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 A B S T R A C T

This paper presents a stochastic dynamic substructuring framework for coupling substructures 
subjected to stationary stochastic excitation in the frequency domain. A closed-form input–
output relation is derived to directly compute the power spectral density (PSD) of the system 
response from the PSD of the excitation. The method leverages the isolated frequency response 
functions (FRFs) of individual subdomains and a viscoelastic coupling matrix to predict the 
stochastic response of the assembled system. Deterministic linear FRFs, which can be either 
numerically computed or experimentally measured at a limited number of degrees of freedom, 
are combined through the proposed substructuring formulation. This enables hybrid modeling, 
integrating experimental and numerical data from different components as well as allowing 
for parallel computation of subdomain responses. It also eliminates the need to reanalyze the 
full-order system in tasks such as model calibration or component redesign. The approach is 
validated through two case studies. The first involves a lumped parameter system subjected to 
white noise excitation. The second applies the method to a finite element model of an offshore 
wind turbine structure, where a transition piece connects the turbine to a monopile foundation 
under stochastic wave loading. Results confirm that the stochastic dynamic substructuring yields 
significant computational savings without compromising accuracy, compared to solving the 
full-order system, offering an efficient and scalable alternative for spectral analysis of coupled 
systems.

1. Introduction

Advances in computational power, experimental methods, and mathematical modeling have enabled increasingly sophisticated 
approaches for modeling the dynamics of complex engineering structures. These are typically described by high-dimensional 
systems of coupled differential equations, where even a deterministic solution can be cost-prohibitive. Additionally, accounting 
for uncertainties associated with stochastic excitations and random system parameters, further increases the problem’s complexity 
by expanding its stochastic dimensions. In this regard, probabilistic analysis is a useful tool for identifying sources of uncertainty 
and providing probability bounds on the system response in a computationally feasible manner.

A primary source of uncertainty relates to the randomness of the system parameter values or to limited physical understanding. 
For instance, manufacturing imperfections and measurement errors, especially during model calibration, can be significant sources 
of uncertainty [1,2]. One of the most widely adopted approaches for investigating the propagation of parametric uncertainties in 

∗ Corresponding author at: Department of Civil and Mechanical Engineering, Technical University of Denmark, 2800, Kgs. Lyngby, Denmark.
E-mail address: hsole@dtu.dk (H. Soleimani).

https://doi.org/10.1016/j.ymssp.2026.114394
Received 2 October 2025; Received in revised form 8 April 2026; Accepted 5 May 2026

Mechanical Systems and Signal Processing 254 (2026) 114394 

0888-3270/© 2026 The Authors. Published by Elsevier Ltd. This is an open access article under the CC BY license 
( http://creativecommons.org/licenses/by/4.0/ ). 

https://www.elsevier.com/locate/ymssp
https://www.elsevier.com/locate/ymssp
https://orcid.org/0000-0002-6548-4240
https://orcid.org/0000-0001-7352-9106
https://orcid.org/0000-0002-3042-0036
https://orcid.org/0000-0003-1370-6785
mailto:hsole@dtu.dk
https://doi.org/10.1016/j.ymssp.2026.114394
https://doi.org/10.1016/j.ymssp.2026.114394
http://creativecommons.org/licenses/by/4.0/


H. Soleimani et al.

structural dynamics has been Monte Carlo simulation [3,4]. Nevertheless, its applicability is often limited when considering high 
dimensional and/or nonlinear systems. Alternatively, perturbation-based techniques are another way of studying uncertainty in the 
system. Muscolino et al. [5] proposed a first-order perturbation method to investigate parameter uncertainty in linear primary-
secondary structures. In a separate study, Muscolino and Sofi [6] analyzed truss structures with bounded uncertain parameters 
subjected to stationary random excitation, employing an interval rational series expansion in the frequency domain. However, 
perturbation methods generally rely on the assumption of small parameter uncertainties, which limits their accuracy when variability 
is significant. Moreover, they typically provide only approximate statistical measures (e.g., mean and variance) and may fail to 
capture the full probabilistic response compared to sampling-based approaches.

Another method commonly used for uncertainty evaluation in nonlinear structural dynamic systems is the Polynomial Chaos 
Expansion (PCE) technique. Panunzio et al. [7] combined PCE with the Asymptotic Numerical Method (ANM) to assess the 
randomness of input parameters in a nonlinear two-degree-of-freedom system, effectively limiting the effects of spurious oscillations 
in the system response. Additionally, Yuan et al. [8] employed PCE to study uncertainty propagation and conduct Sobol sensitivity 
analysis of friction parameters in turbine blades with under-platform dampers. Despite its efficiency, PCE loses accuracy for strongly 
nonlinear or discontinuous responses and becomes computationally expensive in high-dimensional problems. In an effort to alleviate 
the computational burden of repeated model evaluations, Gaussian Processes (GPs) can be used to provide a surrogate model 
by modeling the outputs as realizations of a Gaussian stochastic process defined over the input space. For example, Chatterjee 
et al. [9] demonstrated the effectiveness of GPs in dynamical systems which exhibit well-separated modes. For a broad perspective 
on structural dynamics with uncertain model parameters the interested reader is referred to the recent review papers [10–12].

In addition to parametric uncertainties, the applied loads on structures, such as wind and seismic motions, also induce 
randomness in structural response. Accounting for this variability is critical in ensuring structural safety and reliability, and this 
subject has been extensively studied over the past decades within the context of stochastic modeling [13]. Specifically, Tootkaboni 
and Graham-Brady [14] developed a direct time integration scheme to analyze the response of systems subjected to stochastic 
excitation, deriving response statistics for two degrees of freedom (DOF) systems. Also, Kougioumtzoglou et al. [15], proposed a 
Moore–Penrose-based frequency response function to obtain a spectral input–output relationship for linear systems with singular 
matrices. This approach was later generalized by Pasparakis et al. [16,17] to account for systems with singular parameter matrices 
subject to nonstationary excitations using harmonic wavelets. Further, Psaros et al. [18] presented an exact closed-form solution 
based on the Wiener path integral (WPI) method for linear multi-degree of freedom (MDOF) systems. The proposed approach yielded 
the joint probability density function (PDF) of the system response under Gaussian white noise excitation. More recently, fractional 
derivative models have gained attention for their ability to capture memory-dependent behavior and to accurately represent complex 
material response, such as viscoelastic behavior. Some analytical expressions for response statistics of linear systems endowed with 
fractional derivatives and limited degrees of freedom have been derived as well [19,20].

Despite extensive research efforts, the aforementioned approaches have largely been limited to low-dimensional systems, and 
the treatment of high-dimensional stochastic dynamics remains a challenge. A few techniques for addressing such problems have 
been proposed. For instance, Zhao et al. [21] combined modal analysis with manifold learning to reduce the size of the system, and 
used PCE for uncertainty quantification (UQ). Meanwhile, substructuring is a promising method that can reduce the computational 
cost and mitigate the computational burden of solving the full high-dimensional system of equations. Moreover, substructuring is 
applicable to both linear and nonlinear systems [22–24].

From a UQ perspective, substructuring has a rich history. It was originally used for quantifying uncertainties in distinct 
substructures. Soize and Chebli [25] used a nonparametric probability model combined with the Craig–Bampton reduction method 
for the individual substructures to predict the frequency response function. Sarkar and Ghanem [26] introduced a substructure 
coupling method based on the proper orthogonal decomposition method to address the uncertainties in the parameters of each 
substructure. D’Ambrogio and Fregolent [27] used a design of experiments approach by fitting a regression model to analyze 
uncertainties in the natural frequency of two elastically coupled beams. Component mode synthesis (CMS) was used by Chatterjee 
et al. [28] for uncertainty propagation in a finite element model of assemblies with rigidly connected substructures. The resulting 
meta-model was used to calculate the associated eigenvectors in CMS, and the uncertainty in the frequency response function (FRF) of 
the assembled system was analyzed through a Monte Carlo simulation. De Lellis et al. [29] introduced the Craig–Bampton stochastic 
method employing perturbations in the reduced matrices of each substructure which were subsequently used for model updating 
based on measured data. Also, Mencik and Bouhaddi [30] developed a parametric reduction method based on the Craig–Bampton 
method, which was enriched with geometric and parametric changes in the substructures to yield an efficient updating and reanalysis 
scheme of the coupled system.

However, research in this area is not limited to the CMS method. Uncertainty propagation in frequency-based substructuring [31–
34] has also been addressed earlier. Voormeeren et al. [35] developed a method for UQ of coupled systems based on uncertainties 
of the subsystem FRF using frequency-based substructuring with a rigid interface. First-order covariance-based propagation (first-
order moment method) has been applied to the closed-form equation of the rigidly connected frequency-based substructuring for 
uncertainty propagation of the FRF of substructures due to measurement error [36,37]. More recently, Li et al. [38] applied Monte 
Carlo simulation on random receptances in substructure decoupling technique to evaluate the identification accuracy due to model 
error.

The majority of research on dynamic substructuring-based UQ has focused on parametric uncertainty while less attention has been 
directed to excitations with stochastic characteristics. Nonetheless, a few works have addressed stochastic excitation specifically. 
Muscolino et al. [39,40] developed a reanalysis method in the time domain to modify structural configurations under stochastic 
loads. However, this method is approximate and not well-suited for numerical analysis where, typically, experimental measurements 

Mechanical Systems and Signal Processing 254 (2026) 114394 

2 



H. Soleimani et al.

Fig. 1. Schematic representation of two linear substructures connected through viscoelastic connection under stochastic stationary excitations.

of the original or modified structures are available. Another approach for coupling substructures under stochastic loading — used 
primarily in earthquake analysis — is the cascade approximation [41–43]. However, in this family of methods, the feedback action 
of the secondary oscillator on the primary structure is neglected.

