces a 11 

methodology for developing event-based fragility curves that relate the collapse probability of a 12 

transmission tower after a hurricane event to the hurricane intensity measure. The intensity measure of a 13 

hurricane is the storm-maximum gust wind speed at 10 m height. The fragility curve is the cumulative 14 

distribution function of the collapse capacity, which is a random variable defined as the intensity measure 15 

associated with the onset of collapse. Incremental dynamic analysis (IDA) is used along with a suite of 16 

selected hurricane wind records to model collapse and to propagate uncertainties from hurricane wind 17 

speeds, directions, and durations to the collapse capacity. To save computational resources, IDA can be run 18 

up to a certain moderate intensity level instead of collapse of a structure. This is called a truncated IDA, 19 

where some IDA curves may only provide a lower bound value of the collapse capacity. The collapse 20 

capacity is assumed to follow a lognormal distribution, whose parameters are estimated with the method of 21 

moments or the maximum likelihood method for the traditional IDA or truncated IDA, respectively. To 22 

facilitate regional damage assessment, the region of interest is discretized into a set of grids and a set of 23 

fragility curves are developed for each grid considering the variations in selected hurricane wind records 24 

and tower orientations. This procedure is demonstrated using Massachusetts as a testbed. Even though 25 

transmission towers are only considered in this paper, the event-based fragility methodology can be adopted 26 

to buildings or other structures subjected to hurricanes. 27 

Keywords: event-based fragility, collapse, transmission tower, hurricane, regional analysis, incremental 28 

dynamic analysis  29 
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 Introduction 30 

In electrical transmission systems, lattice towers are widely used to support overhead conductors. These 31 

towers are exposed and vulnerable to windstorms such as hurricanes. For example, Hurricane Katrina in 32 

2005 led to 402 cable support towers in Mississippi damaged or collapsed [1], and Hurricane Harvey in 33 

2017 damaged or collapsed more than 850 transmission structures [2]. The constantly emerging evidence 34 

of collapse of transmission towers under hurricanes shows the necessity for capacity assessment of these 35 

structures considering geometric and material nonlinearities. To quantitatively assess the vulnerability of 36 

electrical transmission towers subjected to windstorms, both empirical [3, 4] and analytical [5-10] fragility 37 

curves have been adopted by researchers. In addition, as structural engineers are moving towards 38 

performance-based wind design, geometric nonlinear and inelastic deformations are allowed but should be 39 

controlled under strong winds [11]. Therefore, nonlinear analysis will be increasingly important in wind 40 

design and capacity assessment of buildings and other structures. This paper focuses on collapse fragility 41 

development of electrical transmission towers considering nonlinear and dynamic effects. 42 

Fragility curves are used to describe the relationship between the failure probability of a structure and the 43 

intensity measure of the applied hazard. To calculate the failure probability of a structure for a certain 44 

intensity level of hazard is a standard structural reliability problem, where the uncertainties may come from 45 

structural properties and hazards with the same intensity level but other different characteristics. Therefore, 46 

each point on a fragility curve can be obtained from a structural reliability analysis. Depending on the 47 

uncertainties considered in the limit state function, there are time-invariant reliability and time-variant 48 

reliability. Consequently, fragility curves can also be developed based on time-invariant reliability or time-49 

variant reliability. 50 

For the time-invariant reliability approach, the limit state function can be expressed as 𝑔𝑔(𝑿𝑿), where 𝑿𝑿 is a 51 

set of random variables. The fragility is defined as the failure probability of the structural system conditional 52 

on the specified intensity measure 𝐼𝐼𝐼𝐼, i.e., 𝑃𝑃(𝑔𝑔(𝑿𝑿) ≤ 0|𝐼𝐼𝐼𝐼). To satisfy the precondition of time-invariant 53 

reliability, one should assume the loads are static or consider the dynamic effects implicitly through some 54 

amplification factors. For example, Ellingwood et al. [12] and Li [13] developed hurricane fragility curves 55 

for light-frame wood construction using design equations with static wind pressure and a gust-effect factor 56 

to account for the maximum dynamic response. The conditional failure probabilities that form the fragility 57 

curves were obtained by increasing the wind speed in 10 mph increments and repeating the first-order 58 

reliability method (FORM) at each increment. The results were also used to validate the two-parameter 59 

lognormal cumulative distribution function (CDF) model of fragility curves by a series of statistical 60 

analyses [13, 14], which shows that the lognormal CDF provides a good model for fragility curves of light-61 
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frame wood construction. Shanmugam [15] also developed fragility curves for roof uplift capacities in low-62 

rise residential construction by using static wind loads, but considered correlated non-normal random 63 

variables. Shanmugam [15] accepted the idea that the fragility can be modeled as a lognormal CDF, so she 64 

did not use FORM or any other reliability methods to calculate failure probabilities, but combined Monte 65 

Carlo simulation and the maximum likelihood method suggested by Shinozuka et al. [16] to estimate the 66 

two parameters of the lognormal CDF. Similarly, Shafieezadeh et al. [17] and Darestani et al. [9] assumed 67 

static wind loads with gust-effect factors according to ASCE 7 [18, 19] and developed fragility curves for 68 

utility wood poles and transmission towers, respectively. However, the gust-effect factor is developed for 69 

structural design and assumes that the structure remains linear elastic. Therefore, the design equations with 70 

a gust-effect factor may not be used for highly nonlinear collapse failure analysis. 71 

