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Abstract 

High-performance control systems (HPCSs), including active, semi-active, and hybrid systems, 

have been demonstrated as promising methods to mitigate a variety of excitations. However, their 

deployment in the field is still very limited, attributable to reliability concerns in the closed loop 

configuration. A solution to promote their applicability is the development of an uncertainty-based 

design procedure, but such solution comes at a high computational cost due to the large number of 

possible scenarios to consider on both the closed-loop configuration and external load sides. To 

alleviate the computational demand of such analysis, this paper investigates the use of data-driven 

surrogate assisted techniques for uncertainty quantification of HPCSs deployed in wind-excited 

tall buildings. Both a Kriging surrogate and an adaptive wavelet network (AWN) are investigated 

and compared to map the unknown relationship between structural inputs and responses. The 

Kriging model exploits an offline batch learning process while the AWN uses an online sequential 

process. The surrogate models are applied to a 39-story building equipped with semi-active friction 

devices exposed to wind load and are compared in terms of accuracy and computational time. Two 

applications of the surrogate models for uncertainty analysis of the case study building are 
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presented. One is for uncertainty quantification and the other for identification of the most 

influential uncertain variables. Results show that Kriging provides a more accurate representation 

to map uncertainties to the system response and to quantify the uncertain performance of HPCSs, 

but that the AWN provides a significantly faster computational alternative. In particular, for a case 

containing 17 uncertain variables, Kriging found a representation in 3h20, while the AWN 

converged in 37 min. Under 41 uncertain variables, these metrics increased to 16h20 and 3h22 for 

Kriging and the AWN, respectively. These representations were leveraged to identify and remove 

the uncertainties from three key variables yielding high variance in structural response. Results 

showed that variables identified under Kriging yielded a 34.9% decrease in variance under 17 

uncertain inputs and a 22.9% decrease in variance under 41 uncertain inputs, while AWN yielded 

a 29.0% and 19.8% decrease, respectively.  

1 Introduction 

High-performance materials and modern construction techniques are contributing to the 

development of taller and more flexible buildings. These structures are characterized by higher 

periods and are thus more prone to wind-induced vibrations. Frequent wind events can cause 

occupants’ discomfort and affect daily operations, while severe windstorms, such as hurricanes 

and tornadoes, can induce damage to structural and nonstructural elements. A solution is to 

mitigate vibrations through the integration of high-performance control systems (HPCSs) 

(Venanzi et al. 2012; Tse et al. 2012; Wang and Adeli 2015; Gong et al. 2018). HPCSs, which 

include active, semi-active, and hybrid control systems, rely on adaptive mechanisms to improve 

mitigation capabilities relative to passive mitigation strategies (Ubertini 2008; Barnawi and Dyke 

2008; Casciati et al. 2012; Cao et al. 2016; Amjadian and Agrawal 2018). Due to their adaptive 

feature, HPCSs can perform over a wide excitation frequency bandwidth and can be applicable 

under different types of hazard (He et al. 2003; Materazzi and Ubertini 2011; Miah et al. 2017; 

Cao et al. 2018). Nevertheless, the deployment of HPCSs is still limited because of the lack of 

acceptability in the civil engineering community. This could be attributed to various uncertainties 

in the closed-loop configuration, such as the availability of power, reliance on sensors, degrading 

mechanical performance over the long term, etc. It follows that these uncertainties must be taken 

into consideration during the design process of HPCSs to promote their deployment, de facto 

creating more resilient structures.  
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Literature counts some research efforts in studying the effects of closed-loop uncertainties on the 

performance of HPCSs. For instance, Battaini et al. (2000) evaluated the reliability of an actively 

controlled structure through a fault tree analysis. This approach combined possible fault patterns 

and system reliability parameters to find the link between different component malfunctions, and 

estimated the probability of the control system to be available when it is required. Kim et al. (2013) 

investigated the effects of sensor failure and earthquake variability on a three-story frame with a 

semi-active damper. The authors employed fragility curves to express the seismic vulnerability of 

the frame equipped with a semi-active damping system under different sensor faults scenarios, 

namely healthy, and partially and fully damaged structures. A comparison between the fragility 

curves of the different cases showed that, although the seismic vulnerability was reduced in 

comparison with the uncontrolled system, the sensors faults increased the seismic risk of the 

structure. Cha and Agrawal (2014) compared the performance of three control algorithms under 

various sensor faults and noise levels on a three-story building equipped with magnetorheological 

dampers. Specifically, the performance of the controllers was compared in terms of maximum 

story-drift ratio and acceleration under not any, minor, moderate, severe noise in the sensor 

measurements. The performance of the control algorithms showed to be dependent on the sensors’ 

fault level. A fault detection algorithm was introduced to improve mitigation performance and 

increase the robustness of the controller versus sensor noise. The majority of research on structural 

control uncertainty has focused on sensor faults in low-rise buildings. The impact of other 

unexpected failures, such as controller malfunction and materials wear, has been overlooked. One 

of the critical obstacles impeding the implementation of an uncertainty-based design process in 

HPCSs is the large number of possible uncertainty scenarios that grows exponentially with each 

additional uncertainty case and number of mitigation devices. The large number of simulations to 

be considered, combined with the long duration of typical wind load events, yield a large 

computational cost that often makes the analysis impractical.  

The authors have previously studied the performance of uncertainty analysis techniques to reduce 

the number of required simulations, including deterministic and stochastic methods (Micheli et al. 

2019 a). Traditional uncertainty analysis techniques, namely ‘what-if analysis’ and Monte Carlo 

simulations, and two variations of the Monte Carlo, have been applied to a 5-story building 

equipped with a set of semi-active damping devices and subjected to earthquake excitations. The 

effects of sensor failure and actuator malfunction due to wear on the life-cycle cost (LCC) of the 
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structure have been investigated. Results showed that the LCC of the structure was affected by 

both sensors failure and actuator malfunction. It was also demonstrated that a modified version of 

the Monte Carlo method could yield good accuracy using a fraction of the number of possible 

simulations in comparison with the other investigated techniques. A shortcoming of these methods 

is that they do not provide a relationship between the uncertain design variables and structural 

performance, which could be used to quantify the effect of uncertainties. This quantification could 

be useful in the design process to further demonstrate robustness of an HPCS, or to simply alter 

the design of the closed-loop process to enhance its robustness to failure.  

Mapping the uncertainties to performance using model-driven strategies is complex due to the 

nonlinearities that are difficult to model, such as sensor failure and noise. An alternative is data-

driven surrogates or metamodels, such as polynomial expansion, Kriging, neural network, and 

support vector machine, which have gained popularity for the quantification of uncertainties in 

complex structures in lieu of computationally expensive simulation models (Blatman and Sudret 

2010; Alacali et al. 2011; Mai and Sudret 2017; Venturelli et al. 2017; Downey et al. 2018; Li et 

al. 2019). In structural engineering applications, Mitropoulou and Papadrakakis (2011) trained a 

two-layer neural network to develop seismic fragility functions for a reinforced concrete building. 

