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Abstract 7 

Comprehensive tools to assess the performance of aboveground storage tanks (ASTs) under multi-8 

hazard storm conditions are currently lacking, despite the severe damage suffered by ASTs in past 9 

storms resulting in the release of hazardous substances. This paper presents a rigorous yet efficient 10 

methodology to develop fragility models and perform risk assessments of ASTs subjected to 11 

combined surge, wave, and wind loads. Parametrized fragility models are derived for buckling and 12 

dislocation from the ground. The buckling strength of ASTs is assessed using finite element 13 

analysis, while the stability against dislocation is evaluated using analytical limit state functions 14 

with surrogate modeling-based load models. Scenario and probabilistic risk assessments are then 15 

performed for a case study region by convolving the fragility models with hazard models. Results 16 

demonstrate that the derived fragility models are efficient tools to evaluate the performance of 17 

ASTs in industrial regions. Insights obtained from the fragility and risk assessments reveal that 18 

neglecting the multi-hazard nature of storms, as existing studies have done, can lead to a significant 19 

underestimation of vulnerability and risks. This paper also highlights how using surrogate model 20 

techniques can facilitate and reduce the computational complexity of fragility and risk 21 

assessments, particularly in multi-hazard settings. 22 
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1. Introduction 24 

Aboveground storage tanks (ASTs) are critical components of oil and gas facilities used to store 25 

bulk chemicals. ASTs are typically vertical cylinders constructed from thin steel plates welded 26 

together. While this design makes them lightweight and able to resist internal pressure, it also 27 

leaves them vulnerable to suffer damage under extreme storm conditions. Damage to ASTs can in 28 

turn results in the release of hazardous material; such releases are known as natural hazard-29 

triggered technological (NaTech) events. For example, due to AST failures, more than 26 million 30 

liters of oil products were spilled during Hurricanes Katrina and Rita [1], and two million liters of 31 
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chemicals were released in the Houston region during Hurricane Harvey [2]. Analysis of NaTech 32 

events usually identify two main failure modes for ASTs during storms: (i) dislocation from the 33 

ground; and (ii) buckling of the tank shell [1,3,4]. Three main hazards can trigger these failure 34 

modes. First, high wind velocities can generate severe external loads on ASTs. Storm winds over 35 

bodies of water can also generate surge, which then induce hydrostatic and hydrodynamic loads 36 

associated with the surge height and current. Lastly, winds can also generate waves atop of the 37 

surge, inducing additional hydrodynamic loads depending on the wave heights and periods [4,5]. 38 

Given the severe environmental, economic, and social impacts associated with AST damage, the 39 

risk assessment of ASTs and NaTech events has become an emerging issue in recent years [4,6–40 

9]. Risk assessments typically requires two main components [7]: (i) a model characterizing the 41 

hazard conditions; and (ii) fragility models expressing the likelihood for damage as a function of 42 

the AST structural characteristic and hazard conditions. While several studies have developed 43 

fragility models for ASTs during earthquake [10–14], lightning [15–17], or even tsunami events 44 

[18,19], very few studies have done so for storms. Most of the literature looking at the performance 45 

of ASTs during storms have focused on deterministic buckling analysis of ASTs subjected to 46 

winds [20], rather than developing fragility models and considering other important loads like 47 

storm surge [21]. Landucci et al. [22] presented the first framework to derive fragility models for 48 

the buckling of anchored ASTs subjected to flooding or surge. Subsequently, Khakzad and Van 49 

Gelder [23,24] proposed a methodology to derive similar models for the buckling and dislocation 50 

of unanchored ASTs subjected to flooding or surge and consider the dependencies between failure 51 

modes. More recently, Kameshwar and Padgett [21,25] and Zuluaga Mayorga et al. [26] developed 52 

fragility models, which are parametrized on the load conditions and AST geometries, for the 53 

buckling and dislocation of anchored and unanchored ASTs subjected to storm surge or wind.  54 

While these studies have provided significant contributions to the safety assessment of ASTs 55 

during storms, they developed fragility models for individual loads or hazards (i.e., storm surge or 56 

wind), neglecting the multi-hazard nature of storm events and providing an incomplete view of 57 

AST vulnerability. An AST exposed to storm surge is expected to be subjected to wind, current 58 

and wind-induced waves as well, highlighting the need for more comprehensive models to 59 

adequately assess the vulnerability of ASTs during storm events. Beyond fragility assessments, no 60 

study has yet proposed a comprehensive framework to perform risk assessments of ASTs located 61 
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in storm-prone areas, which is further complicated by the need to consider concurrent or multi-62 

hazard loading conditions. Existing risk assessments [7,23,25,27] are limited to individual hazards 63 

and primarily rely on deterministic or simplistic storm scenarios, neglecting storm variability. 64 

Even for other structures than ASTs and outside the field of NaTech events, the literature is lacking 65 

comprehensive fragility and risk assessments for multi-hazard storm conditions. Again, most 66 

studies looking at the vulnerability of coastal structures have focused on wind loads alone [28] or 67 

surge and wave loads alone [29,30]. Currently, only a few assessments considering multi-hazard 68 

storm loads are available for coastal residential structures [5] or wind turbines [31]. 69 

This paper aims to: (i) gain a better understanding of the concurrent effects of surge, wave, and 70 

wind loads on the vulnerability of ASTs by developing the first fragility models for ASTs subjected 71 

to multi-hazard storm conditions; and (ii) illustrate how these fragility models can be coupled with 72 

hazard models to perform comprehensive risk assessments. Parametrized fragility models are 73 

derived for the two failure modes discussed above, buckling and dislocation. To showcase the 74 

application of the derived fragility models in large industrial areas, risk assessments are then 75 

performed using a severe storm scenario and, for the first time, a probabilistic storm hazard model 76 

capturing concurrent hazard effects on risks to ASTs. The Houston Ship Channel (HSC) in Texas, 77 

the largest petrochemical complex in the United States (US), is used as a case study. The tools and 78 

methods proposed in this paper will also offer a foundation to perform multi-hazard coastal 79 

vulnerability and risk assessments for other structures than ASTs.  80 

The next sections of this paper detail the approach adopted to derive fragility models for ASTs 81 

subjected to concurrent storm loads and perform risk assessments. Section 2 defines the load 82 

conditions and models employed for the fragility analysis. A model from the literature is adopted 83 

for wind, while a surrogate model derived from computational fluid dynamics (CFD) analyses is 84 

used for storm surge and waves. Section 3 details the methodology to assess the buckling of ASTs 85 

using nonlinear finite element (FE) analysis. Section 4 presents the dislocation analysis of 86 

unanchored and anchored ASTs using analytical limit state functions. Section 5 details the 87 

methodology to derive the fragility models. Using a statistical sampling method, logistic regression 88 

classifiers are trained across ranges of loads and AST modeling parameters. Finally, Section 6 89 

illustrates how scenario-based and probabilistic hazard models can be coupled with the derived 90 

fragility models to perform risk assessments. 91 
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2. Storm Conditions and Load Models 92 