For the time-variant reliability approach, the failure event is described with respect to a time domain. For 72 

example, a time-variant reliability problem may be defined with a limit state function 𝑔𝑔(𝑿𝑿,𝒀𝒀(𝑡𝑡)), where 73 

𝒀𝒀(𝑡𝑡) represents a set of random processes such as time histories of wind speeds and ground motions. For a 74 

certain time t, 𝒀𝒀(𝑡𝑡) becomes a set of random variables; therefore, the instantaneous failure probability at 75 

time t may be obtained through the approaches for calculating time-invariant reliabilities. Traditionally, the 76 

failure probability is asked to be estimated in a time interval, which is the first-passage problem and can be 77 

solved by using a series system approximation after discretizing the time interval or estimating the mean 78 

rate of down-crossings of the random process 𝑔𝑔(𝑿𝑿,𝒀𝒀(𝑡𝑡)) below zero [20]. A more practical time-variant 79 

reliability problem may be defined by a limit state function 𝑔𝑔(𝑿𝑿,𝒀𝒀(0)~𝒀𝒀(𝑡𝑡)), which means that the 80 

instantaneous failure event at time t depends on the random processes 𝒀𝒀(𝑡𝑡) from time 0 to t. For example, 81 

due to the dynamic effects and plastic deformations, the structure’s response at time t dependents on the 82 

force time history from 0 to t; thus, the failure probability at time t dependents on the force time history 83 

from 0 to t. Similar methods may be used to solve the problem as was done for the limit state function 84 

𝑔𝑔(𝑿𝑿,𝒀𝒀(𝑡𝑡)). However, the correlations of failures between different time points needs to be considered [20-85 

23]. For the limit state function 𝑔𝑔(𝑿𝑿, 𝒀𝒀(0)~𝒀𝒀(𝑡𝑡)), if only the failure probability after an event (i.e., at the 86 

end of the loading time history) is of interest, Monte Carlo simulation may be used to account for the 87 

uncertainties from random processes 𝒀𝒀(𝑡𝑡). For fragility development, a set of time history analyses may be 88 

run using different 𝒀𝒀(𝑡𝑡)’s to propagate the uncertainties from 𝒀𝒀(𝑡𝑡) to structural responses. In this paper, 89 

fragilities developed through this way are called event-based fragilities. Event-based fragilities are widely 90 

used in earthquake engineering, where the failure probability provided by fragility curves is for a seismic 91 

event, and fragility curves are usually developed using nonlinear dynamic analysis with a suite of ground 92 

motions. However, event-based fragilities have not been introduced into wind engineering for windstorm 93 

events such as hurricanes and tornados. 94 
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In the context of fragility development for transmission towers under wind loads, researchers attempted to 95 

develop analytical fragility curves using static analysis [5, 9] or dynamic analysis with fixed time intervals 96 

such as 2 minutes [8, 10], 5 minutes [6], and 10 minutes [7]. The fragilities developed for these time 97 

intervals cannot represent the fragilities for a whole windstorm event because wind speeds and directions 98 

may vary during a storm, and failure of a structure incorporates accumulating phenomena such as yielding 99 

and dynamic effects. When using these fragility curves, the duration of a windstorm is discretized into a 100 

series of short time intervals (e.g., 2 minutes), and the failure probability is calculated for each time interval 101 

independently. However, as discussed before the failure probabilities within those short time intervals are 102 

correlated [20, 24]. This correlation is difficult to quantify from the view of time-variant reliability and is 103 

not considered by the above authors. Hallowell et al. [25] used the 1-hour peak wind record to represent a 104 

whole hurricane and tried to develop fragility curves for a hurricane event. For this case, except for the 105 

problem that the structure may be damaged before the 1-hour peak wind record, another problem here is 106 

that the 1-hour peak wind record is not necessarily the worst hour within a storm. For example, for a 107 

transmission tower the wind direction of the 1-hour peak wind record may be parallel to conductors and 108 

thus the wind forces on conductors may be negligible, while there may be a worse hour which has a lower 109 

wind speed but a wind direction perpendicular to the conductors. 110 

To overcome the above-mentioned limitations of the current fragility development strategies for wind loads, 111 

this research applies the event-based fragility for windstorms and focuses on collapse of transmission 112 

towers subjected to hurricanes. The limit state function has a form of 𝑔𝑔(𝑿𝑿, 𝒀𝒀(0)~𝒀𝒀(𝑡𝑡)) since nonlinear 113 

and dynamic effects are included in collapse modeling. Instead of assessing failure probabilities for a series 114 

of time intervals within a hurricane, the event-based fragility tries to estimate the failure probability after a 115 

hurricane event so that users can avoid the intractable task of quantifying correlations of failure probabilities 116 

in different time intervals. The storm-maximum 3-second gust wind speed is adopted as the intensity 117 

measure of hurricanes, and a suite of hurricane wind speed and direction records are selected to represent 118 

the uncertainties in wind loading [26]. The collapse limit state is considered through incremental dynamic 119 

analysis (IDA) adapted from earthquake engineering [27], from which the collapse capacity (i.e., the 120 

intensity measure associated with the onset of collapse) is obtained. The parameter estimation approaches 121 

for fragility curves are introduced for cases that the collapse capacity points for all wind records are 122 

completely or partially captured on IDA curves. Finally, a methodology is proposed for developing collapse 123 

fragility curves for transmission towers in a region using its specific towers and hurricane wind records. 124 

 125 

 126 
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 Uncertainties in hurricane wind records 127 