In an effort to address the gaps in the treatment of stochastic excitation within the context of dynamic substructuring, this paper 
presents a closed-form frequency-domain solution for coupled structures under stationary random loading. The frequency-domain 
substructuring method, previously limited to deterministic excitations, is extended herein to its stochastic counterpart. The proposed 
formulation provides an exact PSD-based input–output relationship between the excitation and the distinct substructures while 
requiring only the frequency response functions (FRF) of each substructure at a limited number of degrees of freedom. It is worth 
noting that the corresponding FRFs can be either calculated or experimentally measured in a separate manner. Further, the individual 
substructures are coupled through a general linear connection matrix with arbitrary degrees of freedom, representing the stiffness 
and damping characteristics. In many applications, connection-induced damping renders the overall system non-proportional, thus 
rendering classical modal analysis inapplicable. However, the derived closed-form expression enables distinct model reduction 
techniques to be applied to individual substructures without interference from the coupling. This allows for an efficient dynamic 
substructuring approach not only for iterative design processes, by avoiding repeated full-system analyses, but also for single system 
evaluations.

The paper is organized as follows. The stochastic dynamic substructuring formulation in the frequency domain is presented in 
Section 2. Its performance and accuracy are evaluated in Section 3 through two case studies, and Section 4 concludes the work.

2. Methodology

In this section, a closed-form expression for stochastic dynamic substructuring in the frequency domain is derived. Consider 
two linear substructures, each with arbitrary boundary conditions, coupled through linear viscoelastic elements that model the 
stiffness and damping at the interface (see Fig.  1). The assembled system is subjected to a stationary stochastic excitation vector 
𝐟 (𝑡). Following a spatial discretization, e.g., via the finite element method, the governing equations of motion for the coupled system 
can be expressed as: 

𝐌𝐱̈(𝑡) + 𝐂𝐱̇(𝑡) +𝐊𝐱(𝑡) + 𝐟int(𝐱̇, 𝐱, 𝑡) = 𝐟 (𝑡) (1)

where 𝐱(𝑡) ∈ R𝑛 is the 𝑛-dimensional response vector, and 𝐌,𝐂,𝐊 ∈ R𝑛×𝑛 are the mass, damping, and stiffness matrices of the 
system, respectively; 𝐟int (𝐱̇, 𝐱, 𝑡) ∈ R𝑛 is the linear internal force vector of the coupled structure due to connection.

The displacement vector is rearranged to collect degrees of freedom (DOFs) related to substructure I and II as follows 

𝐱(𝑡) =
[

𝐱I(𝑡)
𝐱II(𝑡)

]

(2)

Moreover, the degrees of freedom in each substructure (I, II) are rearranged into linear DOFs and connection DOFs, denoted by 𝑙
and 𝑐 indices [24], respectively as follows 

𝐱𝑖(𝑡) =
[

𝐱𝑖𝑙(𝑡)
𝐱𝑖𝑐 (𝑡)

]

, 𝑖 = I, II (3)

Substituting Eqs. (2) and (3) into Eq. (1), and rearranging the corresponding equations for each DOF leads to reordering of the 
characteristic matrices as well as the external and internal force vectors. Noting that the nonzero components of the internal force 
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𝐟int (𝐱̇𝑐 , 𝐱𝑐 , 𝑡) are localized at the connection DOFs (𝑐), the subdomain equations of motion can be written as 

𝐌I

[

𝐱̈I𝑙(𝑡)
𝐱̈I𝑐 (𝑡)

]

+ 𝐂I

[

𝐱̇I𝑙(𝑡)
𝐱̇I𝑐 (𝑡)

]

+𝐊I

[

𝐱I𝑙(𝑡)
𝐱I𝑐 (𝑡)

]

+
[

𝟎
𝐟 Iint(𝐱̇𝑐 , 𝐱𝑐 , 𝑡)

]

=

[

𝐟 I𝑙 (𝑡)
𝐟 I𝑐 (𝑡)

]

(4)

𝐌II

[

𝐱̈II𝑙 (𝑡)
𝐱̈II𝑐 (𝑡)

]

+ 𝐂II

[

𝐱̇II𝑙 (𝑡)
𝐱̇II𝑐 (𝑡)

]

+𝐊II

[

𝐱II𝑙 (𝑡)
𝐱II𝑐 (𝑡)

]

+
[

𝟎
𝐟 IIint(𝐱̇𝑐 , 𝐱𝑐 , 𝑡)

]

=

[

𝐟 II𝑙 (𝑡)
𝐟 II𝑐 (𝑡)

]

(5)

where 𝐌𝑖, 𝐂𝑖, and 𝐊𝑖, with 𝑖 ∈ {I, II}, denote the mass, damping, and stiffness matrices of each substructure. Each matrix has 
dimensions 𝑛𝑖 × 𝑛𝑖, with 𝑛I + 𝑛II = 𝑛, corresponding to the substructures when isolated at the connection DOFs (i.e., with free 
boundary conditions at the interface). The vector 𝐟 𝑖int(𝐱̇𝑐 , 𝐱𝑐 , 𝑡) represents the localized internal forces that account for the interaction 
between the two substructures, which are assumed to be linear. Applying Newton’s third law, the internal force vectors can then 
be expressed as 

𝐟 Iint(𝐱̇𝑐 , 𝐱𝑐 , 𝑡) = −𝐟 IIint(𝐱̇𝑐 , 𝐱𝑐 , 𝑡) = 𝐟int(𝐱̇𝑐 , 𝐱𝑐 , 𝑡) = 𝐊𝑐 (𝐱I𝑐 − 𝐱II𝑐 ) + 𝐂𝑐 (𝐱̇I𝑐 − 𝐱̇II𝑐 ) (6)

where 𝐊𝑐 and 𝐂𝑐 ∈ R𝑛𝑐×𝑛𝑐  are the stiffness and damping matrices associated with the viscoelastic connection DOFs, where 𝑛𝑐 denotes 
the (arbitrary) number of connection DOFs (𝑐).

For each realization 𝜔̄ of the stochastic process vector ̃𝐟 (𝜔̄, 𝑡), the system can be treated as deterministic. The response is expressed 
as 𝐱𝑖(𝜔̄, 𝑡) = 𝐪𝑖(𝜔̄, 𝜔)𝑒𝑗𝜔𝑡 for 𝑖 = I, II, where 𝐪𝑖(𝜔̄, 𝜔) denotes the complex-valued frequency-domain response vector of subdomain 𝑖 for 
the excitation realization 𝜔̄, and 𝑒𝑗𝜔𝑡 represents the harmonic time dependence at angular frequency 𝜔. For notational simplicity, the 
dependence on 𝜔̄ is omitted hereafter. Substituting this expression into Eqs. (4) and (5), the equations of motion of the subdomains 
in the frequency domain are obtained as 

[

𝐪I𝑙(𝜔)
𝐪I𝑐 (𝜔)

]

=

[

𝐇I
𝑙𝑙(𝜔) 𝐇I

𝑙𝑐 (𝜔)
𝐇I

𝑐𝑙(𝜔) 𝐇I
𝑐𝑐 (𝜔)

]

[

𝐟 I𝑙 (𝜔)
−𝐟int(𝜔) + 𝐟 I𝑐 (𝜔)

]

(7)

[

𝐪II𝑙 (𝜔)
𝐪II𝑐 (𝜔)

]

=

[

𝐇II
𝑙𝑙(𝜔) 𝐇II

𝑙𝑐 (𝜔)
𝐇II

𝑐𝑙(𝜔) 𝐇II
𝑐𝑐 (𝜔)

]

[

𝐟 II𝑙 (𝜔)
𝐟int(𝜔) + 𝐟 II𝑐 (𝜔)

]

(8)

where the indices refer to the linear (𝑙) and connection (𝑐) degrees of freedom, the vector 𝐟 (𝜔) is the Fourier spectrum of a realization 
of the stochastic process 𝐟 (𝑡), which is expressed in block vector form according to each substructure and the corresponding linear 
and connection DOFs. Since the external force vector typically contains many zero entries, from this point on we use the index 𝑒 to 
denote the nonzero components of the external force vector, which may correspond to either connection or linear DOFs. The vector 
𝐟int(𝜔) represents the internal force in the frequency domain for each realization, and it can be derived from Eq. (6) in the frequency 
domain as 

𝐟int(𝜔) = (𝐊𝑐 + 𝑗𝜔𝐂𝑐 )(𝐪I𝑐 (𝜔) − 𝐪II𝑐 (𝜔)) = 𝐊∗
𝑐 (𝜔)𝐪rel(𝜔). (9)

where 𝐊∗
𝑐  is the complex connection stiffness matrix and 𝐪rel(𝜔) denotes the amplitude of the relative displacement vector at the 

connection DOFs in the frequency domain. 𝐇𝑖 are the receptance matrices of substructure I and II, which can be computed for each 
substructure with free interface at the connection DOFs as 

𝐇𝑖(𝜔) = (𝐊𝑖 + 𝑗𝜔𝐂𝑖 − 𝜔2𝐌𝑖)−1 𝑖 = I, II (10)

The receptance matrices depend on the number of degrees of freedom, and the type of damping in each substructure can be 
calculated in various ways. For small-scale systems, direct inversion of the dynamic stiffness matrix can be used; however, for 
substructures with a large number of DOFs, other methods such as block matrix inversion [44], modal expansion, and the Second 
Order Arnoldi Method (SOAR) [45] are more suitable. In some cases, modeling the substructure is too complex or detailed design 
information is not available. In such cases, experimental measurement of the frequency response function of the isolated substructure 
at the connection DOFs can be performed or obtained from the component designer.