Akbas et al. (2011) investigated the application of a neural network algorithm to estimate the 

seismic demand on column splices in steel moment frames. Gidaris et al. (2015) proposed a 

seismic risk assessment framework based on Kriging. The metamodel was employed to estimate 

fragility curves parameters under uncertain structural and seismic variables. A similar approach 

was used by Gidaris et al. (2016) for the design of a floor isolation system under seismic hazard. 

Moustapha et al. (2018) compared Kriging and support vector regression models for applications 

to civil engineering. They concluded that the accuracy of the metamodels depends on number of 

available observations, correlation function, and calibration of the hyper-parameters.  

The objective of this paper is twofold. First, the use of metamodeling techniques as a 

computationally effective solution for uncertainty quantification of wind-excited tall buildings 

equipped with HPCSs is investigated. Specifically, both an offline batch process and an online 

sequential process, respectively a Kriging surrogate and an adaptive wavelet network (AWN), are 

developed to map uncertainties in the closed loop process and external excitation to the maximum 

structural responses. Second, a procedure based on surrogate models to identify the most important 
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design variables is proposed. The prediction capability of the surrogate models is employed to 

create an algorithm that identifies the most important design variables based on the variance of the 

system response under a variety of uncertainty scenarios.  The proposed procedure is demonstrated 

on a 39-story building, located in Boston (MA), which is equipped with semi-active damping 

devices for wind-induced vibrations mitigation. The Kriging and the AWN are applied to different 

uncertainty cases, and their performance is assessed and compared in terms of prediction accuracy 

and computational demand. The number of samples required for the training of the two surrogate 

models is investigated and selected such as to provide a reasonable tradeoff between accuracy and 

computational time.  

The remainder of the paper is organized as follows. Section 2 introduces the Kriging and the AWN 

metamodeling algorithms. Section 3 describes the methodology, including the models of the 

building, HPCSs, and wind loads used in the numerical study. Section 4 presents and discusses 

simulation results. Section 5 demonstrate applications of the metamodeling techniques. Section 6 

concludes the paper.  

2 Metamodels  

Metamodeling consists of constructing a simplified mathematical representation that emulates the 

response of the original, often computationally expensive, model. Of interest to this paper is the 

quantification of HPCSs uncertainties, which is conducted through the mapping of uncertain 

variables to structural performance. Fig. 1 schematizes the metamodeling process. The 

uncertainties are the inputs x, here arising from the HPCS closed-loop configuration and the 

external excitation. The reader interested in a discussion on sources of uncertainty in structural 

control is referred to Micheli et al. (2019 a). Structural performance is the output y, here taken as 

the maximum absolute acceleration to relate to serviceability. Other outputs or fusion of outputs 

could be considered for mapping to other performance metrics of interest. The metamodel is 

constructed considering N values of x sampled from the input space domain and creating a set of 

observations {(x(i), y(i)), i = 1,…N}, where the output y(i) is obtained from numerical simulations. 

The observation set is divided into a training subset (size n) and testing subset (size nt), with N = 

n + nt. Training data are used to learn the mapping function y = f(x), while the testing data are 

employed to quantify the accuracy of the surrogate. In the next subsections, the algorithms for the 

Kriging and AWN surrogates are presented. 
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Fig. 1 Schematic of the metamodeling process. 

 

2.1 Kriging Metamodel 

For simplicity, consider 𝑦 to be a scalar. For instance, y can represent the peak acceleration of the 

structure for a given wind event. Kriging metamodeling is conducted under the assumption that 

the observed response y(x) follows a stochastic process Y(x): 

𝑌(𝐱) =  𝜇(𝐱) + 𝑍(𝐱)  (1) 

where μ(x) is the mean of the process and Z(x) is its offset assumed to follow a Gaussian process 

with zero mean and covariance matrix 𝐃:  

𝐃 =  𝜎2𝚿  (2) 

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))]

] 

  

(3) 

for n realizations, with the correlation function ψ: 

𝜓[𝑌(𝐱(𝑝)), 𝑌(𝐱𝑞)] = exp (− ∑ 𝜃𝑗|𝑥𝑗
(𝑝)

− 𝑥𝑗
(𝑞)

|
2

𝑘

𝑗=1

) 

  

(4) 
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where Y (x(p)), Y (x(q)), p, q = 1, …, n are realizations of the stochastic process, k is the number of 

input variables, and θj, j = 1, …, k are the hyper-parameters of the correlation function. Eq. (4) is 

the Gaussian correlation function selected in this study. Note that other correlation functions can 

be employed (Santner et al. 2003, Abdallah et al. 2017).  

The hyper-parameters of the Kriging function can be identified using a batch learning process, 

based on the maximum likelihood method (Forrester et al. 2008). Specifically, the Gaussian 

likelihood function 𝐿 can be expressed as a function of the sample data: 

𝐿 =  
1

(2𝜋𝜎2)𝑛/2|𝚿|1/2
exp [− 

(𝐲 − 𝟏𝜇)T 𝚿−1(𝐲 − 𝟏𝜇)

2𝜎2
]  (5) 

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

�̂�2 =
1

𝑛
(𝐲 − 𝟏𝜇)T𝚿−1(𝐲 − 𝟏𝜇)  (6) 

 

�̂� =
𝟏T𝚿−1𝐲

𝟏T𝚿−1𝟏
  (7) 

 

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. They can be evaluated using an 

optimization algorithm by maximizing Eq. (5) after substituting in Eqs. (6) and (7).  

The Kriging surrogate can be used to estimate the output �̂� from a new sample x. In order to 

implement the prediction, one first creates the vector �̃� = {𝐲T, �̂� }T and the augmented correlation 

matrix is formulated as (Forrester et al. 2008): 

�̃� =  [
𝚿 𝝍𝑤

𝝍𝑤
T 𝟏

] 

 

 

(8) 

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

computed using Eq. (4). Next, the likelihood function is augmented with the new �̃� and �̃�. Lastly, 
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the maximum likelihood method is applied. It can be shown that the maximum likelihood estimate 

for �̂�  is given by:  

�̂�(𝐱) = 𝜇 ̂ +  𝝍𝑤
T 𝚿−1(𝐲 − 𝟏𝜇 ̂)  (9) 

   

Eq. (9) can be used to predict outputs y from new samples x. 

2.2  Adaptive Wavelet Network 

In this study, an AWN is selected to provide online sequential mapping capabilities. The online 

sequential feature denotes the capacity of the network to process data at each time step as it arrives, 

as opposed to batch processing used in the Kriging method. Adaptive rules, discussed later, are 

used to ensure convergence of the representation. Wavelet networks have shown to be capable of 

fast convergence speed and universal approximation (Zhang and Benveniste 1992, Wen et al. 

2017). Online sequential wavelet networks have been discussed and demonstrated in Laflamme et 

al. (2012 a), and Turkan et al. (2018). The general architecture of the AWN is illustrated in Fig. 2. 

It consists of one hidden layer mapping the input x to the estimated output �̂�. The AWN paramters 

are adapted sequentially based on the estimation error. 