It is well-known that hurricane wind records with the same intensity measure may have different patterns 128 

or uncertainties in terms of the changing of wind speeds and directions. In fragility analysis, these 129 

uncertainties should be modeled and propagated to structural responses. For event-based fragilities, the 130 

record-to-record uncertainties can be considered through Monte Carlo simulation, which requires running 131 

IDAs for a suite of hurricane wind records collected for a location of interest. To achieve this goal, Du et 132 

al. [26] used Massachusetts as a testbed, discretized it into a series of grids (Fig. 1), and collected hurricanes 133 

wind records for each grid from a 10,000-year synthetic hurricane catalog [28]. However, due to the high 134 

computational demand, it is intractable to use all the collected wind records (about 200 for each grid, each 135 

of which has a duration on the order of 10 hours) for IDAs and fragility development. A subset of the 136 

collected records is used in this work, while still preserving the key uncertainties in the loading. This is 137 

achieved through clustering of the wind records and selecting several of them from each cluster. Using a 138 

neural network autoencoder, Du et al. [26] first compressed the high-dimensional wind records into low 139 

dimensional latent features through a encoder process. The latent features were then expanded to reconstruct 140 

the wind records through a decoder process. Training of this neural network was done to minimize the 141 

difference between the original and the reconstructed wind records. Consequently, the low-dimensional 142 

latent features contain the most important information in the wind records. Finally, a k-means clustering 143 

algorithm was used on the latent features, through which approximately 1/10 of the wind records were 144 

selected in each cluster for fragility development. As such, the number of wind records used to run IDAs 145 

for each grid is approximately 20. As an example, 16 selected hurricane wind records from 8 clusters are 146 

shown in Fig. 2 for Grid 86 whose centroid has a latitude of 41.7 and a longitude of -70.1. Here the wind 147 

velocities are resolved into the North and East directions because the wind records have changing wind 148 

directions. Specifically, the wind records are time series of wind velocity vectors in 2D with a 10-min time 149 

step. Therefore, the clustering and selection process considers the effects of wind durations, speeds, and 150 

directions, which are all reflected in the values of the latent features. In Fig. 2, the wind records selected 151 

from the same cluster are shown in the same color, and it is seen that wind records within the same cluster 152 

have similar characteristics in terms of wind speeds, directions, and durations. In addition, 1-hour ramp-up 153 

and ramp-down loading histories are added to the beginning and the end, respectively, of each wind record 154 

to avoid an impulse effect due to sudden loading (see Fig. 2) for the nonlinear structural dynamic analyses 155 

in the following sections [11]. To better compare wind records from different clusters, wind records in Fig. 156 

2 are put together with their midpoint of the duration occurring at the same time. To facilitate the 157 

autoencoder, zero paddings at the beginning and end of each record are used to make all records have the 158 
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same duration in these plots; however, these zero paddings are removed in the following nonlinear dynamic 159 

analysis. 160 

 161 
Fig. 1. Massachusetts is discretized into grids with their centroids shown and labelled 162 

 163 
Fig. 2. An example of selected hurricane wind records for a grid 164 

 Hurricane wind loading on transmission towers 165 

The selected hurricane wind records are 10-min mean wind speeds at 10 m height. To calculate the wind 166 

loads on transmission towers, the wind field along the towers should be generated, which includes modeling 167 

of the atmospheric boundary layer and the fluctuating wind speeds. The wind loading time histories may 168 

then be calculated based on the equations in the ASCE 74 design code [29]. 169 
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 Wind field simulation 170 

As an example, Fig. 3 shows the step plot of a 10-min mean wind speed record at a 10 m height, along with 171 

the corresponding wind direction record. Note that the wind direction is clockwise positive from the North 172 

direction. Based on the 10-min mean wind speeds at 10 m height, the 10-min mean wind speeds at other 173 

heights along the tower are calculated according to the logarithmic law boundary layer model [30-32], 174 

which is 175 

 𝑈𝑈(𝑧𝑧) =
𝑢𝑢∗
𝑘𝑘

ln
𝑧𝑧
𝑧𝑧0

 (1) 

where 𝑈𝑈(𝑧𝑧) is the mean wind speed at the height of 𝑧𝑧; 𝑢𝑢∗ is the shear velocity; 𝑘𝑘 = 0.4 is the Von Karman 176 

constant; 𝑧𝑧0 is the roughness length of the ground surface. In this research, open terrain with a roughness 177 

length 𝑧𝑧0 = 0.03  is assumed. After generating 10-min mean wind speeds for different heights, the 178 

fluctuating wind speeds should be superimposed to the mean wind speeds. Here the spatially correlated 179 

fluctuating wind speeds are simulated from the Kaimal spectrum [33] using the spectral representation 180 

method [34-36]. The correlations of fluctuating wind speeds at different locations are considered through a 181 

coherence function, which is an exponential decay as proposed by Davenport [37]. Fig. 4 presents the 182 

simulated and target spectra of the fluctuating wind speeds with a good match. The simulation of the 183 

fluctuating wind speeds is based on the open-source code developed by Cheynet [38]. After combining the 184 

mean and fluctuating wind speeds at different heights, the temporal-spatial evolution of the hurricane wind 185 

field along a transmission tower is obtained as presented in Fig. 5. Only the absolute values of the wind 186 

speeds are shown in Fig. 5, while the changing of the wind directions are omitted for simplicity of the figure. 187 

