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Abstract 
This paper presents an efficient nonparametric time-varying (TV) system identification method for the 

Operational Modal Analysis (OMA) framework. OMA tackles industrial measurements of vibrating 

structures in real-life operating conditions without the exact knowledge of the excitation signal. The main 

issue is that the dynamics of underlying systems may vary significantly when operating in real-life 

conditions. In this case it is desired to carefully verify and track the vibration behavior, since during flutter 

appearance, system destruction can occur.  

In this work the first results of a regularized time domain based TV OMA method are presented to estimate 

the linear TV output autocorrelation function of the observed system. The method is illustrated on the 

measurement of wind tunnel test of an airplane model. Using the proposed methodology, the estimated TV 

2D output autocorrelation model provides a good data-fit with respect to tracking of varying resonances.  

1 Introduction 

The goal of this paper is to present the first results of a new estimation technique developed to deal with 

time-varying (TV) mechanical and civil structures measured in an Operational Modal Analysis (OMA) 

framework. OMA is a special identification technique for estimating the modal properties of structures based 

on vibration data collected when the structures are under real operating conditions without having access to 

the excitation signals. Such modal parameters are, for instance, the natural frequencies, mode shapes, 

damping ratios. The OMA framework can provide the engineers with useful information to understand the 

dynamic behavior of the underlying structure in real-life usage scenarios, and it can be used to validate and 

update the numerical models developed in the design phase [1] [2].  

OMA is a very important tool because in the case of vibrating structures it is common that the real operating 

conditions differ significantly from dynamic measurements performed in laboratory conditions and the 

unmodelled or wrongly modelled modes might lead to instability and structural failures. Contrary to the 

classical identification frameworks, a further challenge with the OMA framework is that the excitation 

signal is not known exactly, but it is assumed to be (nearly) white noise [2]. Methods for linear time-invariant 

(LTI) OMA have hence been developed and they are widely used also in the industrial environment, 

interested readers are referred to the detailed surveys [2] [3].  

The dynamics of underlying systems may vary significantly when operating in real-life conditions. In this 

case, a TV modelling framework is needed because ignoring time variations might lead to instability and 

structural failures. A good example of a time-varying structure can be, for instance, an airplane. The time-

varying behavior originates, for instance, from the decreasing weight due to the fuel consumption, and from 

different surface configurations during take-off, cruise and landing. Moreover, the resonance frequency and 

damping of most vibrating parts (for instance the wings) of a plane vary as a function of the flight speed and 
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height. The proposed LTV OMA method is illustrated on a wind tunnel testing measurement of a scaled 

aircraft model. 

It is a common practice in system identification to use different types of short-time Fourier transform (SFT) 

techniques that describes slowly time-varying systems as a series of linear-time invariant (LTI) systems [4] 

[5] [6] [7] [8]. These SFT based models can describe the time-varying behavior quite well, when the time-

variations are very smooth (i.e. the system varies very slowly). The drawback of these methods is that such 

an LTI model is not sufficient to describe the behavior of the underlying system, if the time variations are 

fast, or when a significant (sudden) variation occurs. A further issue is that in case of TV OMA, advanced 

system identification techniques have a limited applicability due to lack of knowledge of the excitation. 

The proposed method is intended to overcome the issues with the classical SFT based methods, and it is 

based on the regularization methods that have been developed for nonparametric modelling of LTI systems 

[9] [10]. The main novelty of this work compared to classical regularization framework is to formulate the 

regularization for the special case of the estimation of LTV systems in an industrial OMA framework. 

Because this type of identification technique is relatively new and many ISMA readers are not familiar with 

the nonparametric regularization technique, a practical overview of the technique is provided in this paper.  

This paper is organized as follows: in Section 2 the basic concepts of this work are summarized, and the 

problem formulation is given. Section 3 provides the model structure and the cost function of the underlying 

problem. Section 4 summarizes the practical considerations of the regularization technique, the LTV OMA 

estimation method, and addresses the implementation procedure. Section 5 shows a measurement example 

where the results of the classical SFT framework are shown to compare to the results proposed method. 

