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Abstract: Modal parameters can accurately characterize the structural dynamic properties and assess the physical state of the structure. Therefore, it is particularly significant to identify the structural modal parameters according to the monitoring data information in the structural health monitoring (SHM) system, so as to provide a scientific basis for structural damage identification and dynamic model modification. In view of this, this paper reviews methods for identifying structural modal parameters under environmental excitation and briefly describes how to identify structural damages based on the derived modal parameters. The paper primarily introduces data-driven modal parameter recognition methods (e.g., time-domain, frequency-domain, and time-frequency-domain methods, etc.), briefly describes damage identification methods based on the variations of modal parameters (e.g., natural frequency, modal shapes, and curvature modal shapes, etc.) and modal validation methods (e.g., Stability Diagram and Modal Assurance Criterion, etc.). The current status of the application of artificial intelligence (AI) methods in the direction of modal parameter recognition and damage identification is further discussed. Based on the previous analysis, the main development trends of structural modal parameter recognition and damage identification methods are given to provide scientific references for the optimized design and functional upgrading of SHM systems.
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1  Introduction

Civil engineering structures such as ultra-high-rise buildings, large-span bridges, ocean platform projects, and giant dams may suffer localized damage (e.g., buckling, cracking, corrosion, etc.) due to extreme environmental factors (e.g., earthquakes, typhoons, air pollution, etc.) during long-term service, which results in a gradual degradation of the actual load-bearing capacity with the increase in operating years. The accumulation and propagation of local damage can decrease the structural load-bearing capacity. If not properly controlled, it may lead to a reduction in overall structural strength, instability, or fatigue failure [1], resulting in severe casualties, economic losses, and negative social impacts. For example, the Morandi Bridge in Genoa, Italy, collapsed during heavy rainfall on 14 August 2018, killing 43 people after the bridge structure failed to be reinforced and repaired in a timely manner after cracks appeared in the structure [2]; The Surfside condominium in Miami, USA, collapsed on 24 June 2021, killing 98 people due to water infiltration, corrosion of steel reinforcement and foundation settlement that was not repaired in time [3]. Therefore, constructing a structural health monitoring system, finding where and how much damage the structure has early on, and doing repairs and reinforcement promptly can make the structure last longer and lower the risk of major damage.

Monitoring large engineering structures needs many sensors and the ability to constantly send and process lots of data they gather right away. It also needs to pick out the structure’s health and damage details from all that data. Among them, structural damage identification is an important module. The main research areas cover detecting the presence of damage, identifying the location of damage, quantifying the extent of damage, and predicting the remaining life of the structure. Scholars have done a lot of research in this direction and much of the current research is devoted to the first three questions. Structural damage identification methods, in general, can be divided into two categories: non-destructive testing methods (NDT) and vibration-based methods [4]. NDT methods are regarded as localized methods that can directly locate structural damage, but they are only applicable to the identification of local component damage and are difficult to be used for the detection of overall structural damage in large-scale projects. Vibration-based methods, like global methods, are commonly used for finding damage in big civil engineering structures.

The identification of structural parameters can also be divided into two categories: static and dynamic identification [5]. The former identifies local damage. It arranges measurement points on the structure and applies static loads to measure the structural response. Using optimization algorithms, it obtains relevant parameter information about the structure’s actual state. Damage location is identified by comparing parameter changes before and after damage. The identified damage locations are usually within the range of the measurement points and their surroundings. For damage in the blind zone of the test, further structural theory or numerical simulation analysis is required to identify the damage [6]. The latter method uses modal frequency to determine if the structure is damaged. It then uses the modal vibration pattern to locate the damage and constructs a suitable damage identification index to diagnose the severity of structural damage [7].

Extensive research has been conducted by scholars on static identification. Cui et al. [8] identified that the stiffness parameters of rigid frame structures were able to accurately locate structural damage through a structural parameter identification method based on static strain and displacement measurements; Ghrib et al. [9] used the measured static deflections, two computational methods for reconstructing the stiffness distribution and detecting damage in Eulerian Bernoulli beams were developed, both of which were able to accurately identify the damage in the cantilever beams, but the equilibrium gap generalization-based method was closer to the actual damage state than the data discrepancy-based method. Abdo [10] studied the relationship between changes in structural displacement curvature and structural damage under static loading. They identified damage in overhanging beams and two-span continuous beams by observing changes in displacement curvature. The displacement curvature of two-span continuous beams was approximated using the center difference method. If the displacement curvature is measured directly, the accuracy of damage identification improves. Caddemi et al. [11] proposed an inverse damage identification method using a closed-form solution for transverse displacements caused by static loads and general boundary conditions. This method can identify the number of cracks, their locations, and the extent of damage on simple straight beams. It is also applicable to more complex frame structures. However, the monitoring effectiveness depends on the sensor arrangement location. Huang et al. [12] proposed a static damage identification method for beam structures based on the L1 regularization method, which can reduce the misclassification for small damages and accurately identify the damages of concrete beams compared to the least squares method. Tang et al. [13] proposed a static damage identification method based on derivative variables, which can effectively identify the damage location and damage degree of a three-span continuous beam structure when the noise level does not exceed 5%. It can be seen that: the research on static identification mainly focuses on bridges or truss structures where it is easy to apply static loads in the laboratory or in the field.

In the actual damage identification of large civil engineering structures (e.g., large-span bridges), the application of static loads for detection requires the interruption of traffic, but if the method of dynamic identification is used, a real-time monitoring system can be set up to identify the damage without affecting normal traffic. The core of structural damage identification based on dynamic response information is that changes in structural health result in changes in structural physical properties. It involves establishing functional relationships between structural modal parameters (e.g., intrinsic frequency, damping ratios, and modal shapes) and structural physical parameters (e.g., mass, damping, and stiffness) [14]. By studying the changes in parameters before and after structural damage, structural damage identification is achieved. Many scholars around the world have conducted vibration-based damage detection methods. Farrar et al. [15] described vibration-based damage detection as a statistical pattern recognition problem. This involves data acquisition and processing, feature selection, data compression, and statistical model development, with a focus on feature selection and statistical model development. Peeters et al. [16] addressed the effect of excitation and temperature on modal parameters and developed a structural damage identification method that removes the effect of temperature; Bayissa et al. [17] proposed a statistical moment of the energy density function in the time-frequency domain based on the vibration response to transform the wavelet coefficients in the spatial domain into a new damage identification parameter to accurately measure the damage in concrete slabs and steel plate beams. Cao et al. [18] reviewed the use of damping as a dynamic characteristic to identify structural damage. Huang et al. [19] summarized the basic principles of Bayesian analysis and computation and provided a summary review of recent advances in Bayesian inference for structural damage identification; Weng et al. [20] reviewed substructure methods for model correction and damage identification for large structures; Hou et al. [4] provided a review of research advances in vibration-based damage identification methods between 2010–2019. Dynamic damage identification methods are commonly used for diagnosing damage in large and complex structural systems, such as large-span bridges and high-rise buildings. These methods are divided into two main categories: physical model-driven and monitoring data-driven. The sensitivity and accuracy of their damage identification need further improvement.

