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Abstract: 3 

An empirical tornado resilience model based on structural functionality, a metric with clearly 4 

defined physical states, is developed for light-framed wood residential buildings using field 5 

observations of damage and recovery following the February 2017 tornado in Naplate, IL. The 6 

resilience model is composed of independent damage and recovery models that serve as a 7 

complete resilience model for residential buildings measured with the metric of structural 8 

functionality. Structural functionality is the most basic function of a building, the ability to safely 9 

provide shelter, and includes both the structural system and the building envelope. This model 10 

may be integrated into external resilience models that include measurements of other 11 

functionality components, such as lifeline services and building services, to construct a model of 12 

total functionality that includes all functionality components necessary for occupancy. The 13 

empirical tornado resilience model for light-framed wood residential buildings is an observation-14 

based resilience model for residential buildings subject to tornado damage. It addresses the 15 

overlapping critical research needs for studies of tornado hazard, studies of residential resilience, 16 

and studies that provide a basis for validation, without replicating the existing body of resilience 17 

analysis frameworks. The included analysis using the high resolution of the structural 18 

functionality scale indicators of structural functionality for wind-damaged structures reveals that 19 

some buildings trend toward zero functionality (demolition) during community-level recovery 20 

and that clear differences exist in the recovery behavior of buildings with similar post-storm 21 

structural functionality. Exponential structural functionality recovery functions are found to be 22 
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appropriate for most levels of damage. Heavily damaged buildings are observed to follow a 23 

normal/s-shaped recovery. 24 

1. Introduction 25 

Resilience research holds the promise of improving outcomes of natural and anthropogenic 26 

disasters by guiding decision makers and researchers. Resilience studies are designed to guide 27 

decision makers (both property owners and policy makers) to strategically adopt existing 28 

structural and procedural improvements to reduce the impact of disasters and reduce recovery 29 

times [1, 2]. Resilience research guides the research community by revealing the aspects of a 30 

structure, system, or community where research progress can have the greatest benefit to society. 31 

The impetus for the current study is to improve the overall accuracy of tornado resilience 32 

analysis by developing an observation-based model built with minimal assumptions. Ideally, this 33 

observation-based model will increase decision makers’ confidence in the results of future 34 

resilience analyses and encourage the adoption of structural improvements and policy changes 35 

that will reduce the immediate and long-term impact of tornado occurrence.  36 

1.1. Resilience Definitions 37 

Despite many variations on the definition of resilience offered in civil engineering research, it is 38 

indisputable that resilience is the ability of an individual, system, or community to resist 39 

disruption and quickly recover from a disruptive event to a desirable state of functionality [3, 4]. 40 

In civil engineering, the community may be a town, state, or nation; the systems are commonly 41 

lifeline systems such as power distribution networks, transportation networks, and water supply 42 

networks; and individuals are typically single buildings or groups of buildings with a single 43 

owner or manager. The disruptive event is commonly assumed to be a natural hazard, but 44 



disruptions from anthropogenic disasters, environmental stresses, and economic instabilities are 45 

equally valid when discussing resilience. The concept of resilience was introduced to civil 46 

engineering to account for both the immediate consequences of a hazard and the near-term 47 

consequences related to the rate/duration of recovery. In civil engineering resilience, recovery is 48 

the process of activities required to resume normal function of the individual, system, and/or 49 

community. The recovery period is the duration of time required to resume normal function, or 50 

the arbitrary window of time over which the recovery process is evaluated — depending on the 51 

requirements of the particular study.  52 

Resilience can be considered the logical extension of the risk framework to include recovery, 53 

where risk is the probability of undesirable consequences. Improvements/degradations that 54 

increase/decrease resilience can act in three major ways: by changing the amount of damage 55 

done during the disaster (any disruptive event), by changing the rate of repairs/recovery, or by 56 

changing the final level of functionality after recovery. Koliou et al [2] provides an excellent 57 

review and brief history of the contemporaneous state of resilience research in civil engineering. 58 

Resilience, and each component of resilience, is defined in terms of functionality. Functionality 59 

is most simply defined as the ability to serve the intended purpose [5]. Functionality 60 

requirements for buildings will vary based on the occupancy but can generally be described as 61 

the ability to safely shelter the occupants and allow intended activities (occupancy). Allowing 62 

occupancy requires structural functionality, lifeline services, and building services (e.g. indoor 63 

environment controls, lighting, elevators) — each occupancy class will have specific 64 

requirements. The structural functionality, lifeline services functionality, and building services 65 

functionality are individual components of the total functionality of a building. Structural 66 

functionality is the ability of a building to safely provide shelter [6] and is fundamental to the 67 



total functionality of any building; every building must provide shelter and be safe to enter to be 68 

fully functional, regardless of the occupancy.  69 

Therefore, resilience is increased by preserving functionality and increasing the restored 70 

functionality. Resilience studies often include a target functionality level, a target recovery time, 71 

or both to determine the period of time during which changes in functionality are related to the 72 

disaster and recovery process. It is important that functionality not be confounded with financial 73 

value because damage that leads to costly repairs of finishing materials and other non-critical 74 

items can be associated with inconsequential changes in functionality and resilience. When 75 

financial measures are desired for profitability/loss-based decision making, resilience analysis 76 

provides an excellent mechanism for predicting physical damage states and estimating 77 

downtime[7].  78 

1.2. Resilience Quantification 79 

It is advantageous to quantize resilience for the purpose of comparing potential improvements to 80 

buildings, infrastructure, and policy to each other and to the existing baseline resilience. 81 

Resilience is often quantized as the integral of a measure of functionality over a period of time 82 

following a disaster [7, 8]. A resilience model must include two primary components: one to 83 

model the degradation of functionality (damage) and one to model the increase of functionality 84 

after the event (recovery). Each of these may have multiple subcomponents to account for any 85 

combination of social, physical, political, and economic parameters.  86 

Many conceptual resilience models adopt a prescribed recovery behavior as part of a 87 

deterministic model or basis for stochastic recovery rates. Fig. 1 represents four of the most 88 

common models [9]. Conceptual frameworks for resilience can be, and have been, developed 89 



without defining specific metrics of functionality because the basic mathematics and 90 

relationships do not rely on a specific metric. Purely conceptual resilience models often fail to 91 

match the physics of the recovery process [10] and should not be considered as accurately 92 

predicting resilience unless they are validated with observations [2]. Lin and Wang [11] develop 93 

a recovery model that eschews deterministic recovery functions in favor of a transition-matrix 94 

where individual buildings have unique, stochastically driven recovery paths, that are combined 95 

to describe the recovery of the community building portfolio. Application of these conceptual 96 

frameworks requires that functionality be clearly defined and given an unambiguous metric, just 97 

as all measures (e.g. time, length, mass) require an unambiguous metric (e.g. second, meter, 98 

kilogram) for application. 99 

Resilience research to date has focused primarily on lifeline buildings and systems, where 100 

functionality metrics are easily defined and a specific set of formal plans and policy can 101 

dominate changes to the resilience [17, 18, 19, 2]. The functionality of buildings has been less 102 

thoroughly studied than that of lifeline systems [2, 12] and the appropriate metric for use is less 103 

clear. The functionality of service-oriented buildings may be measured with a metric based on 104 

the occupancy. For example, the functionality of a hospital may be measured with the metric of 105 

percentage of hospital beds available [13] or the metric of average emergency room waiting time 106 

Fig. 1 Common recovery model function shapes. 