The development of fragility models first requires an adequate estimation of the load conditions 93 

that could occur during storm events. The ranges of load parameters considered in the fragility 94 

analysis are detailed in Table 1, while the models employed to estimate surge, wave, and wind 95 

loads on ASTs are presented in the next two subsections. Due to a lack of empirical data for oil 96 

and gas facilities, numerical simulation of storms around the HSC were performed using 97 

ADCIRC+SWAN to obtain the parameters in Table 1. ADCIRC+SWAN is a computer program that 98 

simultaneously solve surge elevations, currents, wave periods, and wave heights to predict the time 99 

evolution of surge and wave conditions for a given meteorological forcing [32]. The simulations 100 

were executed by the Computational Hydraulics Group at the University of Texas at Austin for 101 

Hurricane Ike, which made landfall in the Houston region in 2008, and for two synthetic storms, 102 

which correspond to approximately 100- and 500-year storm surge events in the HSC [33]. The 103 

synthetic storms are referred to as storm FEMA033 and FEMA036 respectively, and were 104 

generated by the Federal Emergency Management Agency (FEMA) as reliable proxies for the 105 

hurricane meteorology of the Texas coast given the sparsity of historical records [33]. Surge and 106 

wave conditions were then extracted at several industrial sites along the HSC to define the ranges 107 

of surge height (S), wave height (Hw), wave period (Tw), and current velocity (U) in Table 1. The 108 

range of wind velocity (W) was obtained to be in excess of the design wind speed (76 m/s) for 109 

ASTs located along the Texas coast [34]. 110 

Table 1. Ranges of load parameters considered for the fragility analysis. 111 

Parameters Lower bound Upper bound Units 

Surge height (S) 0.0 7.5 m 

Wave height (Hw) 0.2 2.0 m 

Wave period (Tw) 3.0 6.0 s 

Current velocity (U) 0.0 1.5 m/s 

Wind velocity (W) 0.0 100.0 m/s 

2.1 Wind load model 112 

Wind pressures (Pw) on ASTs are generally obtained from wind tunnel experiments [20,35] and 113 

can be expressed as: 114 

    w o p
P p C   (1) 115 

where po is the reference wind pressure, which is equal to 0.5ρairW
2 with ρair being the air density; 116 

and Cp is a wind pressure coefficient that vary along the AST circumference (θ; θ = 0º on the 117 
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windward side); pressure variations are negligible along the height (z) [35,36]. The pressure 118 

coefficient distribution adopted in this study is the one specified by Eurocode EN 1993-4-1 [37] 119 

since it has been widely used for wind buckling analysis [25,35]. According to this model, the 120 

pressure coefficient is expressed as: 121 
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where D and H are respectively the AST diameter and height. If H/D < 0.5, a value of H/D = 0.5 123 

should be used to estimate Cp. 124 

2.2 Storm surge and wave load model 125 

While models are readily available for wind pressures, there is limited information regarding the 126 

hydrodynamic pressure (Pd) associated with wave loads and current. Analytical solutions, such as 127 

the Morison’s equation or diffraction theory [38], are generally not applicable for large-scale 128 

cylinders and nonlinear waves, such as ASTs and waves observed during a storm. Instead, 129 

numerical methods, such as the finite element (FE) or finite volume method, are usually required 130 

for accurate load estimation [39]. However, the use of such numerical methods can be prohibitive 131 

for a fragility analysis due to their high computational cost. To overcome this issue, this study 132 

relies on a surrogate model of CFD analysis to estimate hydrodynamic pressures on ASTs. 133 

The surrogate model is developed using a set of 240 CFD analyses of ASTs subjected to storm 134 

surge and wave loads. The CFD model is detailed in Fig. 1a, adopted from Bernier and Padgett 135 

[40], and developed using LS-Dyna [41], a commercial FE software. The water and air fluids are 136 

governed by the Navier-Stokes equations, while the interface between both fluids is tracked using 137 

an Arbitrary Lagrangian-Eulerian approach. Waves and current are generated by prescribing the 138 

velocity at the inflow boundary. The velocity profiles are obtained from Fenton’s wave theory [42] 139 

as this theory is appropriate for the conditions listed in Table 1. As detailed in Bernier and Padgett 140 

[40], the CFD model was also validated against experimental results. The parameters (i.e., D, S, 141 

Hw, Tw, and U) of the 240 CFD analyses are obtained using Latin Hypercube Sampling [43] and 142 

the range of load parameters listed in Table 1. For D, a range between 5 and 60 m is assumed based 143 

on the AST database presented in [44]. To ensure the generation of realistic waves, a minimum 144 

value of 1.0 m is fixed for S and the ratios Hw/S and Hw/λw, where λw is the wavelength, are limited 145 

to 0.65 and 0.14 respectively [42]. For each analysis, the hydrodynamic pressure distribution when 146 
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the wave force is maximum is extracted around the AST to develop the surrogate model. An 147 

example of hydrodynamic pressure distribution is shown in Fig. 1b. 148 

 149 
Fig. 1. a) Overview of the FE model to compute wave loads on ASTs. b) Pressure distribution and 150 
validation of ANN for D = 15 m; H = 10 m; S = 6.72 m; Hw = 1.35 m; Tw = 5.68 s; U = 0.15 m/s. 151 

The derived surrogate model consists of an Artificial Neural Network (ANN) as they are powerful 152 

regression tools for nonlinear data, such as pressure distributions on structures [45]. An ANN with 153 

three layers and 30 log-sigmoid neurons per layer was selected. Out of the 240 CFD analyses, 200 154 

were used to train the ANN, 20 to validate the training and prevent overfitting, and 20 to test its 155 

predictive capability. The ANN can estimate the hydrodynamic pressure at any point (θ, z) on the 156 