Note that within each 10-min time interval, the wind direction is assumed to be constant even after adding 188 

the fluctuating wind speeds. 189 

 190 
Fig. 3. An example of the 10-min mean wind speeds at 10 m height with the corresponding wind directions 191 
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 192 
Fig. 4. Simulated and target spectra of fluctuating wind speeds 193 

 194 
Fig. 5. Temporal-spatial evolution of synthetic hurricane wind speeds 195 

 Wind force calculation 196 

Transmission towers are usually discretized into a series of panels along the height (see Fig. 6), with wind 197 

forces calculated for each panel separately [39]. For transmission towers subjected to yawed wind, ASCE 198 

74 [29] gives the following equation for wind force calculation on a lattice panel 199 

 𝐹𝐹𝑑𝑑 = 𝑄𝑄𝐾𝐾𝑧𝑧𝐾𝐾𝑧𝑧𝑧𝑧𝑈𝑈3−𝑠𝑠𝑠𝑠𝑠𝑠2𝐺𝐺𝑡𝑡(1 + 0.2 sin2(2Ψ))�𝐶𝐶𝑓𝑓𝑓𝑓𝐴𝐴𝑚𝑚𝑚𝑚 cos2 Ψ + 𝐶𝐶𝑓𝑓𝑓𝑓𝐴𝐴𝑚𝑚𝑚𝑚 sin2 Ψ� (2) 

where 𝑄𝑄 is the air density coefficient with a recommended value of 0.613 (m/s to Pa, converting wind 200 

speeds to pressure); 𝐾𝐾𝑧𝑧 is the wind pressure exposure coefficient; 𝐾𝐾𝑧𝑧𝑧𝑧 is the topographic factor; 𝐺𝐺𝑡𝑡 is the 201 

structure gust response factor; Ψ is the yaw angle as shown in Fig. 7; 𝐶𝐶𝑓𝑓𝑓𝑓 and 𝐶𝐶𝑓𝑓𝑓𝑓 are force coefficients 202 

associated with the face of the structure that is perpendicular to the transverse and longitudinal directions, 203 

respectively; and 𝐴𝐴𝑚𝑚𝑚𝑚  and 𝐴𝐴𝑚𝑚𝑚𝑚  are area of all members projected in the face of the structure that is 204 
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perpendicular to the transverse and longitudinal directions, respectively. For conductors and ground wires 205 

subjected to yaw angles, ASCE 74 [29] gives the following equation for calculating wind forces 206 

perpendicular to the conductor or ground wire 207 

 𝐹𝐹 = 𝑄𝑄𝐾𝐾𝑧𝑧𝐾𝐾𝑧𝑧𝑧𝑧𝑈𝑈3−𝑠𝑠𝑠𝑠𝑠𝑠2𝐺𝐺𝑤𝑤𝐶𝐶𝑓𝑓𝐴𝐴 cos2 Ψ (3) 

where 𝐺𝐺𝑤𝑤 is the wire gust response factor; 𝐶𝐶𝑓𝑓 is the force coefficient with a recommended value of 1.0; and  208 

𝐴𝐴 is the projected area of the wire (i.e., wind span times the diameter of the wire). As recommended by 209 

Mara [39], dynamic wind forces on the tower and wires are calculated using Eqs. (2) and (3) with the two 210 

terms 𝐾𝐾𝑧𝑧𝐾𝐾𝑧𝑧𝑧𝑧𝑈𝑈3−𝑠𝑠𝑠𝑠𝑠𝑠2𝐺𝐺𝑡𝑡 and 𝐾𝐾𝑧𝑧𝐾𝐾𝑧𝑧𝑧𝑧𝑈𝑈3−𝑠𝑠𝑠𝑠𝑠𝑠2𝐺𝐺𝑤𝑤 replaced by the simulated wind speeds at the corresponding 211 

height. As an example, Fig. 8 shows the calculated wind force time histories. Since the hurricane winds 212 

have time-variant wind directions, the wind forces are resolved into transvers and longitudinal directions 213 

for the ease to apply to the structure. Note that the two additional time histories in the transverse direction 214 

compared with those in the longitudinal direction are forces from one conductor and one ground wire. 215 

 216 
Fig. 6. An 18-m 115 kV transmission tower divided into panels 217 

 218 
Fig. 7. Yawed wind on a transmission tower 219 
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 220 
(a) Forces in the transverse direction 221 

 222 
(b) Forces in the longitudinal direction 223 

Fig. 8. Calculated wind forces on the transmission tower 224 

 Collapse fragility development 225 

The event-based collapse fragility curves are developed in this section for transmission towers under 226 

hurricanes. First, the mathematical model for the event-based fragility is briefly introduced. This section 227 

then discussed the details of using IDA to capture collapse capacities of towers subjected to the hurricane 228 

wind records selected in Section 2. The parameters of fragility curves are then estimated from the data of 229 

collapse capacities using the method of moments or the maximum likelihood method. Nonlinear dynamic 230 

analysis is done using the OpenSees software [40] with the displacement-based beam element developed 231 

in Du and Hajjar [41] for modeling structures made of steel angles and tees such as the transmission towers, 232 

where both material and geometric nonlinearities are considered. The axial-flexural-torsional interaction 233 

behavior is modeled for steel angles because they may experience flexural-torsional buckling under 234 

complex loading conditions like combined axial forces and moments [42]. The Newmark-beta method is 235 

used for the integrator with a time step of 0.05 seconds as suggested by Mara [39] for transmission towers. 236 
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The uniaxial Steel01 material in OpenSees is adopted with the nominal yield stress. Residual stress is 237 

modeled explicitly by applying the residual stress pattern suggested by Kitipornchai and Lee [43] to fiber 238 

sections. Rayleigh damping is adopted with a 2% damping ratio. Other details of the finite element model 239 

in OpenSees can be found in Du and Hajjar [44]. The analyses for the IDAs were run on the DesignSafe 240 

cyberinfrastructure [45]. 241 

 Event-based fragility and its parameter estimation 242 

For the collapse limit state defined with a limit state function 𝑔𝑔(𝑿𝑿, 𝒀𝒀(0)~𝒀𝒀(𝑡𝑡)), if the collapse capacity 243 

