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Abstract: Modal analysis, which provides modal parameters including frequencies, damping ratios, and mode shapes, is
essential for assessing structural safety in structural health monitoring. Automated operational modal analysis (AOMA) offers a
promising alternative to traditional methods that depend heavily on human intervention and engineering judgment. However,
estimating structural dynamic properties and managing spurious modes remain challenging due to uncertainties in practical
application conditions. To address this issue, we propose an automated modal identification approach comprising three key
aspects: (1) identification of modal parameters using covariance-driven stochastic subspace identification; (2) automated
interpretation of the stabilization diagram; (3) an improved self-adaptive algorithm for grouping physical modes based on ordering
points to identify the clustering structure (OPTICS) combined with k-nearest neighbors (KNN). The proposed approach can
play a crucial role in enabling real-time structural health monitoring without human intervention. A simulated 10-story shear
frame was used to verify the methodology. Identification results from a cable-stayed bridge demonstrate the practicality of the
proposed method for conducting AOMA in engineering practice. The proposed approach can automatically identify modal
parameters with high accuracy, making it suitable for a real-time structural health monitoring framework.

Key words: Structural health monitoring; Covariance-driven stochastic subspace identification; Automated operational modal
analysis (AOMA); Ordering points to identify the clustering structure (OPTICS); k-nearest neighbors (KNN)

2013; Gu et al., 2017; Sun et al., 2020; Ran et al.,
2023). In recent decades, many customized SHM sys-
tems have been implemented in various forms of civil
infrastructure systems such as bridges (Jeong et al.,
2019; Jin et al., 2021), high-rise buildings (Liu et al.,
2013; Huang et al., 2020; Doroudi et al., 2022), dams
(Kang and Li, 2020; Mostafaei et al., 2021), and other
large-scale space structures (Luo et al., 2021, 2022).
These systems provide raw data for identifying the
modal parameters, including frequencies, damping
ratios, and mode shapes, which are the key indicators
of changes in the structural condition of infrastructure
during long-term operation.

Most civil infrastructure is large-scale and can be

1 Introduction

Civil infrastructure is continuously subjected to
material degradation and time-varying environmental
degradation, resulting in gradual or sudden reductions
in structural safety and reliability (Farrar and Worden,
2007). It is essential to identify the key structural pa-
rameters of civil infrastructure in real-time using struc-
tural health monitoring (SHM) technology. SHM tech-
nology offers an effective way to update finite ele-
ment models (Pan et al., 2020; Ereiz et al., 2022), track
structural status (Yun et al., 2014; Ni et al., 2020; Wu
et al., 2023), and detect damage (Garcia-Perez et al.,
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excited only in operational excitations, which limits
the application of experimental modal analysis (EMA).
In contrast, operational modal analysis (OMA) has
been proposed to extract modal parameters from con-
tinuous acceleration data of structures with minimal
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influence on their operation. Generally, OMA ap-
proaches are divided into three categories: frequency
domain, time domain, and time-frequency analysis
(Hou and Xia, 2021). These approaches have been
shown to be effective in several high-profile projects.
The Z24 Bridge (Civera et al., 2023), Beichuan River
Bridge (Ren and Zong, 2004), Confederation Bridge
(Desjardins and Lau, 2022), and Tsing Ma Bridge
(Chen et al., 2004) are among notable examples of
OMA applications in bridge engineering. The Z24
bridge, a three-span concrete continuous beam bridge,
underwent continuous monitoring and modal testing,
serving as a benchmark model that comprehensively
validated numerous operational modal identification
approaches. In a comparative study of current methods
for operational modal identification for the Z24 bridge,
Peeters et al. (2004) investigated the varied identifica-
tion results obtained by different researchers. Reynders
et al. (2008) introduced a time-domain hybrid subspace
identification approach by taking the Z24 bridge as a
case study. This study stands as the most comprehen-
sive literature on modal parameter identification for
the Z24 bridge, demonstrating strong identification ac-
curacy and affirming the effectiveness of the time-
domain method. The Beichuan River Bridge, located
in China, has attracted significant attention in re-
cent times. To identify its modal properties, extensive
dynamic tests were carried out using the peak picking
method and the stochastic subspace identification
(SSI) method (Ren and Zong, 2004). The findings
highlighted the efficacy of the stabilization diagram
method in circumventing the inherent issues of ran-
domness and ambiguity that can arise during modal
identification. Consequently, the time-domain SSI
method outperformed its frequency-domain counter-
part (Peeters and de Roeck, 1999). A massive amount
of acceleration data is continuously collected from
structures under operational and environmental excita-
tions, making it necessary to process data in real-time
for modal parameter identification. In such cases, con-
ventional modal analysis methods that rely on human
manipulation become time-consuming due to the re-
quired engineering judgment. It is necessary to develop
a robust and efficient automated operational modal
analysis (AOMA) approach, which is useful for the
application of SHM in engineering practice (Yaghoubi
et al., 2018; Mugnaini et al., 2022).