[14, 15]. An unambiguous metric for residential building functionality is more elusive, and 107 

resilience of residential buildings has not been sufficiently studied, despite the critical role these 108 

buildings play in communities [2]. 109 

1.3. Resilience and functionality of residential buildings 110 

The recovery of residential buildings is particularly difficult to predict because it is controlled by 111 

a combination of homeowner decisions, insurance policy, local and regional government policy, 112 

and a broad set of socioeconomic influences [16-18]. Sutley and Hamideh [18] present a 113 

conceptual framework designed specifically for residential buildings which describes many of 114 

the social, economic, and policy factors that influence residential building recovery and provides 115 

a framework for including these factors in resilience analysis, a step toward addressing 116 

inequalities in housing recovery. The two most commonly-used metrics for building condition 117 

are the safety metrics of ATC 20 by Applied Technology Council [19] and the damage states of 118 

HAZUS-MH [20] — however, neither of these measures functionality or is intended for use in 119 

resilience analysis. ATC 20 is only intended to rate the safety of buildings immediately 120 

following an earthquake [19]. HAZUS-MH is a risk-assessment tool that predicts recovery time 121 

based on financial loss (percentage of total value) at a building-component-level resolution; the 122 

damage states of HAZUS-MH are only intended for summary representation of the aggregate 123 

damage [21]. As previously discussed, financial loss is not directly proportional to functionality. 124 

Many damage models used for resilience analysis use a metric very similar to the damage states 125 

of HAZUS-MH [22-24]. Unfortunately, these models focus on physical damage instead of lost 126 

functionality and inherit the low resolution of HAZUS-MH damage states, essentially ignoring 127 

the significant difference in functionality, recovery time, and recovery behavior that exists 128 

among buildings within “severe damage” and “destruction” HAZUS-MH classifications [6, 21]. 129 



The existing body of residential resilience primarily relies on indirect measurements of 130 

functionality aggregated across many residences [12, 17, 25-27]. 131 

The total functionality of a building can be unambiguously measured as a combination of 132 

functionality components: structural functionality, lifeline services functionality, and building 133 

services functionality. To be fully functional, any building requires full structural functionality 134 

and full functionality of all required lifeline services and building services. Lifeline services 135 

functionality can be unambiguously measured as described above, building services functionality 136 

can be similarly measured as the percentage of the building served or percentage of equipment 137 

operable, and structural functionality can be unambiguously measured with the structural 138 

functionality scale [6]. Structural functionality of a building includes the structural system and 139 

the building envelope, both of which are required for the building to safely provide shelter. As 140 

such, structural functionality is the portion of total building functionality that is native to the 141 

building itself while lifeline services are largely external to the building and building services are 142 

provided by equipment added to/included with the building. The structural functionality scale [6] 143 

is hazard agnostic and can be defined for any construction type or occupancy with the 144 

development of appropriate structural functionality indicators. Table 1 includes indicators of 145 

structural functionality for wind-damaged residences, including structural functionality 146 

increments for recovery. 147 

The existing body of residential building resilience research focuses primarily on earthquake and 148 

hurricane damage, despite the large impact tornado damage has on non-coastal communities in 149 

the US. Overall, there is a dearth of research directly applicable to the resilience of residential 150 

buildings damaged by tornadoes [2].    151 



Table 1. Structural functionality indicators for wind-damaged buildings (Adapted from [6]) 152 

Functionality 

rating 

Cover 

missing 

Sheathing penetrations Roof/wall structure Repair 

indicators Size Coverage 

1.0 0 0  No damage No repairs 

required 

0.9 <10% 0  No damage Cover>90% 

complete 

0.8 10%–25% < 0.3mx0.3m <25% No damage Cover 50%–90% 

complete 

0.7 >25% < 0.3mx0.3m (or) 

0.3x0.3 to 1mx2m 

25%-50% (or) 

1 side 

No damage Sheathing 

complete, cover 

<50% complete 

0.6 n/a < 0.3mx0.3m (or) 

0.3x0.3 to 1mx2m 

>50% (or) 

>1 side 

No damage >80% of 

sheathing 

complete 

0.5 n/a >1mx2m 1–3 

penetrations 

No damage 25%–80% of 

sheathing 

complete 

0.4 n/a >1mx2m >3 

penetrations 

Isolated damage, no 

risk of primary 

structure collapse 

Wall and roof 

frames 

complete 

0.3 n/a n/a n/a Risk of localized 

collapse 

Wall frames 

complete 

0.2 n/a n/a n/a <25% area at risk of 

collapse (or) roof 

destroyed w/ walls 

intact 

Walls partially 

framed 

0.1 n/a n/a n/a 25%-50% area at 

risk of collapse (or) 

damage to >50% of 

structural members 

Foundation 

prepared 

0.0 n/a n/a n/a >50% at risk of 

collapse (or) no 

salvageable 

structure 

No progress 

past demolition 

  153 



1.4. Windstorm resilience of residential buildings 154 

Damaging winds originate from many types of weather events. The damage from tropical 155 

cyclones (hurricanes), tornadoes, thunderstorms, or synoptic weather systems is often considered 156 

collectively as windstorm damage [28]. However, the properties of the wind generated by these 157 

storms is dissimilar, as are the level and presence of secondary hazards (e.g. rain, storm surge, 158 

hail). The differences in wind loads and damage from wind generated by different storm systems 159 

is an unanswered question [29], but the inclusion/exclusion of water intrusion as part of a wind 160 

damage model has known considerable consequences. Hurricane resilience and tornado 161 

resilience both include damage from extreme wind speeds, but the resilience research from one 162 

cannot be directly applied to the other.  163 

The majority of windstorm resilience research that has been conducted focuses on hurricanes. 164 

Zhang and Peacock [17] uses data from Miami-Dade County property tax appraisal and census 165 

data as a proxy for residential building functionality following Hurricane Andrew. Tokgoz and 166 

Gheorghe [9] builds a conceptual model of residential resilience to hurricane damage. The 167 

concepts and framework presented in these studies could be adapted to tornado resilience models 168 

with the understanding that the damage and recovery models will be different. 169 

Existing tornado resilience research for individual residential structures primarily relies on 170 

analytical fragility models to determine the level of damage and conceptual recovery models to 171 

determine the rate of recovery [26, 30, 31]. Multiple analytical fragility models for damage from 172 

hurricane and tornado winds have been developed for light-framed wood structures [24, 32]. 173 

