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Abstract 

Performance-Based Design (PBD) is becoming a benchmark approach for design and performance 

assessment of civil structures, as it facilitates communication between stakeholders and design 

professionals with decision metrics such as economic losses, downtime, and probabilistic cost 

functions. However, to reliably estimate the response of a building, it is necessary to consider 

uncertainties in structural parameters and external load characteristics, which makes the 

probabilistic assessment phase of PBD time consuming and often impractical. In wind-excited tall 

buildings, this aspect is combined with the long duration of typical wind events (in the order of 

hours) and the time required to conduct a single numerical simulation, further increasing the 

computational demand of the uncertainty analysis. As a solution, this paper presents a novel multi-

surrogate models framework for the probabilistic assessment of wind-excited tall buildings. In the 

proposed framework, the structural system is decomposed into a set of sub-systems and multi-
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surrogate models are employed to map the uncertain building dynamic properties and wind load 

characteristics to its structural response, expressed in terms of peak floor acceleration and 

maximum story-drift ratio. The proposed approach is demonstrated on a 40-story building, located 

in Boston (MA), and exposed to synthetic wind load time histories. The accuracy of the multi-

surrogate models to estimate the structural response of the building is first evaluated. Then, an 

application of the multi-surrogate models to the cost assessment of the case study building is 

presented to demonstrate the capabilities of the proposed approach to probabilistically assess the 

performance of a structure and its potential integration in PBD. Results show that the employment 

of the multi-surrogate models framework represents a viable solution to handle the large 

dimensional probabilistic assessment of wind-excited tall buildings under uncertainties in dynamic 

properties and wind load characteristics. 

 

Keywords: multi-surrogate models, Kriging surrogate, uncertainty analysis, cost assessment, wind 

load, tall buildings 

1 Introduction      

Performance-Based Design (PBD) is a modern engineering approach that employs advanced 

computational and statistical techniques to reliably predict the behavior of a structure. PBD results 

from a natural evolution of engineering design practice, and it employs risk assessment concepts 

to assess the performance of a structure under a variety of hazard scenarios (Christopoulos et al. 

2003, Van de Lindt and Dao 2009, Petrini and Ciampoli 2012). PBD expresses the performance 

of a building in terms of  damage and failure costs that the structure will likely experience under 

different hazard events (Federal Emergency Management Agency 2012), providing a probabilistic 

description of the building performance (Faber and Stewart 2003, Moehle and Deierlein 2004, 
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Yang et al. 2009). However, to reliably evaluate the performance of a building under different load 

conditions, it is essential to explicitly estimate uncertainties in engineering demand parameters 

(EDPs) related to modeling assumptions that might be different from those believed to exist 

(Federal Emergency Management Agency 2012). Such uncertainties stem for example from 

inaccuracies in component stiffness (e.g., material strength and section properties), damping, and 

mass modeling assumptions. The necessity to propagate uncertainties in the structural system when 

evaluating EDPs (e.g., maximum story-drift ratio and peak floor acceleration), makes the 

probabilistic assessment phase of PBD a computationally demanding, if not impractical, task. This 

aspect is amplified in the design and performance assessment of wind-excited tall buildings, where 

the large number of structural components and degrees of freedom, coupled with the long duration 

of typical wind events (in the order of hours), yields time consuming numerical simulation analyses 

(Chuang and Spence 2017).  

 

An alternative approach to reduce the computational demand of uncertainty propagation in 

complex engineered systems is the employment of surrogate models, or metamodels, as 

replacement of the original simulation model (Blatman and Sudret 2010; Echard et al. 2013, 

Moustapha et al. 2018, Beaurepaire et al. 2018). This approach has been widely studied over the 

last decade in different fields (Ferrario et al. 2017, Downey et al. 2018, Hu et al. 2019). For 

example, Sudret and May (2013) applied a polynomial chaos expansion to construct seismic 

fragility curves of a 3-story building. Later, Gidaris et al. (2015) employed a Kriging metamodel 

for seismic risk assessment of a 4-story building. The surrogate model was used to estimate the 

parameters of different fragility functions, under stochastic ground motions and uncertain 

structural parameters. Gidaris et al. (2016) integrated a Kriging metamodel within an optimization 
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framework for the design of a floor isolation system under seismic hazard. Micheli et al. (2020) 

compared an offline batch process and an online sequential process, represented by a Kriging 

surrogate and an adaptive wavelet network (AWN), for the uncertainty analysis of a high-

performance control system. The authors concluded that the AWN provided a fast and reliable 

estimation of the average system response, while the Kriging could be used for a robust design of 

the control system. Micheli et al. (2019 a) evaluated the use of a radial basis function (RBF) 

metamodel for the risk-assessment of a 39-story building equipped with damping devices. Results 

demonstrated the promise of the RBF surrogate at estimating the risk of the facility.  

 

In previous studies, the authors utilized various surrogate models (Kriging, AWN, and RBF) to 

map the peak acceleration experienced by a building equipped with dampers to uncertainties in 

external load (e.g., wind speed) and damping devices properties (e.g., maximum damping 

capacity), where the peak acceleration was taken as: 

𝑎max =  max
𝑗,𝑡

|𝑎𝑗(𝑡)|  (1) 

where j =1, …, Nf is the generic floor of the building, Nf is the total number of building’s floors, 

and aj(t) is the acceleration time history at the j-th floor. Nevertheless, the application of PBD to 

wind-excited tall buildings requires the estimation of EDPs such as maximum story-drift ratio and 

peak floor acceleration at each floor of the building, and not only amax. In PBD, these EDPs are 

utilized to estimate the damage reported by structural and nonstructural components at each floor 

of the building using fragility curves, and consequently their repair and/or replacement costs. 