𝐼𝐼𝐼𝐼𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 is defined as the intensity measure associated with the onset of collapse for each sample of 𝒀𝒀(𝑡𝑡), 244 

the limit state function can be simplified as 245 

 𝑔𝑔 = 𝐼𝐼𝐼𝐼𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐�𝑿𝑿,𝒀𝒀(0)~𝒀𝒀(𝑡𝑡)� − 𝐼𝐼𝐼𝐼 (4) 

Consequently, the fragility curve is the CDF of the random variable 𝐼𝐼𝐼𝐼𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 . This is because the 246 

conditional failure probability can be expressed as 247 

 𝑃𝑃(𝑔𝑔 ≤ 0|𝐼𝐼𝐼𝐼) = 𝑃𝑃�𝐼𝐼𝐼𝐼𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 ≤ 𝐼𝐼𝐼𝐼�𝐼𝐼𝐼𝐼� (5) 

If it is assumed that 𝐼𝐼𝐼𝐼𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 follows a lognormal distribution, then the fragility curve can be described 248 

as a lognormal CDF with two parameters, median 𝜃𝜃 and logarithmic standard deviation 𝛽𝛽. As used by many 249 

researchers [12, 16], the fragility is defined as 250 

 𝐹𝐹(𝐼𝐼𝐼𝐼) = Φ�
ln(𝐼𝐼𝐼𝐼 𝜃𝜃⁄ )

𝛽𝛽 � (6) 

where Φ denotes the standard normal CDF. This fragility is designated as an event-based fragility because 251 

𝐼𝐼𝐼𝐼𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 is defined for a hurricane event and is obtained from IDA. This event-based fragility can only 252 

describe the failure probability after an event instead of at any time during the event. 253 

Parameter estimation for the fragility curves involves estimating values of the model parameters 𝜃𝜃 and 𝛽𝛽 254 

using the simulated data of the collapse capacity. Here the estimates of parameters 𝜃𝜃 and 𝛽𝛽 are denoted as 255 

𝜃𝜃� and 𝛽̂𝛽, respectively. Two methods are widely used for estimating the two parameters of fragility curves. 256 

The method of moments assumes that the resulting distribution and the simulated data have the same 257 

moments. The maximum likelihood method assumes that the resulting distribution makes the simulated 258 

data most probable [46]. Choosing of the parameter estimation method depends on the characteristics of 259 

the simulated data. The method of moments requires data set of the collapse capacity 𝐼𝐼𝐼𝐼𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐, where 260 

parameters of fragility curves can be estimated from the simulated data by taking logarithms of each IDA 261 

curve’s 𝐼𝐼𝐼𝐼𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 value and calculating their mean and standard deviation [46, 47]. 262 
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In addition to the traditional IDA, Baker [46] also proposed a truncated IDA method, which means 263 

conducting IDA only up to some intensity level 𝐼𝐼𝐼𝐼𝑚𝑚𝑚𝑚𝑚𝑚. This truncated IDA is used due to some concerns 264 

of scaling ground motions to very large 𝐼𝐼𝐼𝐼 levels: first, it is computationally intensive; second, the portions 265 

of fragility curves at very large 𝐼𝐼𝐼𝐼 levels are of less interest; third, the accuracy of using scaled ground 266 

motions with extreme 𝐼𝐼𝐼𝐼 levels to model the real highly intensive hazards is still questionable [46]. Here, 267 

similar concerns are also present in this research on hurricanes. Therefore, the truncated IDA is also 268 

investigated in this paper, which means the hurricane wind records are scaled only up to a relatively large 269 

and reasonable intensity level. If all n hurricane wind records used to run IDA cause collapse before the 270 

maximum intensity level, then the method of moments can be adopted for parameter estimation. Otherwise, 271 

if there are only m records (m < n) that cause collapse, the method of moments is no longer suitable and 272 

instead the maximum likelihood method presented in Baker [46] is employed for parameter estimation. 273 

Specifically, the likelihood that the data set (m records cause collapse while (n-m) records does not) can be 274 

observed is shown as follows 275 

 𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿ℎ𝑜𝑜𝑜𝑜𝑜𝑜 = ��𝜑𝜑�
ln(𝐼𝐼𝐼𝐼𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐,𝑖𝑖 𝜃𝜃⁄ )

𝛽𝛽 �
𝑚𝑚

𝑖𝑖=1

� �� �1 −Φ�
ln(𝐼𝐼𝐼𝐼𝑚𝑚𝑚𝑚𝑚𝑚,𝑗𝑗 𝜃𝜃⁄ )

𝛽𝛽 ��
𝑛𝑛−𝑚𝑚

𝑗𝑗=1

� (7) 

where 𝜑𝜑()  is the probability density function of the standard normal distribution; 𝐼𝐼𝐼𝐼𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐,𝑖𝑖  is the 276 