The subdomain equations (see Eqs. (7) and (8)) are coupled through the connection DOFs (𝑐) with internal forces 𝐟int. However, 
according to Eq. (9), the internal force depends only on the relative amplitude vector in the frequency domain, 𝐪rel. By subtracting 
the second row of the block matrix in Eq. (8) from the corresponding row in Eq. (7) and applying some mathematical manipulation, 
this yields 

𝐪rel = 𝐇I
𝑐𝑒𝐟

I
𝑒 −𝐇II

𝑐𝑒𝐟
II
𝑒 − (𝐇I

𝑐𝑐 +𝐇II
𝑐𝑐 )𝐊

∗
𝑐𝐪rel (11)

where the index 𝑒 refers to excitation degrees of freedom, which correspond to linear and/or connection DOFs in each substructure.
The coupling Eq. (11) is an algebraic linear system of equations, which can be solved for the relative amplitude vector 𝐪rel

𝐪rel = 𝐆𝐇I
𝑐𝑒𝐟

I
𝑒 −𝐆𝐇II

𝑐𝑒𝐟
II
𝑒 (12)

where: 
𝐆 = [I + (𝐇I

𝑐𝑐 +𝐇II
𝑐𝑐 )𝐊

∗
𝑐 ]

−1 (13)
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Next, the solution of the coupled system in the subdomains I and II at arbitrary degrees of freedom (𝑟) can be derived by 
substituting Eq. (12) into Eqs. (7) and (8) as follows 

𝐪I𝑟 = (𝐇I
𝑟𝑒 −𝐇I

𝑟𝑐𝐊
∗
𝑐𝐆𝐇I

𝑐𝑒)𝐟
I
𝑒 +𝐇I

𝑟𝑐𝐊
∗
𝑐𝐆𝐇II

𝑐𝑒𝐟
II
𝑒 (14)

𝐪II𝑟 = 𝐇II
𝑟𝑐𝐊

∗
𝑐𝐆𝐇I

𝑐𝑒𝐟
I
𝑒 + (𝐇II

𝑟𝑒 −𝐇II
𝑟𝑐𝐊

∗
𝑐𝐆𝐇II

𝑐𝑒)𝐟
II
𝑒 (15)

The Power Spectral Density (PSD) function matrix of the stationary stochastic excitation 𝐒𝜉𝜉 (𝜔) is obtained by ensemble averaging 
the realizations of the Fourier spectrum 𝝃𝑇 (𝜔̄, 𝜔) of the sample (𝜔̄) over time interval [0, 𝑇 ] [46] in the form 

𝐒𝝃𝝃 (𝜔) = lim
𝑇→∞

1
𝑇
E[𝝃𝑇 (𝜔̄, 𝜔)𝝃∗𝑇 (𝜔̄, 𝜔)], (16)

where E[⋅] is the expectation operator and the asterisk superscripts denote the transpose complex conjugate. The expectation operator 
performs an ensemble average over all realizations, thereby eliminating the dependence on the specific realization 𝜔̄. In a similar 
manner, the PSD and cross-PSD functions of the stationary stochastic process vectors associated with the response and excitation of 
substructure I, 𝐟 I𝑒(𝑡), and substructure II, 𝐟 II𝑒 (𝑡), can be derived from the Fourier spectrum of a realization (𝜔̄) over the time interval 
[0, 𝑇 ].

Substituting the closed-form solution for the displacement amplitude vector of substructure I (Eq. (14)) into the PSD definition 
(Eq. (16)) yields

𝐒𝐪I𝑟𝐪I𝑟 (𝜔) = lim
𝑇→∞

1
𝑇
E[𝐪I𝑟(𝜔̄, 𝜔)𝐪

I
𝑟
∗(𝜔̄, 𝜔)] =

lim
𝑇→∞

1
𝑇
E[(𝐇I

𝑟𝑒 −𝐇I
𝑟𝑐𝐊

∗
𝑐𝐆𝐇I

𝑐𝑒)𝐟
I
𝑒𝐟

I
𝑒
∗(𝐇I

𝑟𝑒 −𝐇I
𝑟𝑐𝐊

∗
𝑐𝐆𝐇I

𝑐𝑒)
∗

+𝐇I
𝑟𝑐𝐊

∗
𝑐𝐆𝐇II

𝑐𝑒𝐟
II
𝑒 𝐟

I
𝑒
∗(𝐇I

𝑟𝑒 −𝐇I
𝑟𝑐𝐊

∗
𝑐𝐆𝐇I

𝑐𝑒)
∗ + (𝐇I

𝑟𝑒 −𝐇I
𝑟𝑐𝐊

∗
𝑐𝐆𝐇I

𝑐𝑒)𝐟
I
𝑒𝐟

II∗𝑒 (𝐇I
𝑟𝑐𝐊

∗
𝑐𝐆𝐇II

𝑐𝑒)
∗ +𝐇I

𝑟𝑐𝐊
∗
𝑐𝐆𝐇II

𝑐𝑒𝐟
II
𝑒 𝐟

II∗𝑒 (𝐇I
𝑟𝑐𝐊

∗
𝑐𝐆𝐇II

𝑐𝑒)
∗] (17)

Considering that the receptance and coupling matrices are deterministic, they can be factored out of the expectation operator, 
which then acts only on the external force terms, yielding the PSD and cross-PSD of the excitation vectors. This results in a 
closed-form relationship between the excitation and response PSDs, which can be expressed as

𝐒𝐪I𝑟𝐪I𝑟 (𝜔) = (𝐇I
𝑟𝑒 −𝐇I

𝑟𝑐𝐊
∗
𝑐𝐆𝐇I

𝑐𝑒)𝐒𝐟 I𝑒𝐟 I𝑒 (𝐇
I
𝑟𝑒 −𝐇I

𝑟𝑐𝐊
∗
𝑐𝐆𝐇I

𝑐𝑒)
∗ +𝐇I

𝑟𝑐𝐊
∗
𝑐𝐆𝐇II

𝑐𝑒𝐒𝐟 II𝑒 𝐟 I𝑒
(𝐇I

𝑟𝑒 −𝐇I
𝑟𝑐𝐊

∗
𝑐𝐆𝐇I

𝑐𝑒)
∗

+ (𝐇I
𝑟𝑒 −𝐇I

𝑟𝑐𝐊
∗
𝑐𝐆𝐇I

𝑐𝑒)𝐒𝐟 I𝑒𝐟 II𝑒 (𝐇
I
𝑟𝑐𝐊

∗
𝑐𝐆𝐇II

𝑐𝑒)
∗ +𝐇I

𝑟𝑐𝐊
∗
𝑐𝐆𝐇II

𝑐𝑒𝐒𝐟 II𝑒 𝐟 II𝑒
(𝐇I

𝑟𝑐𝐊
∗
𝑐𝐆𝐇II

𝑐𝑒)
∗ (18)

Similarly, the auto and cross-PSD matrices of the response for substructures I and II can be derived, leading to the following 
stochastic dynamic substructuring equation 

[

𝐒𝐪I𝑟𝐪I𝑟 𝐒𝐪I𝑟𝐪II𝑟
𝐒𝐪II𝑟 𝐪I𝑟 𝐒𝐪II𝑟 𝐪II𝑟

]

=
[

𝐀 𝐁
𝐂 𝐃

]

[

𝐒𝐟 I𝑒𝐟 I𝑒 𝐒𝐟 I𝑒𝐟 II𝑒
𝐒𝐟 II𝑒 𝐟 I𝑒

𝐒𝐟 II𝑒 𝐟 II𝑒

]

[

𝐀∗ 𝐂∗

𝐁∗ 𝐃∗

]

, (19)

where: 
𝐀 = 𝐇I

𝑟𝑒 −𝐇I
𝑟𝑐𝐊

∗
𝑐𝐆𝐇I

𝑐𝑒, (20)

𝐁 = 𝐇I
𝑟𝑐𝐊

∗
𝑐𝐆𝐇II

𝑐𝑒, (21)

𝐂 = 𝐇II
𝑟𝑐𝐊

∗
𝑐𝐆𝐇I

𝑐𝑒, (22)

𝐃 = 𝐇II
𝑟𝑒 −𝐇II

𝑟𝑐𝐊
∗
𝑐𝐆𝐇II

𝑐𝑒. (23)

Eq.  (19) presents a closed-form input–output relationship for stochastic dynamic substructuring, in terms of the PSD functions of 
the excitation and response. This formulation relies on the receptance matrices of the individual substructures at limited DOFs and 
the coupling matrix, thus, offering significant computational advantages. Specifically, it eliminates the need for repeated solutions of 
the full system of equations of the original system during design and calibration, which would otherwise require multiple simulations. 
The deterministic dynamics of each substructure can be computed in parallel and subsequently combined through the stochastic 
dynamic substructuring relationship.

Moreover, the proposed framework is highly versatile. It can be applied when the FRFs of the substructures are obtained 
experimentally, or in hybrid scenarios where one substructure is modeled numerically and another is characterized through 
measurements. The approach requires only a single matrix inversion to compute matrix 𝐆, whose size corresponds to the number of 
connection degrees of freedom (DOFs) – typically much smaller than the total number of DOFs in the coupled system. Additionally, 
this method accommodates systems in which one substructure exhibits visco-elastic boundary conditions. In such cases, the second 
substructure can be treated as a rigid body by setting its receptance matrix to zero.
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Fig. 2. Schematic representation of the two MDOF lumped parameter substructures connected via viscoelastic elements and subjected to a 
Gaussian random excitation.

3. Numerical results

In many engineering applications, it is often necessary to modify the dynamic behavior of a structure by attaching an additional 
component, for example, a tuned mass damper to a large structure like a building subjected to stochastic seismic ground motion [47]. 
In other cases, such as in automotive applications [48], two pre-designed components must be connected, and the objective is to 
design the connecting element while predicting the response of the assembled system. In such scenarios, dynamic substructuring 
offers a valuable approach, as it enables efficient analysis of the overall system without repeatedly solving the full model during 
each design iteration.

To demonstrate the applicability and effectiveness of this approach, this section presents two case studies employing the 
stochastic dynamic substructuring method. The first involves two multi-degree-of-freedom lumped parameter systems connected 
by a linear viscoelastic element and subjected to white noise excitation (Section 3.1). The second considers a model of an offshore 
wind turbine connected to a monopile via connection pieces, with wave loading acting as a random excitation (Section 3.2).