Physics-based methods, where simulated loads are applied to finite element models, have also 174 

been used to develop fragility models [33]. Few fragility models for wind have been calibrated 175 



with full-scale measurements and observations. Roueche, Lombardo, and Prevatt developed 176 

empirical fragility models for residences [34] and the uncertainty in these fragilities [35] based 177 

on observations of tornado damage.  178 

Few studies address recovery from tornado damage [2, 12]. The most complete resilience model 179 

for light-framed wood residential structures currently available is developed in multiple 180 

publications by members of the Center of Excellence for Risk-Based Community Resilience 181 

Planning, some in the support of the Interdependent Networked Community Resilience modeling 182 

Environment (IN-CORE) [36]. Combined, these publications present fragility models and 183 

recovery functions for nineteen archetypal buildings, a minimum community building portfolio 184 

[30]. Koliou and van de Lindt [37] propose a probabilistic framework for considering the repair 185 

time and direct cost fragilities for buildings subject to tornado hazards. The light-framed wood 186 

residential building archetypes rely on the fragilities presented in 2018 by Masoomi and van de 187 

Lindt [24] and repair times estimated by the US Federal Emergency Management Association 188 

(FEMA) in a HAZUS technical manual (reference incomplete). The repair times likely rely on 189 

those estimated in the Hurricane Model [21] because no tornado component was developed for 190 

HAZUS at the time of publication. Koliou and van de Lindt suggest a set of functionality ratings 191 

(25% reduction in functionality for each increasing damage state) for each of the four damage 192 

states with the caveat that the relationship between damage and functionality is beyond the scope 193 

of the publication. Damage and recovery data collected from Joplin, MO after the 2011 tornado 194 

is used as validation for tornado components of the damage models of the IN-CORE resilience 195 

model [23, 38]. Validation of the IN-CORE tornado recovery model is ongoing [36]. 196 

Overall, the existing body of tornado resilience research for light-framed wood residential 197 

buildings includes both analytical and empirical fragility models that were developed to describe 198 



damage without consideration of building functionality; conceptual recovery models which use 199 

either damage or other functionality surrogates; and a robust collection of resilience frameworks 200 

that could be applied to tornado resilience. Koliou and van de Lindt [37] presents the only 201 

resilience framework presented here that is designed specifically for tornado hazard but most 202 

resilience frameworks can be adapted to any hazard if the appropriate hazard magnitude 203 

estimates, damage model(s), and recovery model(s) are available. No existing publication 204 

develops the functionality-based tornado damage and recovery models necessary for resilience 205 

analysis of light-framed wood residential buildings. Furthermore, the existing body of windstorm 206 

resilience research includes no recovery models which have been validated with experiments or 207 

observations; the accuracy of resilience analysis results is uncertain without empirical studies of 208 

resilience and validation of conceptual resilience models [4]. 209 

2. Model development 210 

The primary focus of this work is to use observations to model (1) functionality lost due to 211 

tornado damage and (2) the following recovery for light-framed wood residential buildings 212 

(single-family one- and two-story residential buildings of standard construction). The empirical 213 

model of tornado resilience for light-framed residential structures developed here is composed of 214 

independent damage and recovery models. The damage and recovery models can be used as a 215 

complete resilience model for light-framed wood residential structures and/or incorporated into 216 

existing or future community-level resilience models. The empirical models are developed as an 217 

alternative to the existing body of conceptual damage and recovery models. Ideally, it will also 218 

serve as a benchmark for validating existing and future conceptual resilience models. As this 219 

resilience model is based on observations with minimal assumptions, it can be shown to be 220 

consistent with its own empirical basis. This observation-based resilience model for residential 221 



buildings subject to tornado damage fills overlapping critical research needs for studies of 222 

tornado hazard, studies of residential resilience, and studies that provide a basis for validation. 223 

Empirical models have unavoidable limitations: they can only be guaranteed to be consistent 224 

with scenarios similar to their empirical basis. Without extrapolation, the model developed here 225 

is limited to a modest range of tornado wind speeds and residential buildings similar to those 226 

present at the time of the basis event. These limitations are further discussed in Sec. 4.  227 

The measurement basis of this study is the structural functionality scale and indicators of 228 

structural functionality for wind-damaged buildings [6]. This scale is unique in providing a direct 229 

measure of functionality. Structural functionality is the most fundamental component of a 230 

building, the ability to safely provide shelter, but is only one component of the total functionality 231 

required to enable the intended occupancy. For most light-framed residential buildings, the 232 

lifeline services of external power, fresh water, sanitary sewer, and transportation access as well 233 

as the building services heating/cooling and food storage/preparation would typically be required 234 

for full total functionality. However, these lifeline services and building services are controlled 235 

by different recovery mechanisms and will not be considered in this study. This empirical model 236 

uses observations of the building to measure structural functionality, but the structural 237 

functionality metric can also be implemented numerically in simulations. 238 

Tornado damage is commonly measured in terms of the Enhanced Fujita Scale (EF-Scale) where 239 

wind speeds estimated from damage to one-story and two-story light-framed residential 240 

buildings are covered as Damage Indicator 2 with ten Degree of Damage ratings (EF-Scale 241 

DOD) [39]. EF-Scale Damage Indicator 2 DOD ratings are included in this study to allow 242 



comparison and compatibility with existing and future work by others where EF-Scale DOD is 243 

the primary metric. 244 

2.1. Data Collection 245 

The empirical basis of the resilience model for tornado damage is data collected during field 246 

surveys following the 28 February 2017 tornado in Naplate, IL. The National Weather Service 247 

rated the tornado as an EF-3 on the EF-Scale with estimated peak wind speeds of 70 m/s (155 248 

mph), total path length of 18.5 km (11.5 miles), maximum damage width of 0.73 km (0.45 249 

miles), and a duration under 20 minutes [40]. The storm resulted in 14 injuries, 2 deaths, and 250 

damaged most of the buildings in the village of Naplate.  251 

The Wind Engineering Research Laboratory at The University of Illinois at Urbana-Champaign 252 

(UIUC WindLab) surveyed the initial damage caused by the tornado and the recovery of 253 

residential wood-framed buildings in the community. UIUC WindLab conducted five surveys of 254 

the community, occurring at 2 days after the tornado, 111 days after the tornado, 168 days after 255 

the tornado, 377 days after the tornado, and 728 days after the tornado. After a recovery period 256 

of two years, one building remained significantly damaged, and nine buildings were demolished 257 

without replacement. The field campaign was ended after two years because only one of the 151 258 

buildings was clearly in the process of repairing damage from the tornado. New construction or 259 

improvements following the two-year period would not clearly be related to tornado recovery. 260 



During each survey, UIUC WindLab researchers photographed all affected buildings and 261 

recorded observations of the condition of the buildings. During the initial (day 2) survey and the 262 

second (day 111) survey, additional data was collected regarding the damage to trees, street 263 

signs, traffic signs, and distribution poles for wind speed estimation. Researchers recorded the 264 

EF-Scale DOD of all light-framed wood residences (EF Damage Indicator 2) during the initial 265 

survey. The color fields in Fig. 2 represent the estimated maximum wind speed experienced 266 

during the tornado event; buildings surveyed and their respective EF-Scale DOD are represented 267 

with squares. The analysis that follows includes the 151 buildings surveyed in this campaign and 268 