Finally, the conclusions are provided in Section 6. 

2 Basics 

In this section, a brief overview of the LTV OMA identification problem is presented from different aspects 

where we explain 1) the assumptions on the system and measurement used in the proposed framework,  2) 

the issues related to the nonparametric identification of LTV systems in general, and 3) the issues related to 

the OMA framework w.r.t. the classical identification framework. 

2.1 Assumptions on the underlying system and measurement 

In this paper a nonparametric description of (discrete) time-varying systems is considered. An LTV system 

can be characterized by its 2D impulse response function (IRF) ℎ[𝑡, 𝜏]. The steady-state output response to 

an arbitrary signal 𝑢[𝑡], measured with an 𝑒[𝑡] error, is given by [7] [11] [12] [13]: 

 𝑦𝑚[𝑡] = 𝑦[𝑡] + 𝑒[𝑡] =  ∑ ℎ[𝑡, 𝜏]𝑢[𝑡 − 𝜏] + 𝑒[𝑡]+∞
𝜏=−∞  (1) 

where the parameter 𝑡 is the global time (the time when the system is measured) and 𝜏 is the system time 

(the direction of the impulse responses/lags). An illustration of a TV IRF is shown in Figure 1.a.  

In the proposed estimation framework the following assumptions are imposed: 

Assumption 1 The true output (𝑦[𝑡]) is measured with additive, independent and identically distributed 

Gaussian noise (𝑒[𝑡]) with a zero mean and a finite variance (this assumption can be generalized to include 

colored noise). 

Assumption 2 The TV IRF is smooth i.e. the spectral content of the LTV system is concentrated at the low 

frequencies. A more precise definition is out of the scope of this article, for a detailed study we refer to [14]. 

Assumption 3 The considered discrete system is causal (i.e. ℎ[𝑡, 𝜏] = 0, 𝜏 < 0 [7]) and BIBO stable [15]. 

Assumption 4 The length of the IRFs (L+1) is much shorter than the measurement length (N). 

Assumption 5 In case of the OMA framework, the excitation signal 𝑢[𝑡] is not known, but in the frequency 

band of interest it is assumed to be (nearly) white noise with a finite variance [2]. 
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2.2 Nonparametric identification of LTV systems 

The challenge with nonparametric time-varying system identification is that the TV IRF is not uniquely 

determined from a single set of input and output signal– unlike LTI IRF case. Consider the model defined 

in (1). Imposing Assumptions 1–4, the following measured output 𝑦𝑚[𝑡] is given at time 𝑡: 

 𝑦𝑚[𝑡] = ∑ ℎ[𝑡, 𝜏]𝑢[𝑡 − 𝜏] + 𝑒[𝑡]𝐿
𝜏=0  (2) 

where 𝑡 = 0 … 𝑁 − 1. Hence only N measured points are available to identify NL parameters.  

Equation (2) can be written in vector form as 𝑌𝑚 = 𝑈𝐻 + 𝐸. This equation allows us to use the Maximum 

Likelihood (ML) framework [15] to estimate the time-varying IRF. Because the measurement noise is 

independent and white (Assumption 1) this estimation problem boils down to a Least Squares (LS) problem 

such that the LS cost function (𝑉𝐿𝑆) and IRF estimate (�̂�) are given by the well-known expressions: 

 𝑉𝐿𝑆 = ‖𝑌𝑚 − 𝑈𝐻‖2
2 (3) 

 �̂� = (𝑈𝑇𝑈)−1𝑈𝑇𝑌𝑚 (4) 

To illustrate the difficulties of LS problem, a steady state simulation example is shown in Figure 1.c. The 

simulation is based on the time-varying system shown in Figure 1.a. This system is excited by white noise. 

To simplify this simulation, no observation noise has been added. 

 

Figure 1 a) the TV IRF of the observed system b) the LTI estimate c) the ML estimate d) the regularized 

estimate. The system is excited by white noise. No observation noise is present. 