 

Fig. 2. Adaptive wavelet network architecture. 
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The activation functions (or nodes) ϕ(x) of the hidden layer are Mexican Hat wavelets: 

𝜙𝑗(𝐱) = exp (−
‖𝐱 − 𝛂𝑗‖

2

𝛃𝑗
2 )  (10) 

where α and β are the center and bandwidth and wavelet j, respectively, and counts a total of h 

functions used in producing the estimate �̂�, as: 

�̂� =  ∑ 𝛾𝑗𝜙𝑗(𝐱)

ℎ

𝑗=1

  (11) 

where γj is the j-th nodal weight. Self-organizing mapping (SOM) is used to organize the nodes in 

the network, adding wavelets only at the necessary locations in the hyperspace (Kohonen 1982, 

Kohonen et al. 1996). The network is initialized with h = 0, and the first observation will generate 

the first node of the network (h = 1), with a user-defined bandwidth β0 and weight γ0 initially set 

at zero. Then, a node is added (h = h +1) when the Euclidean distance between a new observation 

and the closest node is higher than a user-defined threshold λ. The resolution of the network will 

increase with decreasing λ, generating more nodes and increasing the computational time.  

The adaptation phase of the wavelet network is as follows. First, the error between the estimated 

and real outputs is taken as �̃� = �̂� − 𝑦, where the tilde denotes an estimation error. Second, the 

back-propagation rule is used to adapt weights 𝛾 and bandwidth β2 (Laflamme et al. 2012 a): 

�̇� =  − Γ𝛾 (
𝜕𝜙

𝜕𝛄
) �̃� 

 
   (12) 

 

�̇�2 =  − Γ𝛽2 (
𝜕𝜙

𝜕𝛃2
) �̃� 

 
(13) 

where Γ𝛾 and Γ𝛽2  are positive constants representing learning rates. In discrete notation, the back-

propagation rule for 𝛾𝑗  and 𝛃𝑗
2 can be written: 

𝛾𝑗,𝑖+1 = 𝛾𝑗,𝑖 − Γ𝛾 [exp (
−‖𝐱 − 𝛂𝑗‖

2

𝛃𝑗,𝑖+1
2 )]  �̃�𝑖  (14) 
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𝛃𝑗,𝑖+1
2 = 𝛃𝑗,𝑖

2 − Γ𝛽2𝛾𝑗,𝑖 [
‖𝐱 − 𝛂𝑗‖

2

𝛃𝑗,𝑖
4 exp (

−‖𝐱 − 𝛂𝑗‖
2

𝛃𝑗,𝑖
2 )] �̃�𝑖 

 
(15) 

 

for i = 1, …, n, where n is the size of the training data set. Training is first conducted on the initial 

data set of n data points, where the SOM is used to build the hyperspace. The same data set is 

repeatedly fed back into the network nw times for additional training to refine the 𝛾 and β2 values 

until a stop criterion is reached. The stop criterion used here is defined such that the network will 

continue to train until the variation in the root mean squared error of the training data set is less 

than 0.005%.  

2.3  Numerical Example 

A trivial analytical example is used to illustrate the capability of the two metamodels to reconstruct 

a nonlinear function. The following one-dimensional function is considered: 

𝑓(𝑥) =  (6𝑥 − 2)2sin(12𝑥 − 4)  (16) 

where x ∈ [0, 1].  This function is widely used in literature to compare different metamodels 

(Forrester et al. 2008, Viana et al. 2014, Abdallah et al. 2017). A training set of n = 21 observations 

is generated selecting x from the input domain and computing the corresponding outputs with Eq. 

(16). A uniform random noise with signal-to-noise ratio of 0.95 is added to the function to create 

a more realistic data set.  
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Fig. 3 Comparison of Kriging and adaptive wavelet network estimations of the function in Eq. (16). The 

Kriging parameters are: 𝜇 ̂= 2.0, �̂�2 = 10.8, and 𝜃2= 2.0; the AWN parameters are: λ = 0.2, β0 =1, 𝛾0= 0, Γ𝛾 

= Γ𝛽2= 0.1, and h = 16. 

 

The two metamodels are trained using the above described equations and employed for the 

estimation of f(x). Fig. 3 illustrates the functions reconstructed by the Kriging and the AWN 

algorithms. It can be observed that both metamodels emulate f(x) accurately, with the AWN 

resulting in an improved fit compared with the Kriging surrogate. The Kriging metamodel yielded 

a root mean square error of 4.0 %, and the AWN a root mean square error of 2.2 %. In terms of 

computational time, both surrogates only required few seconds to reconstruct the function. 

3 Case Study 

In this Section, the performance of the Kriging and AWN metamodels is studied on an existing 

39-story building, located in Boston (MA), and subjected to wind excitation. The structure is 

equipped with an HPCS, consisting of a semi-active device termed Banded Rotary Friction Device 

(BRFD). First, the building and the HPCS are described along with the associated simulation 

methodology. Second, the numerical model of the wind load is presented. Third, the uncertainty 

cases under investigation and the generation of training and testing data sets are discussed. 

3.1  Building Description  

The example building is a steel moment-frame system, with an octagonal plan and a total height 

of 163 m. The inter-story height is equal to 7.4 m at the ground and roof levels, and 3.9 m at all 

the other floors. This particular office tower has been previously discussed in literature 

(McNamara et al. 2000, McNamara and Taylor 2003), after it had been equipped during the design 

process with passive viscous dampers to satisfy motion criteria under frequent wind hazards. With 

the building model made available to the authors (see Cao et al. 2016, for example), this example 

constitutes an ideal case study to numerically validate the algorithms on a realistic wind-excited 

building vulnerable to wind-induced vibrations in an uncontrolled state, where passive viscous 

dampers can synthetically be replaced by HPCSs.  

The weak direction of the building is selected and simulated in the time domain using a spring-

dashpot-mass approximation. For a 39-story system the equation of motion can be written: 
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𝐌�̈� + 𝐂�̇� + 𝐊𝐮 =  𝐄𝑤𝐖 −  𝐄𝑓𝐅  (17) 

where 𝐮 ∈ ℝ39×1, �̇� ∈ ℝ39×1, �̈� ∈ ℝ39×1 are displacement, velocity, and acceleration vectors, 

respectively, W ∈ ℝ39×1 is the wind load vector, F ∈ ℝ15×1 is the control force vector (15 damper 

sets are installed along the weak direction of the building, as described in next section), 𝐄𝑤 ∈

ℝ39×39 and 𝐄𝑓 ∈ ℝ39×15 are the load and the control location matrices, respectively, 𝐌 ∈ ℝ39×39, 

𝐂 ∈ ℝ39×39, and 𝐊 ∈ ℝ39×39 represent mass, damping, and stiffness matrices, respectively. The 

state-space formulation can be written: 

�̇� = 𝐀𝐔 + 𝐁𝑤𝐖 − 𝐁𝑓𝐅  (18) 

where 𝐔 =  [𝐮 �̇�]T ∈ ℝ78×1 is the state vector with: 

𝐀 =  [
𝟎 𝐈

−𝐌−𝟏𝐊 −𝐌−𝟏𝐂
]

78 × 78
  (19) 

   𝐁𝑓 = [
𝟎

𝐌−𝟏𝐄𝑓
]

78 × 15

                                                                                                              (20) 

   𝐁𝑤 = [
𝟎

𝐌−𝟏𝐄𝑤
]

78 × 39

                                                                                                             (21) 

Eq. (18) is solved exploiting the discrete form of the Duhamel integral (Connor and Laflamme 

2014): 

𝐔(𝑡 + Δ𝑡) = 𝐔(𝑡) + 𝐀−1[exp(𝐀Δ𝑡) − 𝐈][𝐁𝑤𝐖(𝑡) − 𝐁𝑓𝐅(𝑡) ]  (22) 

where Δt is the simulation time interval (taken as 0.01 s) and I ∈ ℝ39×39 is the identity matrix. The 

dynamic parameters have been established and validated in previous research (Cao et al. 2016). 