The recognition of structural modal parameters under environmental excitation has the advantages of not affecting the normal operation of the structure and not requiring specialized external excitation. This is crucial for establishing structural health monitoring systems in civil engineering. In recent years, methods for identifying modal parameters under environmental excitation have made significant progress. Traditional modal parameter recognition methods, such as the SSI, FDD, and NExT-ERA, essentially decompose eigenvalues and eigenvectors from constructed characteristic matrices. However, due to the presence of noise, it is crucial to eliminate the interference of spurious modes. By combining traditional modal recognition methods with machine learning, the efficiency and accuracy of modal parameter recognition can be greatly improved. For example, neural network optimization methods can be used to solve modal equations [21–24]. Machine learning techniques such as clustering and principal component analysis can be employed to optimize the modal parameters extracted by traditional methods [25–27]. Additionally, traditional methods can be applied to the processing of computer vision data [28–30]. Additionally, non-traditional methods for obtaining modal parameters, such as the Bayesian approach [31–33] and the Blind Source Separation (BSS) technique [34–36], have also developed rapidly.

In summary, structural damage identification methods mainly include: identification methods based on structural modal analysis to obtain modal parameters, methods based on vibration test signal analysis (e.g., wavelet analysis and empirical modal decomposition, etc.), damage identification methods based on model modification and identification methods based on the analysis of physical parameters (e.g., Kalman filtering method and generalized Tikhonov regularization method, etc.). In addition, some scholars introduced artificial intelligence algorithms into the process of conventional structural parameter identification and damage diagnosis to improve the accuracy of obtaining structural modal parameters and damage identification. Among them, damage identification by obtaining modal parameters through modal analysis under environmental excitation is the current mainstream method, which has the advantages of high identification efficiency, good accuracy, and clear physical concepts. In view of this, this paper reviews methods for recognizing structural modal parameters and validating them based on modal analysis under environmental excitations. the main research progress in structural damage identification by using modal parameter estimation and the current application of artificial intelligence methods in this field have also been briefly described.

2  Research Progress of Modal Analysis Methods

2.1 Introduction to Modal Analysis

Modal analysis according to the nature of the excitation can be divided into: Experimental Modal Analysis (EMA), Operational Modal Analysis (OMA), and Computational Modal Analysis (CMA) which is often used to assist in the verification, as shown in Fig. 1. EMA uses measurable and controllable excitation such as force hammers and shakers to excite the structure, which requires vibration input and output signals. OMA mostly uses natural environmental excitation, where the excitation is unknown or unmeasurable, so only the output signal is needed. Due to the lack of input signals, it is more difficult to establish an accurate structural model when solving structural parameters, which leads to the expansion of the eigenvalue solution space and reduces the accuracy of modal identification [37,38]. With the development of artificial intelligence, big data, machine learning, and other information technologies, structural health monitoring has shifted from the paradigm based on vibration data to the paradigm based on machine learning [39], which, in combination with traditional methods, can automatically solve the structural parameters more accurately from the massive monitoring data and carry out the structural condition assessment, so as to improve the noise immunity and accuracy of the damage identification and make the monitoring system more intelligent.
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Figure 1: Classification of modal analysis techniques

Modal analysis under Environmental Excitation is a kind of OMA, which only measures the output response of the structure. It has the advantages of economy, safety and does not affect the normal operation of the structure [40]. The use of manual excitation for large civil engineering structures is costly and more difficult to realize in the field, therefore, EMA is mostly carried out in the laboratory and nowadays OMA is mostly used. Environmental excitation modal identification methods, which can be categorized into time-domain, frequency-domain, and time-frequency-domain methods [37,41]. Time-domain methods, including SSI, NExT, RDT, ERA, ARMA, ITD, CEM, etc.; Frequency-domain methods, including PP, FDD, PolyLSCF (PolyMAX), BSS, Bayesian Approach, etc.; Time-frequency-domain methods, including HHT, WT, etc. As shown in Fig. 2.
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Figure 2: Classification of modal parameter recognition methods

2.2 Time Domain Methods for Modal Parameter Recognition

Environmental excitations on engineering structures are caused by natural factors. They are broadband and approximately uniformly distributed, similar to Gaussian white noise with a constant self-spectrum over an infinite bandwidth. The Time-domain method, which utilizes modern spectral analysis, is a parametric approach [41–43] and can be divided into two categories: (1) Directly using the response data of the system to derive the modal parameters (time-domain one-step method), such as the DATA-SSI and the ARMA; (2) Utilize RDT or NExT to obtain the approximate impulse function of the time-domain impulse signal, then use traditional time-domain modal identification methods like ITD and ERA for modal identification. The Time-domain method can directly process time-domain data points, avoiding errors such as frequency leakage generated by Fast Fourier Transform (FFT), resulting in high identification accuracy. However, it has poor noise resistance and is prone to generating false modes.

2.2.1 Stochastic Subspace Identification

SSI can be divided into data-driven SSI-DATA and covariance-driven SSI-COV. Peeters et al. [44] first proposed the method in 1995 and detailed its theoretical analysis process.

The SSI-DATA belongs to the methods that directly deal with the time series response of the system. Under the environmental excitation, the structural response data are measured, which are composed into a Hankel matrix as in Eq. (1). The QR Decomposition and Singular Value Decomposition (SVD) are utilized to obtain the extended observable matrix and the Kalman filtered state sequence matrix, which transforms the identification problem into a linear least-squares problem of the system matrix in the case of state determination.


H=1n2[y0y1⋯yn2−1y1y2⋯yn2⋮⋮⋯⋮yn1−1yn1⋯yn1+n2−2yn1yn1+1⋯yn1+n2−1yn1+1yn1+2⋯yn1+n2⋮⋮⋯⋮y2n1−1y2n1⋯y2n1+n2−2]=[Y0|n1−1Yn1|2n1−1]=[YpYf]“past”“future”
(1)

where
yk
is the distributed strain vector with 
m1
calculation points at moment 
k
, 
yk=[ε1(k), ⋯,εm1(k)]T
.

The SSI-COV requires a decomposition projection calculation using the covariance of the measured structural response under environmental excitation to form a Toeplitze matrix, as in Eq. (2). Since the covariance and the correlation function are similar in form under white noise, the Hankel matrix can be constructed using the response’s cross-correlation function. The process is shown in Fig. 3.