Fig. 2 Survey region of Naplate, Illinois with estimated wind field and EF scale 

Degree of Damage (DOD). Image by Daniel M. Rhee. 



identified in Fig. 2.  269 

2.2. Damage Observations 270 

Two independent measures of damage comprise the damage observations: structural 271 

functionality measurements, where damage is measured as a reduction in the ability of the 272 

building to serve as a safe shelter, and EF Scale DOD ratings, which use damage indicators to 273 

estimate wind speeds. These two measures are not perfectly correlated because they represent 274 

fundamentally different quantities (wind speed and structural functionality) [6]. Additionally, the 275 

structural functionality scale includes decreases in functionality that result from secondary wind 276 

hazards, such as damage caused by wind-felled 277 

trees striking a building. The EF Scale estimates 278 

do not include secondary wind hazards because 279 

such damage is not an indicator of wind speed. 280 

Resilience fundamentally relies on measures of 281 

functionality; EF-Scale DOD ratings are only 282 

included to allow comparisons with existing 283 

damage surveys and models. UIUC WindLab 284 

researchers determined the two measures (EF-285 

Scale DOD and structural functionality rating) 286 

independently for each of the 151 buildings in this 287 

study. 288 

Fig. 3 shows the distribution of EF-Scale DODs (DOD #) and post-storm structural functionality 289 

(SF #) for affected buildings. The two distributions have similar overall behavior with a peak at a 290 
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state of moderate damage and decreasing totals in higher damage states. Two clear differences 291 

are the lowest damage state (highest functionality) where some buildings were observed with 292 

visible signs of wind damage that did not reduce functionality (such as minimal scouring of paint 293 

on walls), and DOD 5 “entire house shifts off foundation” [39] which corresponds to the lowest 294 

structural functionality state, SF 0. 295 

Table 2. Distribution of combined EF-Scale and post-storm structural functionality  296 

  Post-storm Structural Functionality  

 1 0.9 0.8 0.7 0.6 0.5 0.4 0.3 0.2 0.1 0 Sum 

E
F

-S
ca

le
 D

O
D

 

0 23 2 2        27 
1 17 7 2 6        32 
2 1 11 19 8 1 1  1  42 
3   1 10 10 1 1   23 
4   4 1 2 2 3   1  14 
5          1 1 
6        1 8 1 10 
7           1 1 
8           1 1 

 Sum 42 20 25 27 12 4 5 2 8 3 3 151 



Breakdown of the number of buildings at 297 

each combined EF-Scale DOD and 298 

structural functionality rating reveal the 299 

expected trend (Table 2). Specific outliers 300 

in the trend between EF-Scale DOD and 301 

structural functionality primarily reflect 302 

levels of damage that reduce functionality 303 

but do not increase the EF-Scale DOD. 304 

Two of the DOD 2 buildings with structural functionality below SF 0.7 have secondary wind 305 

damage from tree impact; the third has a localized structural damage that is not indicative of 306 

higher wind speeds. The single building rated at DOD 4 and structural functionality SF 0.1 does 307 

not meet the criteria of higher EF-Scale DOD ratings, but at least 25% of the habitable area is at 308 

risk of collapse (Fig. 4). 309 

Some of the buildings with low EF-Scale DOD ratings, especially DOD 0 and DOD 1, have 310 

structural functionality lower than full functionality due to preexisting conditions unrelated to the 311 

February 2017 tornado. These preexisting conditions include deferred maintenance and ongoing 312 

renovations. Preexisting conditions were primarily identified visually, information volunteered 313 

by residents was included where possible. Deferred maintenance primarily included degraded 314 

roofing and missing fascia or building trim, all of which are easy to identify; these buildings 315 

were all in a usable state. Two DOD 0 residences were determined to have had siding removed 316 

before the tornado because no siding was present when adjacent buildings had superficial 317 

damage, the buildings themselves had no damage to shingle roofing, and both buildings were 318 

covered with aging house wrap. 319 

Fig. 4. DOD 4 building in Naplate, IL with post-storm 

structural functionality of SF 0.1. 



2.3. Structural Functionality Damage Model 320 

The damage model includes two components: an empirical structural functionality fragility 321 

model for light-framed wood buildings and suggested conversions from EF-Scale DOD 322 

measures to structural functionality states. Rhee and Lombardo [41] includes EF-Scale DOD 323 

fragilities based on this dataset. This damage model focuses on structural functionality because it 324 

is a true metric of building resilience. 325 



The empirical structural functionality fragility model in Fig. 5 provides a convenient method for 326 

predicting the post-storm structural functionality. The assumption that exceedance observations 327 

are members of a binary distribution with probabilities normally distributed in relation to the 328 

natural log of the wind speed provides the basis for empirical fragilities, as established for 329 

seismic fragilities [42] and previously used for tornado fragilities [34, 41]. This method relies on 330 

accurate estimates of the peak wind speeds at each of the damage observations. The wind field 331 

developed in Rhee and Lombardo [41] using patterns of tree fall direction provide the peak wind 332 

speeds required in this damage analysis (reproduced here in Fig. 2). The maximum estimated 333 

peak wind speed for the February 2017 tornado in Naplate is 57.7 m/s (129 mph). 334 

Fig. 5. Empirical structural functionality fragility for SF 0.4 through SF 0.9. 



All fragility curves in Fig. 5 have the expected progression of reduced functionality with higher 335 

wind speeds. The fragility curves for SF=0.9 through SF=0.6 have similar shape and fairly even 336 

spacing. The long tail observed at higher wind speeds in the fragility curves for structural 337 

functionality SF=0.5 and SF=0.4 is likely due to the lack of wind speed observations above 60 338 

m/s in this study. Structural functionality fragilities below SF=0.4 are excluded from Fig. 5 339 

because too few observations were present for reliable parameter estimation. 340 

For higher wind speeds and more severe damage, the EF-Scale DOD fragilities based on damage 341 

observations in Joplin, MO [34] or analytical methods [24] can supplement the empirical 342 

structural functionality fragility model. Table 3 provides a probabilistic conversion from EF-343 

Scale DOD to structural functionality for cases where EF-Scale DOD fragilities are necessary.  344 

Nevill and Lombardo [6] establishes a qualitative relationship between structural functionality 345 

and EF-Scale DOD. Any building with EF-Scale DOD of 5, 8, 9, or 10 is either destroyed or at 346 

risk of collapse and has a structural functionality of SF 0. An analytical relationship is difficult to 347 

establish for other EF-Scale DODs because progressive indicators of wind speed and progressive 348 

indicators of reduced structural functionality are not coupled, despite the relationship between 349 

higher wind speeds and greater damage. To better establish the relationship between structural 350 

functionality and EF-Scale, the structural functionality of all 151 buildings in the dataset are 351 

reevaluated to only include reductions in functionality that result from direct wind damage. The 352 

values in Table 3 are based on the proportion of structural functionality observations per EF-353 

Scale DOD with indirect and non-wind functionality reductions removed. 354 

  P (functionality | DOD)  