3.1. Case study I: Lumped parameter system

Lumped parameter modeling is advantageous due to its simplicity and computational efficiency, making it well-suited for early-
stage analysis and conceptual design. Despite its reduced complexity, it often captures essential dynamic behavior with sufficient 
accuracy. The first example is a two lumped parameter MDOF system that represents the dynamics of two different substructures. 
The first substructure is clamped at one end and is free at the other, and the second substructure has free-free boundary conditions. 
The two substructures are connected through a linear viscoelastic element as depicted in Fig.  2. The governing equations of motion 
and the characteristic matrices are provided in Appendix.

In this example, each substructure is assumed to have five degrees of freedom, with identical mass and stiffness properties: 
𝑚𝑖 = 10 [kg] and 𝑘𝑖 = 103 [N/m]. The damping in both substructures is modeled as stiffness-proportional, resulting in equal damping 
coefficients of 𝑐𝑖 = 1 [N s/m]. The viscoelastic connection, consisting of a spring with stiffness 𝑘𝑐 = 103 [N/m] and a damper with 
coefficient 𝑐𝑐 = 2 [N s/m] is attached to the free end of each substructure. The coupled system is subjected to stochastic excitation 
at the second degree of freedom of substructure I (see Fig.  2) characterized by a power spectral density function 𝑆𝑓 (𝜔).

The stochastic dynamic substructuring method (Eq. (19)) is applied to the system and compared with a direct frequency-domain 
solution of the fully assembled model under white noise excitation (𝑆𝑓 (𝜔) = 1). The results are depicted in Fig.  3. The computation 
of the receptance matrix of each substructure is carried out using modal analysis with all the modes included, whereas for the full 
system analysis, a direct inversion of the dynamic stiffness matrix is used for calculating the receptance matrix. The results show an 
exact match between the two approaches, confirming the accuracy of the SDS method. The only potential source of approximation 
lies in the computation of the subsystems’ FRFs; however, in this example, all mode shapes are included, eliminating this source of 
error. Furthermore, Fig.  3 (b, c) illustrates identical results, demonstrating the anticipated agreement in the cross power spectral 
density with the theoretical predictions.

It is worth noting, that each substructure possesses proportional damping, which allows for the employment of classical modal 
analysis. However, the damping introduced by the connecting element renders the coupled system nonproportional, which prevents 
the use of standard modal decomposition. As a result, the receptance matrix of the coupled system must be obtained either through 
direct inversion of the full dynamic stiffness matrix or by employing complex modal analysis, which doubles the size of the system. In 
contrast, the stochastic dynamic substructuring formulation enables efficient computation of each substructure’s receptance matrix 
via modal analysis and combines them using a closed-form coupling expression (Eq. (19)). This demonstrates the method’s efficiency 
not only during iterative design, by avoiding repeated full-system analyses, but also within a single design iteration. While this is 
not critical for low-dimensional systems, it becomes increasingly important as the number of DOFs grows.

3.2. Case study II: Offshore wind turbine

Offshore structures such as jacket platforms and wind turbines are exposed to a range of stochastic environmental loads generated 
by waves, wind, and seismic events [49,50]. In the second case study, an offshore wind turbine mounted on a monopile via transition 
pieces (see Fig.  4) is studied. The proposed formulation is capable of accounting for multiple load sources, such as wind, wave, 
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Fig. 3. Comparison of auto (a, d) and cross (b, c) power spectral densities at the free ends of each substructure under white noise excitation, 
using the full system and Stochastic Dynamic Substructuring (SDS).

and seismic interactions, through the inclusion of cross-PSD terms in the excitation. However, for simplicity and without loss of 
generality, the present study considers only wave loading as the source of stochastic excitation.

A representative model of a wind turbine coupled to a monopile is considered, incorporating certain assumptions. The monopile 
is clamped to the ground at the seabed level, neglecting soil–structure interaction. The monopile, tower, and blades are modeled 
as uniform cylinders with lengths 𝐿𝑚, 𝐿𝑡, and 𝐿𝑏, respectively. An isotropic linear elastic material is assumed for all components, 
characterized by Young’s modulus 𝐸𝑗 , Poisson’s ratio 𝜈𝑗 , density 𝜌𝑗 , and annular cross-sections with inner radius 𝑅𝑗

𝑖  and outer radius 
𝑅𝑗
𝑜, where 𝑗 ∶= 𝑚, 𝑡, 𝑏 denotes the monopile, tower, and blades, respectively. The random vibration response is derived for a fixed 

blade angle 𝜃 with respect to the tower (see Fig.  4).
The monopile, tower, and blades are discretized using the finite element method with 𝑁𝑗 three-dimensional Timoshenko beam 

elements, each with six degrees of freedom per node. The transition pieces are modeled as a viscoelastic matrix 𝐊∗
𝑐 = 𝐊𝑐 + 𝑗𝜔𝐂𝑐 , 

which has six degrees of freedom and connects the wind turbine to the monopile. Without loss of generality, the stiffness 𝐊𝑐 and 
damping 𝐂𝑐 matrices are assumed diagonal, with translational stiffness and damping denoted by 𝑘𝑐 , 𝑐𝑐 , and rotational stiffness and 
damping by 𝑘𝑟𝑐 and 𝑐𝑟𝑐 , respectively. The wind turbine nacelle is modeled as a concentrated mass, characterized by three translational 
masses 𝑚𝑛 and three rotary inertias 𝐼𝑖𝑖 about axis 𝑖. Table  1 lists the parameters used for the coupled structure, which are based on 
the IEA 15-megawatt offshore wind turbine [51], with some approximations for the present model.

The coupled wind turbine–monopile structure is excited by stochastic wave loading. The wave load varies based on the free 
surface elevation of the sea. The wave surface elevation 𝜂(𝑡) is modeled as a zero-mean, stationary Gaussian random process, fully 
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Fig. 4. Schematic illustration (a) and simulation model (b) of the offshore wind turbine with monopile subjected to stochastic wave loading.

Table 1
Material, geometric, and mesh properties of the subsystems.
 Blade Tower Monopile Nacelle Transition piece  
 𝐿𝑏 = 117 [m] 𝐿𝑡 = 145 [m] 𝐿𝑚 = 35 [m] 𝑚𝑥 = 820 [kg] 𝑘𝑐 = 1e11 N

m
 

 𝑅𝑏
𝑖 = 1.9 [m] 𝑅𝑡

𝑖 = 7.97 [m] 𝑅𝑚
𝑖 = 9.95 [m] 𝑚𝑦 = 820 [kg] 𝑘𝑟𝑐 = 1e13 N m

rad
 

 𝑅𝑏
𝑜 = 2.2 [m] 𝑅𝑡

𝑜 = 8 [m] 𝑅𝑚
𝑜 = 10 [m] 𝑚𝑧 = 820 [kg] 𝑐𝑐 = 5e8 N s

m
 

 𝐸𝑏 = 30 [GPa] 𝐸𝑡 = 200 [GPa] 𝐸𝑚 = 200 [GPa] 𝐼𝑥𝑥 = 21430 [kg m2] 𝑐𝑟𝑐 = 1e10 N m s
rad

 
 𝜈𝑏 = 0.3 𝜈𝑡 = 0.3 𝜈𝑚 = 0.3 𝐼𝑦𝑦 = 18680 [kg m2]  
 𝜌𝑏 = 1900 

[

kg
m3

]

𝜌𝑡 = 7850 
[

kg
m3

]

𝜌𝑚 = 7850 
[

kg
m3

]

𝐼𝑧𝑧 = 12600 [kg m2]  
 𝑁𝑏 = 117 𝑁𝑡 = 145 𝑁𝑚 = 35  
 𝜃 = 30◦  

characterized by its spectral density function 𝑆𝜂(𝜔). There are different relationships for modeling the spectrum, such as Pierson–
Moskowitz [52] and JONSWAP [53]. In this study, Pierson–Moskowitz spectrum has been used for the sea surface elevation, which 
can be represented as: 

𝑆𝜂(𝜔) = 𝛼𝑔2𝜔−5 exp

(

−𝛽
(

𝑔
𝜔𝑈10

)4
)

, (24)
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Fig. 5. Comparison of auto (a, d) and cross (b, c) power spectral densities at the free end of the blade and tip of the monopile (Fig.  4) under 
wave excitation, using the full system and stochastic dynamic substructuring (SDS).

where 𝑔 = 9.81 [m/s2] is the acceleration due to gravity, 𝑈10 = 10 [m/s] is the wind speed measured at 10 m above the sea surface, 
𝛼 = 8.1e−3 is the Phillips constant, and 𝛽 ≈ 0.74 is an decay constant. According to linear wave theory, the spectral density of 
the horizontal water-particle velocity 𝑢̇ depends on the vertical position within the water column [54]. In this study, the vertical 
variation is neglected and a uniform distribution along the monopile is assumed, such that the velocity spectrum is approximated 
as 𝑆𝑢̇𝑢̇ ≈ 𝜔2𝑆𝜂 . Wave loads exciting the monopile (substructure I) are represented by the Morison equation [55,56]. By neglecting 
the drag term and the correlation between the force at each point load, the force spectrum matrices in Eq. (19) are represented as 

𝐒𝐟 I𝑒𝐟 I𝑒 (𝜔) = (𝜌𝐶𝑚𝑉 )2𝜔4𝑆𝜂(𝜔)𝐈𝑒I𝑒I , (25)

𝐒𝐟 I𝑒𝐟 II𝑒 (𝜔) = 𝟎𝑒I𝑒II , 𝐒𝐟 II𝑒 𝐟 I𝑒
(𝜔) = 𝟎𝑒II𝑒I , 𝐒𝐟 II𝑒 𝐟 II𝑒

(𝜔) = 𝟎𝑒II𝑒II , (26)

where 𝜌 = 1025 [kg/m3] is the density of seawater, 𝐶𝑚 = 2 is the inertia coefficient, and 𝑉 = 𝜋(𝑅𝑚
𝑜 )

2 is the displaced volume 
per unit of length. 𝐈𝑒𝑖𝑒𝑖  and 𝟎𝑒𝑖𝑒𝑖  denote the identity and zero matrices, respectively, of size equal to the excitation DOFs 𝑒𝑖 × 𝑒𝑗 in 
substructure 𝑖, 𝑗 = I, II.