The story drift is expressed as δ1 = u1 at the first floor and δj = uj - uj -1 at the other floors, for j = 2, 

…, 39. 

3.2  High-Performance Control System 

The HPCS under investigation is a semi-active system consisting of 15 sets of two damping 

devices installed at every other floor, starting from the 5th floor up to the 33th floor, following the 

configuration of viscous dampers in the existing structure. Each set of devices is simulated as a 

single device of doubled capacity. Control feedback is provided by sensors installed at each floor, 

for a total of 39 sensors. Fig. 4 (a) is a schematic representation of the building elevation, showing 
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the damping devices in blue. The BRFD proposed by Downey et al. (2016) is employed as the 

mechanical device. This device is a double wrap band brake system that dissipates energy using 

friction, and it is capable of large friction force capacities (a 200 kN capacity has been 

experimentally demonstrated). The dynamic behavior of the BRFD is characterized by a 3-stage 

dynamic model (Cao et al. 2015). In the first stage, the damping force is modeled using a LuGre 

friction model, given by:  

𝑓 = 𝜎0𝜁 + 𝜎1𝜁̇ +  𝜎2�̇�   

 

𝜁̇ =  �̇� −  𝜎0

|�̇�|

𝑔(�̇�)
𝜁 

 
(23) 

 

𝑔(�̇�) =  𝐹𝑐 +  (𝐹𝑠 − 𝐹𝑐) exp [− (
�̇�

𝜂�̇�
)

2

] 
  

where σ0 is the aggregate bristle stiffness, σ1 is the microdamping, σ2 is the viscous friction, ζ is an 

evolutionary variable and 𝜁̇ is its time derivative, �̇� is the tangential velocity of the device, 𝑔(�̇�) is 

the function that represents the Stribeck effect, �̇�𝑠 is a constant modeling the Stribeck velocity, Fs 

is the static friction force, and Fc represents the kinetic friction force. The value of Fc is taken as 

the maximum friction force Fmax (e.g., nominal capacity of the device), while Fs = Cs Fmax, with 

Cs static friction coefficient. In the second and third stages, the damping force is modeled with 

linear stiffness elements, k2 and k3, during displacements d2 and d3 of the brake, respectively, 

representing the backlash phenomena upon reversal of the device motion. Furthermore, a 

smoothing function is used to transition between stages: 

Ω(𝜂) =  {1 + exp [−
𝜌1(𝜂−𝜂0)

𝜌2
]}

−1

  
 

(24) 

where η0 is the displacement when transitioning to a new stage, ρ1 and ρ2 are constants. The 

damping force during transition can be written: 

𝑓 =  (1 −  Ω(𝜂))𝑓𝑖 + Ω(𝜂)𝑓𝑗  (25) 

where fi and fj are the damping force at the previous and new stages, respectively.  
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Table 1 reports the values of the constants used in the above described model. The nominal 

capacity of the sets of BRFD at each floor, Fmax, is taken as 1350 kN for the dampers below the 

26th floor, and 900 kN for the devices above the 26th floor, as used in previous studies by the 

authors where the values were selected following performance-based design criteria (Micheli et 

al. 2017). 

 

Table 1: Parameters used the BRFD simulation model 

Parameter Value 

σ0 7005 kN -1 

σ1 0.0017 N -1 

σ2 0.0017 N-1 

�̇�𝑠 0.002 m·s-1 

Cs 1.065 

k2 0.03 kN·mm-1 

k3 2.3 kN·mm-1 

d2 3.05 mm 

d3 1.52 mm 

ρ1 0.1 mm 

ρ2 0.01 mm 

 

 

A linear quadratic regulator (LQR) is selected to control the friction force of the device, with the 

objective function: 

𝐽 =  
1

2
∫ (𝐔𝐓𝐐𝐔 + 𝐅𝐓𝐑𝐅)𝑑𝑡

𝑡1

𝑡0

 
 

(26) 

where Q = [qd I qv I]∈ ℝ78×78and R = diag(qr) ∈ ℝ39×39are two weight matrices, 𝐈 ∈ ℝ39×39 is 

the identity matrix, and t0 – t1 is the duration of the excitation. Parameters qd, qv, and qr are control 

weights for displacements, velocities and control inputs, respectively. The controller parameters 

were iteratively tuned in a previous study (Micheli et al. 2017) to minimize Eq. (26), and taken as 

qv = 1, qd = 4, qr = 0.085. A bang-bang rule is used to reach the required control force freq: 

𝑓act = 𝑓0𝜐act  (27) 

   

  �̇�act = −𝜐delay(𝜐act − 𝜈req) 
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where fact is the actual control force, f0 is the voltage scaling parameter, νact is the actual voltage in 

the actuator, νdelay is a delay parameter taken as 200 sec-1 (Cao et al. 2015), and νreq is the required 

voltage with: 

𝜐req = {

𝜐max , |𝑓req| > 𝑓max

0, sign(�̇�) = sign(𝑓req)

|𝑓req| 𝑓0⁄ , otherwise

 

 

(28) 

where 𝜐max is the maximum allowable voltage, taken as 12 V. Fig. 4 (b) illustrates a typical force-

story drift loop.  

Because the actual building is equipped with passive viscous dampers, results are benchmarked 

against the passive control case. The force exerted from a viscous damper is written: 

𝑓𝑣 = 𝑐 ⋅ sgn(�̇�)  (29) 

where 𝑐 represents the damping coefficient, �̇� is the relative velocity, and sgn(�̇�) is the sign or 

signum function. The damping coefficients are taken as 52,550 kN·s/m for the dampers below the 

26th floor, and 35,000 kN·s/m for the devices above the 26th floor, after work presented in 

(Laflamme et al. 2012 b).  

          

                                 (a)                                                                          (b) 

Fig. 4 (a) Schematic of structure with damping devices; (b) force-story drift loop for BRFD controlled with 

the LQR controller, taken at the 15th floor under a mean wind speed of 28 m/s. 
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3.3  Wind Load Simulation 

The wind force vector W in Eq. (18) represents the along-wind fluctuating forces acting on the 

building floors in the simulated direction. At the j-th level, wind force Wj is equal to (Simiu and 

Scalan 1996): 

𝑊𝑗 =  𝜌𝑐𝐷𝐴𝑗(𝑉𝑚,𝑗 + 𝑉𝑡,𝑗)  (30) 

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 is the fluctuating 

wind velocity generated by the wind turbulence. The mean wind speed at the j-th floor can be 

expressed through a logarithmic law (Simiu and Scanlan 1996): 

𝑉𝑚,𝑗 =  𝑉𝑚,10

ln(𝑧 𝑧0⁄ )

ln(10 𝑧0⁄ )
 (31) 

where z is the reference height above the ground, Vm,10 is the mean wind speed at z = 10 m, and z0 

is the terrain roughness (z0 = 0.03 m). The fluctuating wind speed is simulated using the spectral 

approach outlined in Appendix A. Fig. 5 plots a typical wind force time history acting on the last 

floor of the structure, along with the building response in terms acceleration.  