The LTI, the LS and the proposed regularized based estimates are shown in Figure 1.b–d. When the time-

varying nature of the underlying system is ignored, one can obtain the LTI estimate shown in Figure 1.b. In 

this case the issue is that all the changes in the dynamics are completely lost.  

Figure 1.c. shows the time-varying LS (ML) solution which differs a lot from the true system and it does 

not correspond to our expectation: only few impulse responses are present, not all impulse responses are 

decaying, and the time variations are not smooth. The problem lies in the fact that there is a nonuniqeness 

issue. There are only N measured samples to estimate the nonparametric model containing NL samples. This 

underdetermined system of linear equations (i.e. 𝑈𝑇𝑈 in (4) is not full rank) results in a situation where the 

nonparametric TV model that relates the input to the output is not unique.  

In order to achieve a more reliable and unique solution (see Figure 1.d. for the proposed method) some prior 

information shall be taken into account as well. This will be explained in the following sections. 

a) b) 

c) d) 
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2.3 Operational Modal Analysis Framework 

In case of industrial measurements of large mechanical and civil structures (e.g. airplanes, bridges, wind 

turbines), the excitation signal is most of the time not measurable, or it would be too difficult and complex 

to measure [2] [3]. In this case the OMA framework can provide the engineers with useful information to 

understand the dynamic behavior of the underlying structure. Because the excitation signal is not known 

(see Assumption 5) an impulse or frequency response function estimate cannot be directly obtained. Instead, 

the output autocorrelation function (ACF) and/or its Fourier transform are used in practice. 

In this paper LTV systems are considered in OMA setup (see Figure 2). The goal of this work is to 

nonparametrically identify the 2D TV ACF of the underlying system. In practice, after this stage, there is 

typically a parametric estimation procedure where the resonance frequencies and damping ratios are 

estimated, for instance, with the help of PolyMAX method [16]. Due the limited scope of this paper, this 

stage of analysis is not elaborated.  

For the sake of simplicity, the proposed methodology is explained on single output systems, but using 

advanced linear algebra it can be easily extended to systems with multiple outputs.  

 

Figure 2 Schematic of the TV OMA. The excitation signal is not known but it is assumed to be (nearly) 

white in the frequency band of interest. The model obtained is based on the noisy output measurements of 

the underlying LTV system. 

3 The nonparametric identification method 

3.1 The model structure 

In the OMA framework, the underlying time-varying systems are represented by their 2D ACF. When 

Assumption 1–5 are satisfied, the expected value of 2D TV ACF would provide the convolved 2D LTV IRF 

in time-domain (∑ ℎ[𝑡, 𝜏]ℎ[𝑡, 𝑡 + 𝜏]𝐿
𝜏=0 ). The proof is out of scope of this paper, details for the LTI case can 

be found in [3].  

The 2D TV ACF 𝑅𝑦𝑦 centered around the measurement (global) time t, at time lag 𝜏 is estimated with the 

measured output signal 𝑦𝑚 (see (2)) by smoothing over a window with a length of L+1: 

 �̂�𝑦𝑚𝑦𝑚
[𝑡, 𝜏] =

1

𝐿+1
∑ 𝑦𝑚[𝑡 + 𝜏 + 𝑘]𝑦𝑚[𝑡 + 𝑘]

𝐿

2

𝑘=−
𝐿

2

 (5) 

It is important to remark that depending upon the application and the measurement, different weightings of 

the ACF is possible, for more technical details see [17]. 

Next, the double time indices [𝑡, 𝜏] will be omitted in order to make the text more accessible.  The key idea 

of this work is to extend the existing nonparametric regularization methods such that some advanced prior 

information – elaborated in Section 4 – can be taken into account. 
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3.2 The cost function 

The basic idea of the LTI regularization technique is that by using some reasonable prior knowledge on the 

system dynamics (formalized later on), and by introducing some bias error (a systematic model error), the 

variance of the estimate can be significantly reduced such that a lower mean square error (MSE, [18]) error 

is achieved, see Figure 3.  