However, the direct application of a single surrogate model to estimate maximum story-drift ratio 

and peak floor acceleration in a tall building would be challenged by the large dimensionality of 

the problem. In fact, when the number of inputs and outputs of the metamodel becomes very large, 
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the computational time required to train the surrogate model tends to increase exponentially 

(Micheli et al. 2020), and the use of a metamodel as replacement of the original numerical model 

may not be justifiable (curse of dimensionality). For instance, the estimation of the peak floor 

acceleration in a 50-story building, with uncertain floor-stiffness and floor-mass, would require a 

metamodel with 100 inputs (i.e., one story-stiffness and one story-mass per floor) and 50 outputs 

(i.e., peak acceleration experienced by each floor), leading to a very high dimensional problem. 

Furthermore, if a larger number of uncertainties and EDPs should be considered, the number of 

metamodel input and output variables would grow exponentially with the number of floors of the 

building.   

 

The objective of this paper is to present a novel multi-surrogate model framework for assessing 

the probabilistic performance of wind-excited tall buildings in the time domain, considering 

uncertainties in external load and dynamic properties of the structure. The proposed framework 

decomposes the structural system into a set of sub-systems, each represented by a surrogate model 

with relatively small number of inputs/outputs. The set of metamodels, here called multi-surrogate 

models, is employed to propagate uncertainties in the structural system and estimate demand 

parameters, such as maximum story-drift ratio and peak floor acceleration, considering 

uncertainties in the properties of the structure and wind load characteristics. Specifically, a 

metamodel for each building floor is defined, and the corresponding EDPs are taken as outputs. 

The prediction capability of metamodels is then used to estimate EDPs in correspondence of new 

scenarios sampled from pre-selected probability distributions. The proposed framework is 

demonstrated on a 40-story building, subjected to synthetic wind load time histories. Uncertainties 

inherent the external excitation (i.e., wind speed, wind turbulence) and the dynamic properties (i.e., 
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mass, stiffness, damping) of the building are considered. In this study, the Kriging surrogate model 

is selected as a metamodel for the application of the multi-surrogates framework. Multiple Kriging 

metamodels are trained using a data-driven approach and their accuracy at estimating the EDPs is 

evaluated. Then, the multi-surrogate models are employed to assess the probabilistic performance 

of the 40-story building under different wind hazard events, expressed in terms of probability 

functions of the expected failure cost following PBD principles.  

 

The remainder of the paper is organized as follows. Section 2 discusses the proposed multi-

surrogate models framework. Section 3 introduces the Kriging metamodel algorithm. Section 4 

describes the case study building and the wind load model. Section 5 presents the results in terms 

of multi-surrogate models accuracy and probabilistic cost assessment. Section 6 concludes the 

paper.  

2 Multi-Surrogate Models Framework  

This section presents the proposed multi-surrogate models framework for the probabilistic 

performance assessment of wind-excited tall buildings. A brief background on the metamodeling 

process is first given, followed by the description of the proposed multi-surrogates approach.  

2.1 Background on Metamodeling Process 

Surrogate models can be deployed as replacement of the original, often time consuming, numerical 

simulation model and used to perform a variety of computationally demanding tasks, including 

uncertainty quantification of civil structures (Moustapha et al. 2018, Abdallah et al. 2019). The 

surrogate model provides a simplified mathematical representation of the system response, and it 

is constructed using available input/output data (Sudret and May 2013, Gidaris et al. 2015). The 
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metamodeling process starts with the identification of an observations data set S = {(x(i), yi), i = 

1,…, N}, where x = {x1, x2, …, xk}
T is the input vector containing k model variables, yi is the 

corresponding output, and N is the number of observations available (Forrester et al. 2008). The 

observations data set S is commonly derived from the original simulation model of the system. 

Furthermore, S is divided into two subsets: the training subset, with size n, and the testing subset, 

with size nt, where N = n + nt. The training data set is employed to map the underlying function y 

= f (x) that converts the vector x into output y, while the testing data are utilized to evaluate the 

surrogate model accuracy. As an example, Fig. 1 shows the one-dimensional, nonlinear, function 

f (x) = (6x2 – 2)2 sin(12x – 4) reconstructed with the Kriging surrogate model, where x ∈ [0, 1]. The 

training process was conducted using 21 input/output observations, where the observations were 

created by randomly selecting x from its input domain [0, 1] and computing the corresponding 

outputs f (x).  

[Fig. 1] 

 

In uncertainty quantification applications, the input of the metamodel can be taken as the uncertain 

design variables, while the output can be a parameter related to the response of the system 

(Forrester and Keane 2009). For example, in structures equipped with damping devices, the input 

of the surrogate can be a vector containing the characteristics of the dampers (taken as uncertain 

design variables) while the output could be the maximum acceleration experienced by the building 

(Micheli et al. 2020). Once the metamodel is trained to represent the original numerical simulation 

model, the surrogate can be employed to estimate the system response under a large number of 

scenarios, sampled by pre-selected probability distributions, with a reduced computational time in 

comparison with the original numerical model. This reduction in computational time is given by 
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the simplicity of the analytical formulation of the surrogate model relative to numerical simulation 

models (see Eq. (10) in Sec. 3 for Kriging metamodel, as an example). However, when the number 

of inputs and outputs is large, the computational time required to train the surrogate model to 

represent the original system becomes large (Micheli et al. 2020), and therefore the use of the 

metamodel may not be convenient (curse of dimensionality). This is the case for high-rise buildings 

under uncertainties, where the replacement of a tall building simulation model with a surrogate 

model would imply a mathematical representation in a large hyperspace, as mentioned in Sec. 1. 

A multi-surrogate models approach is presented as a solution for this problem in the next section. 