𝐼𝐼𝐼𝐼𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 value for the ith IDA curve;  𝐼𝐼𝐼𝐼𝑚𝑚𝑚𝑚𝑚𝑚,𝑗𝑗 is the maximum intensity level after scaling of the jth wind 277 

record in the (n - m) records that did not cause collapse. Here, 𝐼𝐼𝐼𝐼𝑚𝑚𝑚𝑚𝑚𝑚,𝑗𝑗 is used because different wind 278 

records may be scaled up to different intensity levels, which is discussed in detail in Section 4.2. The two 279 

parameters 𝜃𝜃  and 𝛽𝛽  can be evaluated by maximizing the likelihood function in Eq. (7) through an 280 

optimization algorithm. It is easier to maximize the logarithm of the likelihood function with getting a 281 

mathematically equivalent result, so the parameters can be estimated through 282 

�𝜃𝜃�, 𝛽̂𝛽� = argmax
𝜃𝜃,𝛽𝛽

��ln𝜑𝜑�
ln(𝐼𝐼𝑀𝑀𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐,𝑖𝑖 𝜃𝜃⁄ )  

𝛽𝛽 ��
𝑚𝑚

𝑖𝑖=1

+ � �ln�1 −Φ�
ln(𝐼𝐼𝐼𝐼𝑚𝑚𝑚𝑚𝑚𝑚,𝑗𝑗 𝜃𝜃⁄ )

𝛽𝛽 ���
𝑛𝑛−𝑚𝑚

𝑗𝑗=1

 (8) 

 Incremental dynamic analysis 283 

In earthquake engineering, IDA is one common approach used to assess various limit states of structures, 284 

including global collapse capacity, where a suite of ground motions are scaled and applied to a structure in 285 

identifying the 𝐼𝐼𝐼𝐼 associated with the onset of collapse [27]. Recently, IDA was also applied to collapse 286 

capacity assessment of transmission towers under wind loading [39, 48]; however, the wind records used 287 

for IDA are not for storm events but only have 1-min or 5-min durations with a constant wind direction, 288 

which still have difficulties in dealing with the correlations of failure probabilities in different time intervals. 289 



13 

 

In this research, IDA is performed with a suite of hurricane wind records so that the results can be used for 290 

developing event-based fragilities. There are two main differences between IDA in wind engineering and 291 

earthquake engineering: one is the presence of mean and fluctuating wind speeds compared to the zero 292 

mean stochastic excitations of ground motions; another is the variation of the wind profile along the height 293 

of the structure [39]. To consider these differences, the 10-min mean wind speed records at 10 m height are 294 

first scaled for use in creating an IDA. The boundary layer model is then applied based on the scaled 10-295 

min mean wind speed records at 10 m height to generate mean wind speeds at other heights, while the 296 

fluctuating wind speeds are generated and added to the mean wind speeds at different heights. For the 297 

scaling of ground motions, even though the efficient hunt-and-fill tracing algorithm [27] has been 298 

introduced in prior years, researchers often prefer the simpler but more expensive algorithm of scaling up 299 

ground motions by a constant 𝐼𝐼𝐼𝐼 increment [46]. Similarly, this work also uses a constant increment of the 300 

storm-maximum 10-min mean wind speed for the scaling of wind records. Note that the mean wind speed 301 

records instead of the final records including the fluctuating wind speeds are scaled. This is because the 302 

generated fluctuating wind speeds depend on the corresponding mean wind speeds at the same location 303 

considering that the spectrum and the coherence function of the fluctuating wind speeds are functions of 304 

the mean wind speeds. Scaling of the final wind records including the fluctuating wind speeds may 305 

invalidate the Kaimal spectrum and the coherence function of the fluctuating wind speeds. Thus, the 𝐼𝐼𝐼𝐼 306 

(i.e., storm-maximum gust speed) increment is not exactly but close to being constant due to the randomness 307 

of the fluctuating wind speeds. This also explains why a record-dependent 𝐼𝐼𝐼𝐼𝑚𝑚𝑚𝑚𝑚𝑚,𝑗𝑗 instead of a constant 308 

𝐼𝐼𝐼𝐼𝑚𝑚𝑚𝑚𝑚𝑚 appears in Eqs. (7) and (8). Each scaled record is applied to the tower for nonlinear dynamic analysis. 309 

An example of the applied wind speeds and structural responses is shown in Fig. 9, where the sampling 310 

frequency is 100 seconds. 311 

 312 
(a) Wind speeds and directions at 10 m height 313 
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 314 
(b) Structural responses at the top of the tower 315 
Fig. 9. Nonlinear dynamic analysis example  316 

For transmission towers, the damage measure (𝐷𝐷𝐷𝐷) is chosen as the peak displacement at the top of the 317 

tower. An IDA curve is a plot of 𝐷𝐷𝐷𝐷 versus 𝐼𝐼𝐼𝐼 and Fig. 10 shows an example of the IDA curves using 318 

𝐷𝐷𝐷𝐷 as the horizontal axis and 𝐼𝐼𝐼𝐼 as the vertical axis. To develop this IDA curve, the storm-maximum 10-319 

min mean wind speed of a hurricane wind record is scaled to be 10 m/s to 55 m/s with a 5 m/s increment. 320 

A total of 10 nonlinear dynamic analyses were performed, but the one with the most intensive wind record 321 

did not converge and is omitted in the figure. Here the Piecewise Cubic Hermite Interpolating Polynomial 322 