AST as a function of its diameter and the surge and wave conditions (i.e., S, Hw, Tw, and U). On 157 

the test data, the ANN predicted the hydrodynamic pressure with a coefficient of determination 158 

(R2) of 0.99 and an average error of 5.4%. Fig. 1b also shows the performance of the ANN for 159 

conditions not seen before by the surrogate model. Moreover, less than 0.3 seconds is required to 160 

estimate the hydrodynamic pressure distribution with the ANN, compared to a minimum of 30 161 

CPU hours with the CFD model. These results highlight the adequacy of the surrogate model to 162 

efficiently estimate surge and wave loads, and facilitate the fragility analysis presented in the next 163 

sections. Additional details on the ANN can be found in Bernier and Padgett [46].  164 

3. Buckling Analysis 165 

Buckling is one of the main failure modes for ASTs during storm events and occurs when excessive 166 

water or wind pressures act on an AST [1,3], leading to severe deformations of the tank shell, and 167 

ultimately to the rupture of the AST. Buckling is of concern for ASTs anchored to the ground; 168 

unanchored ASTs generally dislocate before buckling can occur [21,47]. Even though ASTs are 169 

not commonly anchored in coastal regions, like the Gulf Coast [44], buckling is still relevant to 170 
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evaluate the vulnerability of regions where ASTs could actually be anchored and to evaluate the 171 

effects of anchoring as part of mitigation plans [25]. The buckling strength of ASTs is assessed 172 

here by using FE analysis. First, for a given AST, the structural characteristics (i.e., shell courses, 173 

stiffening rings, and roof properties) are determined in accordance with the American Petroleum 174 

Institute (API) Standard 650 [48]. Only ASTs with a conical roof are considered in this study. 175 

Next, a FE model of the AST is developed in LS-Dyna as illustrated in Fig. 2a. The courses and 176 

roof are modeled with shell elements, while the roof rafters and stiffening rings with beam 177 

elements. The tank shell is fixed to the ground to simulate anchored ASTs and the potential for 178 

uplift of the baseplate is neglected. It is acknowledged that this assumption might affect the 179 

buckling strength of ASTs [49]. The modeling of the flexibility between the baseplate and the tank 180 

shell is outside the scope of this study, but offers interesting future research possibilities. An 181 

elastoplastic material model with the properties of steel is assigned to all elements. The FE model 182 

considers both material and geometric nonlinearities, as well as the global geometric imperfections 183 

of the tank shell. The global geometric imperfections are defined using the model proposed by 184 

Kameshwar and Padgett [50]. 185 

The loads considered for the buckling analysis are summarized in Fig. 2b. The hydrostatic pressure 186 

of the surge (Ps), characterized by S and the water density (ρw), and the internal liquid pressure 187 

(PL), characterized by the internal liquid height (L) and the internal liquid density (ρL), are modeled 188 

using triangular distributions. The hydrodynamic pressure is obtained from the ANN model 189 

presented in Section 2.2, while the wind pressure acting on the dry section of the AST is obtained 190 

from Eqs. 1 and 2. Despite their transient nature, wind and wave loads are applied statically. 191 

Previous studies have shown that the buckling strength of ASTs is not significantly affected by 192 

wave and wind dynamic effects [40,51]; differences less than 5% are observed between static and 193 

dynamic estimates. Also, this modeling error can be easily propagated as detailed below. 194 

 195 
Fig. 2. a) FE representation of an AST for buckling analysis; b) Schema of loads acting on an AST 196 
for buckling analysis. 197 
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For a given combination of load parameters (i.e., S, Hw, Tw, U, W, L, and ρL), the external pressures 198 

applied on the AST are scaled by a load factor (λ). Nonlinear static analyses are then performed 199 

for increasing values of λ until loss of stability occurs. Loss of stability is characterized by a jump 200 

in the AST response for a small increase of λ [51]; the value of λ at that point is the critical load 201 

factor (λcr). The condition of AST buckling can then be assessed using the limit state function in 202 

Eq. 3; the AST buckles if the external loads are not fully developed when loss of stability occurs. 203 

  -stat -ANN
1 0

buckling cr
g

 
        (3) 204 

In this equation, λ-stat is an error term related to the use of a static analysis for dynamic loads, 205 

whereas λ-ANN represents the error associated with the ANN to estimate the hydrodynamic 206 

pressure for the buckling analysis. The error terms are modeled with the probability distributions 207 

presented in Table 2 and the derivation can be found in [40] for λ-stat and [46] for λ-ANN. 208 

Table 2. Error or bias removal terms considered in the fragility analysis. 209 

Source of uncertainty Distribution 

Error of static analysis on λcr (λ-stat) Normal(-0.03, 0.03) 

Error of ANN on λcr (λ-ANN) Normal(-0.01, 0.03) 

Error of ANN on Fhd (Fd) Normal(1.00,0.04) 

Error of ANN on Mhd (Md) Normal(1.00, 0.06) 

Anchor bias removal Tc1 (1) Normal(0.99, 0.18) 

Anchor bias removal Tc2 (2) Normal(1.04, 0.26) 

Anchor bias removal Tcb (3) Normal(0.96, 0.19) 

Anchor bias removal Vc (4) Normal(0.96, 0.16) 

4. Dislocation Analysis 210 

Another failure mode is the dislocation of ASTs from the ground. Storm surge effects are generally 211 

responsible for the dislocation of ASTs, but wind loads could also facilitate this failure mode [1]. 212 

Dislocation can result in the release of the AST’s internal content due to the rupture of connected 213 

pipes or impacts with obstacles. Dislocation of unanchored or anchored ASTs can occur under 214 

three different mechanisms: uplift, sliding, or overturning. As shown in Eqs. 4 to 6 and 215 

schematized in Fig. 3, the limit state functions for the three mechanisms can be expressed as sums 216 

of forces and moments and evaluated analytically. Assuming a series system, dislocation occurs if 217 

any of Eqs. 4 to 6 is below 0.  218 
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              (6) 221 