Figure 3 Illustration of the concept of the regularization technique with respect to the classical LS 

solution. The goal is to find the minimum MSE. The bias error represents the quantity of unmodelled data. 

The variance error represents the quantity of the modeled noise.  

In order to include the prior knowledge in the nonparametric representation, an augmented cost function (𝑉) 

must be defined. This cost function consists of two parts.  

The first part is the LS cost function (𝑉𝐿𝑆) which is now defined for the 2D LTV ACF case as  

 𝑉𝐿𝑆 = ‖𝑣𝑒𝑐𝑡(𝑅𝑦𝑦) − 𝑣𝑒𝑐𝑡(�̂�𝑦𝑚𝑦𝑚
)‖

2

2
 (6) 

and the second part is the regularization cost function (𝑉𝑟): 

 𝑉𝑟 = 𝜎2𝑣𝑒𝑐𝑡(𝑅𝑦𝑦
𝑇 )𝑃−1𝑣𝑒𝑐𝑡(𝑅𝑦𝑦) (7) 

The new, combined cost function is given by: 

 𝑉 = 𝑉𝐿𝑆 + 𝑉𝑟 (8) 

where 𝑃 is a covariance matrix of the prior ACF, and 𝜎2 is the amount of regularization (prior) applied. By 

making a proper choice for P, smoothness and stability can be imposed on the estimated model (see Section 

4). Minimizing (8) – with respect to 𝑅𝑦𝑦 – gives the 2D LTV ACF estimate: 

 𝑣𝑒𝑐𝑡(�̂�𝑦𝑦,𝑟𝑒𝑔)  = (𝐼 + 𝜎2𝑃−1)−1𝑣𝑒𝑐𝑡(�̂�𝑦𝑚𝑦𝑚
) (9) 

where 𝐼 denotes the identity matrix. 

Note that 𝜎2 is usually (proportional to) the noise variance of the measurement. In the (persistently excited) 

LTI case, 𝜎2 tends to zero when the measurement length increases. However, in the LTV case, the 𝜎2 must 

always be greater than 0, because it is required to circumvent the non-uniqueness problem of LTV estimation 

(highlighted in Section 2.2). To simplify the model and computational complexity, 𝜎2 is kept constant but 

in general it can be time-varying. 

4 Regularization 

In the first part of this section the practical implementation of the inclusion of the prior knowledge into the 

covariance matrix is addressed and illustrated on the classical LTI impulse response estimation problem. In 

the second part the proposed method of LTV extension to ACFs is detailed. The last part of this section 

deals with the proposed parameter tuning technique.  

MSE 

er
ro

rs
 

model complexity 

optimal  

regularized  

solution unbiased 

LS  

solution 
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4.1 Considered kernel functions 

The covariance matrix 𝑃 is constructed by using kernel functions. 𝑃 introduces the prior knowledge into the 

cost function as (a prior) correlation between the elements of the IRFs/ACFs. The specific choice of the 

kernels, and the resulting covariance matrix has a major effect on the quality of the estimate. An illustration 

of different covariance matrix choices on an IRF estimation problem is given in Figure 4 . In this subsection, 

the most relevant kernels are shortly discussed. It is important to remark that – in principle – any kind of 

kernel can be used as long as the kernel function encodes the appropriate prior information. A strategy to 

achieve the exact numerical values of the kernel function parameters is explained in Section 4.3. 

4.1.1 Radial Basis Functions 

One of the simplest and widely used kernel is the radial basis function (RBF) [19]. It is a function whose 

values depend only on the distance between different points, and it is defined as: 

 𝑃𝑅𝐵𝐹(𝑖, 𝑗) = 𝑒
−

(𝑖−𝑗)2

𝛾  (10) 

where 𝛾 > 0 is a parameter representing the length scale, and 𝑖, 𝑗 are the two time points (sample indices). 