2.2 Multi-Surrogate Models Approach  

In the proposed framework, the structural system is decomposed into a set of sub-systems, each 

represented by a surrogate model with relatively small inputs/outputs vectors. Specifically, a 

surrogate model is defined for each floor of the building to emulate the single floor structural 

response. The dynamic properties of the building and the characteristics of the wind load are taken 

as inputs of the multi-surrogate models, while maximum story-drift ratio and peak floor 

acceleration as outputs. A schematic representation of the multi-metamodels concept applied to a 

generic 40-story building is reported in Fig. 2 (a), where the uncertain input variables are taken as 

mass, stiffness, wind speed, and wind turbulence, as an example. In the multi-surrogates approach, 

a set of 40 surrogate models are defined to represent the structural response of the building’s 40 

floors. For the generic floor j, the input x of the j-th surrogate model is a 4 by N vector containing 

the j-th floor mass, stiffness, speed, and turbulence, while the output y is taken as a 2 by N vector, 

containing the corresponding maximum story-drift ratio and peak floor acceleration. Note that N 

is the number of input/output observations available to train and test the surrogate models, as 

defined in Sec. 2.1. The employment of multi-surrogate models with reduced dimensions allows a 
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for a reduction of the computational time of the training process and it decreases the complexity 

of the representation y = f (x), as opposed to the use of a single metamodel with a large number of 

inputs and outputs. Fig. 2 shows a comparison in terms of input/output dimensions between the 

single and the multi-surrogate models approaches for the 40-story building. As one can observe in 

Fig. 2 (b), the single metamodel represents the building as a whole and it is characterized by 160 

inputs (1 mass, 1 stiffness, 1 wind speed, and 1 wind turbulence × 40 floors) and 80 outputs (1 

maximum story-drift ration and peak floor acceleration × 40 floors), with 𝐱 ∈ ℝ160×𝑁 and 

𝐲 ∈ ℝ80×𝑁. In the multi-surrogate approach, 40 metamodels are constructed, where each 

metamodel is defined in a relatively small hyperspace, with 𝐱 ∈ ℝ4×𝑁and 𝐲 ∈ ℝ2×𝑁, making the 

training process computationally inexpensive relatively to the single metamodel case. 

[Fig. 2] 

The multi-surrogate models are then used to assess the probabilistic performance of the tall 

building under uncertainties. The proposed procedure is summarized in Algorithm 1 for a generic 

Nf-story structure. First, a relatively small set of observations (e.g., N = 100 samples) is created 

using the original numerical model of the building and a threshold for the accuracy of the 

surrogates is defined (e.g., error between surrogate and real model observations  ≤ 5%). Then, the 

inputs (e.g., floor-mass, stiffness, wind speed, and wind turbulence) and the outputs (maximum 

story-drift ratio and peak floor acceleration) for each building’s floor are retrieved from the 

numerical simulations and the N observations are employed to train Nf-surrogate models (a 

metamodel for each floor of the building). The accuracy of the Nf-metamodels is evaluated and, if 

the pre-selected threshold is reached, the metamodeling process is stopped. If the target threshold 

has not been reached, the number of training samples of the surrogate model corresponding to that 

floor is increased until an acceptable accuracy is attained for all the surrogate models. Next, the 
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prediction capability of the metamodels is utilized to generate the j-th floor structural response 

under a large number of new inputs (e.g., Ns = 10,000 samples). The new inputs can be sampled 

with the Latin-hypercube sampling method from pre-selected probability distributions, used to 

model uncertainties in structural properties and external load. The process is repeated for all of the 

building floors, employing the Nf-surrogate models. After, the probabilistic performance of the 

building under uncertainties can be assessed with a variety of probabilistic metrics. In this paper, 

as an example, the performance of the building is expressed in terms of failure costs associated 

with different wind hazard events and a probability distribution of the costs is generated (see Sec. 

5).  Note that the observations required for training and testing the surrogates are created by 

simulating the entire building, and retrieving the single floor information (e.g., floor-mass, 

stiffness, wind speed, wind turbulence, maximum story-drift ratio, and peak floor acceleration) 

from each simulation. While the proposed framework can be applied to any type of surrogate 

model, in this paper the Kriging metamodel is taken as a case of study. The Kriging analytical 

algorithm is presented in the next section.  

Algorithm 1: Multi-surrogate models framework for probabilistic performance assessment. 

1:    Create N observations using the original simulation model and set a threshold for accuracy        

2:    for j = 1: Nf  

3:           Train the j-th floor metamodel with the j-th floor training observations 

4:           Test the j-th floor metamodel accuracy with the j-th floor testing observations 

5:                    if the accuracy threshold of the j-th floor metamodel is reached 

6:                               stop the training of the j-th floor metamodel 

7:                    otherwise 

8:                               increase N of the j-th floor metamodel 

9:                    end 

10:          Create Ns new inputs samples from probability distributions 

11:          Predict the j-th floor output with corresponding metamodel 

12:    end 

13:    Assess the probabilistic performance of the building 
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3 Kriging Surrogate Model Description 

In this paper, the Kriging surrogate model is considered for applying the multi-surrogates 

framework to a case study building (described in the next section). The data corresponding to each 

building’s floor is used to train Nf independent Kriging metamodels. The equations used to estimate 

the parameters of each Kriging surrogate are described Equations 2-10, where the input of the 

Kriging is taken as a set of input data S = {x(1), x(2), …, x(n)}T and observed responses y = {y (1), y 

(2), …, y (n)}, with x(i)∈ ℝ𝑘×1 containing k model variables, y(i) corresponding output (here taken as 

a scalar for simplicity), and n number of training data available. In each Kriging surrogate, it 

assumed that the observed response is derived from a stochastic process Y = {Y(x(1)), Y(x(2)), … 

Y(x(n))}T where a single realization of the stochastic process Y(x) can be described as follows 

(Forrester et al. 2008): 

𝑌(𝐱) =  𝜇(𝐱) + 𝑍(𝐱)  (2) 

where μ(x) is the mean of the process and Z(x) is the deviation from the mean, assumed to follow 

a Gaussian distribution with zero mean and covariance matrix: 

𝐕 =  𝜎2𝚿  (3) 

where σ2 is the variance of the process, and 𝚿 ∈ 𝕊++
𝑛×𝑛 is the correlation matrix: 

𝚿 = [

𝜓[𝑌(𝐱(1)), 𝑌(𝐱(1))] ⋯ 𝜓[𝑌(𝐱(1)), 𝑌(𝐱(𝑛))]

⋮ ⋱ ⋮
𝜓[𝑌(𝐱(𝑛)), 𝑌(𝐱(1))] ⋯ 𝜓[𝑌(𝐱(𝑛)), 𝑌(𝐱(𝑛))]

] 

  

(4) 

with the Gaussian correlation function ψ expressed as: 

𝜓[𝑌(𝐱(𝑖)), 𝑌(𝐱𝑗)] = exp (− ∑ 𝜃𝑠|𝑥𝑠
(𝑖)

− 𝑥𝑠
(𝑗)

|
2

𝑘

𝑠=1

) 

  

(5) 
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where Y (x(i)), Y (x(j)), i, j = 1, …, n are realizations of the stochastic process, k is the number of 

input variables, and θs, s = 1, …, k are the hyper-parameters of the correlation function. Note that 

in this study the nearest symmetric positive matrix is used for 𝚿 (Higham 1988) when the 

correlation matrix in Eq. (4) is poorly conditioned. 