In Eqs. 4 to 6, Wt is the tank weight computed by estimating the tank thickness per the API 650 222 

standard; 2 4
L L

W g L D   is the internal liquid weight; 
2 4

b w
F g S D   is the buoyant force 223 

from the surge; φ is the friction coefficient at the AST foundation; Fd and Md are the horizontal 224 

force and moment obtained by integrating the hydrodynamic pressure distribution from the ANN 225 

model in Section 2.2; FW and MW are the horizontal force and moment obtained by integrating the 226 

wind pressure distribution from Eqs. 1 and 2 on the dry surface of the AST; Fu and Mu are the 227 

vertical force and moment from the uplift generated by the waves and obtained by integrating the 228 

hydrodynamic pressure at the base of the AST; Fd and Md are error terms detailed in Table 2 that 229 

propagate the error associated with the ANN when estimating Fd and Md [46]; Na is the number of 230 

anchors, if any; xi is the lever arm of anchor i as shown in Fig. 3; 
*

,a i
T  and 

*

,a i
V  are the maximum 231 

allowable tensile and shear forces in anchor i; and I Anchor
, ,
,

i a i a i
T V    is an indicator function equal 232 

to 0 if anchor i fails under tensile force Ta,i and shear force Va,i. 233 

 234 
Fig. 3. Schema of loads and forces acting on ASTs for the dislocation analysis. 235 

According to Eligehausen et al. [52], the failure of an anchor subjected to combined tensile and 236 

shear forces (Ta and Va) can be determined from the following inequality: 237 

    
1 5 1 5

1 0
. .

.
a r a r

T T V V   (7) 238 

where Tr and Vr are the tensile and shear strength of the anchor. The maximum allowable tensile 239 

force (
*

a
T ) is the value of Ta such that Eq. 7 is equal to 1.0 knowing Tr, Va, and Vr;

*

a
V  is obtained 240 

similarly. The tensile strength of an anchor is the minimum value of the steel tensile strength (Ts), 241 

concrete cone strength with sufficient (Tc1) and insufficient (Tc2) edge distance, and side face 242 

blowout strength (Tcb) as shown in Eq. 8, whereas the shear strength is the minimum of the steel 243 

shear strength (Vs), concrete edge strength (Vc), and pryout strength (Vcp) as shown in Eq. 9. 244 
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 (9) 246 

In the above equations, d is the anchor diameter; As is the anchor bolt area; Ah is the anchor head 247 

area; fy is the steel yield strength; f’c is the concrete strength; hef is the embedment depth; c is the 248 

edge distance; α, β  ΨS,N, and 
0

, ,C N C N
A A  are coefficients found in [52]; and 1, 2, 3, and 4 are bias 249 

modification factors to consider that the relations in Eqs. 8 and 9 do not perfectly fit the 250 

experimental data used to derive them [52]. 251 

For unanchored ASTs, Eqs. 4 to 6 are readily evaluated by neglecting the anchors term to 252 

determine if dislocation occurs for a given combination of load parameters. For anchored ASTs, 253 

Eqs. 4 to 6 are first evaluated by assuming that all anchors are present. The loads in each anchor 254 

are then computed and Eq. 7 is verified for each anchor. The shear load is equally divided among 255 

all anchors, while the tensile loads in each anchor is evaluated through a sum of forces and 256 

moments with respect to point A in Fig. 3. To determine the tensile loads, the AST is assumed to 257 

behave rigidly (i.e., loads proportional to the lever arm), the anchors are symmetrically distributed 258 

with respect to the wave and wind direction, and anchors with the same lever arm have the same 259 

tensile and shear strength. These assumptions were validated in Bernier [47]. If a row of anchors 260 

fails, the tensile and shear load is redistributed in the remaining anchors and Eq. 7 is verified again. 261 

This process is repeated until all anchors fail or no additional anchor fails. 262 

5. Fragility Assessment 263 

With the above methods to assess buckling and dislocation, parametrized fragility models can be 264 

developed. Parametrized fragility models provide the probability of failure as a function of a set 265 

of load parameters (IM) and a set of AST parameters (X), and can be readily applied for any 266 

geometry, internal liquid properties, or surge, wave, and wind conditions. The methodology to 267 
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derive the buckling and dislocation fragility models is summarized in Fig. 4; each model is 268 

developed separately. 269 

 270 
Fig. 4. Overview of methodology to derive buckling and dislocation fragility models. 271 

First, LHS is employed to generate training and test samples that span the space of load and AST 272 

parameters. The load parameters are the ones in Table 1, while the AST parameters are presented 273 

in Table 3. Not all AST parameters are required to develop a given fragility model. For instance, 274 

the buckling fragility model only requires the five first AST parameters, while the dislocation 275 

fragility model for anchored ASTs requires all of them. The ranges of geometry and internal liquid 276 

properties were obtained from [44]; the design stress (Sd), which defines the yield strength and is 277 

one of the parameters determining the tank thickness, from [48]; the coefficient of friction from 278 

[53,54]; and the anchor parameters from [48,52]. For each sample, the structural characteristics 279 

required to assess buckling and dislocation are obtained by assuming that the AST conforms to the 280 

API 650 Standard. Then, the surge, wave, and wind loads are estimated according to Section 2, 281 

and the limit state functions are evaluated to determine if the sample survived or failed. For 282 

dislocation, Eqs. 4 to 6 are evaluated directly. For buckling, λcr is obtained through a FE analysis 283 

before evaluating Eq. 3. Using the binary output of the training samples, the fragility model is 284 

derived using logistic regression as shown in Eq. 10. 285 

  
  

1
Failure

1
,

exp ,
P

l


 
IM X

IM X
 (10) 286 
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In the above equation, l(IM,X) is a logit function that expresses the log-odds of failure and is 287 

obtained through stepwise regression. The logit functions for the different fragility models derived 288 

here can be found in the Supplementary Material. Finally, the accuracy of the classifier is assessed 289 

using the test samples; the number of test samples is 10% of the number of training samples. If the 290 

accuracy is inadequate, the number of training samples can be increased or a different classification 291 

algorithm can be used.  292 

Table 3. Ranges of modeling parameters considered to develop the fragility models. 293 