This type of RBF kernel is called Gaussian RBF kernel [19]. By using this kernel, the smoothness 

assumption can be imposed on the system to be estimated. The larger the length scale 𝛾, the smoother the 

resulting estimated function is. This kernel is illustrated in Figure 4  a–c. 

4.1.2 Diagonal Correlated kernel function 

In most of the cases of stable IRF estimation, apart from smoothness, an exponential decaying can be 

imposed as well – as a stronger assumption on stability. Same properties can be applied to the ACF estimate 

as well. To satisfy these assumptions, the diagonal correlated (DC) kernel function gives a perfect solution 

[10] as it has the flexibility to tune independently the smoothness and the exponential decay. The diagonal 

correlated kernel function 𝑃𝐷𝐶 is defined as: 

 𝑃𝐷𝐶(𝑖, 𝑗) = 𝑒−𝛼|𝑖−𝑗|𝑒−
𝛽(𝑖+𝑗)

2  (11) 

where 𝛼 gives a scaling to the correlation between neighboring IRF/ACF coefficients, 𝛽 scales the 

exponential decaying, 𝛼, 𝛽 ≥ 0. 

In other words, 𝛼 controls the smoothness: the smaller its value, the smoother the estimation is, and 𝛽 

controls the length of the IRF/ACF. This kernel function is illustrated in the Figure 4 f. 

4.1.3 Tuned-Correlated kernel function 

While DC provides a very nice flexibility to tune the model behavior, unfortunately it can lead to a very 

high computational complexity. In many cases Tuned-Correlated (TC) kernels can provide a good balance 

between the flexibility and the computational load. TC kernel is widely used in different regularization 

toolboxes (e.g. ident [18]). When in the DC structure 𝛼 is set to 𝛽/2  then it leads to the TC form [20]: 

 PTC(𝑖, 𝑗) = min(e−β𝑖, e−β𝑗) (12) 

where 𝛽 is a scaling parameter, and 𝛽 ≥ 0.  
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Figure 4 An example of different covariance matrices and regularized impulse response estimates. On the 

left different covariance matrices are shown. On the right, in black the true system and in gray its 

estimates are shown. The output is observed with an SNR of 20 dB. In figures (a)–(c) the smoothing is 

increased. In figures (d)–(e) the exponential decaying is increased. In figure (f) the optimal – w.r.t. MSE –  

smoothing and decaying is shown. 

4.2 The LTV covariance matrix 

In order to overview the properties of the TV ACF, an illustration is shown in Figure 5. This TV ACF 

correspond to the LTV system shown in Figure 1.a. By looking at this 2D ACF, several properties can be 

used to incorporate prior information to the TV covariance matrix – similarly to the concept of the classical 

2D LTV IRF identification case [7] with known input.  
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The first prior knowledge is that the considered ACFs are smooth. This smoothing is applied once over the 

system time 𝜏 which refers to “classical” evolution of IRF/ACF, and once over the global time 𝑡 which gives 

a support to handle the time-varying behavior.  

In addition to smoothing properties, another assumption can be imposed and incorporated in the covariance 

matrix by applying a more strict definition of stability: the IRFs and therefore the ACFs are exponentially 

decaying. Note, that most of the stable mechanical systems exploit this behaviour. When this is not the case 

other kernels might be used. 

In the proposed approach, every point of the 2D ACF surface is connected to each other. It means that all 

the elements in the covariance matrix are non-zero, therefore the number of constraints is high, and the 

degrees of freedom of the system of linear equations (see Section 2.2) are significantly decreased resulting 

in a unique solution.  

The connections in the surface are defined for every possible pair of 𝑡 and 𝜏 points, see Figure 5. The 

elements in the 𝜏 direction of the autocorrelations (horizontal blue direction) are linked by DC or TC kernels. 