Many researchers are actively engaged in auto-
mating the interpretation of stabilization diagrams and
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eliminating spurious modes to address these challenges
within the field of AOMA. SSI-based AOMA is widely
recognized for its robust mathematical foundation and
effectiveness in identifying closely spaced and weakly
excited modes (Cabboi et al., 2017; Wu et al., 2019).
Consequently, SSI has gained significant popularity
and has become one of the most widely used method-
ologies in AOMA. However, SSI-based AOMA faces
a major problem in determining the optimal system
order. Over-specifying the model order and setting it
high enough to include all physical modes within the
frequency of interest is a typical approach used to re-
solve this problem. Nonetheless, this approach unavoid-
ably introduces numerous spurious modes, which can
either be mathematically derived or induced by noise.
To mitigate this issue, the use of a stabilization dia-
gram that provides a visual representation of the model
order plotted against frequency has become standard
practice. It serves as a valuable tool for distinguishing
physical modes from spurious modes. Physical modes
of structure have a regular distribution in the stabiliza-
tion diagram that allows them to be seen through ver-
tical lines as the model order progressively increases.
In contrast, spurious modes appear scattered. The
main part of the implementation of SSI-based AOMA
involves the automated interpretation and clearing of
the stabilization diagram in situations where spurious
modes are present. Significant efforts have been dedi-
cated to automating the interpretation of the stabiliza-
tion diagram to effectively distinguish physical modes
from spurious modes. Spurious mode removal and
physical mode clustering constitute the two primary
components of the SSI-based AOMA methodology
(Feng et al., 2024).