T1|iref≡(ΛirefΛi−1ref⋯Λ1refΛi+1refΛiref⋯Λ2ref⋮⋮⋯⋮Λ2i−1refΛ2i−2ref⋯Λiref)∈ℝli×ri
(2)

where 
ykref
are the reference outputs, 
ykrefT
is the transpose matrix of 
ykref
, 
Λiref≡E[yk+1ykrefT]
is the covariance matrix between all outputs and a set of reference outputs.
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Figure 3: Flowchart of the SSI method

After decades of development, the use of SSI techniques to identify modes of engineering structures has become more mature [25]. Petters et al. [44] validated the vibration data of a steel mast under wind load excitation using the SSI method, with a substantial improvement in computational efficiency, but with high prediction errors for the unreferenced channel. Magalhaes et al. [45] developed an algorithm complementary to SSI-COV for the automatic analysis of stability diagrams to automatically identify the first 12 orders of intrinsic frequency of the Infante D. Henrique Bridge based on its 12 accelerometer data. Cheynet et al. [46–48] evaluated the effectiveness of Covariance-Driven Stochastic Subspace (SSI-COV) vs. Automatic Using Frequency-Domain Decomposition (AFDD) to identify Modal Damping Ratio (MDR) on the Lysefjord suspension bridge in the Norwegian Straits, it was observed that the AFDD algorithm’s MDR estimates are more biased. The time-domain approach is more suitable for identifying modal parameters of long suspension bridges with eigenfrequencies below 0.1 Hz. Chen et al. [49] used Peak-Picking (PP), Frequency Domain Decomposition (FDD), and SSI-DATA to extract the modal parameters of ramp bridges under environmental excitation. The PP method identified the most frequencies, while the SSI method produced the highest quality vibration shapes. Using SSI and PP provides quick preliminary results, while using SSI and FDD allows for detailed analysis. Fang et al. [50] used SSI-DATA to process dynamically distributed fiber-optic Brillouin vibration-strain data to efficiently carry out structural modal analysis. He et al. [51] used the SSI method to identify the modal parameters of environmentally excited bridges. They found that both localized damage and the presence of a moving vehicle would cause the bridge modal frequency to decrease and the vibration pattern to change. Liu et al. [23] introduced the mathematical features of modal identification into neural networks and converted modal parameter recognition into an optimization problem of Deep Neural Networks (DNN) to improve the modal identification accuracy. Li et al. [52] used the OPTICS algorithm for the SSI-COV method for modal parameter recognition to improve the noise resistance and robustness of the algorithm.

SSI has the advantages of mature theory, high identification accuracy, noise resistance, and can identify dense modes. However, it requires substantial computation, is prone to generating false modes, and needs the selection of an appropriate system order to achieve optimal results.

2.2.2 Natural Excitation Technique

The NExT was proposed by James et al. [53] of NASA in 1995, its basic principle is that for a linear time-invariant system with 
n
degrees of freedom, the impulse response function at point 
i
under point 
k
excitation is:


xik(t)=∑r−1nϕirϕkrωdrmrexp⁡(−ζrωnrt)sin⁡(ωdrt)
(3)

where 
ϕir
is the 
ith
element of the 
rth
order modal shapes, 
ζr
is the 
rth
order damping ratio, 
ωnr
is the 
rth
order undamped intrinsic frequency, 
ωdr
is the 
rth
order damped intrinsic frequency. When point 
k
is excited by the environment, the correlation function between the response signal 
xik(t)
at point 
i
and the response signal 
xjk(t)
at point 
j
on the structure is:

Rrkij(t)=∑r−1n(Grkij)2+(Hrkij)2exp⁡(−ζrωnrT)sin⁡(ωdrT+θrkij)
(4)

where 
Grkij
and 
Hrkij
are independent of 
T
, when 
i
, 
j
, 
k
and 
r
are determined, both are constants. By comparing Eqs. (3) and (4), it can be seen that they have the same mathematical expression, differing only in the constant term, This method utilizes the formally similar properties of the cross-correlation function and the impulse response function of the response between two points of the structure under white noise environmental excitation, replacing the latter with the former, its algorithm flow is shown in Fig. 4.
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Figure 4: Flowchart of the NExT method

This method is a way to extract the free decay response of a structure. After obtaining the structural impulse response, it is combined with other methods like ERA or WT for modal parameter recognition. He et al. [54] used the NExT-ERA method to extract high-precision modal parameters from structural responses of finite length and time interval under impulse excitation and measurement noise, which was successfully verified to be effective on a suspension bridge model. Wu et al. [55] successfully obtained the self-oscillation frequency of a corner transmission tower based on the NExT-ERA technique. Yang et al. [56] combined NExT and improved empirical modal decomposition (IEMD) to attenuate the influence of the inter-correlation function due to the influence of the modes of each order between the two sides of the point and obtain more accurate modal parameters.

The essence of NExT is signal processing technology, which possesses certain noise resistance. However, it involves considerable computational complexity, is unable to identify false modes, and performs poorly in identifying low natural frequencies and high-damping structures.

2.2.3 Random Decrement Technique

The RDT was proposed by Cole [57] of NASA and theoretically analyzes the structural response signals under environmental excitation, the basic idea is to remove the random forced vibration components from the vibration response and use the averaging technique to retain only the free vibration attenuation to obtain the random reduced signal of the structure, which in turn effectively extracts the frequency and damping ratio of the structure [58–60]. The flowchart of the RDT method is shown in Fig. 5.
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Figure 5: Flowchart of the RDT method

The method can better handle single-mode environmental vibration signals and poorly handle multi-mode environmental signals [61]. In order to solve this defect and improve the accuracy of modal recognition, it is often used in combination with other modal recognition methods. Huang et al. [62] combined RDT and AR time-domain algorithms to achieve dynamic feature identification of bridges subjected to environmental vibration under traffic loading. Ku et al. [63] combined RDT and Frequency Response Function (FRF) frequency domain algorithms to improve the accuracy of modal parameter recognition. Chen et al. [64] combined RDT with the ITD based on the free vibration response to extract the structural modal parameters with high noise immunity using the feature signal truncation algorithm and the minimum distance method. Areemit et al. [60] combined RDT and ERA to identify the modal parameters of high-rise buildings and obtained smaller damping ratios compared to conventional spectral analysis. Li et al. [65] identified bridge modal parameters with higher accuracy based on adaptive signal decomposition technique and Successive Variational Modal Decomposition (SVMD) combined with NExT and RDT. Yang et al. [59] proposed a RDT method based on Analytic Modal Decomposition (AMD) to effectively identify the frequency and damping ratio of a structure from the multimodal environmental vibration response. The method is based on the Empirical Modal Decomposition and Randomized Reduction Technique (EMD-RDT), firstly, the environmental vibration signal is decomposed into a series of unimodal sub-signals using AMD, then the RDT is used to extract the stochastic decimation signal from the separated sub-signals, finally the least squares method is used to identify the intrinsic modal frequencies and damping ratios of the structure. The flowchart is shown in Fig. 6.
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Figure 6: Flowchart of the AMD-RDT method

The essence of RDT lies in signal processing technology, exhibiting strong robustness. Due to its reliance on the characteristic of the mean value of stationary random responses being zero, it distinguishes between deterministic and stochastic components in the original signal. Therefore, it necessitates a considerable amount of high-quality data. However, it performs poorly in identifying dense modes or high-damping structures.