The hyper-parameters of the Kriging function can be identified using the maximum likelihood 

method (Forrester et al. 2008). The Gaussian likelihood function 𝐿 can be written as a function of 

the sample data: 

𝐿 =  
1

(2𝜋𝜎2)𝑛/2|𝚿|1/2
exp [− 

(𝐲 − 𝟏𝜇)T 𝚿−1(𝐲 − 𝟏𝜇)

2𝜎2
]  (6) 

It can be shown that the maximum likelihood candidates of Eq. (6) are (Forrester et al. 2008): 

�̂�2 =
1

𝑛
(𝐲 − 𝟏𝜇)T𝚿−1(𝐲 − 𝟏𝜇)  (7) 

 

�̂� =
𝟏T𝚿−1𝐲

𝟏T𝚿−1𝟏
  (8) 

where the hat denotes an estimate, and 1 ∈ ℝ𝑛×1 is a column vector of ones. Note that 𝚿, and 

therefore �̂� and �̂�2, depend on the unknown parameters θ ∈ ℝ𝑘×1. They can be evaluated using an  

optimization algorithm with the objective of maximizing Eq. (6).  A genetic algorithm is used here 

to perform such optimization. 

Once the Kriging surrogate is trained, it can be used to estimate the output �̂� from a new sample 

x(new) ∈ ℝ𝑘×1. In order to implement the prediction, one first creates the vector �̃� = {𝐲T, �̂� }T and 

the augmented correlation matrix: 
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�̃� =  [
𝚿 𝝍𝑤

𝝍𝑤
T 𝟏

] 
 

(9) 

where 𝝍𝑤is the vector of correlations between the observed data y and the new prediction �̂�,  

computed using Eq. (5). Next, the likelihood function is augmented with the new �̃� and �̃�, and the 

maximum likelihood method is applied to find �̂� that maximizes the likelihood of the sample data 

and the prediction. It can be shown that the maximum likelihood estimate for �̂� is given by 

(Forrester et al. 2008):  

�̂�(𝐱) = 𝜇 ̂ +  𝝍𝑤
T 𝚿−1(𝐲 − 𝟏𝜇 ̂)  (10) 

where �̂� and θ are retrieved from the training process. Eq. (10) can be used to predict outputs y(new) 

from new samples x(new). In the multi-surrogate models framework, the Kriging algorithm 

described in Eq. (2) to (8) is repeated for all the building’s floors, where the set S and the 

corresponding observations y are derived from different floors characteristics (i.e., wind load 

characteristics and structural properties) and EDPs (i.e., story-drift ratio and peak floor 

acceleration).  

4 Case Study Building 

This section describes the case study building, along with the simulation techniques used to 

generate wind load time series and to perform the dynamic analysis. The uncertainties investigated 

in this paper are also discussed.  

4.1 Load and Response Model Descriptions for the Case Study Building  

The building under study is a 40-story moment resisting frame, schematically reported in Fig. 3, 

and assumed to be located in Boston (MA). The structure has a rectangular plan and a total height 

of 154 m. The inter-story height is set equal to 6.1 m at the ground level and 3.8 m at the other 
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floors. The structure is simulated as a spring-dash lumped mass system with the state-space 

formulation.  

[Fig. 3] 

The equation of motion for the 40-story building can be written as: 

𝐌�̈� + 𝐂�̇� + 𝐊𝐱 =  𝐄𝑤𝐖  (11) 

where 𝐱 ∈ ℝ40×1, �̇� ∈ ℝ40×1, �̈� ∈ ℝ40×1 are displacement, velocity, and acceleration vectors, 

respectively, 𝐖 ∈ ℝ40×1 is the wind load vector, 𝐄𝑤 ∈ ℝ40×40 is the load location matrix, 𝐌 ∈

ℝ40×40, 𝐂 ∈ ℝ40×40, and 𝐊 ∈ ℝ40×40 are mass, damping, and stiffness matrices, respectively. The 

damping matrix C is constructed assuming Rayleigh damping model. The state space formulation 

of Eq. (11) is expressed as (Connor and Laflamme 2014): 

�̇� = 𝐀𝐗 +  𝐁𝑤𝐖  (12) 

where 𝐗 =  [𝐱  �̇�]𝑇is the 80 × 1 state vector, A, and Bw are constant matrices given by: 

𝐀 =  [
𝟎 𝐈

−𝐌−𝟏𝐊 −𝐌−𝟏𝐂
]

80 × 80
  (13) 

  𝐁𝑤 = [
𝟎

𝐌−𝟏𝐄𝑤
]

80 × 40

                                                                                                              (14) 

Eq. (11) is solved using the discrete form of the Duhamel integral (Connor and Laflamme 2014): 

𝐗(𝑡 + Δ𝑡) = 𝐗(𝑡) +  𝐀−1[exp(𝐀Δ𝑡) − 𝐈][𝐁𝑤𝐖(𝑡) ]  (15) 

where Δt is the simulation time interval (taken as 0.15 s) and I ∈ ℝ40×40 is the identity matrix. The 

story drift is expressed as δ1 = x1 at the first floor and δj = xj - xj-1 at the other floors. The dynamic 



15 

 

properties of the structure used to construct M, K, and C matrices are reported in Fig. 3, along 

with the first three mode shapes and natural frequencies of the building.  