Fig.  5 compares the response spectra obtained from the full-system model and the stochastic dynamic substructuring (SDS) 
method at the tip of the horizontal blade and the monopile (see Fig.  4). The spectra are presented along the 𝑥 direction (sway) and 
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Table 2
Computational time for calculating responses in Fig.  5.
 Time [s] Average time per frequency step [s] 
 Full 58 002 5.27  
 SDS 637 0.057  

the 𝑧 direction (surge). It is assumed that 90 percent of the monopile is submerged and that the wave load is applied at a 45-degree 
angle relative to the 𝑥 axis.

For the full-system model, the receptance matrix is computed using direct inversion due to the nonproportional damping 
introduced by the connection. In the case of SDS, the receptance matrix is evaluated at the required degrees of freedom using 
all mode shapes of each substructure, as specified in Eq. (19). The results show excellent agreement between the two methods, with 
significant computational savings (see Table  2), while enabling independent modification of each substructure without reanalyzing 
the entire system. The computational advantage stems from the ability to perform modal analysis on individual substructures, which 
is not feasible for the coupled system due to the nonproportional damping. In the stochastic dynamic substructuring approach, only a 
small matrix, corresponding to the connection DOFs, needs to be inverted, in contrast to the full system’s size. This formulation also 
enables combining numerical models with experimental data from different structures. Additionally, the closed-form substructuring 
equation can be applied in operational modal analysis to identify dynamic properties of individual substructures or connections. 
These two applications are left for future investigation.

4. Conclusion

A stochastic dynamic substructuring method in the frequency domain has been introduced. The spectral characteristics of 
a coupled system’s random response can be obtained directly from those of the stationary stochastic excitation. Substructures 
connected by linear viscoelastic elements with arbitrary degrees of freedom are coupled through an exact closed-form expression. 
This formulation requires only the deterministic frequency response function of each isolated substructure with a free interface at 
the connection, evaluated at limited degrees of freedom. Since FRFs are measurable quantities, this makes the method suitable for 
numerical simulations, experimental testing, and hybrid approaches.

Stochastic dynamic substructuring offers several advantages over existing methods. From a computational perspective, it enables 
separate analysis of each substructure and connection, supporting parallel processing and allowing different model reduction 
techniques tailored to each component’s damping characteristics. This flexibility is often not possible in the full system due to the 
presence of nonproportional damping. The method is also beneficial for iterative procedures such as model calibration, optimization, 
and localized modification, since only the affected part must be updated, without resolving the complete system.

The method’s accuracy and efficiency have been demonstrated through two examples: a lumped parameter system excited 
by white noise and a monopile-supported wind turbine under stationary random wave loading. Significant computational gains 
were observed in the system with a high number of degrees of freedom. Additionally, the formulation supports the combination 
of measured data from one substructure with numerical results from another to evaluate the dynamic response of the assembled 
structure under operational conditions, although this capability was not the focus of the current work.
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Appendix. Characteristic matrices of case study I

The coupled system in Case Study I is modeled as two substructures, each possessing five degrees of freedom (DOFs), connected 
through a single DOF. The governing equations of motion are given by Eqs.  (4) and (5) for Substructures I and II, respectively. For 
Substructure I, the linear DOFs are defined as 𝑙 = [1, 2, 3, 4], the connection DOF as 𝑐 = [5], the excitation DOF as 𝑒 = [2], and the 
response DOF as 𝑟 = [5]. For Substructure II, the linear DOFs are 𝑙 = [2, 3, 4, 5], the connection DOF is 𝑐 = [1], there is no excitation 
DOF (𝑒 = []), and the response DOF is 𝑟 = [5].

After defining the substructures and the associated DOFs, specific components of the receptance matrices for each substructure are 
required to compute the PSD of the response using Eq. (19). In this case study, these components are obtained via modal expansion 
of each individual substructure, assuming it is free at the connection DOF. To determine the natural frequencies and corresponding 
mode shapes, the characteristic matrices of each substructure are required, which are given as follows

Substructure I: 

𝐌I =

⎡

⎢

⎢

⎢

⎢

⎢

⎣

𝑚1 0 0 0 0
0 𝑚2 0 0 0
0 0 𝑚3 0 0
0 0 0 𝑚4 0
0 0 0 0 𝑚5

⎤

⎥

⎥

⎥

⎥

⎥

⎦

, (A.1)

𝐂I =

⎡

⎢

⎢

⎢

⎢

⎢

⎣

𝑐1 + 𝑐2 −𝑐2 0 0 0
−𝑐2 𝑐2 + 𝑐3 −𝑐3 0 0
0 −𝑐3 𝑐3 + 𝑐4 −𝑐4 0
0 0 −𝑐4 𝑐4 + 𝑐5 −𝑐5
0 0 0 −𝑐5 𝑐5

⎤

⎥

⎥

⎥

⎥

⎥

⎦

, (A.2)

𝐊I =

⎡

⎢

⎢

⎢

⎢

⎢

⎣

𝑘1 + 𝑘2 −𝑘2 0 0 0
−𝑘2 𝑘2 + 𝑘3 −𝑘3 0 0
0 −𝑘3 𝑘3 + 𝑘4 −𝑘4 0
0 0 −𝑘4 𝑘4 + 𝑘5 −𝑘5
0 0 0 −𝑘5 𝑘5

⎤

⎥

⎥

⎥

⎥

⎥

⎦

. (A.3)

Substructure II: 

𝐌II =

⎡

⎢

⎢

⎢

⎢

⎢

⎣

𝑚1 0 0 0 0
0 𝑚2 0 0 0
0 0 𝑚3 0 0
0 0 0 𝑚4 0
0 0 0 0 𝑚5

⎤

⎥

⎥

⎥

⎥

⎥

⎦

, (A.4)

𝐂II =

⎡

⎢

⎢

⎢

⎢

⎢

⎣

𝑐1 −𝑐1 0 0 0
−𝑐1 𝑐1 + 𝑐2 −𝑐2 0 0
0 −𝑐2 𝑐2 + 𝑐3 −𝑐3 0
0 0 −𝑐3 𝑐3 + 𝑐4 −𝑐4
0 0 0 −𝑐4 𝑐4

⎤

⎥

⎥

⎥

⎥

⎥

⎦

, (A.5)

𝐊II =

⎡

⎢

⎢

⎢

⎢

⎢

⎣

𝑘1 −𝑘1 0 0 0
−𝑘1 𝑘1 + 𝑘2 −𝑘2 0 0
0 −𝑘2 𝑘2 + 𝑘3 −𝑘3 0
0 0 −𝑘3 𝑘3 + 𝑘4 −𝑘4
0 0 0 −𝑘4 𝑘4

⎤

⎥

⎥

⎥

⎥

⎥

⎦

. (A.6)

The connection matrix (Eq. (9)) in this case is given by 𝐊∗
𝑐 (𝜔) = [𝑘𝑐 + 𝑗𝜔𝑐𝑐 ]. Since excitation is applied only to Substructure 

I, Eq. (19) simplifies such that 𝐒𝐟 I𝑒𝐟𝑒II = 𝐒𝐟 II𝑒 𝐟𝑒I = 𝐒𝐟 II𝑒 𝐟𝑒II = [0], while 𝐒𝐟 I𝑒𝐟 I𝑒 = [𝑆𝑓 (𝜔)]. The numerical values of the aforementioned 
parameters are reported in Section 3.1.

The mode shapes of each substructure are computed once. Subsequently, the response PSD is obtained by sweeping over the 
frequency 𝜔, with the remaining computations consisting of matrix multiplications at each frequency step using Eq. (19).

Data availability

Data will be made available on request.

Mechanical Systems and Signal Processing 254 (2026) 114394 

11 



H. Soleimani et al.

References

[1] S. Adhikari, M.I. Friswell, K. Lonkar, A. Sarkar, Experimental case studies for uncertainty quantification in structural dynamics, Probab. Eng. Mech. 24 
(2009) 473–492, http://dx.doi.org/10.1016/j.probengmech.2009.01.005, URL https://www.sciencedirect.com/science/article/pii/S0266892009000125.

[2] C. Soize, Stochastic modeling of uncertainties in computational structural dynamics—Recent theoretical advances, J. Sound Vib. 332 (2013) 2379–2395, 
http://dx.doi.org/10.1016/j.jsv.2011.10.010, URL https://www.sciencedirect.com/science/article/pii/S0022460X11007966.

[3] M. Shinozuka, Monte Carlo solution of structural dynamics, Comput. Struct. 2 (5) (1972) 855–874, http://dx.doi.org/10.1016/0045-7949(72)90043-0, URL 
https://www.sciencedirect.com/science/article/pii/0045794972900430.

[4] C. Song, R. Kawai, Monte Carlo and variance reduction methods for structural reliability analysis: A comprehensive review, Probab. Eng. Mech. 73 (2023) 
103479, http://dx.doi.org/10.1016/j.probengmech.2023.103479, URL https://www.sciencedirect.com/science/article/pii/S0266892023000681.

[5] G. Muscolino, G. Ricciardi, N. Impollonia, Improved dynamic analysis of structures with mechanical uncertainties under deterministic input, 
Probab. Eng. Mech. 15 (2) (2000) 199–212, http://dx.doi.org/10.1016/S0266-8920(99)00021-1, URL https://www.sciencedirect.com/science/article/pii/
S0266892099000211.

[6] G. Muscolino, A. Sofi, Bounds for the stationary stochastic response of truss structures with uncertain-but-bounded parameters, Mech. Syst. Signal Process. 
37 (1) (2013) 163–181, http://dx.doi.org/10.1016/j.ymssp.2012.06.016, URL https://www.sciencedirect.com/science/article/pii/S0888327012002518.