2.2.4 Eigensystem Realization Algorithm

The ERA is a time-domain holistic modal identification algorithm that utilizes the principle of least-order realizations, proposed by Juang et al. [66] of NASA in 1985 and applied to the modal parameter recognition of NASA spacecraft, it is widely used for the modal parameter recognition of large structures with the advantages of small computational volume and high accuracy [67,68]. The algorithm introduces the principle of minimum realization in minimum control theory, which is constructed by determining the order of the Hankel matrix using the impulse response signal or free response signal of the system. The Hanekl matrix ordering problem was investigated by Caicedo et al. [67] and Li et al. [68] to determine a set of minimal realizations of the system parameters by performing an eigenvalue decomposition (SVD) of the matrix and performing system ordering, which in turn yields the state matrix of the original system [66]. The technical process is shown in Fig. 7.
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Figure 7: Flowchart of the ERA method

Under environmental excitation, either NExT or RDT can be used in conjunction with ERA to form more practical modal recognition algorithms [69]. Pu et al. [70] proposed the Fast Eigensystem Realization Algorithm (FERA) by using the constructed new symmetric matrix for eigenvalue decomposition to replace the singular value decomposition of the Hankel matrix. Zhu et al. [71] proposed a modal order fixing index called Singular Value Percentage (SVP), based on the proportion of selected order in the dynamic system. This index effectively determines the modal order, rejects spurious modes and identifies the damping ratio with high accuracy. Almunif et al. [72] improved the ERA method by SVD-based rank reduction to improve robustness.

The ERA achieves high accuracy and reduces computational complexity through model reduction techniques. It demonstrates strong practicality; however, it exhibits relatively poor robustness and is susceptible to generating false modes. Therefore, it requires the combination of noise reduction techniques and false mode elimination techniques to enhance its performance.

2.2.5 ARMA Method

ARMA refers to Autoregressive Moving Average Model, which includes Auto Regressive Model (AR) and Moving Average (MA). The method is proposed by Akaike [73] in 1969, uses a parametric model to process ordered random vibration response signals to obtain structural modal parameters. The main idea is to establish the equivalent relationship between the autoregressive and sliding average parameters and the transfer function and impulse response function on the basis of the system model to solve the system modal parameters. The technical process is shown in Fig. 8. Kang et al. [74,75] proposed an uncertainty quantification method for time-varying structural operational modal analysis based on the functional series TARMA (FS-TARMA) model, which eliminates spurious modes caused by colored noise excitations and noisy modes caused by measurement noise, etc. Rezzee et al. [76] proposed an identification method for damage detection of floating wind turbines based on ARMA model and fuzzy classification.
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Figure 8: Flowchart of the ARMA method

The ARMA method has good applicability to both stationary and non-stationary time-domain data, high accuracy, and computational efficiency. However, it has poor robustness, suffers from model order determination issues, and is not suitable for nonlinear systems ARMA method.

2.2.6 Ibrahim Time Domain Technique

The ITD method, proposed by Ibrahim [77] in 1973, utilizes the free decaying response signal sampled at three different time delays to construct the augmentation matrix of the free response function and to solve for the modal parameters of the system from the complex exponential relationship between the response and eigenvalues, The process is shown in Fig. 9.
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Figure 9: Flowchart of the ITD method

This method is only applicable to the single-degree-of-freedom excitation case and is computationally intensive [70]. Ibrahim [78] proposed a more practical Sparse time domain algorithm based on the ITD method in 1986, which avoids the QR decomposition of the feature matrix by ITD by constructing the Hessenbeg matrix directly. Yang et al. [79] proposed an improved ITD method by combining it with the stochastic subspace method. This method uses covariance calculation to retain all original data information while removing noise. The resulting Toeplitz matrix data is then used as input for the ITD method, improving accuracy and avoiding errors from inaccurate preprocessing, shortening computation time. Jiang et al. [80] used NExT-SSI and NExT-ITD for modal identification of wind turbine structures and used stability diagrams to reject spurious modes. The results showed that NExT-SSI has higher identification accuracy.

2.2.7 Complex Exponential Method

The CEM, or Prony polynomial method, mainly utilizes the system impulse response function to establish an autoregressive model and construct the Prony polynomials. It identifies the system parameters by solving for the system poles and the number of retentions. The advantage is that it requires less input data and computation and is independent of the initial parameter estimates, but the model ordering is difficult. The process is shown in Fig. 10.

[image: images]

Figure 10: Flowchart of the CEM method

2.3 Frequency Domain Methods for Modal Parameter Recognition

The frequency domain method, which mostly utilises power spectrum estimation, is a non-parametric approach [41,43]. From structural dynamics, it is known that the modal parameters of a structure can be obtained by finding its frequency response function. The structural frequency response function 
H(ω)
:


H(ω)=y(ω)f(ω)
(5)

where 
y(ω)
is the excitation signal, 
f(ω)
is the output signal. In Environmental Excitation research, the excitation signal is often unknown and generally identified as Gaussian white noise, so the power spectral density function of the measured response signal can be theoretically approximated instead of the frequency response function. To obtain the power spectral density function, the measured response signal time-domain data is processed using Welch’s method or by convolving the correlation function in the time domain, followed by applying the Fourier transform. The Welch power spectral density estimation of the time domain data can be achieved by using the “pwelch” function in MATLAB. Apart from this, the non-parametric power spectral density estimation can be obtained by using the “periodogram” and “FFT (Fast Fourier Transform)” functions in MATLAB. The input signal to the algorithm can be considered as the Power Spectral Density function.

2.3.1 Peak-Picking Method

The PP method utilizes the property that the power spectral density function of the structure peaks at the intrinsic frequency of the system. It identifies the intrinsic frequency and vibration mode of the structure by picking up the peak of the power spectrum, thereby achieving the identification of the system modes [81,82]. This method is suitable for structures with small damping and few dense modes. It has high efficiency in modal parameter recognition, with a simple algorithm. However, PP suffers from subjectivity, low identification accuracy, inability to identify structural damping ratio, and difficulty in identifying dense modes.