Parameters Lower bound Upper bound Units 

Diameter (D) 5 60 m 

Relative height (H/D)   exp 1 2ln 4D   exp 3 0.95ln D  - 

Relative internal liquid height (L/H) 0.0 0.9 - 

Internal liquid specific gravity (ρL) 0.5 1.0 - 

Design stress (Sd) 137 196 MPa 

Coefficient of friction () 0.3 0.7 - 

Anchor steel strength (fy) 250 550 MPa 

Foundation steel strength (f’c) 20 40 MPa 

Anchor edge distance (c) 0.05 0.3 m 

Anchor embedment depth (hef) 0.15 0.9 m 

Anchor diameter (d) 12.5 50 mm 

Anchor spacing (s) 0.3 3.0 m 

Using the above methodology, the fragility models are derived by assuming that all loads acting 294 

on ASTs are uncorrelated. While surge, wave, and wind loads are expected to be correlated, this 295 

correlation is typically site- and storm-dependent. The approach used here generates more general 296 

models that efficiently cover all the combinations of load conditions that reasonably could be 297 

encountered. Nonetheless, hazard correlations should be considered when integrating the fragility 298 

models with hazard models in a risk assessment. 299 

5.1 Buckling fragility model 300 

The first fragility model developed here is for the buckling of anchored ASTs subjected to 301 

concurrent surge, wave, and wind loads. A total of 6,000 samples were generated to derive the 302 

fragility model; 5,400 for training and 600 for testing. The logit function is presented in Table S2 303 

in the Supplementary Material. On the test samples, the accuracy of the buckling fragility model 304 

is of 94.3%. The effects of varying the load parameters on the probability of buckling are presented 305 

in Fig. 5 for a slender AST, Tank A (D = 15 m and H = 10 m), and a broad AST, Tank B (D = 40 306 

m and H = 15 m). Based on analyses across range of geometries, the overall results obtained for 307 
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Tank A are representative of ASTs with diameter between 5 and 25 m and aspect ratio (H/D) 308 

between 0.6 and 1.5, while they are representative of diameter between 30 and 60 m and aspect 309 

ratio between 0.25 and 0.5 for Tank B. Using the buckling fragility model requires knowledge of 310 

the all conditioning parameters. However, if some parameters are uncertain, it is possible to 311 

condition the fragility model on a subset of parameters by convolving Eq. 10 over the probability 312 

density functions of the uncertain parameters as detailed in Section 6.1. This approach was 313 

employed to obtain Fig. 5, where the fragility model is only conditioned on S; D, H, Hw, Tw, U, 314 

and W are fixed to the values shown in Fig. 5; ρL and Sd are fixed at 0.75 and 160 MPa respectively; 315 

and L is uniformly distributed with the bounds shown in Table 3.  316 

 317 
Fig. 5. Effects of load parameters on the buckling fragility of two case study anchored ASTs. Wave 318 
height and period: a) Tank A; b) Tank B. Wind and current velocity: c) Tank A; d) Tank B. 319 

Fig. 5 provides key insights to better understand the vulnerability of ASTs to buckling during 320 

storm events. Figs. 5a and 5b show the effects of wave loads for Tanks A and B respectively. As 321 

observed, the two ASTs become vulnerable to buckling for surge heights above 3 m, and 322 

considering wave loads can increase the probability of failure by up to 40%, highlighting the 323 

significant effects of waves on the buckling performance of ASTs. Also, Tank B is slightly more 324 

vulnerable to buckling than Tank A, especially for high surge height. Generally, as the AST 325 

diameter increases and the aspect ratio decreases, compressive stresses induced by surge and wave 326 
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loads become significantly higher in the lower-half of the AST, facilitating buckling. Figs. 5c and 327 

5d show the effects of current and wind velocity for Tanks A and B respectively. Considering 328 

current or a wind velocity of 50 m/s affects the probability of buckling by less than 5%. However, 329 

a wind velocity of 100 m/s can increase the probability of failure by 10 to 20% for Tank A, while 330 

it can cause the buckling of Tank B even when no surge acts on it. Additional analysis indicates 331 

that no significant interactions between waves, current, or wind exists, except if high wind 332 

velocities are expected. The limited effect of current is due to the relatively small pressures 333 

associated with the range of velocity in Table 1. For wind, the limited effect is due to the fact that 334 

ASTs conforming to the API 650 Standard are designed for wind loads, but are not designed for 335 

storm surge and waves [48]. However, for velocities above the design value, buckling is possible 336 

and wind loads become critical. 337 

5.2 Dislocation fragility models 338 

For the dislocation of ASTs due to surge, wave, and wind loads, two fragility models are derived: 339 

one for unanchored ASTs and one for anchored ASTs. A total of 10,000 samples were used for 340 

unanchored ASTs, while 20,000 samples were used for anchored ASTs; for both models, 10% of 341 

the samples are reserved for testing. The logit functions are presented in Tables S3 and S4 in the 342 

Supplementary Material for unanchored and anchored ASTs respectively. The accuracy of the 343 

models on the test samples is 98.8% and 97.6% for the unanchored and anchored models 344 

respectively.  345 

Fig. 6 illustrates the effects of the different load parameters on the probability of dislocation of 346 

Tanks A and B. This figure was generated using the same methodology as Fig.5; the curves for 347 

anchored ASTs assume fy = 400 MPa, f’c = 30 MPa, c = 0.1 m, hef = 0.3 m, d = 25.4 mm, and s = 348 

1.0 m. Fig. 6 first presents useful insights, especially for risk mitigation, regarding the effects of 349 

anchors. As observed, anchors significantly reduce the likelihood of dislocation for slender ASTs 350 

like Tank A, while the effect is more limited for broad ASTs like Tank B given the larger uplift 351 

and lateral forces acting on them; anchorage might not be an optimal measure to prevent the 352 

dislocation of broad tanks. For similar reasons, in practice, slender ASTs are the ones typically 353 

anchored to the ground, while broad ASTs are generally not. With respect to the effects of 354 

concurrent loads, Figs. 6a and 6b indicates that waves are more critical for slender ASTs than for 355 

broad ones. The larger self-weight and diameter of broad ASTs prevents sliding and overturning, 356 
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leaving them primarily vulnerable to uplift. For Tank A, considering wave loads can increase the 357 

probability of dislocation by up to 25% if the tank is unanchored or 30% if the tank is anchored to 358 

the ground. Wave loads typically have a larger effect on anchored ASTs than unanchored ASTs. 359 