[7] A.M. Panunzio, L. Salles, C.W. Schwingshackl, Uncertainty propagation for nonlinear vibrations: A non-intrusive approach, J. Sound Vib. 389 (2017) 
309–325, http://dx.doi.org/10.1016/j.jsv.2016.09.020, URL https://www.sciencedirect.com/science/article/pii/S0022460X16304862.

[8] J. Yuan, A. Fantetti, E. Denimal, S. Bhatnagar, L. Pesaresi, C. Schwingshackl, L. Salles, Propagation of friction parameter uncertainties in the nonlinear 
dynamic response of turbine blades with underplatform dampers, Mech. Syst. Signal Process. 156 (2021) 107673, http://dx.doi.org/10.1016/j.ymssp.2021.
107673, URL https://www.sciencedirect.com/science/article/pii/S0888327021000686.

[9] T. Chatterjee, D. Karličić, S. Adhikari, M.I. Friswell, Gaussian process assisted stochastic dynamic analysis with applications to near-periodic structures, 
Mech. Syst. Signal Process. 149 (2021) 107218, http://dx.doi.org/10.1016/j.ymssp.2020.107218, URL https://www.sciencedirect.com/science/article/pii/
S088832702030604X.

[10] S. Bi, M. Beer, S. Cogan, J. Mottershead, Stochastic model updating with uncertainty quantification: An overview and tutorial, Mech. Syst. Signal Process. 
204 (2023) 110784, http://dx.doi.org/10.1016/j.ymssp.2023.110784, URL https://www.sciencedirect.com/science/article/pii/S0888327023006921.

[11] C. Fu, J.-J. Sinou, W. Zhu, K. Lu, Y. Yang, A state-of-the-art review on uncertainty analysis of rotor systems, Mech. Syst. Signal Process. 183 (2023) 
109619, http://dx.doi.org/10.1016/j.ymssp.2022.109619, URL https://www.sciencedirect.com/science/article/pii/S0888327022007087.

[12] G. Yang, H. She, M. Wu, C. Mi, C. Zang, C. Li, Multi-source uncertainty propagation and sensitivity analysis of turbine blades with underplatform dampers, 
Probab. Eng. Mech. 76 (2024) 103635, http://dx.doi.org/10.1016/j.probengmech.2024.103635, URL https://www.sciencedirect.com/science/article/pii/
S0266892024000572.

[13] K.M. Papadimitriou, Stochastic Characterization of Strong Ground Motion and Applications to Structural Response, California Institute of Technology, 
1991.

[14] M. Tootkaboni, L. Graham-Brady, Stochastic direct integration schemes for dynamic systems subjected to random excitations, Probab. Eng. Mech. 25 (2010) 
163–171, http://dx.doi.org/10.1016/j.probengmech.2009.10.001, URL https://www.sciencedirect.com/science/article/pii/S0266892009000642.

[15] I.A. Kougioumtzoglou, V.C. Fragkoulis, A.A. Pantelous, A. Pirrotta, Random vibration of linear and nonlinear structural systems with singular matrices: A 
frequency domain approach, J. Sound Vib. 404 (2017) 84–101, http://dx.doi.org/10.1016/j.jsv.2017.05.038, URL https://www.sciencedirect.com/science/
article/pii/S0022460X17304340.

[16] G. Pasparakis, I. Kougioumtzoglou, V. Fragkoulis, F. Kong, M. Beer, Excitation–response relationships for linear structural systems with singular parameter 
matrices: A periodized harmonic wavelet perspective, Mech. Syst. Signal Process. 169 (2022) 108701, http://dx.doi.org/10.1016/j.ymssp.2021.108701, 
URL https://www.sciencedirect.com/science/article/pii/S0888327021010220.

[17] G. Pasparakis, V. Fragkoulis, M. Beer, Harmonic wavelets based response evolutionary power spectrum determination of linear and nonlinear structural 
systems with singular matrices, Mech. Syst. Signal Process. 149 (2021) 107203, http://dx.doi.org/10.1016/j.ymssp.2020.107203, URL https://www.
sciencedirect.com/science/article/pii/S0888327020305896.

[18] A.F. Psaros, Y. Zhao, I.A. Kougioumtzoglou, An exact closed-form solution for linear multi-degree-of-freedom systems under Gaussian white noise 
via the Wiener path integral technique, Probab. Eng. Mech. 60 (2020) 103040, http://dx.doi.org/10.1016/j.probengmech.2020.103040, URL https:
//www.sciencedirect.com/science/article/pii/S0266892020300254.

[19] A. Di Matteo, P.D. Spanos, Determination of nonstationary stochastic response of linear oscillators with fractional derivative elements of rational order, 
J. Appl. Mech. 91 (4) (2023) 041008, http://dx.doi.org/10.1115/1.4064143, URL https://asmedigitalcollection.asme.org/appliedmechanics/article/91/4/
041008/1171668/Determination-of-Nonstationary-Stochastic-Response.

[20] F. Kong, Y. Xu, X. Hong, L. Zhi, H. Cao, An analytical approach for response power spectral density determination of linear systems using stochastic 
harmonic function, Probab. Eng. Mech. 79 (2025) 103739, http://dx.doi.org/10.1016/j.probengmech.2025.103739, URL https://www.sciencedirect.com/
science/article/pii/S0266892025000116.

[21] Y. Zhao, J. Liu, Y. Ren, Rapid uncertainty quantification for structural Full-field dynamic responses with extremely high dimension, Reliab. Eng. Syst. Saf. 
(2025) 111097, http://dx.doi.org/10.1016/j.ress.2025.111097, URL https://www.sciencedirect.com/science/article/pii/S0951832025002984.

[22] M.S. Allen, D. Rixen, M.V. der Seijs, P. Tiso, T. Abrahamsson, R.L. Mayes, Substructuring in Engineering Dynamics, Springer, 2020, URL https:
//link.springer.com/book/10.1007/978-3-030-25532-9.

[23] H. Soleimani, N. Aage, Nonlinear dynamic substructuring in the frequency domain, Comput. Methods Appl. Mech. Engrg. 439 (2025) 117882, http:
//dx.doi.org/10.1016/j.cma.2025.117882, URL https://www.sciencedirect.com/science/article/pii/S0045782525001549.

[24] H. Soleimani, J.S. Jaworski, E. Creixell-Mediante, N. Aage, Influence of contact constitutive equations on the vibro-impact response of structures, 
Mech. Syst. Signal Process. 241 (2025) 113501, http://dx.doi.org/10.1016/j.ymssp.2025.113501, URL https://www.sciencedirect.com/science/article/pii/
S0888327025012026.

[25] C. Soize, H. Chebli, Random uncertainties model in dynamic substructuring using a nonparametric probabilistic model, J. Eng. Mech. 129 (2003) 449–457, 
http://dx.doi.org/10.1061/(ASCE)0733-9399(2003)129:4(449).

[26] A. Sarkar, R. Ghanem, A substructure approach for the midfrequency vibration of stochastic systems, J. Acoust. Soc. Am. 113 (4) (2003) 1922–1934, 
http://dx.doi.org/10.1121/1.1558374, arXiv:https://pubs.aip.org/asa/jasa/article-pdf/113/4/1922/8091672/1922_1_online.pdf.

[27] W. D’Ambrogio, A. Fregolent, Effect of uncertainties on substructure coupling: Modelling and reduction strategies, Mech. Syst. Signal Process. 23 (2009) 
588–605, http://dx.doi.org/10.1016/j.ymssp.2008.07.018, URL https://www.sciencedirect.com/science/article/pii/S0888327008002008.

[28] T. Chatterjee, S. Adhikari, M.I. Friswell, Uncertainty propagation in dynamic sub-structuring by model reduction integrated domain decomposition, Comput. 
Methods Appl. Mech. Engrg. 366 (2020) 113060, http://dx.doi.org/10.1016/j.cma.2020.113060, URL https://www.sciencedirect.com/science/article/pii/
S0045782520302449.

[29] S.D. Lellis, A. Stabile, G.S. Aglietti, G. Richardson, Structural uncertainty estimation through a Craig-Bampton Stochastic Method optimisation in 
satellites structures, J. Sound Vib. 469 (2020) 115123, http://dx.doi.org/10.1016/j.jsv.2019.115123, URL https://www.sciencedirect.com/science/article/
pii/S0022460X19306868.