2.3.2 Frequency Domain Decomposition Method

The FDD method is improved from the PP Method by decoupling the power spectral density function of a multi-degree-of-freedom system into a series of single-degree-of-freedom power spectra through SVD of the power spectral densities, then identifying the modal parameters of the structure by using the PP Method [83]. However, the identified modal parameters are inaccurate in the case of non-white noise excitation or non-minor damped systems [43]. Brincker et al. [84] proposed the Enhanced Frequency Domain Decomposition (EFDD) in 2001. This method involves subjecting the decomposed single-degree-of-freedom power spectral density function to Fourier Transform (FT), converting it to the time domain to derive the correlation function. Then, the logarithmic decay method is used to compute the frequency and damping ratio, as shown in Fig. 11.
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Figure 11: Flowchart of the EFDD method

2.3.3 Least Squares Complex Frequency Domain Method

The Least Squares Complex Frequency Domain (PolyMAX) method, proposed by Van Der Auweraer et al. [85] in 2001, uses an approximation of the power spectral density of the output response in place of the frequency response function, then uses a great likelihood estimation to minimize the error and achieve the identification of global modes. Guillaume et al. [86] provided a detailed account of the PolyMAX method for the computational procedure and theoretical derivation of modal parameters under Environmental Excitation in white noise environment in detail. Poly reference Least Squares Complex Frequency domain method with multiple reference points (PolyLSCF) is a multi-input and multi-output version developed on the basis of the PolyMAX method, which can overcome the shortcomings such as the degradation of the frequency response function fitting effect and the insufficient amount of information in the initial Stability Diagram when the model is decomposed by SVD by PolyMAX [87]. The Least Squares Complex Frequency Domain Method and Least Squares Complex Exponential Method both use maximum likelihood estimation for system parameter identification in the form of algorithms, but the former uses the frequency response function or the power spectral density function in the frequency domain, whereas the latter uses the impulse response function in the time domain. De Troyer et al. [88] found that if the frequency response function is uncorrelated and the information about the noise function is known (e.g., the correlation function), the modal parameter recognition values of the confidence intervals can be extracted directly from the covariance matrix of the frequency response function.

Polymax offers high computational efficiency, high accuracy, and produces high-quality stabilization diagrams, which facilitate the removal of false modes. It can be used for parameter identification of high and low damping as well as dense modes. However, it requires assuming a high trial order, and the quality of the identified modal parameters is highly dependent on the chosen order, making it susceptible to operator subjectivity.

2.3.4 Blind Source Separation Method

Blind Source Separation (BSS) was first proposed by French scholars Jutten et al. [89]. Essentially, it is a signal processing technique that can separate mixed signals without prior knowledge of the mixing process or the specific forms of the source signals. Therefore, it performs exceptionally well in handling complex signals and noisy environments. The basic principle of using BSS to identify structural modal parameters is as follows: firstly, mixed signals are collected from multiple sensors of the structure, as shown in Eq. (6):


x(m×1)=A(m×n)s(n×1)
(6)

where 
s(n×1)
is an 
n
dimensional vector composed of 
n
dimensional sourse signals; 
x(m×1)
is an 
m
dimensional observation data vector output by all sensors; 
A(m×n)
is referred to as the mixing matrix. Secondly, the Independent Component Analysis (ICA) method is used. ICA assumes that the source signals are statistically independent from each other and attempts to extract these independent components from the observed signals. It finds a separation matrix 
W(n×m)
such that:


y(n×1)=W(n×m)x(m×1)
(7)

where
y(n×1)
is the estimated vector of the source signal vector 
s(n×1)
; the separation matrix 
W(n×m)
is the inverse of the mixing matrix 
A(m×n)
. Finally, ICA identifies the independent source signals by maximizing the non-Gaussianity of the signals or minimizing the mutual information between the signals. The separated source signals 
y(n×1)
actually correspond to the structural responses, from which the structural modal parameters can be obtained through further processing.

BSS can be classified into two groups based on the number of sensors arranged on the structure and the number of active modes: determined (overdetermined) and underdetermined problems [90]. Since the available measurements for processing are usually limited (e.g., only a few sensors are available), BSS problems are largely considered underdetermined problems. Currently, scholars mainly focus on two methods to solve underdetermined BSS problems: Second Order Blind Identification (SOBI) and Sparse Component Analysis (SCA). SOBI was proposed by Belouchrani et al. [91], which identifies modes by diagonalizing the correlation matrix of responses. Yang et al. [92] first applied SCA to modal identification, demonstrating the reliability of the SCA method for underdetermined (insufficient number of sensors) BSS, particularly in structures with high damping or dense modes. Yao et al. [35] proposed an automatic frequency domain subspace segmentation method with integrated SCA to improve the modal recognition accuracy in response to the low efficiency and accuracy of SCA in handling a large number of modes; Jian et al. [36] addressed the issue of existing underdetermined BSS methods requiring sparsity assumptions on source signals and model parameter optimization, which compromises the non-parametric and blind source properties of BSS. They proposed using sinc-dictionaries for band-limited source separation, transforming the underdetermined problem into multiple determined or over-determined problems. Subsequently, they applied an improved SOBI to each band-limited signal to recover the system’s modal responses. Finally, they employed a single-degree-of-freedom fitting technique to estimate modal parameters.

The outstanding advantage of BSS is its simplicity. Its basic form is a non-parametric linear algebraic equation system, which does not involve peak picking, stabilization diagram analysis, or other procedures heavily influenced by subjectivity. However, its capability for real-time data processing still requires further research.

2.3.5 Bayesian Approach

Bayes’ theorem was originally proposed by the British mathematician Thomas Bayes, and later elucidated by Laplace, rendering its theoretical significance clearer. In 1998, Beck et al. [93] first introduced the Bayes’ theorem into modal parameter recognition. They established posterior probability density functions containing modal parameters and utilized optimization methods to estimate the Most Probable Values (MOV) of modal parameters. The principle of Bayesian modal parameter recognation method can be summarized as follows: Firstly, it is necessary to establish the prior distribution of modal parameters based on prior knowledge or empirical assumptions; Secondly, based on the observed data, establish the likelihood function, as shown in Eq. (9); Thirdly, combine the prior distribution and the likelihood function using Bayes’ theorem to obtain the posterior distribution, as shown in Eq. (11); Finally, the posterior distribution is typically sampled using Markov Chain Monte Carlo (MCMC) methods to obtain modal parameters. The fundamental equation of the Bayesian modal parameter recognation method is represented by Eq. (8):


P(θ|D)=P(D|θ)P(θ)P(D)
(8)

where 
D
, 
θ
represent general random variables, 
P(θ)
is the prior probability of event 
θ
occurring, 
P(D)
is the prior probability of event 
D
occurring, also known as the normalization constant or marginal probability; 
π(θ)
is the prior distribution of the random variable 
θ
. If we observe a sample data 
x=(x1, x2, ⋯, xn)
generated from any value of 
θ
in 
π(θ)
, then the likelihood function expression for the sample 
X
is:


p(x|θ)=∏i=1np(xi|θ)
(9)

The edge probability density function of 
x
is:


m(x)=∫θp(x|θ)π(θ)dθ
(10)

From the above equation, it can be seen that 
m(x)
, which does not contain any prior information of 
θ
and serves as the normalization constant, the posterior distribution of 
θ
is:


π(θ|x)=p(x|θ)πθm(x)
(11)

Au et al. [31] summarized frequency domain methods for identifying structural modal parameters under environmental excitations, providing detailed theories, computational methods, and practical experiences gleaned from on-site applications. Zhu et al. [33] addressed the issue of traditional modal analysis methods being unable to identify buried modes under environmental excitations. They proposed a Bayesian frequency domain method, which successfully identified buried modes of long-span suspension bridges, demonstrating its practicality. Luo [94] addressed the difficulties in selecting proposed distributions and the low computational efficiency of traditional MCMC methods by proposing the Simple Population-Metropolis Hastings (SP-MH) identification algorithm. This algorithm requires fewer auxiliary parameters and achieves higher computational efficiency. Additionally, Luo [94] introduced the particle position update mechanism of Particle Swarm Optimization (PSO) to improve the standard MH algorithm, resulting in the Mixed Markov Chain Monte Carlo Sampling method (MH-PSO). This method further resolves issues such as significant Monte Carlo standard error values and inaccurate Markov chain estimates in the standard MH algorithm. Sedehi et al. [95] developed a hierarchical Bayesian modeling framework that can mitigate the variability introduced by modeling errors, providing a novel approach for quantifying uncertainty.