 1 0.9 0.8 0.7 0.6 0.5 0.4 0.3 0.2 0.1 0  



Table 3. Probability of post-storm structural functionality given EF-Scale DOD. 355 

Table 3 reflects the expectation of decreasing structural functionality with increasing EF-Scale 356 

DOD, with the exception of DOD 5 “entire house shifts off foundation” [39]. The wide 357 

distribution of structural functionality for DOD 4 buildings reflects the wide range of conditions 358 

described by “uplift of roof deck and loss of significant cover material (>20%); collapse of 359 

chimney; garages doors collapse inward; failure of porch or carport” [39]. In Naplate, buildings 360 

rated at DOD 4 include conditions ranging from shingle loss to risk of partial collapse (Fig. 4). 361 

The distribution of functionalities for DOD 7 is a purely conceptual estimate due to the lack of 362 

buildings rated DOD 7 in the dataset. 363 

A robust damage model must include secondary wind damage that reduces structural 364 

functionality, such as damage from wind-felled trees that strike a building. The uncertainty in 365 

tree impact for a generic building is too high to be included in building fragility models. To 366 

include such representations, a geospatial model of the analysis region can be coupled with tree 367 

fragilities [43] and a wind field model with peak speed and direction [41] to connect the 368 

probability of tree fall with fall direction and proximity to buildings. 369 
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0 0.85 0.05 0.05 0.05         

1 0.55 0.25 0.1 0.1         

2 0.02 0.34 0.48 0.16         

3    0.45 0.45 0.10       

4   0.28 0.07 0.14 0.14 0.2 0.07 0.06 0.04   

5           1  

6        0.1 0.8 0.1  

7         0.25 0.5 0.25  

8           1  

 9           1  

 10           1  



2.4. Structural Functionality Recovery Observations 370 

The structural functionality scale’s indicators for wind-damaged buildings during recovery 371 

(Table 1) are used to measure the structural functionality of 151 residences over the 2-year 372 

observation period [6]. In the recovery process, damage to/deficiencies in the building structural 373 

system and building envelope is repaired (on average), resulting in an increase in structural 374 

functionality. Some buildings may have permanent or temporary reductions in structural 375 

functionality due to full or partial demolition. The recovery indicators describe incremental 376 

recovery steps; structural functionality cannot skip states in recovery. Between the five 377 

observation points, the structural functionality of each building is linearly interpolated to 378 

estimate the duration of each incremental functionality state. For residences where the building is 379 

known to be demolished and rebuilt/partially-rebuilt between observations, linear interpolation is 380 

extended to provide identical rates of decreasing and increasing structural functionality between 381 

observations with a point of zero functionality occurring between observations. 382 



The distributions of observed structural functionality, with interpolated data, are represented in 383 

Fig. 6 with residences grouped by the observed EF-Scale DOD. All residences in the groups with 384 

EF-Scale DOD 0 through DOD 3 recover toward full structural functionality, SF 1. Within these 385 

less-damaged groups, some residences had temporary decreases in functionality resulting from 386 

removal of undamaged roofing, siding, or structural members during the recovery process. An 387 

obvious outlier exists in the DOD 0 group, where a building with high structural functionality 388 

was demolished and rebuilt. Unsolicited anecdotal information explains this phenomenon: the 389 

homeowner needed to build a larger residence to accommodate a family member displaced from 390 

a different residence damaged by the tornado.  391 

Fig. 6. Distribution and mean of observed recovery of structural functionality with interpolated data, 

separated by EF Scale DOD. 



Unlike the less-damaged buildings, the recovery of residences with EF-Scale DOD 4 through 392 

DOD 8 is bifurcated with individual buildings approaching either full functionality or zero 393 

functionality (demolished) during the community’s recovery process (Fig. 6). Within the more 394 

heavily damaged groups, some buildings recover toward full structural functionality while others 395 

are demolished and not rebuilt. The field project supporting this research did not include 396 

homeowner interviews: the underlying differences in behavior is uncertain. For these groups the 397 

mean behavior of the group, represented in orange, trends to a value less than SF 1; this final 398 

value is similar to the percentage of buildings in the group that are rebuilt instead of being 399 

demolished. 400 

Dividing the residences in two groups 401 

based on post-storm structural 402 

functionality adds clarity to the disparity in 403 

behavior. In Fig. 7, most residences with 404 

post-storm structural functionality at or 405 

above SF 0.4 recover toward full structural 406 

functionality while most buildings with 407 

post-storm structural functionality below 408 

SF 0.4 are demolished and not rebuilt. The 409 

mean behavior of the two groups shows 410 

buildings with post-storm functionality 411 

SF≥0.4 monotonically increasing in 412 

structural functionality on average while 413 

those with post-storm functionality SF<0.4 414 

Fig. 7. Distribution and mean of observed recovery of 

functionality with interpolated data, separated by 

functionality immediately following tornado. 



has an initial decrease/plateau in structural functionality before the mean value increases. This 415 

mirrors a division in the structural damage between isolated damage and damage that is more 416 

widespread: buildings with SF 0.4 have only isolated damage to individual structural members 417 

while buildings with structural functionality SF 0.3 have some risk of localized collapse. The 418 

observation that buildings divided into two groups by structural functionality recover more 419 

similarly within the groups than buildings divided into six groups by EF-Scale DOD reinforces 420 

that the structural functionality scale is a superior predictor of recovery behavior. 421 

2.5. Structural Functionality Recovery Model 422 

Observations of actual recovery, enumerated on an unambiguous scale, provide a sound basis for 423 

a recovery model that accurately represents the set of observations and can be trusted to model 424 

similar events. Deterministic models cannot accurately represent the observed recovery behavior 425 

for individual buildings because they assume the recovery rate is identical for similarly damaged 426 

buildings. Unlike deterministic recovery models, a state-transition matrix model captures the 427 

behavior where similarly damaged buildings have unique recovery paths. The inclusion of 428 

decreasing functionality transitions in the recovery model is necessary to match the observed 429 

behavior. This behavior is not explicitly included in most conceptual models, which typically 430 

assume monotonically increasing recovery.  431 

A model based on a state-transition matrix retains the uncertainty observed in recovery. To build 432 

the transition matrix, the change in structural functionality states for each building between 433 

adjacent weeks, including interpolated points described in Sec. 2.4, is recorded as a state change. 434 

This change in states includes the dwell transition where structural functionality is unchanged. 435 

For any component of the state transition matrix, ���, the value represents the probability of 436 



transitioning from state � to state � at any transition between weekly observations. The 437 

probability of transition is calculated as the proportion of transitions from each structural 438 

functionality state (Eq. 1). Identical analysis using a daily transition interval does not yield 439 

meaningfully different results. 440 

� = ��� ≡ 	
��� �� ���	�����	� ���	 � �� �
	
��� �� ���	�����	� ���� � �� �	� ���� (1) 441 

The result is a sparse transition matrix with transitions limited to incremental changes – this 442 

arises naturally because structural functionality is a continuum and construction, demolition, and 443 

repair are necessarily incremental. This methodology is similar to the model developed by Lin 444 

and Wang [11] in that both use a state transition matrix. However, Lin and Wang assume that 445 

functionality is monotonically increasing and present a conceptual model that allows transition to 446 

any higher state while the proposed model allows increasing or decreasing functionality, limits 447 

transition to adjacent functionality states, and is based on observations of recovery. 448 