The wind load vector W in Eq. (11) is taken as the drag forces acting on the floors in the simulated 

direction. At the j-th floor the wind load is expressed as: 

𝑊𝑗(𝑡) = 0.5 𝜌 𝐶𝐷𝐴𝑗𝑉𝑚,𝑗
2 +  𝜌 𝐶𝐷𝐴𝑗𝑉𝑚,𝑗𝑉𝑡,𝑗(𝑡)   (16) 

where ρ is the air density (ρ=1.25 kg/m3), CD is the drag coefficient (CD=1.5), Aj is the projected 

area of the building normal to the wind flow, Vm,j is the mean wind speed, and Vt,j (t) is the 

fluctuating wind velocity generated by the wind turbulence. The fluctuating Vt,j (t) is simulated 

using the spectral approach described in Deodatis (1996) and reported in Micheli et al. (2020). The 

mean wind speed Vm,j at the j-th floor is computed with a logarithmic law (Simiu and Scanlan 

1996): 

𝑉𝑚,𝑗 =  𝑉𝑚,10

ln(𝑧𝑗 𝑧0⁄ )

ln(10 𝑧0⁄ )
 (17) 

where Vm,10 is the mean wind speed at a reference height, z = 10 m, above the ground, zj is the 

height of the j-th floor, and z0 is the terrain roughness (z0 = 0.3 m for sub-urban terrain). As an 

example, Fig. 4 plots the wind speed and wind load time series acting on the last floor of the 

building for Vm,10 = 20 m/s, along with the corresponding building response in terms of acceleration 

and story drift ratio.  

4.2 Uncertainties and Surrogate Models Inputs 

In wind engineering, uncertainties commonly related to the external load are the mean wind speed, 

and the record-to-record variability (Petrini and Ciampoli 2012, Abdallah et al. 2019). These 

uncertainties derive from the stochastic nature of the wind excitation and its natural variability in 
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space and time. Uncertainties inherent in the structural parameters are associated with stiffness, 

mass, and damping of the structural system (Spence and Kareem 2014). The integration of these 

uncertainties in the probabilistic assessment of a building allows to consider the uncertainties 

involved in the structural model and material properties.  

[Fig. 4] 

In this paper, the uncertainties in the dynamic properties of the building and wind load 

characteristics are considered as inputs for the metamodels, as discussed in Sec. 2.  Table 1 lists 

the uncertain parameters investigated in this study, along with the associated ranges of variability. 

The first variable is the mean wind speed at a reference height of z = 10 m, Vm,10, which is the 

reference velocity for the wind load time series generation in Eq. (16). Vm,10 is varied between 5 

and 28 m/s, to represent the range of the wind speeds that the structure will likely experience during 

its lifetime (Micheli et al. 2019 b). In order to account for the randomness of the wind load time 

histories, the wind turbulence is considered as an input of the surrogates. The range of variability 

of the wind turbulence varies with each building’s floor and the formula used to calculate the 

turbulence is describe below. The other two variables in Table 1 are the dynamic properties of the 

building, which affect the structural response through Eq. (11). Specifically, the mass is varied 

between ± 5 % of its nominal value, while the stiffness is between ± 10 %, as shown in Table 1. 

Note that the damping matrix in Eq. (11) is estimated assuming Rayleigh damping model. 

Therefore, varying M and K matrices generates a variation also in C, yielding to uncertainties in 

the damping of the structure.  

[Table 1] 
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The training and testing data sets for the metamodeling process are created by randomly sampling 

the inputs from their range of variability with the space-filling Latin hypercube method. Wind load 

time histories are generated based on the sampled values of Vm,10. For each Vm,10, the mean wind 

speed at each building floor, Vm,j, is calculated with Eq. (17) and a time series of the wind 

turbulence, Vt,j, is generated following the approach described in Deodatis (1996) and reported in 

Micheli et al. (2020). Then, the wind turbulence intensity, Iu,j, at each floor is estimated as: 

𝐼𝑢,𝑗 =  
σ𝑢,𝑗

𝑉𝑚,𝑗
 (18) 

where σu,j is the standard deviation of the wind turbulence time history at the j-th floor. The wind 

load time series are then applied to the structure through Eq. (11) and the maximum structural 

response in terms of maximum story drift ratio, SDRj, and peak floor acceleration, apeak,j, is 

recorded.  

To summarize, the inputs for the metamodel at the j-th floor are wind speed, Vm,j, turbulence 

intensity, Iu,j, mass, Mj, and stiffness, Kj. The outputs are the maximum story-drift ratio, SDR j, and 

the peak acceleration, apeak, j.  

5 Multi-Surrogate Models Framework Results 

In this section the multi-surrogate models prediction accuracy is evaluated using two error metrics. 

Then, the multi-surrogate models are employed for the probabilistic cost assessment of the case 

study building. 
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5.1 Multi-Surrogate Models Accuracy 

Two performance metrics commonly used to quantify the accuracy of surrogate models prediction 

capability are the mean square error (RMSE) and the normalized maximum absolute error 

(NMAE) (Forrester et al. 2008, Moustapha et al. 2018, Abdallah et al. 2019). The RMSE is defined 

as:  

RMSE = √
∑ (𝑦𝑖−�̂�𝑖)2𝑛𝑡

𝑖=1

𝑛𝑡
     

 
(19) 

where �̂�𝑖  is the maximum acceleration estimated by the metamodel, and yi is the true maximum 

acceleration obtained from numerical simulations. The NMAE is given by: 

NMAE =  
max

𝑛𝑡

|𝑦𝑖 − �̂�𝑖|

𝑛𝑡  𝜎𝑦
 

 
(20) 

where σy is the standard deviation of the testing data set. The RMSE quantifies the metamodel 

accuracy at a global level, providing an error averaged over all the samples, while the NMAE 

measures its local accuracy, being related to the maximum absolute error. The RMSE is presented 

as normalized with respect to the difference between maximum and minimum value of the testing 

data set for a fair comparison between different surrogates (Forrester et al. 2008). The testing data 

set size is taken as nt = 0.25 n (Forrester et al. 2008). The training process starts with n = 200 

observations. Since usually a low NMAE corresponds to a low RMSE value, the accuracy 

threshold in Algorithm 1 is taken as RMSE ≤ 5%. No threshold is set for the NMAE, but in general, 

an NMAE ≤ 1% is considered as acceptable (Moustapha et al. 2018). 