The Bayesian modal parameter recognition method is robust and highly accurate. However, it has drawbacks such as the tendency to produce ill-conditioned matrices and the computational complexity of optimizing modal parameters.

2.4 Time-Frequency Domain Methods for Modal Parameter Recognition

Both time-domain and frequency-domain methods are based on the Fourier transform, but the Fourier transform does not respond to the instantaneous characteristics of the signal, so both of the above methods are only suitable for processing smooth response signals generated under Environmental Excitation. For the processing of non-smooth signals, time-frequency domain analysis methods, such as the Hilbert-Huang Transform (HHT) method and the Wavelet Transform (WT) method, are often used to identify modal parameters.

2.4.1 Hilbert-Huang Transform

The HHT is an adaptive time-frequency processing technique for non-stationary signals of nonlinear systems with excellent performance, which was proposed by Huang et al. [96] of NASA in 1998. The core of the method is the Empirical Modal Decomposition (EMD) and the Hilbert Transform (HT). The EMD is a method to deal with time domain curves, the time domain signal is decomposed into multi-order Intrinsic Mode Function (IMF) and residual terms by EMD, IMF represents the vibration modes at a certain scale, then the obtained IMF is used to get the instantaneous modal parameter of the structure by using the HT. The algorithm flow is shown in Fig. 12.
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Figure 12: Flowchart of the Hilbert-Huang method

Under Environmental Excitation, the IMF components obtained from EMD include two types of signals, free vibration and forced vibration, which can be extracted for modal decomposition by processing with RDT [97]. The combination of HHT and NExT can also be used for structural modal identification under Environmental Excitation [98]. The advantage of HHT over FT and WT lies in the adaptation to the nonlinear problem. As a method of modal decomposition, EMD can also be used in conjunction with other modal identification methods, e.g., Qin et al. [99] combined the EMD with SSI, which is successfully applied to the modal analysis of dense modal structures under Environmental Excitation.

HHT has the advantage of handling nonlinear and non-stationary data. It requires only simple data collection, making it convenient for real-time data processing. HHT can identify dense modes and is relatively easy to apply in structural health monitoring systems.

2.4.2 Wavelet Transform

The WT features an adaptive time-frequency window that adjusts the sampling step in the time domain based on different frequency components. It offers good frequency resolution in the low-frequency part of the signal and good time resolution in the high-frequency part. With multi-resolution characteristics, it can characterize the local features of the signal in both time and frequency domains. Lardies et al. [100] proposed the use of WT for identifying the modal parameters in 2002. The Empirical Wavelet Transform (EWT) technique has advantages in dealing with non-smooth, non-linear signals, but its performance relies heavily on the accuracy of the Fourier spectral segmentation. To address the susceptibility of the EWT to high-intensity noise, modulation sidebands, and the inaccurate frequency band division, Qin et al. [101] removed the high-frequency components from the Fourier wavelet transform of the vibration signal. They replaced the Fourier spectrum with the reconstructed trend spectrum of the EWT of the residual components for spectral segmentation. Combined with SET de-noising, RDT, and HT, they accurately identified the modal parameters of bridge structures. This approach showed good robustness under low Signal Noise Ratio (SNR) conditions. Wei et al. [102] utilized the projection information of Fourier spectrum to eliminate pseudo-peaks and implemented a sliding window approach to mitigate noise influence on the spectrum and enhance spectral representation. They proposed an improved EWT method, combined with NExT and HT, to efficiently assess the modal characteristics of ultra-high-rise buildings under low-amplitude Environmental Excitation. The process is shown in Fig. 13.
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Figure 13: Flowchart of the improving EWT method

2.5 Modal Verification

Due to OMA’s reliance on incomplete excitation and response data, it can be affected by insufficient environmental excitation and excessive noise interference. This can impact the effectiveness of modal parameter recognition and lead to the generation of spurious modes. Therefore, it is necessary to validate the results of modes identified by various modal identification algorithms. Common modal validation methods include Modal Assurance Criterion (MAC), Stability Diagram (SD), and so on.

2.5.1 Modal Assurance Criterion

Heylen et al. [103] proposed the Modal Assurance Criterion (MAC) and the Modal Phase Collineation (MPC) as a means of distinguishing between real and spurious modes. MAC is effective for evaluating the linear correlation of modal vibration vectors. Selecting modal vectors with small linear correlation ensures the completeness of modal information [104]. The MAC is commonly used to assess the similarity between them to determine whether they represent the same physical modal vibration pattern. If the two modal vibrational mode row vectors are 
ϕr
and 
ϕs
, respectively, then the MAC calculation formula can be:


MAC=|ϕrTϕs|2(ϕrTϕr)(ϕsTϕs)
(12)

where 
ϕr
and 
ϕs
are the identified values of the column vectors of modal vibration patterns for the same spatial state model, respectively. MAC takes values between 0 and 1. If MAC is equal to 1, the two modes are identical; if MAC is equal to 0, the two modes are completely unrelated. A threshold value is typically set based on the actual structural situation and experience. Modes are considered reliable and accurate when the MAC value is higher than a certain threshold value [105]. In modal validation, correlation analysis of MAC can be carried out using different orders of modes, plotted as histograms for direct observation, or the correlation between the measured response history of a particular order of modes and the model response history vector can be solved. Greś et al. [106] characterized the MAC distribution of equal mode shapes using a second-order incremental approach. Based on the uncertainty of the derivation, they developed a decision framework to assess whether the modes are equivalent or not. This framework was embedded into a damage detection algorithm based on modal parameters and successfully assessed the change in vibration shapes caused by damage to the S101 bridge during the monitoring period. Hizal et al. [107] proposed a new Bayesian approach using a discrepancy model based on the MAC to estimate modal frequencies, damping ratios, and global vibration vectors for large structures.