Table 4. Functionality transition matrix values using 1-week transition period 449 



For any structural functionality state, the transition matrix allows three possible transitions: 450 

decrease in structural functionality by ΔSF= - 0.1, no change in structural functionality (ΔSF=0), 451 

and increase in structural functionality by ΔSF=0.1. The resulting state-transition matrix is 452 

reproduced as Table 4. The transition probabilities for buildings with no remaining structural 453 

functionality, SF 0, reflects the low percentage of buildings that recovered from this state. At the 454 

other extreme, buildings with full structural functionality have no chance of reduced 455 

functionality at the next time step (to the precision represented in the table). Buildings with 456 

structural functionality SF 0.1 are more likely to decrease in functionality than increase in 457 

functionality, buildings with structural functionality SF 0.2 have an equal chance of increasing or 458 

decreasing in functionality for any transition, and buildings with structural functionality between 459 

SF 0.3 and SF 0.9 are much more likely to increase in functionality than decrease in 460 

functionality. Probabilities on the diagonal reflect the chances that the structural functionality of 461 

a building will not change between adjacent weeks. These dwell probabilities are lowest for 462 

moderate structural functionality (SF 0.3 to SF 0.6) which can be interpreted as the general 463 

behavior of more-rapid recovery for moderate functionalities and decreasing rates of recovery 464 

toward the extremes. This matches the observed asymptotic behavior of long-term recovery. 465 

P(transition) 
Future functionality 
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0 0.991 0.009                   

0.1 0.105 0.827 0.068                 

0.2   0.083 0.834 0.083               

0.3     0.111 0.683 0.206             

0.4       0.090 0.657 0.253           

0.5         0.052 0.742 0.206         

0.6           0.029 0.750 0.221       

0.7             0.004 0.927 0.069     

0.8               0.003 0.924 0.073   

0.9                 0.003 0.914 0.083 

1                   0 1 



Implementation of the state-transition matrix in a Markov-Chain Monte-Carlo simulation 466 

(MCMC) provides realistic stochastic building-level recovery estimates that can be validated 467 

with field observations. The probabilities in the state-transition matrix drive the change in 468 

structural functionality for each individual building. The overall recovery for a MCMC is 469 

determined in an iterative process where each iteration is a weekly change in structural 470 

functionality state of each building and the number of iterations matches the duration of 471 

consideration defined for the simulation. The results can be aggregated or analyzed individually.  472 

For comparison with the observed recovery, the structural functionality state-transition MCMC 473 

was conducted on 151 buildings whose post-storm functionality were the same as those observed 474 

for the 151 buildings in Naplate. Each iteration of the MCMC was run for 105 weekly time steps 475 

(about 2 years) to capture average behavior and the distribution of possible simulations. The 476 

MCMC was run for 10,000 iterations for the discussion in this section. For Sec. 2.6, the MCMC 477 

was run using one sample building per initial functionality until convergence (as measured by the 478 

maximum relative error across all buildings and time steps with the strict threshold 1e-5). The 479 

difference in the resulting mean values is not visually discernable.   480 



Fig. 8 provides a comparison between the simulated recovery and the observed recovery for each 481 

EF-Scale DOD group. For each of the EF-Scale DOD groups, the observed mean recovery lies 482 

primarily within the 95% interval. Exceptions are the mean recovery of DOD 0 buildings at the 483 

third observation point (4 weeks) where an undamaged building was demolished and rebuilt, as 484 

previously discussed, and the second observation point (2 days) for several groups where early 485 

increases in structural functionality due to temporary stopgap repairs are poorly captured by the 486 

model. Overall behavior for the EF-Scale DOD groups shows exponential-like recovery for all 487 

but the most heavily damaged buildings. Moderately damaged EF-Scale DOD groups have an 488 

exponential-like recovery that trends toward a level less than full structural functionality. Some 489 

buildings in this model simulation are not fully repaired within the 2-year recovery period.  490 

Fig. 8. Distribution and mean of simulated recovery of structural functionality with mean observed 

structural functionality, separated by EF Scale DOD. 

fu
n

c
ti
o

n
a

lit
y

fu
n

c
ti
o

n
a

lit
y



The distribution of the mean simulated recovery 491 

of all 151 buildings in the dataset includes five of 492 

the six mean observed structural functionality 493 

point for Naplate within two standard deviations 494 

(Fig. 9, top). While this metric is not especially 495 

meaningful and is highly sensitive to the 496 

geographic boundary of the field sample, the 497 

comparison establishes that the simulated 498 

recovery behaves similarly to the mean recovery 499 

behavior of the community, not just the recovery 500 

of individual EF-Scale DOD groups.  501 

The probability that any building has structural 502 

functionality greater than or equal to SF 0.8 is a close approximation of the probability that the 503 

building structure and envelope are in a usable condition [6]. Fig. 9 (bottom) shows that the 504 

simulated recovery lags the observed recovery for this metric. The state-transition matrix 505 

recovery model allows for indeterminate recovery paths but does not provide state-transition 506 

probabilities that change with time. This model is a poor predictor of early rapid recovery of 507 

structural functionality possible with temporary repairs. The structural functionality indicators 508 

for wind-damaged structures allow for a rapid increase of ΔSF=0.1 where temporary repairs are 509 

applied for envelope penetrations without structural damage [6]. 510 
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Examining the mean recovery for 511 

all buildings grouped by post-event 512 

functionality (Fig. 10) reveals 513 

deeper trends in the data. The mean 514 

recovery of buildings with post-515 

storm structural functionality 516 

above SF 0.3 has exponential-like 517 

behavior with rapid early recovery 518 

that asymptotically approaches a 519 

stable mean. Heavily damaged 520 

buildings with post-storm structural functionality below SF 0.3 and above SF 0 have a mean 521 

recovery with an initial plateau or decrease in functionality — reflecting the reality that many 522 

buildings in this group must be fully or partially demolished before reconstruction begins. 523 

Buildings with post-storm structural functionality of SF 0.6 or greater recover to full structural 524 

functionality, on average. However, buildings with post-storm structural functionality below SF 525 

0.6 recover to a stable mean structural functionality state below full structural functionality. The 526 

mean recovery of buildings with post-storm structural functionality SF 0 is relatively slow and 527 

nearly linear. This average trend toward structural functionality below SF 1 does not reflect the 528 

final structural functionality state for any individual building. An individual building may have 529 

any structural functionality, but observations suggest that most structures are either demolished 530 