The accuracy of the multi-Kriging metamodels in terms of RMSE and NMAE is shown in Fig. 5, 

as a function of the building floors. The number of training observations N required to obtain a 
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RMSE ≤ 5 % is also reported, varying between n = 600 and n = 1,000 observations. Fig. 5 indicates 

that, for the majority of the building floors, n = 600 observations are required to obtain an 

acceptable representation of SDR and apeak. Looking at the RMSE, one can also observe that in 

general the accuracy of the SDR prediction is slightly higher than the acceleration accuracy. As an 

example, Fig. 6 reports the error plot versus the training data set size n for the Kriging surrogate 

model corresponding to the 31st floor of the building. One can observe that in both cases apeak 

requires a larger number of training observations to converge compared to the SDR. This could be 

attributed to the different nature of the selected EDPs. While the SDR is a derived EDP (calculated 

as the difference between the absolute displacements of two floors), the peak acceleration is a 

direct measure of the structural response, and therefore more complex to map. For example, from 

Fig. 5, one can observed that some floors require n = 1,000 observations to obtain an RMSE ≤ 5 

% in the case of apeak, while in the case of SDR the maximum number of observations required is 

n = 800. Additionally, from Fig. 5 (b) one can notice that the NMAE is small for all the floors, 

with an averaged NMAE equal to 0.35 %. Comparing the RMSE and NMAE trends, one can 

observe that the RMSE has a more uniform trend over the building floors than the NMAE. Overall, 

both RMSE and NMAE present small values, and therefore, the multi-surrogate models are 

considered accurate at both global and local levels and employed for the probabilistic cost 

assessment of the 40-story building.  

[Fig. 5] 

[Fig. 6] 
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5.2 Probabilistic Cost Assessment  

This section presents the application of the multi-surrogate models approach to the probabilistic 

cost assessment of the case study building. First, the cost model used to calculate the economic 

losses due to wind load is described, then the results of the cost assessment procedure are presented 

in terms of probabilistic loss curves.  

5.2.1 Cost Model Description 

The economic consequences of a wind event are estimated considering both financial losses due 

to building occupants’ discomfort (Lamb and Kwok 2016, Micheli et al. 2019 b) and damage to 

the nonstructural elements (Cui and Caracoglia 2015, Ierimonti et al. 2017, Ierimonti et al. 2018). 

The probability of experiencing a damage level Pf is computed combining the building response 

(here estimated with the multi-surrogate models) with fragility curves, expressed as a function of 

EDPs. Three fragility curves related to the peak floor acceleration are developed and associated to 

the damage states of motion sickness. In high-rise structures, wind-induced accelerations effects 

may adversely affect the activities of the building occupants, causing motion sickness, sopite 

syndrome, nausea, sleepiness, and loss in concentration. In order to account for the indirect costs 

associated with the loss of working productivity and building downtime, three fragility curves are 

developed. The fragility curves are function of the peak acceleration, and can be expressed as:  

𝑃𝑓(𝑎peak;  𝜎, 𝜇) =  Φ [
ln(𝑎peak 𝜇⁄ )

𝜎
]  (21) 

where Φ[·] is the standard normal distribution function, μ is the scale parameter (median of apeak), 

and σ is the shape parameter (standard deviation of apeak natural logarithm). The damage costs 
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associated with the motion sickness damage states (DSs) are evaluated based on the following 

assumptions (Lamb et al. 2014, Lamb and Kwok 2016, Micheli et al. 2019 b): 

i. It is assumed that the mean loss in productivity caused by motion sickness and wind 

adverse effects (e.g., nausea, fear, sleepiness) is equal to 30 % per person.  

ii. The average annual salary of the single employee is assumed equal to US$112,500 

(National occupational employment and wage estimates united states, 2015). Assuming 

235 workdays per year for each employee, the average daily salary is taken as US$477 

(corresponding to managerial positions, usually located at higher floors of the tall 

building). 

iii. It is assumed that higher levels of acceleration correspond to higher percentages of 

building occupants affected by motion sicknesses, while maintaining the loss of 

productivity at 30 %. 

From i and ii the loss in productivity of each employee is estimated as CE = US$143/event. 

Therefore, the costs of the “motion sickness” can be formulated by: 

𝐶𝐴 =  𝐶𝐸  𝑃𝐸(%)𝑁𝐸   (22) 

where PE is the percentage of building occupants affected by motion discomfort, and NE is the 

number of employee located on the building floors (NE could be estimated based on standard office 

floor plan). Three fragility curves corresponding to different percentage of building floor 

occupants’ perceiving the motion, PE, are defined as follows:  

• DS1, comfort level: μ = 10 mg, σ = 0.12, PE = 25%, some building occupants’ feel the 

motion; 
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• DS2, discomfort level: μ = 20 mg, σ = 0.12, PE = 50%, half of the building occupants’ feel 

the motion; 

• DS3, fear: μ = 35 mg, σ = 0.12, PE = 75%, the majority of the building occupants’ feel the 

motion. 

The corresponding parameters are estimated based on engineering judgment, after surveying 

several studies (Kareem et al. 1999, Tamura et al. 2006, Burton et al. 2015, Kwok et al. 2015). 

The shape parameter is set identical for all the curves in order to avoid intersections (Shinozuka et 

al. 2000), and results in a coefficient of variation of 12%. The resulting fragility curves are reported 

in Fig. 7 (a), along with the relative damage states and acceleration costs CA, obtained assuming 

NE = 20 occupants for each building floor. Note that, with the availability of more experimental 

data, alternative parameters of the fragility curves could be selected. 