Mechanical Systems and Signal Processing 254 (2026) 114394 

12 

http://dx.doi.org/10.1016/j.probengmech.2009.01.005
https://www.sciencedirect.com/science/article/pii/S0266892009000125
http://dx.doi.org/10.1016/j.jsv.2011.10.010
https://www.sciencedirect.com/science/article/pii/S0022460X11007966
http://dx.doi.org/10.1016/0045-7949(72)90043-0
https://www.sciencedirect.com/science/article/pii/0045794972900430
http://dx.doi.org/10.1016/j.probengmech.2023.103479
https://www.sciencedirect.com/science/article/pii/S0266892023000681
http://dx.doi.org/10.1016/S0266-8920(99)00021-1
https://www.sciencedirect.com/science/article/pii/S0266892099000211
https://www.sciencedirect.com/science/article/pii/S0266892099000211
https://www.sciencedirect.com/science/article/pii/S0266892099000211
http://dx.doi.org/10.1016/j.ymssp.2012.06.016
https://www.sciencedirect.com/science/article/pii/S0888327012002518
http://dx.doi.org/10.1016/j.jsv.2016.09.020
https://www.sciencedirect.com/science/article/pii/S0022460X16304862
http://dx.doi.org/10.1016/j.ymssp.2021.107673
http://dx.doi.org/10.1016/j.ymssp.2021.107673
http://dx.doi.org/10.1016/j.ymssp.2021.107673
https://www.sciencedirect.com/science/article/pii/S0888327021000686
http://dx.doi.org/10.1016/j.ymssp.2020.107218
https://www.sciencedirect.com/science/article/pii/S088832702030604X
https://www.sciencedirect.com/science/article/pii/S088832702030604X
https://www.sciencedirect.com/science/article/pii/S088832702030604X
http://dx.doi.org/10.1016/j.ymssp.2023.110784
https://www.sciencedirect.com/science/article/pii/S0888327023006921
http://dx.doi.org/10.1016/j.ymssp.2022.109619
https://www.sciencedirect.com/science/article/pii/S0888327022007087
http://dx.doi.org/10.1016/j.probengmech.2024.103635
https://www.sciencedirect.com/science/article/pii/S0266892024000572
https://www.sciencedirect.com/science/article/pii/S0266892024000572
https://www.sciencedirect.com/science/article/pii/S0266892024000572
http://refhub.elsevier.com/S0888-3270(26)00551-0/sb13
http://refhub.elsevier.com/S0888-3270(26)00551-0/sb13
http://refhub.elsevier.com/S0888-3270(26)00551-0/sb13
http://dx.doi.org/10.1016/j.probengmech.2009.10.001
https://www.sciencedirect.com/science/article/pii/S0266892009000642
http://dx.doi.org/10.1016/j.jsv.2017.05.038
https://www.sciencedirect.com/science/article/pii/S0022460X17304340
https://www.sciencedirect.com/science/article/pii/S0022460X17304340
https://www.sciencedirect.com/science/article/pii/S0022460X17304340
http://dx.doi.org/10.1016/j.ymssp.2021.108701
https://www.sciencedirect.com/science/article/pii/S0888327021010220
http://dx.doi.org/10.1016/j.ymssp.2020.107203
https://www.sciencedirect.com/science/article/pii/S0888327020305896
https://www.sciencedirect.com/science/article/pii/S0888327020305896
https://www.sciencedirect.com/science/article/pii/S0888327020305896
http://dx.doi.org/10.1016/j.probengmech.2020.103040
https://www.sciencedirect.com/science/article/pii/S0266892020300254
https://www.sciencedirect.com/science/article/pii/S0266892020300254
https://www.sciencedirect.com/science/article/pii/S0266892020300254
http://dx.doi.org/10.1115/1.4064143
https://asmedigitalcollection.asme.org/appliedmechanics/article/91/4/041008/1171668/Determination-of-Nonstationary-Stochastic-Response
https://asmedigitalcollection.asme.org/appliedmechanics/article/91/4/041008/1171668/Determination-of-Nonstationary-Stochastic-Response
https://asmedigitalcollection.asme.org/appliedmechanics/article/91/4/041008/1171668/Determination-of-Nonstationary-Stochastic-Response
http://dx.doi.org/10.1016/j.probengmech.2025.103739
https://www.sciencedirect.com/science/article/pii/S0266892025000116
https://www.sciencedirect.com/science/article/pii/S0266892025000116
https://www.sciencedirect.com/science/article/pii/S0266892025000116
http://dx.doi.org/10.1016/j.ress.2025.111097
https://www.sciencedirect.com/science/article/pii/S0951832025002984
https://link.springer.com/book/10.1007/978-3-030-25532-9
https://link.springer.com/book/10.1007/978-3-030-25532-9
https://link.springer.com/book/10.1007/978-3-030-25532-9
http://dx.doi.org/10.1016/j.cma.2025.117882
http://dx.doi.org/10.1016/j.cma.2025.117882
http://dx.doi.org/10.1016/j.cma.2025.117882
https://www.sciencedirect.com/science/article/pii/S0045782525001549
http://dx.doi.org/10.1016/j.ymssp.2025.113501
https://www.sciencedirect.com/science/article/pii/S0888327025012026
https://www.sciencedirect.com/science/article/pii/S0888327025012026
https://www.sciencedirect.com/science/article/pii/S0888327025012026
http://dx.doi.org/10.1061/(ASCE)0733-9399(2003)129:4(449)
http://dx.doi.org/10.1121/1.1558374
https://pubs.aip.org/asa/jasa/article-pdf/113/4/1922/8091672/1922_1_online.pdf
http://dx.doi.org/10.1016/j.ymssp.2008.07.018
https://www.sciencedirect.com/science/article/pii/S0888327008002008
http://dx.doi.org/10.1016/j.cma.2020.113060
https://www.sciencedirect.com/science/article/pii/S0045782520302449
https://www.sciencedirect.com/science/article/pii/S0045782520302449
https://www.sciencedirect.com/science/article/pii/S0045782520302449
http://dx.doi.org/10.1016/j.jsv.2019.115123
https://www.sciencedirect.com/science/article/pii/S0022460X19306868
https://www.sciencedirect.com/science/article/pii/S0022460X19306868
https://www.sciencedirect.com/science/article/pii/S0022460X19306868


H. Soleimani et al.

[30] J.-M. Mencik, N. Bouhaddi, Dynamic reanalysis of structures with geometric variability and parametric uncertainties via an adaptive model reduction 
method, Mech. Syst. Signal Process. 190 (2023) 110127, http://dx.doi.org/10.1016/j.ymssp.2023.110127, URL https://www.sciencedirect.com/science/
article/pii/S0888327023000341.

[31] A. Ertürk, H. Özgüven, E. Budak, Analytical modeling of spindle–tool dynamics on machine tools using Timoshenko beam model and receptance coupling 
for the prediction of tool point FRF, Int. J. Mach. Tools Manuf. 46 (15) (2006) 1901–1912, http://dx.doi.org/10.1016/j.ijmachtools.2006.01.032, URL 
https://www.sciencedirect.com/science/article/pii/S0890695506000484.

[32] H. Soleimani, E. Cigeroglu, H.N. Özgüven, 3D linear identification of mechanical joint using FRF decoupling and inverse structural modification methods, 
in: International Design Engineering Technical Conferences and Computers and Information in Engineering Conference, Vol. 10: 33rd Conference on 
Mechanical Vibration and Sound (VIB), 2021, V010T10A009, http://dx.doi.org/10.1115/DETC2021-70934.

[33] T. Bregar, A.E. Mahmoudi, M. Kodrič, D. Ocepek, F. Trainotti, M. Pogačar, M. Göldeli, G. Čepon, M. Boltežar, D.J. Rixen, pyFBS: A python package for 
frequency based substructuring, J. Open Source Softw. 7 (2022) 3399, http://dx.doi.org/10.21105/joss.03399.

[34] M. Brøns, F. Trainotti, D.J. Rixen, A novel optimization framework using frequency-based substructuring for estimation of linear bolted joint stiffness and 
damping, Mech. Syst. Signal Process. 223 (2025) 111806, http://dx.doi.org/10.1016/j.ymssp.2024.111806, URL https://www.sciencedirect.com/science/
article/pii/S0888327024007040.

[35] S. Voormeeren, D. de Klerk, D. Rixen, Uncertainty quantification in experimental frequency based substructuring, Mech. Syst. Signal Process. 24 (1) (2010) 
106–118, http://dx.doi.org/10.1016/j.ymssp.2009.01.016, URL https://www.sciencedirect.com/science/article/pii/S0888327009000570.

[36] J. Meggitt, A. Moorhouse, A covariance based framework for the propagation of correlated uncertainty in frequency based dynamic sub-structuring, 
Mech. Syst. Signal Process. 136 (2020) 106505, http://dx.doi.org/10.1016/j.ymssp.2019.106505, URL https://www.sciencedirect.com/science/article/pii/
S0888327019307265.

[37] F. Trainotti, M. Haeussler, D. Rixen, A practical handling of measurement uncertainties in frequency based substructuring, Mech. Syst. Signal Process. 144 
(2020) 106846, http://dx.doi.org/10.1016/j.ymssp.2020.106846, URL https://www.sciencedirect.com/science/article/pii/S0888327020302326.

[38] J. Li, D. Zhang, Q. Zhang, B. Huo, X. Wang, Structural identification based on substructure decoupling technique considering uncertain dynamic model, 
Mech. Syst. Signal Process. 224 (2025) 111957, http://dx.doi.org/10.1016/j.ymssp.2024.111957, URL https://www.sciencedirect.com/science/article/pii/
S0888327024008550.

[39] G. Muscolino, Dynamically modified linear structures: Deterministic and stochastic response, J. Eng. Mech. 122 (1996) 1044–1051, http://dx.doi.org/10.
1061/(ASCE)0733-9399(1996)122:11(1044).

[40] P. Cacciola, N. Impollonia, G. Muscolino, A dynamic reanalysis technique for general structural modifications under deterministic or stochastic 
input, Comput. Struct. 83 (2005) 1076–1085, http://dx.doi.org/10.1016/j.compstruc.2004.11.017, URL https://www.sciencedirect.com/science/article/pii/
S0045794905000416.

[41] G. Falsone, G. Muscolino, G. Ricciardi, Combined dynamic response of primary and multiply connected cascaded secondary subsystems, Earthq. Eng. Struct. 
Dyn. 20 (1991) 749–767, http://dx.doi.org/10.1002/eqe.4290200804.

[42] C. Adam, P.A. Fotiu, Dynamic analysis of inelastic primary–secondary systems, Eng. Struct. 22 (2000) 58–71, http://dx.doi.org/10.1016/S0141-0296(98)
00073-X, URL https://www.sciencedirect.com/science/article/pii/S014102969800073X.

[43] S. Kasinos, M. Lombardo, N. Makris, A. Palmeri, Dynamic response analysis of nonlinear secondary oscillators to idealised seismic pulses, Earthq. 
Eng. Struct. Dyn. 49 (14) (2020) 1473–1495, http://dx.doi.org/10.1002/eqe.3313, arXiv:https://onlinelibrary.wiley.com/doi/pdf/10.1002/eqe.3313 URL 
https://onlinelibrary.wiley.com/doi/abs/10.1002/eqe.3313.

[44] T.-T. Lu, S.-H. Shiou, Inverses of 2 × 2 block matrices, Comput. Math. Appl. 43 (1) (2002) 119–129, http://dx.doi.org/10.1016/S0898-1221(01)00278-4, 
URL https://www.sciencedirect.com/science/article/pii/S0898122101002784.