 

  

(a)                                                                               (b) 

Fig. 5 (a) Typical wind load time history at the 39th floor; and (b) corresponding acceleration response for 

wind load with Vm,10 = 28 m/s and z0 = 0.03 m.  
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3.4  Uncertainty Cases 

The HPCS system can be subjected to different sources of uncertainties at the sensor, controller, 

and actuator levels (Micheli et al. 2019 a). For example, uncertainties may arise: 1) at the sensor 

level, from the hardware, improper calibration, noise, cable disconnections, and malfunctions in 

the data acquisition system; 2) at the actuator level, from fatigue, excessive load, internal 

components breakage, degradation of the friction materials, and malfunction of actuators; and 3) 

at the controller level, from mistuning, under estimated disturbances, changes in the external loads, 

etc. Table 2 summarizes the three uncertainty cases considered in the investigation of the 

metamodels.  

Case 1 only considers the wind load variability. This is the least computationally expensive case, 

in which the HPCS is assumed to be highly reliable. The mean wind speed at a reference height z 

= 10 m, Vm,10, which is the reference velocity for the wind time series generation in Eq. (31) and 

Appendix A, is varied between 5 and 28 m/s, representing the range of the majority of wind speeds 

that the structure will experience during its lifetime (Micheli et al. 2017). The terrain roughness is 

another important parameter that could affect the wind load. Here, it is allowed to vary between 

0.01 and 0.03 m (Chuang and Spence 2017). It follows that x = [Vm,10  z0]T and k = 2. 

Case 2 investigates the combination of wind load variability and friction material degradation (e.g., 

wear of the band brake). The material degradation of the single damping device is modeled by 

decreasing its maximum capacity, which is considered to range between 75% and 100% of Fmax. 

Here, x = [Vm,10  z0 Fmax,1 Fmax,2 … Fmax,15]T, resulting from the two wind load variables and 15 

dampers, and k = 17.  

Case 3 is the most computationally demanding and it considers possible faults in the sensors. These 

faults are modeled by the addition of uniform noise in the sensor output, U in Eq. (18). Different 

signal to noise ratio (SNR) are considered, with: 

SNR =  (
𝐴S

𝐴N
)

2

 
 

(32) 

where 𝐴S and 𝐴N are the root mean square of the original and noisy sensor signal, respectively. 

The SNR range is selected as 0.45 to 1, representative of “severe noise” and “no noise” (Cha and 

Agrawal 2014). Fig. 6 compares a typical response without noise (Fig. 6 (a), SNR = 1) and with 
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severe noise (Fig. 6 (b), SNR = 0.45). Here, x = [Vm,10  z0 SNR1 SNR 2 … SNR39]T, with  k = 41 

(i.e., two wind load and 39 SNR variables).  

 

Table 2: Uncertainty cases 

Case Variables Symbol Range of variability k 

1 
Mean wind speed Vm,10 5 – 28 m/s 

2 
Terrain roughness z0 0.01 – 0.03 m 

2 

Mean wind speed Vm,10 5 – 28 m/s 

17 
Terrain roughness z0 0.01 – 0.03 m 

Dampers capacity Fmax 
below 26th: 1,012 – 1,350 kN 

above 26th: 675 – 900 kN 

3 

Mean wind speed Vm,10 5 – 28 m/s 

41 Terrain roughness z0 0.01 – 0.03 m 

Noise SNR 0.45 – 1.00 

 

 

(a)                                                                               (b) 

Fig. 6 Absolute displacement time history at the 39th floor with (a) SNR = 1, no noise; (b) SNR = 0.45, 

severe noise. Wind load parameters: Vm,10 = 28 m/s and z0 = 0.03 m.  

 

The observations for the training and testing of the metamodels are created by simulating the 

system under uncertainties using Eq. (18) and (30). The maximum acceleration experienced by the 

structure is taken as the performance metric (i.e., output) of interest to be consistent with 

serviceability-based performance criteria used in previous studies on the structure (McNamara et 

al. 2003): 

𝑦 = max|�̈�(𝑡)|  (33) 
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Input sampling is conducted based on the space filling Latin hypercube sampling method. 

Different x values are sampled randomly for each variable and for each case listed in Table 2. For 

the Kriging model, when the correlation matrix in Eq. (3) is poorly conditioned, the nearest 

symmetric positive matrix is used for 𝚿 (Higham 1988). A genetic algorithm is employed to 

estimate θj in Eq. (6) and (7). Table 3 lists the initial tuning of the AWN parameters for the three 

considered cases. The initial AWN parameters were tuned by searching through a range of 

parameters under Case 1 that yielded an acceptable estimation under a reasonable computing time 

(i.e., low number of nodes). A common trend in selecting initial parameters for AWNs is assigning 

larger 𝛽0
2 values with greater number of inputs, requiring larger learning rates Γ𝛾 and Γ𝛽2. The fine-

tuning of an AWN to maximize performance is left to future work.  

Table 3: AWN parameters under different cases 

Parameter Case 1 Case 2 Case 3 

λ 0.25 0.25 0.25 

𝛽0
2 0.3 0.8 1.1 

𝛾0 0 0 0 

Γ𝛾 0.003 0.004 0.005 

Γ𝛽2  0.00001 0.001 0.01 

 

The study is repeated for the building equipped with viscous dampers and without any dampers 

(i.e., uncontrolled building). For the structure equipped with viscous dampers, only Cases 1 and 2 

are analyzed, while for the uncontrolled building only Case 1 is considered. The uncertainty ranges 

are the same as those listed in Table 2. 

4  Results and Discussion 

This section presents numerical simulation results for the two metamodels. The Kriging and AWN 

parameters are calibrated based on the observations obtained from simulating the 39-story building 

under different wind time series, damper capacities, and sensor measurements, and their accuracy 

is verified. First, a parametric study is conducted to estimate the optimal value of the training data 

set size as a function of the number of uncertainties, i.e. the three uncertainty cases. Second, the 

Kriging and AWN algorithms are compared in terms of accuracy and computational time. 
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4.1 Parametric Study 

The parametric study starts with the selection of n = 200 samples for the training data set. The 

testing data set size is taken as nt = 0.25 n, as recommended by Forrester et al.  (2008). Two error 

measurements, the root mean square error (RMSE) and the normalized maximum absolute error 

(NMAE), are utilized as performance metrics: 

RMSE = √
∑ (𝑦𝑖 − �̂�𝑖)2𝑛𝑡

𝑖=1

𝑛𝑡
 

 (34) 

 

 

NMAE =  
max

𝑛𝑡

|𝑦𝑖 − �̂�𝑖|

𝑛𝑡 𝜎𝑦
 

 
(35) 

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

acceleration obtained from numerical simulations, and σy is the standard deviation of the testing 

data set. The RMSE normalized with respect to the difference between maximum and minimum 

values of the testing data set (true values) is used to quantify the accuracy of the metamodel over 

the entire data set, while the NMAE is used to quantify the maximum error of the representation’s 

mapping. 