[Fig. 7] 

In high-rise structures, wind-induced damage to buildings components is usually related to non-

structural damage, which can involve external cladding, façade system, suspended ceilings, roof, 

and partition walls (Griffis 1993, Ierimonti et al. 2017). In order to account for such damage, 

fragility curves related to story drift ratio are considered. In absence of experimental data for wind-

induced damage, the fragility curves reported in FEMA-P-58 for seismic excitation are employed, 

along with the costs required to repair or replace the damaged components (Federal Emergency 

Management Agency 2012).  As an example, Fig.7 (b) plots the story drift ratio-related fragility 

curves for glass panels composing the building envelope, characterized by two damage states: DS1, 

glass cracking, and DS2, glass falls from the frame. The considered component is a curtain wall 

with insulating glass units. The scale parameters of the two fragility curves are μ = 2.1 % and μ = 

2.4 %, respectively, with an identical shape parameter equals to 0.16. The damage costs CD are 
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also shown, and they correspond respectively to the replacement of the cracked glass panel for 

DS1, and replacement of the cracked glass panel and coverage of the exposure for DS2 (Federal 

Emergency Management Agency 2012). Additionally, other two sets of nonstructural elements are 

considered in the cost analysis and the corresponding fragility curves are taken by the FEMA-P-

58 database. The first set is composed of gypsum partitions, characterized by three damage states 

related to the SDR: DS1 (μ = 0.21%, σ = 0.45), DS2 (μ = 0.71%, σ = 0.45), and DS3 (μ = 1.20%, σ 

= 0.45). The second set consists of suspended ceilings, and it is characterized by three damage 

states associated with apeak: DS1 (μ = 0.25 g, σ = 0.40), DS2 (μ = 0.4 g, σ = 0.40) and DS3 (μ = 0.6 

g, σ = 0.40). 

5.2.2 Probabilistic Cost Assessment Results  

The cost of failure, CF, is used to quantify the performance of the building under future wind 

hazard events, following the procedure given by FEMA-P-58 (Federal Emergency Management 

Agency 2012), adapted for wind load. The analytical formulation for the quantification of the 

annual probability Pf (CF > C) of CF exceeding a certain value C (loss curve), is as follows: 

𝑃𝑓(𝐶𝐹 > 𝐶) =  ∫ 𝑃𝑓(𝐶𝐹 > 𝐶|𝐸 = 𝑒)𝑑 𝜆(𝑒) ≅ ∑ 𝑃𝑓,𝑖(𝐶𝐹 > 𝐶)𝜆𝑖

𝑛𝑒

𝑖=1

 

 

 

(23) 

where e is the hazard intensity, λ(e) is the annual probability of exceedance of the hazard intensity 

e, and ne is the total number of hazard intensities considered in the assessment. In this study, the 

hazard curve reported in Fig. 8 is employed to identify the annual probability of exceedance of a 

certain wind speed, λ (Vm,10) for the Boston’s area (Micheli et al. 2019 b). The hazard curve is 

divided in four regions, as suggested by FEMA-P-58, in order to identify ne = 4 major wind hazard 
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events: e1, characterized by Vm,10 = 8 m/s and λ (Vm,10) = 0.016,  e2, characterized by Vm,10 = 14 m/s 

and λ (Vm,10) = 0.125, e3, with Vm,10 = 20 m/s and λ (Vm,10) = 0.0247, and e4, with Vm,10 = 26 m/s 

and λ (Vm,10) = 8.7∙10-4. In order to estimate Pf (CF > C) considering uncertainties in wind load 

characteristics and dynamic properties of the structure, Ns = 10,000 new inputs samples are created 

using the Latin hypercube sampling method, with the same range of variability of Table 1, 

assuming a uniform probability distribution from mass and stiffness. Here it is assumed that all the 

uncertain variables involved in the analysis are aleatory. The wind speed is sampled from the 

Weibull distribution in Fig. 8 to be coherent with the wind hazard curve. Note that the wind speed 

range of variability in Table 1 is in agreement with the site-specific hazard curve.   

The prediction capability of the multi-surrogate models is employed to predict the structural 

response in terms of SDR and apeak in correspondence to the Ns new inputs, following step 11 of  

Algorithm 1. Then, the fragility curves reported in Sec. 5.2.1 are used, in combination with the 

predicted SDR and apeak, to identify damage states and corresponding repair costs, according to 

the procedure reported in FEMA-P-58. Once the repair costs are identified for each floor, they are 

summed to obtain a final cost, CF, for each analysis, for a total of Ns = 10,000 failure costs. A 

probability distribution is then fit to these costs. The process is repeated for the four wind hazard 

events, and then cumulated following Eq. (23). The resulting CF probability curves are shown in 

Fig. 9 (a) for the four wind hazard events considered in this study. A comparison between the four 

curves shows that the event 4 (Vm,10 = 26 m/s) leads to the largest probability of exceedance, and 

thus the largest failure costs, as expected. Then, Eq. (23) is employed to compute the loss curve, 

which relates the total value of the failure cost, CF, with the annual probability of exceedance of 

the failure cost, C. This curve is obtained from the convolution of the functions reported in Fig. 9 

(a) with the annual probability of exceedance of the four wind events, λ (Vm,10), and is illustrated 
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in Fig. 9 (b). The curve obtained with the original computational model (Sec. 4.1) is also reported 

as benchmark, and labeled as “Simulations”. A cross-comparison between the two curves shows 

that the multi-surrogate models tend to slightly overestimate CF, with an averaged error of 12.5% 

in comparison with the true model (error averaged over all the wind speeds). Overall, one can 

notice that the annual probability of having large CF is small, with values ranging between 0.5 and 

1%. 