For small anchored ASTs, overturning can become more likely since anchors partially prevent 360 

uplift, increasing the relative effects of lateral loads to induce failure. Figs. 6c and 6d indicate that 361 

current and wind loads have a very limited effect on the likelihood of dislocation for both case 362 

study ASTs. Similar to buckling, current and wind forces are significantly smaller than wave and 363 

uplift forces, and ASTs are designed to resist wind loads. Overall, the results presented in Figs. 5 364 

and 6 highlight the potential importance of considering the concurrent effects of storm loads to 365 

adequately assess the structural vulnerability of ASTs during storm events.  366 

 367 
Fig. 6. Effects of load parameters on the dislocation fragility of two case study ASTs. Wave height 368 
and period: a) Tank A; b) Tank B. Wind and current velocity: c) Tank A; d) Tank B 369 

6. Application of Fragility Models for the Risk Assessment of Industrial Regions 370 

One of the main applications of fragility models is to perform risk assessments of industrial areas 371 

prone to storm events. The Houston Ship Channel is employed here to illustrate how the derived 372 

fragility models can be coupled with storm hazard models to perform such risk assessments. 373 

Located in the hurricane-prone Gulf Coast area, the HSC is the largest petrochemical complex in 374 

the US, with more than 4,600 ASTs. Two risk assessments are performed, one using a deterministic 375 
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scenario and one using a probabilistic hazard model. The locations, ground elevations, containment 376 

berm heights, dimensions (D and H), and ranges of internal liquid density for all ASTs located in 377 

the HSC are obtained from Bernier and Padgett [44]. For illustration purposes, only the unanchored 378 

dislocation fragility model is employed. Nonetheless, the frameworks presented below could also 379 

use the buckling and anchored dislocation models to assess risk in regions where ASTs are 380 

anchored or to assess the potential effects of mitigation strategies on risk. 381 

6.1 Scenario-based risk assessment 382 

The scenario-based risk assessment is performed for the synthetic storm presented in Section 2 383 

that approximately corresponds to 500-year surge elevations in the HSC (i.e., Storm FEMA036). 384 

From the ADCIRC+SWAN simulation, the surge height, significant wave height (Hs), peak wave 385 

period (Tp), current velocity, and 10-min averaged wind velocity time histories were extracted at 386 

each AST location. To use the fragility model, Hs and Tp are converted to maximum wave height 387 

and corresponding wave period using the statistical relations presented in Elfrink et al. [55], while 388 

the wind velocities are converted to 3-s gust winds using the gust factors found in [56]. When 389 

evaluating the loads for an AST, the presence of a containment berm is also considered. If the 390 

surge height is less than the berm height, no surge, current, or wave loads act on the ASTs.  391 

The conditional probability of failure at a given timestep t during a storm is evaluated as: 392 

      
2

2
1 1 2 2 2

Failure Failure| , | , ,
X

P P f d X
IM X IM X x x x  (11) 393 

In this equation, IM is the set of load parameters extracted at the AST location at time t; X1 is the 394 

set of known AST parameters; X2 is the set of uncertain AST parameters; fX2(x2) is the joint 395 

probability distribution (JPD) of the uncertain parameters; and P(Failure | IM, X1, X2) is the 396 

unanchored dislocation fragility model. While the geometry and design of ASTs are known prior 397 

to a storm (i.e., X1 = {D, H, Sd}), the contents and internal liquid levels are usually uncertain before 398 

a storm. Also, the coefficient of friction is unknown due to a lack of information, leading to X2 = 399 

{L, ρL, φ}. The three uncertain parameters are modeled as independent uniform random variables. 400 

The lower and upper bounds for L and φ are the one in Table 3, while the bounds for ρL are obtained 401 

from [44] for each AST. Eq. 11 is evaluated here using Monte Carlo simulations (MCS) with 402 

10,000 samples. In the case of anchored ASTs, Eq. 11 should be evaluated using a series system 403 

assumption with the buckling and anchored dislocation fragility models [25]. 404 
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Since storms are long duration events, Eq. 11 is evaluated at each 1-hour timestep of Storm 405 

FEMA036; the duration of the storm is of approximately 24 hours. The probabilities obtained from 406 

Eq. 11 correspond to the probability of failure at time j given that the AST survived before time j. 407 

To capture the fact that failure could occur at any timestep during a storm, time-dependent 408 

reliability, as detailed in Masoomi et al. [5], is employed to compute the probability that the AST 409 

is in a failed state at the end of the storm. This methodology was repeated for all ASTs located in 410 

the HSC to obtain the map presented in Fig. 7a.  411 

 412 
Fig. 7. a) FEMA036 scenario: Probabilities of being in a failed state at the end of the storm; b) 413 
Probabilistic risk assessment: annual probabilities of failure. 414 

While the map shown in Fig. 7a indicates the locations of vulnerable ASTs, it does not provide 415 

any information on the potential consequences of AST failures. To better evaluate risks, the 416 

expected spill volumes for each AST are computed by introducing the internal liquid volume (i.e., 417 

πLD2/4) in the integral of Eq. 11 and assuming that ASTs will spill their entire contents if failure 418 

occurs. Since this assumption is conservative, the spill volumes obtained in this study may not 419 

represent accurate estimates of spills that could occur during an event [44]. However, the expected 420 

spill volume represents a more reliable proxy for risks than the probability of failure alone. The 421 

expected spill volume can distinguish the fact that, depending on their geometries, ASTs with the 422 

same probability of failure might not lead to the same consequences. The expected spill volumes 423 

are computed at each timestep, and again time-dependent reliability is used to obtain values over 424 

the timeframe of the storm.  425 



18 

 