Fig. 7 reports the RMSE and the NMAE as a function of the training data set size n for the Kriging 

and AWN algorithms under three uncertainty cases. For each case, the number of training samples 

n starts at 200 and is increased by 200 samples until the RMSE falls under 10%.  

 



21 

 

(a)                                                                               (b) 

 

(c) 

Fig. 7 RMSE and NMAE errors as a function of training data set size n for the three uncertainty cases and 

for the following control strategies: (a) uncontrolled; (b) passive viscous dampers; and (c) HPCS. Solid 

lines represent the values associated with Kriging while dashed lines are associated with the AWN.  

 

Results in Fig. 7 show that a small RMSE can be obtained employing a relatively small training 

data set for both the uncontrolled and passive control strategies. For example, in Case 1 - 

uncontrolled building (Fig. 7 (a)), a training set composed of only 200 samples leads to an RMSE 

of 3.77 % using the Kriging surrogate and 5.10 % using the AWN. This can be attributed to the 

linear behavior of the structure. However, the RMSE associated with the HPCS cases (Fig. 7 (c)) 

starts at a substantially higher value, which requires a larger number of training data. This could 

be attributed to the nonlinearities introduced by the control system. Fig. 8 compares the estimation 

functions mapped by the Kriging and AWN surrogates under Case 1 for the uncontrolled and 

HPCS cases. Remark that Case 1 is selected because it comprises only two uncertainties results 

and can be visualized in three dimensions. Results show the added nonlinearity from the HPCS in 

both the Kriging and AWN representations.  
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(a)                                                                               (b) 

 
  

(c)                                                                               (d) 

Fig. 8 Estimation functions mapped by the metamodels under Case 1 for: (a) Kriging, uncontrolled structure 

(n = 200); (b) Kriging, structure equipped with HPCS (n = 800); (c) AWN, uncontrolled structure (n = 200); 

(d) AWN, structure equipped with HPCS (n = 800). Scatters represent the training data sets. 

 

Based on these results, the following sizes for the training and testing data sets are selected for the 

assessment of the metamodeling techniques conducted in the upcoming subsection: 

 Case 1: n = 800, nt = 200 for the HPCS control strategy, n = 400, nt = 100 for the viscous 

strategy, and n = 200, nt = 50 for the uncontrolled building; 

 Case 2: n = 800, nt = 200 for the HPCS, and n = 600, nt = 150 for the viscous strategy; 

 Case 3: n = 800, nt = 200 for the HPCS. 
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4.2 Metamodels Comparison  

Fig. 9 plots the predictions obtained by the Kriging surrogate (Eq. (9)) on the testing data set versus 

the true values (i.e., from numerical simulation results) under various control strategies, along with 

a ± 10% error bound. Fig. 10 plots the same results, but for the AWN (Eq. (11)). One can observe 

that the two metamodels lead to similar results in the uncontrolled and viscous cases, with a slight 

improvement of the AWN under Case 2 for the viscous strategy. A cross-comparison between the 

control strategies shows a wider scatter of points for the AWN - HPCS case (Fig. 10(c)), an artefact 

of a higher RMSE in comparison with the viscous and uncontrolled cases. Results also confirm 

that the Kriging yields a slightly smaller prediction error than the AWN surrogate for the HPCS 

strategy, as observable in Fig. 7 and Fig. 9(c). This difference in performance can be attributed to 

the sparsity of the training data hypserpace, whereas the AWN fails at extrapolating outside of the 

available data range. This is particularly true for Case 3 that includes 41 inputs. Convesrely, 

Kriging provides a better interpolation outside of the available data points.  

 

(a)                                                                                (b) 
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(c) 

Fig. 9 Performance evaluation of Kriging surrogate by comparing predictions �̂� and actual values y of peak 

acceleration for the following control cases: (a) uncontrolled; (b) passive viscous dampers; and (c) HPCS.  

 

 

(a)                                                                                (b) 

 

(c)  
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Fig. 10 Performance evaluation of AWN surrogate by comparing predictions �̂� and actual values y of peak 

acceleration for the following control cases: (a) uncontrolled; (b) passive viscous dampers; and (c) HPCS.  

 

Table 4 reports the computational time T required to run the two metamodels (rounded to the 

nearest integer). The algorithms were implemented in MATLAB (Release 2018a) and performed 

with an Intel(R) Core (TM) i-7-4770 CPU/3.40 GHz processor. The table also includes the number 

of nodes of the AWN, h, and the number of times the data are repeatedly fed into the network, nw. 

In this work the built-in functions provided in Forrester et al. (2008) are utilized for the 

development of the Kriging model. Note that alternative forms of the Kriging and AWN algorithms 

exist that may improve computation speed; this is left to future work.   

Overall, results in Table 4 show a higher computational time for the Kriging process in comparison 

with AWN. For both algorithms, the computational time increases significantly with the number 

of uncertainties and observations. The high computational demand of the Kriging could be 

attributed to the time necessary to solve the maximum likelihood estimation problem in Eq. (5) – 

(7), optimizing for the unknown parameters θj using the genetic algorithm. The AWN presents a 

substantially lower computational time, but its computational time is yet important under the 

HPCS - Case 3, for which k is significantly higher. This lower computational demand can be 

attributed to the linear operations in the algorithms from its sequential implementation. Another 

observable feature is the high number of nodes h required by the AWN to provide a good estimate 

of the function under HPCS Cases 2 and 3, attributable to the nonlinearities in the system and 

higher number of inputs. Further tuning of the AWN parameters (Table 3) could decrease h, but 

this may also require the leveraging of additional training data to reduce the sparsity of the training 

data set. Overall, the AWN algorithm becomes attractive with respect to Kriging when a high 

number of variables is considered (Cases 2 and 3) and a fast representation needs to be constructed. 

However, this improvement in computational speed comes at the cost of accuracy, as exhibited in 

Figs. 9 and 10. As an example, Fig. 11 plots the RMSE and the computational time as function of 

the number of nodes for the AWN in HPCS - Case 3, showing a trade-off between estimation 

accuracy and computational time.  
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Table 4: Comparison of computational time required by Kriging and AWN surrogates 

Case 
Control 

Strategy 
k n 

T 
h nw 

Kriging AWN 

1 

HPCS 2 800 14 min 39 sec 49 47 

Viscous 2 400 9 min 27 sec 29 52 

Uncontrolled 2 200 2 min 30 sec 23 78 

2 
HPCS 17 800 3 h 20 min 37 min 724 111 

Viscous 17 600 2 h 28 min 6 min  180 52 

3 HPCS 41 800 16 h 20 min 3 h 22 min 687 76 

 

 

 

Fig. 11 AWN: RMSE and computational time versus number of nodes for HPCS in Case 3. 