Elements in the global time t direction (vertical red direction) are linked by RBF kernels. A graphical 

illustration is shown in Figure 5. The time-varying covariance matrix is then formulated as follows: 

 P{𝑡1,𝑡2},{𝜏1,𝜏2} = P𝑅𝐵𝐹(𝑡1, 𝑡2) ∙ P𝐷𝐶(𝜏1, 𝜏2) (13) 

or 

 P{𝑡1,𝑡2},{𝜏1,𝜏2} = P𝑅𝐵𝐹(𝑡1, 𝑡2) ∙ P𝑇𝐶(𝜏1, 𝜏2) (14) 

for every possible pair of 𝑡 and 𝜏.  

 

Figure 5 The TV output ACF of the system given in Figure 1.a. The arrows show the visualization of the 

possible regularization directions. The blue arrow refers to the 𝜏 system time where decaying and 

smoothness of the adjacent elements can be imposed. The red arrow refers to the direction of time 

variations (𝑡 axis) where the smoothness of the adjacent autocorrelation functions can be imposed. 

4.3 Tuning of the model complexity 

𝛾, 𝛼, 𝛽, 𝜎2 parameters in (7),(9)–(12) are the so called hyperparameters. The nonparametric system 

identification method presented in this work consists essentially of two steps: 1) optimization of the 

hyperparameters to tune the matrix 𝑃, and 2) computation of the model parameters using (9). 

All the hyperparameters are tuned with the use of measured output data only. The hyperparameters are 

optimized in this case by maximizing the marginal likelihood of the observed output [9]: 
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 𝜃ℎ𝑝 = arg min
𝑅𝑦𝑦

�̂�𝑦𝑚𝑦𝑚

𝑇
Σ𝑌

−1�̂�𝑦𝑚𝑦𝑚
+ 𝑙𝑜𝑔𝑑𝑒𝑡 Σ𝑅  (15) 

where 𝜃ℎ𝑝 is a vector containing all the hyperparameters (𝛾, 𝛼, 𝛽, 𝜎2) and Σ𝑅 = ( 𝑃 +  𝜎2𝐼 ) represents the 

covariance matrix of the output autocorrelation �̂�𝑦𝑚𝑦𝑚
.  

Practically speaking, the optimal set of hyperparameters given the measured output data determines the 

covariance matrix which is most likely to have generated the observed output autocorrelation. 

This objective function is non-convex in 𝜃ℎ𝑝, therefore to minimize the risk of resulting in a local minimum, 

it is advised that multi-start optimization of the hyperparameters is performed. In this work, a nonlinear 

gradient based Matlab solver is used (fmincon) for the optimization of the marginal likelihood of the 

observed output autocorrelation with reasonable constraints on smoothness and decaying of the 2D ACF. 

The interested reader can refer to [14], [21], [22] for more techniques for the tuning of the hyperparameters. 

5 Results on a wind tunnel testing measurement 

5.1 The measurement setup 

This section presents an industrial example of the in-line flutter assessment of the wind tunnel testing of a 

scaled airplane model detailed in [5].  

The measurement time is 424 sec , the sampling frequency (𝑓𝑠) is 500 Hz, the number of data samples (𝑁) 

is 212000. The segmented window size (L+1) is 500 samples (which corresponds to 1 sec, 1 Hz  
resolution). The Mach number (proportional to the airflow i.e. wind speed w.r.t. sound speed) is varying 

between 0.07 and 0.79. An illustration of the measurement setup is given in Fig 2.  

 

Figure 6 The measurement setup is shown. The airflow (wind speed) is varying while the airplanes 

acceleration is measured in the wind tunnel. 

In this type of testing, it is desired to carefully verify and track the vibration behavior, since during flutter 

appearance, system destruction can occur. In this paper, wind tunnel data at various flow conditions are used 

to validate the approach for tracking the evolution of the resonance frequencies, damping ratios.  

Further details on the measurement procedure can be found in [5]. Exact specifications on the airplane are 

omitted due to the confidentiality of the industrial project. 

5.2 Results 

In this section the time and frequency domain results of the traditional SFT approach [4] are compared to 

results of the proposed 2D regularization method.  