(SF 0) or recover toward SF 1. This implies that the final mean structural functionality is similar 531 

to the proportion of buildings that fully recover. The advantage of using the eleven indicators of 532 

structural functionality for wind-damaged buildings (as opposed to lower-resolution systems 533 
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with four or five discrete categories) is evident in Fig. 10: the difference in mean recovery 534 

behavior for buildings with post-storm functionality SF 0.2 and SF 0.3 would be obscured by a 535 

lower-resolution system, as would the wide gradient of mean final structural functionality 536 

observed in buildings with post storm functionality SF 0.3 to SF 0.6. Resilience models with 537 

damage indicators based on the damage states of HAZUS-MH would typically consider 538 

buildings with post-storm structural functionality below SF 0.4 as a monotonic group with total 539 

destruction [6, 20]. 540 

The simulated probabilities of 541 

usable structural functionality 542 

SF≥0.8 in Fig. 11 inherit the final 543 

structural functionality trends 544 

observed in Fig. 10, where 545 

buildings with lower post-storm 546 

structural functionality have some 547 

probability of not recovering to a 548 

usable state in the 2-year 549 

simulation period. Overall, 550 

buildings in a usable state after the storm passes maintain a usable state for the duration of the 551 

recovery period. Buildings with post-storm structural functionality below the SF 0.8 usable 552 

threshold have a very low probability of usability (near 0%) for a discrete period, then transition 553 

to a period of rapid increase in probability of usability before asymptotically approaching a 554 

stable final state.  555 
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2.6 Deterministic Structural 556 

Functionality Recovery Models 557 

Deterministic recovery models cannot 558 

capture the variability in the recovery of individual buildings but are convenient for resilience 559 

analysis conducted without iterative simulations. Fitting standard recovery shape functions to the 560 

mean simulated recovery allows an approximation of the average recovery based on post-storm 561 

structural functionality. 562 

Four deterministic recovery shapes are evaluated to describe the mean recovery for each post-563 

storm structural functionality state: linear recovery (Eq. 2), exponential recovery (Eq. 3), 564 

trigonometric recovery (Eq. 4), and normal recovery (Eq. 5). The equations are adapted from 565 

Tokgoz and Gheorghe [9] for each recovery shape, adaptations include the addition of parameter 566 

LP to model permanent loss in mean structural functionality. 567 

����	��� = 1 − �� − ���  1 − !"
#$

 � % − �� ≤ 1  (2) 568 

��'(��� = 1 − �� − ����1 − �)�
*

+, − ��  (3) 569 

�����-��� =  1 − �� − ��� ∗ cos 2arccos�1 − �)� ∗ �
#,

5 ≤ 1  (4) 570 

��	������ = 1 − �� − ����1 − �)� *
+,%

6
− ��  (5) 571 

SF is the structural functionality, t is the time past the tornado in weeks, L is the initial loss, LP is 572 

the permanent loss, TP is an arbitrary evaluation time, and LR is the percentage of the loss 573 

recovered at time t=TP. All recovery functions are evaluated with TP=52 weeks in this analysis.  574 

 Model Type Lr Lp Tp L 



 All four functions are fit to the mean 575 

simulation recovery and the function with 576 

the lowest root-mean-square error for each 577 

post-storm structural functionality is 578 

selected as the optimal choice. Table 5 579 

includes recommended model types and 580 

parameter values for each post-storm 581 

structural functionality. The values in Table 5 have been adjusted from the optimal fit values to 582 

reduce the number of significant 583 

digits and enforce decreasing LR 584 

and increasing LP with increasing 585 

L. The deterministic models 586 

provide a reasonable 587 

approximation of the mean 588 

simulated recovery (Fig. 12).  589 

 Binary recovery models, where a 590 

building is either usable or 591 

unusable, require probability that 592 

the structural functionality of the building is usable (SF≥0.8). None of the four recovery 593 

functions previously mentioned provide a reasonable fit for the probability of usable structural 594 

functionality SF≥0.8 (Fig. 11). Buildings with post-storm structural functionality SF≥0.8 are best 595 

modeled as having a constant 100% probability of being usable. A modified exponential fit with 596 
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1 Linear/Constant 1.00 0 52 0.0 

0.9 Exponential 0.98 0 52 0.1 

0.8 Exponential 0.91 0 52 0.2 

0.7 Exponential 0.83 0 52 0.3 

0.6 Exponential 0.84 0 52 0.4 

0.5 Exponential 0.81 0 52 0.5 

0.4 Exponential 0.78 0.04 52 0.6 

0.3 Exponential 0.68 0.16 52 0.7 

0.2 Normal 0.65 0.48 52 0.8 

0.1 Normal 0.30 0.68 52 0.9 

0 Normal 0.30 0.85 52 1.0 

Table 1. Deterministic mean recovery parameter 
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a lag before any increase in probability above 0% models the recovery of buildings with a post-597 

storm structural functionality below SF 0.8 (Eq.6). 598 

������� ≥ 0.8� = �;<= −599 

�;<=�1 − �)�
*>+?@A

+, ≥ 0 (6) 600 

  P(SF(t)≥0.8) is the probability of the 601 

structural functionality state meeting 602 

the usability threshold, PINF is the 603 

probability that a building is usable at 604 

t=infinity, PR is the probability 605 

recovered at TP, and TLAG is the time in 606 

weeks before the probability 607 

increases above 0%. Table 6 608 

summarizes the recommended 609 

function type and parameters for 610 

all post-storm structural 611 

functionality states. The values in 612 

Table 6 have been adjusted from 613 

the optimal fit values, primarily to 614 

reduce the number of significant 615 

digits. Models with lower post-616 

storm functionality (SF=0 and 617 

SF=0.1) were adjusted to better approximate the lag behavior. Fig. 13 provides a comparison 618 
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1 Constant 1 NA NA NA 

0.9 Constant 1 NA NA NA 

0.8 Constant 1 NA NA NA 

0.7 Lagged exp 1 0.97 0 52 

0.6 Lagged exp 1 0.95 3 52 

0.5 Lagged exp 0.99 0.93 7 52 

0.4 Lagged exp 0.95 0.89 10 52 

0.3 Lagged exp 0.82 0.83 14 52 

0.2 Lagged exp 0.57 0.72 19 52 

0.1 Lagged exp 0.35 0.51 23 52 

0 Lagged exp 0.18 0.35 40 52 

 Table 2. Deterministic probability of SF ≥ 0.8 
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between the determinate probability functions and the mean simulated probability. This model 619 

underestimates the probability that a building is usable during the lag period for buildings with 620 

post-storm structural functionality between SF 0.1 and SF 0.6 but provides a reasonable estimate 621 

for most of the recovery period.  622 

3. Application of the Structural Functionality Resilience Model 623 

The empirical tornado resilience model for light-framed wood buildings developed above 624 

includes a set of damage models and recovery models designed to provide a complete description 625 

of structural functionality resilience and allow portability of the damage and recovery models to 626 

external resilience models. Structural functionality is one component of a building’s total 627 

functionality: it describes the building’s ability to safely serve as a shelter [6]. Any resilience 628 

model of total functionality must include structural functionality of buildings and the 629 

functionality of lifeline services (primarily transportation and utilities) and building services 630 