Table 4 presents the expected spill volume of all ASTs in the HSC as well as the number of ASTs 426 

with a high probability of being in a failed state (Pf > 0.75) at the end of the storm for different 427 

load combinations. Results indicate that the hydrostatic effects of the surge account for 428 

approximately 90% of the spill volume when all loads are considered since ASTs are assumed 429 

unanchored and uplift is the main failure mechanism. Considering wave loads can increase the 430 

spill volume by 10% and the number of highly vulnerable ASTs by 20%. The effects of wind and 431 

current are minimal (≈1%) on the spill volume and number of highly vulnerable ASTs as wind 432 

velocities are below the design value and current velocities below 0.5 m/s during this storm. As 433 

observed in the second part of Table 4, large ASTs (D > 25 m) account for less than 10% of the 434 

highly vulnerable ASTs. However, they account for 70% of the spill volume even though they 435 

represent only 30% of the total number of ASTs, highlighting the larger consequences associated 436 

with such ASTs. Most of the highly vulnerable ASTs are small ASTs given their limited ability to 437 

resist dislocation. The large jump in the number of highly vulnerable ASTs when considering wave 438 

and wind loads is also primarily attributed to small size ASTs given their limited ability to resist 439 

sliding and overturning. Overall, the results presented in Table 4 generalize the findings obtained 440 

in Fig. 6 to a large-scale portfolio of ASTs. Considering concurrent storm loads, especially wave 441 

loads, is essential to adequately assess risks during a severe event. 442 

Table 4. Results of the scenario-based and probabilistic risk assessments. 443 

Loads considered 

Scenario – FEMA036 Probabilistic 

E[SV]a 

(106 liters) 

ASTs with  

Pf > 0.75 

1-yr E[SV] 

(106 liters) 

20-yr E[SV] 

(106 liters) 

All ASTs 

   Surge height only 416 609 5.7 48.1 

   Surge and waves 464 723 6.0 52.9 

   Surge, wave, and wind 469 733 - - 

   Surge, current, wave, and wind 470 733 - - 

ASTs with D > 25 m (30% of ASTs) 

   Surge height only 297 57 3.8 32.4 

   Surge and waves 320 61 3.9 33.6 

   Surge, wave, and wind 320 62 - - 

   Surge, current, wave, and wind 320 62 - - 
a E[SV] = Expected spill volume 

6.2 Probabilistic risk assessment 444 

While scenario-based risk assessments can provide useful information, they do not propagate the 445 

uncertainties associated with the hazards and their results are limited to a single deterministic 446 
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event. In order to consider the ranges of storm conditions that could be expected at a given location 447 

and obtain more holistic measures of risks, probabilistic risk assessments are necessary. 448 

Performing a probabilistic risk assessment requires evaluation of the probability of failure for a 449 

large number of storm scenarios. As detailed in Sections 2 and 6.1, storm conditions for a given 450 

scenario are usually determined using computationally expensive numerical models, such as 451 

ADCIRC+SWAN, creating a constraint for probabilistic assessment. To alleviate this 452 

computational constraint, this study relies on surrogate models to approximate storm conditions at 453 

AST locations. The surrogate models are derived using a set of 223 synthetic storms developed by 454 

FEMA for the Upper Texas Coast and modeled by the US Army Corps of Engineers (USACE) 455 

[57]; Storm FEMA036 is part of this set. The storms are characterized by a set of five parameters 456 

(ω): (i) the landfall location (xo); (ii) the angle of approach at landfall (ϕ); (iii) the pressure deficit 457 

(Δp), which defines the storm intensity; (iv) the radius of maximum wind (Rm), which defines the 458 

storm size; and (v) the storm’s forward speed (Vf). 459 

At each AST location in the HSC, the surge and wave conditions are extracted for the 223 storms; 460 

the surge and wave conditions fall within the ranges listed in Table 1 and used to derive the fragility 461 

models. The surrogate models are then derived using Kriging regression and the methodology 462 

proposed by Jia and Taflanidis [58]. The Kriging models are trained using UQLab [59] and leave-463 

one-out (LOO) cross-validation. Three separate surrogate models are developed to predict at each 464 

AST location: (i) the maximum surge height as a function of the storm parameters (i.e., S(ω)); (ii) 465 

the corresponding significant wave height (Hs(ω)); and (iii) the corresponding peak period (Tp(ω)). 466 

As the wind and current outputs cannot be obtained for the suite of storms as provided [57], no 467 

surrogate models were derived for W and U. Based on the findings in Section 6.1, neglecting wind 468 

and current should not significantly affect the results of the risk assessment. The performance of 469 

the three surrogate models in term of averaged R2 and mean LOO errors is presented in Table 5 470 

[58], highlighting the adequacy of the Kriging models to efficiently approximate surge and wave 471 

conditions at AST locations. 472 

Table 5. Performance of the storm hazard surrogate models. 473 

Model Mean error (%) R2 

Surge height (S(ω)) 2.4 0.98 

Significant wave height (Hs(ω)) 7.6 0.96 

Peak wave period (Tp(ω)) 6.8 0.92 
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With the above surge and wave hazard surrogate models as well as with knowledge of the annual 474 

rate of occurrence of storms (μ) and the JPD of storm parameters (f (ω)), the annual probability 475 

of failure of an AST can be estimated using Eq. 12. This equation is inspired by the approach used 476 

by the USACE for their coastal hazard assessments [57]. 477 
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As indicated by the summation operator, Eq. 12 distinguishes low intensity storms (28 mb < Δp ≤ 479 

48 mb) and high intensity storms (Δp > 48 mb) given their significantly different JPDs of storm 480 

parameters. In this equation, µδ=low(xo) and µδ=high(xo) are respectively the annual rate of occurrence 481 

of low and high intensity storms and are a function of the storm landfall location; f (ω | δ=low) 482 

and f (ω | δ=high) are the JPDs of storm parameters for low and high intensity storms; P(δ) is a 483 

factor to address the occurrence of low and high intensity storms with 484 

   low low high
P low

  
   

  
    and    high low high
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   ; and IM(ω) = {S(ω) 485 

+ εS(ω), Hw(ω), Tw(ω)} is the set of load parameters at the AST location. While S(ω) + εS(ω) is 486 

evaluated directly from the surge height Kriging model, Hw(ω) and Tw(ω) are obtained from Hs(ω) 487 

+ εHs(ω) and Tp(ω) + εTp(ω) as in Section 6.1; the presence of containment berms is also taken into 488 

account when evaluating loads. The error terms εS(ω), εHs(ω), and εTp(ω) propagate the 489 

uncertainties associated with the Kriging surrogate models; the error is normally distributed with 490 

zero mean and standard deviation σ(ω) [59]. For the JPDs of storm parameters, the landfall location 491 

(xo) is modeled as a uniform distribution, the pressure deficit (Δp) as a truncated Weibull 492 

distribution, the radius of maximum wind (Rm) as a lognormal distribution, and the storm heading 493 