[45] Z. Bai, Y. Su, SOAR: A Second-order Arnoldi method for the solution of the quadratic eigenvalue problem, SIAM J. Matrix Anal. Appl. 26 (3) (2005) 
640–659, http://dx.doi.org/10.1137/S0895479803438523.

[46] J. Li, J. Chen, Stochastic Dynamics of Structures, John Wiley & Sons, 2009, http://dx.doi.org/10.1002/9780470824269, URL https://onlinelibrary.wiley.
com/doi/book/10.1002/9780470824269.

[47] D. De Domenico, G. Quaranta, G. Ricciardi, W. Lacarbonara, Optimum design of tuned mass damper with pinched hysteresis under nonstationary stochastic 
seismic ground motion, Mech. Syst. Signal Process. 170 (2022) 108745, http://dx.doi.org/10.1016/j.ymssp.2021.108745, URL https://www.sciencedirect.
com/science/article/pii/S088832702101061X.

[48] P. Wagner, P. Langer, M. Mäder, S. Marburg, Frequency-Based substructuring for virtual prediction and uncertainty quantification of Thin-Walled vehicle 
seat structures, in: 13th International Styrian Noise, Vibration & Harshness Congress: The European Automotive Noise Conference, SAE International, 2024, 
http://dx.doi.org/10.4271/2024-01-2946.

[49] Y. Luo, J. Chen, P.D. Spanos, Determination of monopile offshore structure response to stochastic wave loads via analog filter approximation and GV-GDEE 
procedure, Probab. Eng. Mech. 67 (2022) 103197, http://dx.doi.org/10.1016/j.probengmech.2022.103197, URL https://www.sciencedirect.com/science/
article/pii/S0266892022000017.

[50] Y. Wang, Stochastic Dynamic Response and Stability of Ships and Offshore Platforms, Springer, 2024, http://dx.doi.org/10.1007/978-981-99-5853-5, URL 
https://link.springer.com/book/10.1007/978-981-99-5853-5.

[51] E. Gaertner, J. Rinker, L. Sethuraman, F. Zahle, B. Anderson, G.E. Barter, N.J. Abbas, F. Meng, P. Bortolotti, W. Skrzypinski, G.N. Scott, R. Feil, H. 
Bredmose, K. Dykes, M. Shields, C. Allen, A. Viselli, IEA wind TCP task 37: Definition of the IEA 15-Megawatt offshore reference wind turbine, 2020, 
http://dx.doi.org/10.2172/1603478, URL https://www.osti.gov/biblio/1603478https://www.osti.gov/servlets/purl/1603478.

[52] W.J. Pierson Jr., L. Moskowitz, A proposed spectral form for fully developed wind seas based on the similarity theory of S. A. Kitaigorodskii, J. Geophys. 
Res. (1896-1977) 69 (24) (1964) 5181–5190, http://dx.doi.org/10.1029/JZ069i024p05181, URL https://agupubs.onlinelibrary.wiley.com/doi/abs/10.1029/
JZ069i024p05181.

[53] K. Hasselmann, T.P. Barnett, E. Bouws, H. Carlson, D.E. Cartwright, K. Enke, J. Ewing, A. Gienapp, D. Hasselmann, P. Kruseman, et al., Measurements of 
wind-wave growth and swell decay during the Joint North Sea Wave Project (JONSWAP)., Ergaenzungsheft Dtsch. Hydrogr. Z. Reihe A (1973).

[54] M. Luo, W. Zhu, Nonlinear stochastic optimal control of offshore platforms under wave loading, J. Sound Vib. 296 (4) (2006) 734–745, http:
//dx.doi.org/10.1016/j.jsv.2006.01.071, URL https://www.sciencedirect.com/science/article/pii/S0022460X06002677.

[55] J. Morison, J. Johnson, S. Schaaf, The force exerted by surface waves on piles, J. Pet. Technol. 2 (05) (1950) 149–154, http://dx.doi.org/10.2118/950149-G.
[56] N. Fairley, B. Fatahi, A.S. Hokmabadi, Impacts of transition piece designs on the resilience of large offshore wind turbines subject to combined 

earthquake, wind and wave loads and Soil-Structure interaction, Earthq. Eng. Struct. Dyn. 54 (3) (2025) 773–798, http://dx.doi.org/10.1002/eqe.4281, 
URL https://onlinelibrary.wiley.com/doi/abs/10.1002/eqe.4281.

Mechanical Systems and Signal Processing 254 (2026) 114394 

13 

http://dx.doi.org/10.1016/j.ymssp.2023.110127
https://www.sciencedirect.com/science/article/pii/S0888327023000341
https://www.sciencedirect.com/science/article/pii/S0888327023000341
https://www.sciencedirect.com/science/article/pii/S0888327023000341
http://dx.doi.org/10.1016/j.ijmachtools.2006.01.032
https://www.sciencedirect.com/science/article/pii/S0890695506000484
http://dx.doi.org/10.1115/DETC2021-70934
http://dx.doi.org/10.21105/joss.03399
http://dx.doi.org/10.1016/j.ymssp.2024.111806
https://www.sciencedirect.com/science/article/pii/S0888327024007040
https://www.sciencedirect.com/science/article/pii/S0888327024007040
https://www.sciencedirect.com/science/article/pii/S0888327024007040
http://dx.doi.org/10.1016/j.ymssp.2009.01.016
https://www.sciencedirect.com/science/article/pii/S0888327009000570
http://dx.doi.org/10.1016/j.ymssp.2019.106505
https://www.sciencedirect.com/science/article/pii/S0888327019307265
https://www.sciencedirect.com/science/article/pii/S0888327019307265
https://www.sciencedirect.com/science/article/pii/S0888327019307265
http://dx.doi.org/10.1016/j.ymssp.2020.106846
https://www.sciencedirect.com/science/article/pii/S0888327020302326
http://dx.doi.org/10.1016/j.ymssp.2024.111957
https://www.sciencedirect.com/science/article/pii/S0888327024008550
https://www.sciencedirect.com/science/article/pii/S0888327024008550
https://www.sciencedirect.com/science/article/pii/S0888327024008550
http://dx.doi.org/10.1061/(ASCE)0733-9399(1996)122:11(1044)
http://dx.doi.org/10.1061/(ASCE)0733-9399(1996)122:11(1044)
http://dx.doi.org/10.1061/(ASCE)0733-9399(1996)122:11(1044)
http://dx.doi.org/10.1016/j.compstruc.2004.11.017
https://www.sciencedirect.com/science/article/pii/S0045794905000416
https://www.sciencedirect.com/science/article/pii/S0045794905000416
https://www.sciencedirect.com/science/article/pii/S0045794905000416
http://dx.doi.org/10.1002/eqe.4290200804
http://dx.doi.org/10.1016/S0141-0296(98)00073-X
http://dx.doi.org/10.1016/S0141-0296(98)00073-X
http://dx.doi.org/10.1016/S0141-0296(98)00073-X
https://www.sciencedirect.com/science/article/pii/S014102969800073X
http://dx.doi.org/10.1002/eqe.3313
https://onlinelibrary.wiley.com/doi/pdf/10.1002/eqe.3313
https://onlinelibrary.wiley.com/doi/abs/10.1002/eqe.3313
http://dx.doi.org/10.1016/S0898-1221(01)00278-4
https://www.sciencedirect.com/science/article/pii/S0898122101002784
http://dx.doi.org/10.1137/S0895479803438523
http://dx.doi.org/10.1002/9780470824269
https://onlinelibrary.wiley.com/doi/book/10.1002/9780470824269
https://onlinelibrary.wiley.com/doi/book/10.1002/9780470824269
https://onlinelibrary.wiley.com/doi/book/10.1002/9780470824269
http://dx.doi.org/10.1016/j.ymssp.2021.108745
https://www.sciencedirect.com/science/article/pii/S088832702101061X
https://www.sciencedirect.com/science/article/pii/S088832702101061X
https://www.sciencedirect.com/science/article/pii/S088832702101061X
http://dx.doi.org/10.4271/2024-01-2946
http://dx.doi.org/10.1016/j.probengmech.2022.103197
https://www.sciencedirect.com/science/article/pii/S0266892022000017
https://www.sciencedirect.com/science/article/pii/S0266892022000017
https://www.sciencedirect.com/science/article/pii/S0266892022000017
http://dx.doi.org/10.1007/978-981-99-5853-5
https://link.springer.com/book/10.1007/978-981-99-5853-5
http://dx.doi.org/10.2172/1603478
https://www.osti.gov/biblio/1603478
https://www.osti.gov/servlets/purl/1603478
http://dx.doi.org/10.1029/JZ069i024p05181
https://agupubs.onlinelibrary.wiley.com/doi/abs/10.1029/JZ069i024p05181
https://agupubs.onlinelibrary.wiley.com/doi/abs/10.1029/JZ069i024p05181
https://agupubs.onlinelibrary.wiley.com/doi/abs/10.1029/JZ069i024p05181
http://refhub.elsevier.com/S0888-3270(26)00551-0/sb53
http://refhub.elsevier.com/S0888-3270(26)00551-0/sb53
http://refhub.elsevier.com/S0888-3270(26)00551-0/sb53
http://dx.doi.org/10.1016/j.jsv.2006.01.071
http://dx.doi.org/10.1016/j.jsv.2006.01.071
http://dx.doi.org/10.1016/j.jsv.2006.01.071
https://www.sciencedirect.com/science/article/pii/S0022460X06002677
http://dx.doi.org/10.2118/950149-G
http://dx.doi.org/10.1002/eqe.4281
https://onlinelibrary.wiley.com/doi/abs/10.1002/eqe.4281

	Stochastic dynamic substructuring: A frequency domain perspective
	Introduction
	Methodology
	Numerical results
	Case study I: Lumped parameter system
	Case study II: Offshore wind turbine

	Conclusion
	CRediT authorship contribution statement
	Declaration of competing interest
	Acknowledgments
	Appendix. Characteristic matrices of case study I
	Data availability
	References