(such as temperature control). Lifeline services are community-scale systems and should not be 631 

modelled at the building level. The resilience of lifeline services has been extensively modeled 632 

elsewhere and is not reproduced here [30, 44-48].  633 

As an independent model of building structural functionality resilience to tornado damage, the 634 

empirical tornado resilience model requires a set of peak wind speeds at each building as the sole 635 

input. Ideally, building geographic locations and either a historic or simulated tornado wind field 636 

yields the set of peak wind speeds. The structural functionality fragility model stochastically 637 

determines post-storm structural functionality from the set of peak wind speeds. Once the post-638 

storm structural functionality is established, the structural functionality state recovery matrix 639 

stochastically determines the change in structural functionality for each building in a weekly 640 



simulation for any desired duration. In the observed recovery, most buildings reached a stable 641 

state of recovery after 2 years (105 weeks). The integral of the structural functionality over the 642 

simulation period yields the resilience of any building or group of buildings. Either fragility 643 

functions or direct application of the structural functionality scale (in physics-based models) can 644 

determine the post storm structural functionality in external resilience models. The conversions 645 

in Table 3 provide post-storm structural functionality where EF-Scale DOD fragilities are used. 646 

The appropriate choice of transition matrix, deterministic mean functionality functions, or 647 

deterministic probability of binary usability determine structural functionality recovery in 648 

external models. Robust total functionality resilience models should include provisions for 649 

secondary wind damage. 650 

4. Conclusions 651 

The empirical tornado resilience model for light-framed wood buildings developed herein is an 652 

observation-based resilience model for residential buildings subject to tornado damage. The 653 

resilience model includes the components below, filling the research need for observations of 654 

residential recovery, tornado functionality fragility and recovery descriptions, and bases for 655 

validation of existing and future conceptual models. 656 

(1) An empirical fragility model for structural functionality states SF 0.4 through SF 1 based 657 

on data collected in Naplate, IL. The fairly even spacing of the well-defined fragility 658 

curves may suggest that the structural functionality indicators for wind-damaged 659 

structures provide an even meter of progressive damage. 660 

(2) Probabilities of post-storm structural functionality based on EF-Scale DOD, enabling use 661 

of the structural functionality scale with fragility models for EF-Scale DOD. These 662 



probabilities also enable resilience analysis based on existing datasets from ground 663 

surveys following tornado damage that include EF-Scale DOD ratings and estimated 664 

wind speeds.   665 

(3) A structural functionality transition matrix recovery model that provides building-level 666 

recovery paths in an iterative recovery simulation. Comparisons between simulation runs 667 

from the state-transition matrix and recovery observations in Naplate, IL suggest that the 668 

transition matrix is a possible parent model for the observations. This recovery model 669 

allows incremental increases and decreases in functionality — matching the observation 670 

that some structures are demolished/partially demolished during recovery. The structural 671 

functionality scale indicators for windstorm damage provide a higher resolution of 672 

progressive losses in functionality than typically included in resilience analysis. The 673 

higher resolution reveals differences in behavior that would not otherwise be discernable, 674 

particularly the tail behavior observed in recovery of heavily damaged buildings (Fig. 7) 675 

and difference in mean recovery shape for buildings with initial structural functionality 676 

SF=0.2 and SF=0.3 (Fig. 10).  677 

(4) Deterministic recovery models for mean structural functionality and probability of usable 678 

structural functionality. The deterministic models do not provide unique recovery paths 679 

for individual buildings but may be easily adapted to different regions where market 680 

pressures control the permanent loss in mean functionality. The exponential recovery 681 

function is appropriate to describe the mean recovery of building with most levels of 682 

damage; the mean recovery of heavily damaged buildings is best described with 683 

normal/s-shaped recovery. A new formulation for delayed exponential recovery is 684 

introduced as the best model for binary useable/not usable structural functionality 685 



resilience for all buildings with sufficient damage to not be usable (post-storm 686 

functionality below SF=0.8). The advantage inherent in using the higher-resolution 687 

structural functionality scale is also clear in the deterministic models where buildings 688 

with different levels of damage that would be indistinguishable in lower-resolution 689 

classification, such as damage states based on HAZUS-MH, show significantly different 690 

tail behavior (final mean structural functionality) and different mean recovery curve 691 

shape (Fig. 12 and Fig. 13). 692 

(5) A basic framework for implementing the fragility and recovery models as an independent 693 

resilience model or integrating both/either into resilience models with measures of other 694 

functionality components. 695 

Overall, the empirical resilience model addresses the need to quantify the recovery of light-696 

framed wood residential buildings. The components of the empirical resilience model naturally 697 

include the effects of socioeconomic influences and individual owner decision criteria, but do not 698 

explicitly account for these factors. Field observations of damage and recovery and the structural 699 

functionality scale for light-framed wood buildings are the basis for this empirical model. The 700 

structural functionality scale measures the ability of a building to safely provide shelter and 701 

includes considerations of the structural system and building envelope: it does not account for 702 

the functionality of lifeline services or building services. When combined with a lifeline systems 703 

model, this building-level detail allows consideration of how lifeline system policy could be 704 

optimized to provide services to buildings which are more likely to have a useable structural 705 

functionality state.  706 

Without extrapolation, this model can only be directly applied to simulations where the 707 

maximum wind speed is below 60 m/s and the residential buildings in the study are typical light-708 



framed wood construction built without any improved wind-resisting components such as rafter 709 

ties. The observation set includes residences with unreinforced masonry foundation walls which 710 

are still commonly used in noncoastal regions where code/enforcement does not require 711 

reinforcement. Use of the recovery model in a simulation with higher wind speeds is reasonable 712 

when coupled with a damage model that measures functionality using the structural functionality 713 

scale. Given the limitations of data from a single community, additional observations of light-714 

framed wood residential buildings built with standard construction and separate residential 715 

buildings with improvements that increase resilience (e.g. rafter ties, improved wall anchorage, 716 

improved sheathing fasteners) would be required to build an empirical model with the ability to 717 

quantify resulting improvements in resilience — this evaluation is beyond the scope of the 718 

current dataset. The size of the sample set has unavoidable implications on the uncertainty of the 719 

transition matrix (Table 4); for each of the 11 discrete functionality states (SF=0 to SF=1 at 720 

ΔSF=0.1) the total number of buildings that transitioned from that state is 916, 133, 145, 63, 67, 721 

97, 140, 781, 1089, 1157, and 11156, respectively. The total number of transitions (15744) is 722 

about 2.5% higher than the product of buildings and transition weeks (151 buildings @ 104 723 

transitions) because the process for dividing the dwell time of interpolated states was designed 724 

for even distribution instead count preservation (the rounding process has a positive bias).  725 

The empirical resilience model has the additional potential to calibrate or validate existing and 726 

future conceptual models. The observed and simulated recovery behavior also provide guidance 727 

for the development of analytical models by showing the true shape of recovery for light-framed 728 

wood buildings subject to tornado damage. Ideally, future field studies will illuminate the effects 729 

of public policy and socioeconomic influences that are not revealed with data from a single 730 

location or event. 731 
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