(ϕ) and forward speed (Vf) as normal distributions. In addition to the dependence on storm 494 

intensity, the parameters of the probability distributions of Δp, Rm, ϕ, and Vf are dependent on the 495 

landfall location. The actual values of f (ω | δ=low), f (ω | δ=high), µδ=low(xo), and µδ=high(xo) 496 

employed in this study were provided directly by the USACE [57].  497 

To estimate the annual probability of failure of an AST, Eq. 12 is evaluated using MCS and 10,000 498 

samples. For a given MCS sample, the landfall location is first sampled. The JPDs of storm 499 

parameters are then assembled, and a low intensity and high intensity storms are sampled 500 

accordingly. For each storm, the hazard intensities are estimated using the Kriging models, the 501 

probability of failure of the AST is computed using Eq. 11, and the results are multiplied by the 502 
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corresponding annual rate of occurrence. Lastly, the weighted average of the low and high intensity 503 

storm probabilities of failure is computed using P(δ). The average over all MCS samples gives the 504 

annual probability of failure. Similarly, the annual expected spill volume is evaluated by 505 

introducing the internal liquid volume in Eq. 12. Given the limitation of the hazard models, the 506 

probabilistic risk assessment is only performed for the maximum storm surge and corresponding 507 

wave conditions, neglecting time-dependent effects. 508 

Fig. 7b provides a more comprehensive view of ASTs’ vulnerability than Fig. 7a, since it provides 509 

the likelihood of failure during a given year considering the likelihood of occurrence of a range of 510 

events, rather than for a single scenario. This information can help support the implementation of 511 

risk mitigation plans by identifying more objectively vulnerable ASTs. Nonetheless, scenario-512 

based assessments are still useful for efficient communications with stakeholders and to illustrate 513 

the consequence of a hypothetical worst-case event. From Fig. 7b, it is possible to identify a few 514 

clusters of ASTs with relatively high annual probability of failure (> 3%). Interestingly, two of 515 

these clusters (circled in red in Fig. 7b) correspond to the locations of the two main dislocation-516 

related AST spills during Hurricane Harvey in 2017 [2], further highlighting the worthiness of the 517 

tools developed here. 518 

The effects of wave loads in the probabilistic risk assessment are also detailed in Table 4. Wave 519 

loads only increase the annual expected spill volume by 5% since storms generating severe wave 520 

conditions have a small probability of occurrence. However, if the risk assessment is performed 521 

for a longer time horizon, such as 20 years, the effect of wave loads becomes more important as 522 

storms with significant wave conditions are more likely to occur over 20 years than one year. As 523 

shown in Table 4, wave loads can increase the expected spill volume by 10% in such case. The 524 

rates of occurrence in Eq. 12 were adjusted to a 20-year horizon by assuming that the occurrence 525 

of storms follows a Poisson process. These results again highlight the importance of considering 526 

the multi-hazard nature of storms to adequately assess the risks of ASTs in coastal areas. 527 

7. Summary and Conclusions 528 

This paper aimed to develop a rigorous, yet efficient, methodology to perform fragility and risk 529 

assessments of ASTs subjected to concurrent storm surge, wave, and wind loads. First, a surrogate 530 

model was developed to accurately and efficiently estimate storm surge and wave loads on ASTs 531 

in place of complex and expensive CFD analyses. A comprehensive framework that propagates 532 
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modeling and epistemic uncertainties was then presented to estimate AST buckling strength and 533 

stability against dislocation when subjected to multi-hazard storm conditions. Using a statistical 534 

sampling method and logistic regression, the first fragility models for ASTs subjected to multi-535 

hazard storm conditions were derived for buckling and dislocation. To facilitate their future 536 

adoption, the fragility models were parametrized on modeling parameters and load conditions, and 537 

can be readily employed to assess the vulnerability of any ASTs subjected to realistic surge, wave, 538 

and wind conditions. 539 

By illustrating their usage for two case study ASTs, the fragility models also provided useful 540 

insights regarding the vulnerability of ASTs. Overall results indicated that the concurrent effects 541 

of surge, wave, and wind loads were of paramount importance to adequately assess the structural 542 

vulnerability of ASTs during storm events. Focusing on a single hazard, as existing studies have 543 

generally done, can result in a significant underestimation of the probability of failure. For 544 

instance, neglecting wave loads for ASTs subjected to storm surge can underestimate the 545 

probability of failure by up to 40%. For wind loads, the effect on structural vulnerability is more 546 

limited but can still be significant for high wind velocities that are above the design value.  547 

To gain further insights on the vulnerability of ASTs, this study also performed risk assessments 548 

of ASTs located in a large industrial area and subjected to realistic storm conditions. A first risk 549 

assessment was performed by coupling the derived fragility models with a severe deterministic 550 

storm scenario. A second risk assessment, consisting of the first probabilistic risk assessment of 551 

ASTs in storm prone regions, was also performed. To facilitate the probabilistic assessment, a 552 

computationally efficient surrogate model based on a limited set of storm simulations was derived 553 

to evaluate storm surge and wave conditions at AST locations. The two risk assessments revealed 554 

that while storm surge is the most important load, considering multi-hazard conditions is essential 555 

to adequately assess vulnerability and risks, especially when looking at severe events or long-term 556 

horizons. Again, the effect of wave loads was shown to be more significant than wind loads. Lastly, 557 

compared to the scenario-based assessment and existing studies, which have been limited to 558 

scenario assessments, the probabilistic risk assessment was found to provide more comprehensive 559 

measures of risks that capture the uncertainties associated with storm variability and occurrence.  560 

Overall, this study provided methods, tools, and insights essential to evaluate the resilience of a 561 

key energy infrastructure and support industry managers in developing adequate mitigation plans. 562 
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Moreover, this study highlighted the benefits of developing surrogate models to facilitate and 563 

reduce the computational complexity of fragility and risk assessments across regional portfolios. 564 

The tools and methods presented here can be adapted to other industrial and energy infrastructure 565 

located in coastal areas prone to storm events. Although this study focused on individual ASTs, 566 

future work should look at the vulnerability of ASTs in groups, as group effects could modify 567 

loads acting on ASTs. Additional future work should investigate the correlation and interactions 568 

between the different failure modes, as well as more severe hydrodynamic conditions such as 569 

breaking and focused waves. 570 
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