 

5  Application Examples 

In this section, the trained metamodels are applied to analyze the effects of uncertainties on a given 

structure. A first application example is the uncertainty analysis of the 39-story building performed 

exploiting the prediction capability of the metamodels. The objective of the uncertainty analysis is 

the quantification of mean and standard deviation of the building response under uncertainties in 

wind load, damping capacity, and measurements. These statistics are commonly quantified by 

performing a large number of Monte Carlo simulations.  

All of the uncertain variables are modeled with the uniform distributions listed in Table 2, except 

for the mean wind speed. A Weibull distribution with scale parameter 14.9 and shape parameter 

6.4 is assumed for Vm,10, based on meteorological data used in a previous study (Micheli et al. 2019 

b). A total of ns = 5,000 new input samples are created with the space filling Latin hypercube 
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sampling method. The Kriging and the AWN are employed to predict the peak acceleration �̂�𝑖, for 

i = 1, …, ns, with the new inputs. Results are shown in Fig. 12 as function of the uncertainty cases. 

The true mean and standard deviation (estimated with the simulation procedures described in Sec. 

3) are also reported for benchmarking the results. Results in Fig. 12 show that Kriging provides 

good approximations of the mean and standard deviations of the output for all the cases, with a 

slight underestimation of the mean under Case 3. This could be attributed to the higher RMSE 

under Case 3 compared with the two other cases. Also, the highly nonlinear behavior of the HPCS 

and the large number of input variables involved results in a more complex representation that is 

more difficult to estimate. The AWN tends to slightly overestimate the mean and standard 

deviation under Cases 2 and 3 relative to both the true- and Kriging-based data, attributable to the 

relatively higher RMSE with respect to Kriging (Fig. 7(c)). One can observe that the mean 

structural response in Case 1 is lower than that under the other two cases. This could be attributed 

to the relatively smaller number of uncertain variables considered (2 versus 17 and 41 under Cases 

2 and 3, respectively). 

 

 

Fig. 12 Mean response and standard deviation for building equipped with HPCS (in terms of peak 

acceleration) under uncertainty Cases 2 and 3.  

 

The second control system application example builds on the capability of the two surrogates to 

identify the most relevant design variables, which could be used for a robust design of the closed 

loop control system. The procedure is not applied to Case 1, which is related to external load 

variables and thus it is not of interest for the HPCS configuration design. Let S ={x(i)} for i = 1, 
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…, ns be the samples matrix, where x(i) = [x1, …, xk]T represents the i-th sample vector of the input 

space. The quantification of the uncertainties is executed using Algorithm 1. A matrix S of new 

samples is created using the Latin-hypercube sampling method. Note that the same samples as 

those generated in Sec. 5.1 are used in this section. The previously estimated variance of the output, 

termed 𝜎𝑠
2, is taken as the benchmark (Fig. 12, Kriging and AWN values). Next, a single uncertain 

variable is fixed to its design value (i.e., uncertainty removed), and the surrogate model is utilized 

to evaluate the corresponding outputs �̂�𝑖. The variance 𝜎𝑗
2 of the �̂� vector is computed, and the 

process is repeated for all the k design variables. The difference between the original variance and 

the variance of the output with the j-th uncertain variable fixed to its design value is estimated as: 

Δ𝑣=
|𝜎𝑠

2−𝜎𝑗
2|

𝜎𝑠
2     

 (36) 

for j = 1, …, k. The design variables that yield to the largest difference Δv are the variables that 

generate the largest variation in the system response, and therefore considered as the most 

influential.  

 

Algorithm 1: Quantification of uncertainty 

1: Create 𝐒 ∈ ℝ𝑘×𝑛𝑠  matrix 

2: for j = 1: k and for all ns 

3:      Fix the j-th variable at its design value 

4:      Predict the output with Kriging or AWN model 

5:      Estimate variance of the output 

6: end 

 

Fig. 13 reports the computed Δv values as a function of the fixed design variable for the building 

equipped with HPCS under Case 2. One can notice that for Kriging, the Δv is higher for dampers 

#2, #8, and #12, which therefore represents the dominant design variables associated with the 

dampers. Fig. 13 (b) shows Δv obtained with the AWN, where dampers #5, #8, and #13 influence 

the response the most. Values for Δv appear more uniform than under Kriging. Both surrogates 

identify damper #8 as the most influential.  
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            (a)                                                                             (b) 

Fig. 13 Percentage difference of variance obtained under Case 2 with (a) Kriging; and (b) AWN. 

 

A similar plot for HPCS - Case 3 is reported in Fig. 14. In this case, only the sensors that yielded 

high Δv values are reported for clarity. The highest difference Δv values corresponds to sensors 

#17, #20, and #21 for the Kriging model, meaning that the uncertainties in these sensors are 

responsible for the largest variations in the output variance. For the AWN, the most important 

sensors are #17, #38, and #39, but yet results are still relatively constant among the illustrated 

sensors. Both surrogates identify the sensor #17 as important.  

The notable difference in the inputs identified by both surrogate can be attributed to the difference 

in accuracy, where the AWN provides a faster convergence but at the cost of lower accuracy. It is 

hypothesized that the identified variables under the AWN would have less effect on the overall 

variance reduction compared with Kriging. This will be investigated later in what follows. 
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     (a)                                                                            (b) 

Fig. 14 Percentage difference of variance obtained in Case 3 with (a) Kriging; (b) AWN. Only 15 out of 39 

sensors reported. 

 

To validate the results, simulations were re-ran by removing the uncertainties associated with the 

identified variables. Table 5 lists the mean and the variance of the system responses. For 

comparison, the table also lists the means and variances from Fig. 12, and that from removing the 

uncertainty from the three variables that were not identified as influential. The variables for which 

the uncertainty was removed are indicated by the symbol # in the table. Results show that removing 

the uncertainty from the identified variables leads to a significant reduction in variance under both 

Cases 2 and 3, and for both the Kriging and AWN algorithms, while removing the uncertainty 

from the non-influential variables yields a smaller reduction in variance. A cross comparison 

between Kriging and AWN results shows the variables identified by Kriging yield a better 

reduction in variance, therefore exhibiting a better variable identification, as hypothesized above 

due to the lower accuracy of the AWN. In all cases, the mean does not change significantly, as 

expected. The lower performance of the AWN at identifying salient variables can also be attributed 

to the sparsity of the training hyperspace that yielded a less accurate representation. This can be 

observed through the more constant outputs in Fig. 13 (b) and 14 (b), where the AWN 

representation fails at providing high accuracy mapping for each individual variables.  
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Table 5: Statistics of the system response 

Case Metamodel Mean (mg) 
Variance 

(mg) 

Variance 

reduction 

(%) 

Case 2 

Kriging 18.92 4.19 NA 

Kriging  #2, #8, and #12 18.90 2.73 34.85 

Kriging #6, #7, and #14 18.90 4.18 0.22 

AWN  19.40 3.14 NA 

AWN #5, #8, and #13 18.93 2.23 29.00 

AWN #9, #10, and #14 18.89 2.75 12.45 

Case 3 

Kriging 18.04 5.35 NA 

Kriging  #17, #20, and #21 17.80 4.15 22.90 

Kriging #1, #3, and #18 17.97 5.34 0.05 

AWN  18.88 4.48 NA 

AWN #17, #38, and #39 18.81 3.59 19.80 

AWN #1, #5, and #14 18.77 4.17 6.92 

 

6 Conclusion 

In this paper, an investigation on the use of metamodeling techniques for uncertainty analysis of 

wind-excited tall buildings equipped with high-performance control systems (HPCSs) was 

presented. In this type of systems, common sources of uncertainties stem from unexpected failures 

of the HPCS components, such sensors and damping devices, in addition to the natural variability 

of the external load. Because of the large number of uncertainty scenarios to consider, and the 

large computational time required, surrogate models were used for the uncertainty quantification. 