[Fig. 8] 

[Fig. 9] 

6 Conclusions 

In this paper, a multi-surrogate models framework for the probabilistic assessment of wind-excited 

tall buildings under uncertainties was presented. Multi-surrogate models were used instead of a 

single, high-dimensional surrogate model, to propagate uncertainties in structural properties and 

wind load to the structural response of the building. In order to avoid high-dimensional 

inputs/outputs representations, the structural system is divided in set of sub-systems, each 

represented by a surrogate model with relatively small inputs/outputs vectors. Specifically, a 

surrogate model for each floor of the structure was defined and trained with the corresponding 

observations data set. The inputs of the multi-surrogate models were taken as the uncertainties in 

the dynamic properties of the building and wind load characteristics, while the outputs were the 

maximum story-drift ratio and the peak floor acceleration. The framework was applied to a 40-

story building, located in Boston (MA), and the Kriging metamodel was taken as surrogate model 

to demonstrate the framework. Uncertainties in mass, stiffness, wind speed, and wind turbulence 

intensity were considered as inputs of the multi-metamodels. Forty surrogate models were 
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constructed to emulate the response of the building’s floors in terms of maximum story-drift ratio 

and the peak acceleration. The accuracy of the surrogate models was assessed through root mean 

square error (RMSE) and normalized maximum absolute error (NMAE). The multi-metamodels 

were then used for the probabilistic cost assessment of the case study building, following the 

procedure given by FEMA-P-58 adapted to wind load, and considering uncertainties in the 

dynamic properties of the building and the wind load characteristics.  

 

Results of this paper showed that the multi-surrogate models can be employed as a replacement of 

the original numerical model to predict the building’ floors response of the case study structure 

under uncertainties. Specifically, the low values of the RMSE and NMAE errors demonstrated that 

the surrogate models were able to accurately estimate the structural response of the building in 

terms of maximum story-drift ratio and the peak acceleration at all the floor of the structure, at 

both global and local levels. Additionally, results in terms of RMSE and NMAE demonstrated that 

different number of training observations, varying between 600 and 1,000 samples, were necessary 

to reach an acceptable accuracy in all the metamodels. Furthermore, the application of the trained 

surrogate models to the probabilistic estimation of the failure costs caused by wind events 

characterized by different annual rates of occurrence, showed that the multi-surrogate models 

yielded a cost loss probability curve similar to the one obtained with the original simulation model, 

with an error averaged over all the wind speed of 12.5%. The costs results showed that, for the 

case study building, the annual probability of having large costs of failure under wind load is 

relatively small, with values ranging between 0.5 and 1%. Overall, this paper demonstrated that 

the employment of metamodels represents a viable solution for probabilistic assessment of wind-

excited tall buildings, where the main advantage of using multi-surrogate models is given by the 
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low computational demand of the analysis that allows to analyze a large number of scenarios 

without resorting to extensive numerical simulations. While this approach has been applied to wind 

load, the framework can be extended, for example, to the probabilistic assessment of structures 

subjected to earthquake and multi-hazard excitations, as well as to the optimal design of structural 

elements under capacity requirements. Future work will entail the integration of the multi-

surrogate models approach in a life-cycle cost analysis framework.  
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Table 1: List of critical parameters and the associated uncertainty 

Variable Symbol Range of variability 

Mean wind speed Vm,10 5 – 28 (m/s) 

Mass M 

1st – 10th floor: 809–  894 (tons) 

11st – 20th floor: 780 – 862 (tons) 

21st – 30th floor: 765 –  845 (tons)                      

31st – 40th floor: 746 –  825 (tons) 

Stiffness K 

1st – 10th floor: 1,192,059 – 1,456,961 (kN s /m ) 

11st – 20th floor: 631,085 – 771,326 (kN s /m ) 

21st – 30th floor: 246,073 – 300,726 (kN s /m ) 

31st – 40th floor: 188,469 – 230,352 (kN s /m ) 
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Fig. 1 Example of metamodeling process: function f (x) = (6x2 – 2)2 sin(12x – 4) reconstructed with the 

Kriging surrogate model. The function was reconstructed based on 21 input/output observations, where 

uniform random noise with signal-to-noise ratio of 0.95 was added to the training data to create a more 

realistic data set. 

 

 

 

 

 

 
(a)                                                      (b) 

Fig. 2 Schematic representation of a generic 40-story building with uncertain mass Mj, stiffness Kj, wind 

speed Vj, and wind turbulence Iu,j, modeled with: (a) 40-surrogate models of reduced input/output 

dimensions, 𝐱 ∈ ℝ4×𝑁and 𝐲 ∈ ℝ2×𝑁; (b) single surrogate model with large input/output dimensions, 

𝐱 ∈ ℝ160×𝑁 and 𝐲 ∈ ℝ80×𝑁. Here, N is the number of observations available for the training and testing 

process.  
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Fig. 3 Dynamic properties, mode shapes, and natural frequencies of the case study building. 
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Fig. 4 From the top to the bottom: wind speed time series with Vm,10 = 20 m/s at the 40th story; wind load 

time series; corresponding response in terms of story drift ratio; corresponding response in terms of 

acceleration.  
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(a)                                                                              (b) 

Fig. 5 Multi-Kriging surrogate models accuracy as function of building floors: (a) RMSE; (b) NMAE. 

 

 

 

 

 

 

  

(a)                                                                       (b) 

Fig. 6 RMSE and NMAE errors as a function of the training data set size for Kriging metamodel at the 31st 

floor of the structure: (a) SDR; (b) apeak. 
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(a)                                                                              (b) 

Fig. 7 Examples of fragility curves used in this study for the probabilistic cost assessment: (a) fragility 

curves related to peak floor acceleration, developed to consider the wind-induced motion sickness effects; 

(b) fragility curves of glass panels, related to maximum story drift ratio, employed to account for 

nonstructural damage.  

 

 

 

 

Fig. 8 Annual hazard curve as a function of Vm,10 for Boston (MA): Weibull probability density function 

with scale parameter equal to 14.9 and shape parameter equal to 6.4. 
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                                          (a)                                                                              (b) 

 

Fig. 9 Cost assessment results: (a) probability of CF exceeding a certain value C (survival probability 

function) for four different wind hazard events predicted with the multi-surrogate models; (b) comparison 

of the annual probability of CF exceeding C functions (survival probability functions) estimated with the 

multi-surrogate models and with the numerical simulation model.  

 