2.5.2 Stability Diagram

The Stability Diagram (SD) is a commonly used method to identify system poles. The horizontal coordinate represents frequency and the vertical coordinate represents system order. Different orders are chosen to complete modal identification. The authenticity of the poles is judged by identifying the stability of the system poles with respect to frequency, normalized vibration pattern, and damping ratio. The SD labels the poles corresponding to each order in the same diagram. When the interpolated values between the parameters of the higher order compared to those of the same lower order are within a certain tolerance, they can be identified as stable modal parameters. Fig. 14 shows the Stability Diagram of Cheynet et al. [46–48] using the SSI-COV method to identify the modal parameters of the Lysejord Bridge, which gives a clear picture of the first six orders of modal parameters. Chen et al. [108] addressed the issues of SSI-COV in identifying bridge modal parameters and identifying false modes with high subjectivity. They introduced a method for intelligently screening real modes. By observing that false modes change significantly with noise while structural frequency values, damping ratios, and modal vibration shapes remain stable over a short period, they proposed a discriminant matrix with modal parameters from the SD as discriminant factors. This method intelligently eliminates false modes, its feasibility and reliability were demonstrated through bridge vibration tests. Sun et al. [109] proposed a synergistic application of a modal identification system based on multiple Stability Diagrams to reduce errors and uncertainties in modal estimation. They verified the effectiveness and high robustness of the method through numerical simulations of frame structures and successfully evaluated the dynamic characteristics of 600 m high super-tall buildings during typhoons.
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Figure 14: Stability diagram of the Lysejord bridge

2.5.3 Other Methods

1) Modal Scale Factor (MSF), orthogonality with MAC when used for different modal comparisons [110];

2) Mode Phase Collineation (MPC) checks the degree of complexity of a particular order of modes by calculating the linear relationship between the real and imaginary parts of the vibrational parameters. The MPC index is close to 0, which indicates that the modal complexity is relatively complex and there may be noisy modes [66]. The MPC can be expressed as follows:


MPCi=ψrr+ψri2(e2+1)sin2θ−1eψrr+ψii(i=1,2,⋯,2n)
(13)

where the range of values of 
MPCi
is 
0≤MPCi≤1
; while 
MPCi→1
, the mode is the system mode (small damping); while 
MPCi→0
, the order mode is a noise mode or complex mode (large damping);

3) Mode Complexity (MOV) calculates the frequency sensitivity of the mode by increasing the added mass of the structure, with a lower MOV indicating that the mode is likely to be a noise mode [103].

3  Structural Damage Identification Based on Modal Parameters

Structural damage leads to changes in the physical parameters of the system such as stiffness and mass, which in turn leads to changes in the vibration characteristics of the structure. Damage identification methods are utilized to diagnose, locate, and assess the extent of damage by comparing changes in healthy and damaged vibration characteristics. Their core lies in finding a parameter obtained by algorithms that is sensitive to structural damage. The selection of an appropriate modal parameter is directly related to the difficulty of damage identification and the correctness of the identification results [111]. Commonly used damage characterization parameters include the natural frequency of the structure, the modal shapes, the curvature modal shapes, and so on.

3.1 Damage Identification Based on Natural Frequency Variation

When damage identification is based on natural frequency variation, the change in structural mass is usually ignored and only the reduction in structural stiffness is considered. In this case, the natural frequency of the structure decreases and the damping ratio increases. Structural damage can be identified by comparing the change in natural frequency before and after the structural damage occurs. Nguyen et al. [112] proposed a correlation coefficient with a sensitivity higher than the natural frequency based on the natural frequency-based damage identification method for monitoring and evaluating the structural damages. Li et al. [113] proposed the Particle Swarm Optimization (PSO), evaluated the performance of four natural frequency-based fitness functions in identifying structural defects in beams using the PSO-FEM method. Mekjavić et al. [114] proposed a computational method based on the nonlinear uptake theory to accurately predict the location and severity of damage by using the information about the variations of the measured natural frequencies.

There are limitations in using natural frequency variations to identify damage [4,115]:

1) Natural frequency is less sensitive to local and minor damage to the structure;

2) The same frequency variation may correspond to several different damage locations, which does not allow for localization of the damage;

3) A small degree of damage at early stages corresponds to a small rate of change of the lower-order modal frequencies and a large rate of change of the higher-order modes, but it is difficult to identify the structure under environmental excitation in the higher-order modes [116].

Therefore, damage identification based on natural frequency is often used to assist in diagnosing structural damage, while identifying the damage location requires relying on other parameters.

3.2 Damage Identification Based on Strain Modal Shapes Variation

Local damage to the structure causes a direct change in the modal shapes of the system, and it becomes possible to determine the damage by the modal shapes variation. Compared with frequency, the change of modal shapes is more sensitive to damage.

In modal analysis, both strain and displacement modes reflect the structure’s vibration characteristics, strain is the second derivative of displacement. Essentially, strain and displacement modes correspond to each other [117]. However, strain modal shapes are more sensitive to local damage, making damage identification methods based on strain modal shapes more sensitive and robust. Therefore, this paper primarily introduces damage identification methods based on strain modal shapes. There are usually three ways to identify damage based on the change of vibration strain modal shapes:

1) A direct comparison of the change in the strain modal shapes before and after damage is used to identify whether damage has occurred, e.g., the Strain Modal Shape Difference (SMSD):


SMSD(j)=|ϕdiε(j)−ϕuiε(j)|
(14)

where 
ϕdiε(j)
, 
ϕuiε(j)
are the 
ith
strain modal shapes corresponding to the 
jth
element of the damaged and undamaged structure, respectively;

2) Damage generation is identified by the change or value of variables of the modal shapes, such as the modal strain energy [118] and the residual tendency of the strain modal shapes;

3) Orthogonalized conditional identification of damage based on modal shapes.

Zhou et al. [118] proposed a unitary modal strain energy damage identification method to locate and quantify the damage, with significant improvement in noise immunity and identification accuracy.

3.3 Damage Identification Based on Curvature Modal Shapes

The curvature modal shapes method detects structural damage by measuring the curvature of the structure under different modal shapes. It establishes damage indicators using curvature modal shapes theory and compares the curvature of the structure under different modal shapes with the non-damaged case to determine if there is damage. For example, beam-plate structure, which mainly bears lateral external force and bending moment caused by external force, the curvature of the structure under the action of bending moment will change with the occurrence of structural damage [111].