(PCHIP) [49, 50] is employed to generate the IDA curve from the analysis points. Collapse is captured 323 

using the 20% slope criterion adapted from the IM-based rule in earthquake engineering [27]. As used in 324 

earthquake engineering, the onset of collapse is defined as the last point on the IDA curve with a tangent 325 

slope equal to 20% of the elastic slope (see the star in Fig. 10). 326 

 327 
Fig. 10. An IDA curve generated using PCHIP interpolation and the corresponding collapse capacity point 328 

Even though some prior work related to IDA recommends using spline interpolation to generate IDA curves 329 

[27, 51, 52], the authors found that spline interpolation is not a good option to capture the collapse capacity 330 
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point with the 20% slope criterion for hurricane response. The spline interpolation conducts cubic 331 

interpolation to construct piecewise polynomials with continuous second-order derivatives, which can be 332 

prone to oscillations and overshoots between data points [53]. Therefore, the authors propose to use the 333 

shape-preserving piecewise cubic interpolation, PCHIP, which only has continuous first-order derivatives 334 

and has no overshoots and fewer oscillations if the data points are not smooth. Specifically, the PCHIP 335 

interpolant is monotonic for intervals where the original data is monotonic. To demonstrate the superiority 336 

of the PCHIP interpolation for generating IDA curves, Fig. 11 (a) and (b) compare the IDA curves and 337 

collapse capacity points obtained from the same dataset but with a different number of data points. Eleven 338 

data points are generated through IDA. It is seen that when using all 11 data points, the PCHIP interpolation 339 

produces almost the same collapse capacity point as using the first 9 data points, while the spline 340 

interpolation produces a different collapse capacity point. For the spline interpolation case, the polynomials 341 

fitted from 9 data points and those fitted from 11 data points have significant differences in their first 342 

derivatives. If collapse happens between points 8 and 9, points 10 and 11 should be unnecessary. This is 343 

also important for a truncated IDA in which fewer data points from analysis are intended to provide similar 344 

collapse capacity as a corresponding IDA having more data points, as discussed in Section 4.1. 345 

 346 
(a) Using 9 data points 347 
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 348 
(b) Using 11 data points 349 

Fig. 11. Comparison of the IDA curves and collapse capacity points from PCHIP and spline interpolations 350 

 Generation of fragility curves 351 

To consider the uncertainties in hurricane wind speed and direction records, IDAs are run for a tower with 352 

a suite of wind records selected for the location of interest. If all wind records can produce collapse capacity 353 

values, then the method of moments is used for parameter estimation of fragility curves. On the contrary, 354 

if some of the records do not make the tower collapse until the maximum intensity level, they cannot 355 

produce collapse capacity values but can provide some lower bounds. This is designated a truncated IDA 356 

and the maximum likelihood method is used for parameter estimation. As an example, Fig. 12(a) illustrates 357 

16 IDA curves with 16 collapse capacity points for the 115 kV tower shown in Fig. 6, while the 358 

corresponding fragility curve is developed using the method of moments. The result is shown in Fig. 12(b). 359 

Here the 16 hurricane wind records displayed in Fig. 2 are used and the storm-maximum 10-min mean wind 360 

speeds are scaled to be 10 m/s to 55 m/s with a 5 m/s increment. The nonconvergent computation results 361 

are not included in the figure. To demonstrate a truncated IDA, results from the highest two intensity levels 362 

are neglected for parameter estimation, which means the storm-maximum 10-min mean wind speed are 363 

scaled up to 45 m/s. Consequently, the 16 IDA curves can only produce 11 collapse capacity points as 364 

illustrated in Fig. 13(a). The corresponding fragility curve is estimated using the maximum likelihood 365 

method as in Eq. (8) and the result is shown in Fig. 13(b). It is seen that the truncated IDA can produce 366 

relatively accurate fragility curves with lower computational demand. Specifically, for this example the 367 

computational demand of a truncated IDA is 20% lower than a traditional IDA. 368 
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 369 
(a) IDA curves and the corresponding collapse capacity points (red stars) 370 

 371 
(b) Fragility curve estimated using the method of moment and the corresponding simulated data (black stars) 372 

Fig. 12. Collapse fragility development using traditional IDA 373 
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 374 
(a) IDA curves and the corresponding collapse capacity points (red stars) 375 

 376 
(b) Fragility curve estimated using the maximum likelihood method with the corresponding simulated data (black 377 

stars) 378 
Fig. 13. Collapse fragility development using truncated IDA 379 

The truncated IDA discussed earlier is due to the limit of the maximum intensity level. Sometimes an IDA 380 

may be truncated due to using a large increment of the intensity measure and the difficulty to converge the 381 

nonlinear dynamic analysis. If the analysis does not converge for some higher 𝐼𝐼𝐼𝐼 levels, the generated peak 382 

displacements for these 𝐼𝐼𝐼𝐼 levels should not be included in the IDA curve because they are not reliable. If 383 

the converged analyses with lower 𝐼𝐼𝑀𝑀 levels have not caused collapse, then this can be treated as a truncated 384 

IDA and all the nonconvergent analyses are ignored. Thus, the maximum likelihood method should be used 385 

for parameter estimation. For the jth wind record, if the nonconvergent analysis starts from 𝐼𝐼𝐼𝐼𝑘𝑘,𝑗𝑗 in the kth 386 