Two different surrogate models were investigated. The first one is the Kriging metamodel, which 

assumes that the observed response derives from a stochastic process and exploits a batch learning 

approach. The second one is an adaptive wavelet network (AWN), which was designed to be 

sequential, self-organizing, and self-adaptive. The AWN elaborates the data one-by-one, in an 

online, sequential manner. Both metamodels were fed with data obtained from numerical 

simulations, using a supervised learning approach. 

 

A 39-story building, located in Boston (MA), was employed to evaluate the effectiveness of 

Kriging and AWN surrogates. The building was virtually equipped with an HPCS composed of 15 

damping devices, 39 sensors and a global controller, and subjected to along wind excitation. Three 

uncertainty cases were analyzed, concerning uncertainties in wind load, maximum damping 

capacity of the devices, and noise in the sensor measurements, respectively. The metamodels were 
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trained to estimate the peak acceleration experienced by the structure as function of the inputs (i.e., 

wind load, HPCS characteristics). A parametric study was conducted to evaluate the optimal sizes 

of training and testing data sets. Next, a comparison of the Kriging and AWN metamodels in terms 

of prediction accuracy and computational time was performed. Results showed that the Kriging 

and the AWN yield to similar results in terms of accuracy in all the uncertainty cases. In terms of 

computational time, the AWN outperformed the Kriging metamodel, requiring only few seconds 

for the training, independently on the number of variables and data set size. An example of 

uncertainty analysis of the 39-story building was presented to explore potential applications of the 

two metamodels. The results of the uncertainty analysis showed that both the Kriging and AWN 

provide good approximations of the mean system response under multiple uncertainties. Lastly, 

the Kriging and AWN metamodels were used to classify the importance of the design variables. It 

was concluded that some dampers and sensors affect the system response more than others. 

This investigation demonstrated the feasibility of applying metamodels for the uncertainty analysis 

of tall buildings equipped with HPCSs. In particular, it was demonstrated that AWN could 

represent a viable solution to avoid computationally demanding time history analyses, while the 

Kriging could be utilized as a base for a robust design approach. The results of this study can be 

used to quantify uncertainties in the closed-loop configuration under reasonable computational 

time. These results can be leveraged for a robust design of the closed loop control system, 

increasing the resilience of new and existing HPCS to possible components failure and 

malfunctions.  A limitation of the proposed method is in mapping uncertainties for very large 

dimensional problems, as results showed significantly increasing computational time for 

increasing number of inputs. More sophisticated surrogate models and sampling techniques are 

necessary to address this challenge, and will be investigated in future work.   
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Appendix A. Wind Load Time History Generation 

The fluctuating wind speed generated by the wind turbulence is denoted by Vt,j and it is simulated 

using the spectral method proposed by Shinozuka and Deodatis (1991) and Deodatis (1996). 

Following this approach, the power spectral density matrix, S(ω), for a m-story building can be 

written as: 

𝐒(𝜔) =  [
𝑆11(𝜔) ⋯ 𝑆1𝑚(𝜔)

⋮ ⋱ ⋮
𝑆𝑚1(𝜔) ⋯ 𝑆𝑚𝑚(𝜔)

]  (A.1) 

where m is the number of floors (equal to 39 in the case study building), ω is the frequency (rad/s), 

and elements of the S(ω) matrix are equal to: 
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𝑆𝑗𝑖 = {

𝑠𝑗(𝜔), 𝑗 = 𝑖

√𝑠𝑗(𝜔)𝑠𝑖(𝜔) 𝛾𝑗𝑖(𝜔), 𝑗 ≠ 𝑖
  (A.2) 

where sj(ω) is the Kaimal power spectral density function, and γij(ω)  is the coherence function 

between the wind turbulence at the j-th and i-th floors, at heights zj and zi expressed as: 

𝛾𝑗𝑖(𝜔) = exp [−
𝜔

2π
 

𝐶𝑧|𝑧𝑗 − 𝑧𝑖|

1
2

(𝑉𝑚,𝑗 + 𝑉𝑚,𝑖)
]  (A.3) 

where Cz is the correlation coefficient (taken as 10). The Kaimal power spectral density function, 

sj(ω), is given by: 

𝑠𝑗(𝜔 ) =
200

2π
𝑢∗ 

2
𝑧

𝑉𝑚,𝑗
(1 + 50 

𝜔𝑧

2π𝑉𝑚,𝑗
)

− 5
3⁄

  (A.4) 

where 𝑢∗ represents the friction velocity of the wind flow, equal to: 

𝑢∗ =
0.4 𝑉𝑚,𝑗

ln (𝑧 𝑧0)⁄
  (A.5) 

where z denotes the height of the generic floor, and z0 the terrain roughness. 

The power spectral density matrix S(ω) can be decomposed using the Cholesky decomposition, as 

follows: 

𝐒(𝜔) =  𝐇(𝜔)𝐇T∗(𝜔)  (A.6) 

where the asterisk denotes the complex conjugate, and H(ω) is the following lower triangular 

matrix: 

𝐇(𝜔) =  [
𝐻11(𝜔) ⋯ 0

⋮ ⋱ ⋮
𝐻𝑚1(𝜔) ⋯ 𝐻𝑚𝑚(𝜔)

]  (A.7) 

The wind turbulence time history Vt,j at the j-th level is given by the superposition of trigonometric 

functions with random phase angles:  

𝑉𝑡,𝑗 = 2 ∑ ∑|𝐻𝑗𝑞(𝜔𝑞𝑙)|√Δ𝜔

𝑁𝜔

𝑙=1

𝑚

𝑞=1

cos[𝜔𝑞𝑙𝑡 −  𝜗𝑞𝑙(𝜔𝑞𝑙) +  Φ𝑞𝑙]  (A.8) 
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where Δω represents the frequency step amplitude, equal to ωu/Nω, with ωu cut-off frequency (set 

at 2 rad/s) and Nω number by which the frequency domain is divided (taken as 500), ωql is equal 

to: 

𝜔𝑞𝑙 = 𝑙Δ𝜔 −  
𝑞 − 𝑙

𝑞
Δ𝜔  (A.9) 

Φql is a vector of random numbers from the uniform distribution in the range [0, 2π], and ϑql: 

𝜗𝑞𝑙(𝜔) = tan−1 {
Im[𝐻𝑗𝑞(𝜔𝑞𝑙)]

Re[𝐻𝑗𝑞(𝜔𝑞𝑙)]
}  (A.10) 

where Im[·] and Re[·] indicate imaginary and real quantities, respectively.  

 