Damage metrics based on curvature mode shapes include the strain modal shapes curvature difference SMSCD, which requires the curvature modal shapes to be obtained by first using second-order centre difference calculations:


ϕi,jε′′=ϕ(i−1),jε−2ϕi,jε+ϕ(i+1),jεh2
(15)

where 
ϕi,jε
is the modal strain for the 
jth
modal shape at the measurement coordinate 
i
, 
h
is the distance between the measurement coordinates. The SMSCD can be expressed as:


SMSCD(i)=∑j=1NΔϕi,jε′′=∑j=1N|ϕi,jε′′,damaged−ϕi,jε′′,undamaged|
(16)

The curvature modal shapes square difference (CMSSD) is improved from the SMSCD:


CMSSD(i)=∑j=1N|(ϕi,jε′′,damaged)2−(ϕi,jε′′,undamaged)2|
(17)

where 
ϕi,jε′′,damaged
, 
ϕi,jε′′,undamaged
are the modal curvature for the 
jth
modal shape at the measurement coordinate 
i
of the damaged and undamaged structure, respectively

The advantage of the curvature modal shapes method is that it is capable of localizing damage to the structure and is sensitive to small areas of damage to the structure [119]. Dessi et al. [120] provided a review of curvature modal shapes based on damage identification methods. Chinka et al. [121] identified vibration characteristics through the equations of motion for healthy and damaged beams. In experimental modal testing, they located damage and estimated crack depth by analyzing the combined effects of modal shapes and frequencies on curvature modal shapes. Pooya et al. [122] located damage by using the difference between the actual curvature modal shapes of the damaged structure and the curvature modal shapes identified by the algorithm.

3.4 Other Methods

In terms of structural damage identification methods, there are many other damage identification methods, as shown in Table 1.
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4  Application of Artificial Intelligence Methods for Modal Analysis and Damage Identification

Structural Health Monitoring (SHM) systems are capable of outputting massive amounts of monitoring data, in order to reveal the structural information embedded in the data, AI algorithms have been used for data interpretation and analysis. Sun et al. [123] summarized the application of big data and AI in processing SHM data for large span bridges, proposing a strong detailed design for data analysis. Avci et al. [124] reviewed vibration-based structural damage detection over from traditional methods to machine learning and deep learning methods. Huang et al. [125] reviewed the progress of machine learning in structural modal identification, damage identification, and reliability assessment and discussed the future trends. The application of artificial intelligence methods to modal parameters mainly includes: computer vision-based methods, methods using machine learning to solve modal equations and methods using artificial intelligence post-processing.

A computer vision based structural modal parameter recognition method is used to obtain structural modal parameters from video images of structural vibrations using computer vision techniques and blind source separation methods. Yang et al. [126] introduced a non-contact computer vision method and proposed an improved video frame interpolation algorithm EQVI-T with improved edge algorithm. Kong et al. [127] proposed a structural vibration measurement and frequency identification method based on broad-band phase-based motion magnification (BPMM) and sub-pixel template matching algorithms, with good robustness, low computational effort, and applicability. Lu et al. [28] proposed a framework for computer vision modal analysis to identify structural modal parameters. They assumed that structural micro-amplitude vibrations are smooth and directly correlate structural modal parameters with visual data. They performed visual modal analysis and obtained structural modal parameters through frequency domain decomposition. Tello-Cifuentes et al. [128] proposed a method for identifying pavement damage through pattern recognition, and image analysis and artificial intelligence algorithms, with an accuracy rate higher than 97%.

Machine learning can solve modal equations by embedding the mathematical principles of modal parameters into neural networks. This transforms the problem of solving modal parameters into an optimization problem for neural networks. Neural networks can also be used for automatic fixed-order solving of modal parameters to eliminate false modes. Liu et al. [23] embedded the mathematical features of determining modal order and identifying modal parameters in Stochastic Subspace Identification into a neural network. They proved its effectiveness through numerical simulations and bridge examples. Lei et al. [136] adopted structural response transfer data based on WT as an input of a deep convolutional neural network to eliminate the effects of different seismic excitation.

Artificial intelligence is used to automatically process the data to reduce spurious modes. For instance, in SSI and NExT-ERA methods, determining the number of ranks in the Hankel matrix directly impacts modal identification results. If the Hankel matrix is too large, it may result in spurious modes, while if it is too small, modal parameters may be lacking. Therefore, combining the deep learning and modal parameter recognition methods, by learning the huge amount of data and automatically selecting the most appropriate size of the Hankel matrix Fan et al. [25] proposed an automatic structural modal parameter recognition method based on SSI and clustering method, which uses clustering processing for the modal parameters obtained from the SSI method to eliminate false modes and accurately and automatically identify the modal parameters. He et al. [137] combined the time series model of structural monitoring data with the kernel ridge regression model in machine learning to propose a damage localization method for structures that can identify structural damages with high accuracy. Wang et al. [138] proposed a method based on the clustering model of waveforms and machine learning, which is able to efficiently and accurately identify damages in CFRP laminates.

From the above, it is evident that combining artificial intelligence algorithms with traditional modal and damage identification methods enhances their autonomous learning and data analysis capabilities. This combination effectively eliminates errors caused by human subjectivity, accurately identifies failure modes in large civil engineering structures, and revitalizes traditional methods.

5  Conclusions

This paper classifies and summarizes modal parameter recognition methods for civil engineering structures under environmental excitation. It outlines their basic principles, introduces modal verification methods, and modal parameter-based damage identification methods, and briefly describes the application of artificial intelligence methods in these areas. The synthesis can be seen: the methods of structural damage identification based on modal parameters under environmental excitation mainly have the problems of non-smooth excitation, many false modes, poor identification accuracy, inability to identify small damage, no consideration of the nonlinearity of structural damage and incomplete monitoring data. Based on the analysis of this review, the following conclusions can be obtained:

1) Environmental excitation modal identification methods often assume that the excitation signal is a smooth signal such as Gaussian white noise, while in the actual structural operating state, its Environmental Excitation is mostly non-smooth. How to deal with non-smooth signals efficiently is the key to improving the practicality and effectiveness of modal parameter recognition methods for environmental excitation.

2) For civil engineering structures subjected to large amplitude excitations like earthquakes and tsunamis, they may enter a nonlinear phase. Existing algorithms rarely consider the nonlinear behavior of the structure in the damaged state. Therefore, the identification of damage in the nonlinear phase of the structure is of important research significance.

3) Environmental excitation may not adequately excite the structure due to the impossibility of designing its excitation form and excitation energy, while for damage to small structures often requiring the use of higher order modal parameters, environmental excitation may be more difficult to realize. Structural damage detection inevitably suffers from uncertainties such as measurement noise and modelling errors due to inaccuracies in the physical parameters, unsatisfactory boundary conditions, and structural non-linearity, which can lead to false identification. In the future, it may be possible to eliminate the effect of noise by continuously learning from the data and automatically selecting the correct parameters and boundary conditions through artificial intelligence techniques.

4) Environmental excitation modal recognition methods use only the output response, which may be incomplete along with the actual structure’s modal parameters and output response. In the future, damage recognition based on unknown inputs and incomplete output data can be developed by using big data and artificial intelligence algorithms to intelligently complement and output response information.

5) Various modal parameter recognition methods and damage identification indexes are emerging. However, there is no guideline on which methods to use for specific structures due to the ever-changing conditions of engineering structures. In the future, it may be possible to develop an intelligent monitoring system for civil engineering structures, driven by the combination of big data analysis and artificial intelligence algorithms, which can efficiently process monitoring data and adaptive adjust monitoring parameters.
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