In case of SFT the output measurement is split into short subrecords, and each time the output ACF is 

calculated. This results in a series of ACFs which represents the classical TV ACF estimate. The power 

spectrum estimate is then given by the discrete Fourier transform of the ACFs.  

When the proposed method is considered, the ACF estimates are normalized and regularized as it is detailed 

in Section 3 and 4. 
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Figure 7 shows the magnified time domain results of the classical SFT and regularization based TV ACF 

estimation. Observe that the SFT approach has issues with the decaying of ACFs (see between 300-400 

secs), and the transitions between the adjacent ACFs are non-smooth. In case of regularized approach all 

the ACFs are interconnected resulting in 1) smooth transitions between the normalized adjacent ACFs 2) 

automatic decaying of ACFs.  

 

 

Figure 7 The time-varying output autocorrelation estimates of observed system are shown. On the left the 

classical SFT method is shown from the top (figure a) and from the front (figure c) views. On the right the 

proposed method is shown from the top (figure b) and from the front (figure d) views. 

Figure 8 shows the frequency domain results of the SFT and regularized approach. The most important part 

is the evolution the resonances and it can be best seen on the top view of the 2D power spectrum estimates. 

Observe that the traditional approach is very noisy where the regularized solution is smooth and more details 

can be captured.  

It is important to remark that the classical SFT results can also be post filtered/smoothened – even with 

regularization or with other approaches (e.g. B-spline techniques) – but in this case the accuracy of the result 

will be between the classical and proposed approach. 

Numerical analysis and further (simulation examples) are out of the scope of this paper.  

a) b) 

c) d) 
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Figure 8 The time-varying output power spectrum estimates of observed system are shown. On the left the 

classical SFT method is shown from the top (figure a) and from the front (figure c) views. On the right the 

proposed method is shown from the top (figure b) and from the front (figure d) views. 

  

a) b) 

d) c) 
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5.3 Computational complexity 

At this point we comment on the computational complexity. The considered matrix sizes have a negative 

impact on the computational load which increases with total number of the parameters i.e.: 1) with number 

of measured points (window segments, 𝑁), and 2) with the resolution of the window (𝐿 + 1). 

In case of the classical SFT techniques, the memory needs and computational complexity are linear in terms 

of parameters (𝑂(𝑁(𝐿 + 1))), whereas the regularization approach is more demanding, which is the main 

drawback of the technique.  

In the proposed method, the 2D ACF is regularized, such that each point of the 2D ACF is connected. This 

results in a quadratic function of complexity (𝑂((𝑁(𝐿 + 1))2 )). 

In this particular measurement, the time and memory needed for a classical SFT solution are in the order of 

minutes/megabytes, whereas the regularized solution has a much higher computational time and memory 

needs in the magnitude of hours/gigabytes. There is an ongoing research how to decrease the resources 

necessary in order to use it for online tracking of modal parameters.  

The exact computational time depends on many parameters such as the model complexity, the initial values 

of the hyperparameters and the technique used to tune the hyperparameters. 

6 Conclusions 

The main idea of the proposed time-varying regularized OMA framework is to provide more accurate and 

smoother estimates which are suitable for simulation, design and – indirectly – control. This will improve 

the overall quality and safety of products, and speed up the design process. Using the proposed advanced 

2D regularization techniques it is possible: 

• to reduce the noise influence such that the measurement quality will be significantly better 

• to gain a better insight into the details of the time-variations 

Further, a nonparametric TV OMA model can be used: 

• to capture and to track the time-varying resonance frequencies and damping ratios 

• to simulate and validate during the design phases 

When it is necessary, the nonparametric TV OMA model can be used to estimate a parametric OMA model 

by cleaning up the data and allowing direct access to the mode shapes and making the control possible. 

The drawback of the proposed method is that the computational load and memory need are significantly 

higher but this is negligible in the applications where 1) the preparation of the measurement setup takes 

days, and 2) the safety of the product and its intended users is concerned. 
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