19 

 

increment of the scaled wind records, then the one step lower value 𝐼𝐼𝐼𝐼𝑘𝑘−1,𝑗𝑗 will be used to replace the 387 

𝐼𝐼𝐼𝐼𝑚𝑚𝑚𝑚𝑚𝑚,𝑗𝑗  in Eqs. (7) and (8). Theoretically, more accurate results can be obtained by performing more 388 

nonlinear dynamic analyses with 𝐼𝐼𝐼𝐼 levels between 𝐼𝐼𝐼𝐼𝑘𝑘−1,𝑗𝑗 and 𝐼𝐼𝐼𝐼𝑘𝑘,𝑗𝑗; however, using the truncated IDA 389 

as discussed here can be an alternative way considering the computational intensity of IDAs. In addition, if 390 

one is confident that the nonconvergence of the time integration can represent dynamic collapse, then the 391 

smallest nonconvergent intensity measure 𝐼𝐼𝐼𝐼𝑘𝑘,𝑗𝑗 will be a upper bound of 𝐼𝐼𝐼𝐼𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐𝑐 and a better parameter 392 

estimation can be achieved by replacing the term �1 −Φ�ln(𝐼𝐼𝐼𝐼𝑚𝑚𝑚𝑚𝑚𝑚,𝑗𝑗 𝜃𝜃⁄ )
𝛽𝛽

�� in Eqs. (7) and (8) with this new 393 

term �Φ�ln(𝐼𝐼𝐼𝐼𝑘𝑘,𝑗𝑗 𝜃𝜃⁄ )
𝛽𝛽

� − Φ�ln(𝐼𝐼𝐼𝐼𝑘𝑘−1,𝑗𝑗 𝜃𝜃⁄ )
𝛽𝛽

��; however, this is not done in this work. These equations can be 394 

modified if within the development of a fragility curve some IDAs are truncated due to the limit of the 395 

maximum intensity level while some other IDAs are truncated due to nonconvergence. 396 

 Fragility development for a region 397 

Fragility curves of transmission towers are essential for fast regional damage assessment of electrical 398 

transmission networks. Given the fact that characteristics of hurricane wind records are site-specific, 399 

fragility curves may be developed for towers at different locations. To demonstrate this idea, the geographic 400 

information of 115 kV overhead transmission lines in Massachusetts is collected from HIFLD open data 401 

[54] and shown in Fig. 14. The same grids in Fig. 1 for hurricane wind records selection are used here to 402 

assign the transmission towers along the lines to their corresponding grids. In addition, since transmission 403 

towers are not axisymmetric, the orientation of a tower also has significant impacts on its collapse capacity 404 

and fragility curve. Theoretically, the orientation of towers can be obtained from the geographic data of 405 

transmission lines; however, developing fragility curves for all existing orientations is intractable due to 406 

the huge amount of computational demand. Thus, in this research towers are assumed to be doubly 407 

symmetric and fragility curves are only developed for five orientations, which are 0, π/8, π/4, 3π/8, and π/2. 408 

These orientations are clockwise positive from the North direction. Considering that the detailed 409 

information of towers is not publicly available, all towers in this 115 kV network are assumed to be the 410 

same as the one shown in Fig. 6, which may be unreasonable for practical applications but can be accepted 411 

here for a demonstration of the proposed methodology. To summarize, five fragility curves are developed 412 

for the 115 kV towers in each grid, and the selected hurricane wind records for each grid are employed to 413 

run IDAs. As an example, Fig. 15 plots fragility curves for the 115 kV towers with different orientations in 414 

two different grids, where the differences between the fragility curves in these two grids are due to the site-415 

specific hurricane wind records. When using the fragility curves, the location and orientation of a tower 416 

should be determined first. An appropriate fragility curve may then be chosen from the developed fragility 417 
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dataset. Since only five orientations are considered here, users can choose the fragility curve whose 418 

orientation is closest to the real orientation of the tower or apply interpolation techniques. The procedure 419 

described in this section is only a methodology, since the towers are only representative and cannot be used 420 

directly to assess the region of interest. Although only 115 kV transmission lines in Massachusetts are 421 

studied here, fragility curves of towers with other voltage levels can be developed using the same 422 

methodology. 423 

 424 
Fig. 14. Geographic information of 115 kV overhead transmission lines in Massachusetts 425 

 426 
(a) Grid 86 with a centroid of latitude 41.7 and longitude -70.1 427 
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 428 
(b) Grid 78 with a centroid of latitude 41.7 and longitude -70.5 429 

Fig. 15. Fragility curves for 115 kV towers with different orientations in two grids 430 

 Conclusions 431 

This paper presents a methodology for developing event-based collapse fragility curves for electrical 432 

transmission towers subjected to hurricanes. The event-based fragility curve describes the collapse 433 

probability of a structure after a hurricane event. Uncertainties in hurricane wind speed, direction, and 434 

duration are accounted for by assessing collapse capacities of transmission towers with a suite of hurricane 435 

wind records for a specific location. Both traditional IDA and truncated IDA are introduced to capture the 436 

collapse capacities with scaling of the hurricane wind records. The method of moments and the maximum 437 

likelihood method are adopted for parameter estimation of fragility curves based on the collapse capacity 438 

data obtained from IDA. Finally, a procedure for developing a set of fragility curves for a region is proposed 439 

and demonstrated with considerations of site-specific hurricane wind records and tower orientations. The 440 

methodology presented in this work can help in performing a comprehensive damage assessment of 441 

electrical transmission networks. 442 
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