Many modal validation criteria have been used
to pre-filter the stabilization diagram and eliminate
the spurious modes. One of these criteria is the modal
complexity index (MCI), which combines the modal
phase deviation (MPD) and modal phase collinearity
(MPC) (Rainieri and Fabbrocino, 2014; Gres$ et al.,
2021). The modal transfer norm (MTN), based on the
modal contribution ratio, is an additional standard for
validating modal parameters (Reynders and de Roeck,
2008). While many real-world scenarios can be con-
strained by the specifications, these standards may be
less useful when significant measurement noise and
non-proportional damping are present. It is suggested
that the modal uncertainty, which is currently mea-
sured by metrics like the coefficient of variation C,, is
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an effective instrument for the removal of spurious
modes (Reynders et al., 2016). A lower C, is typically
observed in physical modes (Do6hler and Mevel,
2013). The second step of the AOMA procedure is de-
fining a collection of physically related modes using
different techniques (He et al., 2022; Sadeqi et al.,
2022). Diverse clustering techniques play a pivotal
role in the mode clustering step, effectively grouping
modes with similar characteristics (Saxena et al.,
2017). Clustering algorithms are divided into two cat-
egories: hard and soft. Hard clustering algorithms
classify each data sample precisely once, but soft clus-
tering algorithms assign a probability to each data
sample for belonging to each cluster rather than hard
connecting it to only one cluster. Many hard cluster-
ing techniques have been proposed to automate the in-
terpretation of stabilization diagrams, such as k-means
clustering and its derivatives, hierarchical clustering,
and density-based clustering (Civera et al., 2023).
Many researchers have used hierarchical clustering
extensively and consider it to be the most common
strategy (He et al., 2021). The ability to pick physical
clusters is a significant advantage of hierarchical clus-
tering. The computational cost of hierarchical cluster-
ing is high due to the need for user-defined tree cutoff
distances and manual intervention. Another popular
clustering method involving partitioning is commonly
known as k-means clustering (Neu et al., 2017). This
method has the advantage of being computationally
fast. However, the number of clusters must be prede-
termined and is sensitive to cluster seeds. These ap-
proaches do not take into account the uncertainty of
modal parameters and the inaccuracy of mode shapes.
The cluster can be described as a multivariate normal
distribution function for data samples in a Gaussian
mixture model (GMM), a type of soft clustering also
known as probability model-based clustering (Zeng
and Hu, 2022). The adoption of GMM, an unsuper-
vised learning technique that automatically assigns
each sample to a cluster with a probability, speeds up
the construction of clusters based on these probabili-
ties (McLachlan et al., 2019). It has been reported that
the assumption of modal parameters following a nor-
mal distribution may not accurately reflect real-world
conditions (Fan et al., 2019). Sun et al. (2017) pro-
posed an AOMA methodology using multi-level clus-
tering techniques, such as k-means and hierarchical
clustering, which was applied to a single-tower cable-
stayed bridge with a main span of 46 m. With the rapid

advancements in artificial intelligence and big data,
machine learning has the potential to refine supervised
clustering approaches, thereby enhancing the accuracy
of automatic modal parameter identification and re-
ducing the influence of spurious modes (Mao et al.,
2019; Liu et al., 2023). Civera et al. (2022) proposed
a machine learning-based AOMA method applied to
masonry arch bridges, combining the density-based
spatial clustering of applications with noise and the
SSI.

Researchers have focused on distance-based grou-
ping algorithms, hierarchical clustering, and frequency-
based overlapping histograms to identify collections
of physically related modes. Distance-based grouping
algorithms classify modes by considering the separa-
tion between elements and applying distance criteria
progressively. To the best of our knowledge, a density
clustering approach known as ordering points to iden-
tify the clustering structure (OPTICS) has rarely been
proposed to efficiently assess and automate the dis-
covery of stable columns. OPTICS uses the reachabil-
ity plot and reachability distance concepts to determine
the core distance that clusters a minimum set of ob-
jects for each component. All objects that can be allo-
cated to physical modes and outliers are identified
based on the reachability distance, and the findings
are displayed on a reachability plot. In this paper, we
present a novel AOMA framework based on OPTICS
density-based clustering to address the drawbacks of
earlier approaches. The method comprises two main
stages: (1) two widely used modal validation criteria
are used to preprocess the stabilization diagram, re-
move spurious modes, and reduce the computational
burden for the clustering stage; (2) the optimal cluster
number is determined using the k-nearest neighbors
(KNN) method, and mode clustering is performed
using the OPTICS process. The proposed method does
not involve any manually updated indexes. Instead, it
uses two widely known and verified criteria. The effi-
ciency of the proposed AOMA methodology was in-
vestigated using simulated data obtained from a 10-
story shear frame and monitoring data measured from
the Taoyaomen Bridge, China. The identification re-
sults demonstrate that our proposed approach can suc-
cessfully eliminate spurious modes and separate closely
spaced modes.

The structure of this paper is as follows. The com-
putational procedure for the proposed two-stage AOMA
is described in Section 2. Section 3 demonstrates the



effectiveness of the proposed methodology through a
numerical simulation of a 10-story shear frame, and
applies the methodology to monitoring data from the
Taoyaomen Bridge. Section 4 provides concluding
remarks.

2 Two-stage automated operational modal
identification

2.1 Spurious mode pre-filtering stage

The whole stabilization diagram derived from SSI
seems complicated and frequently contains spurious
modes. The basic theory of stochastic subspace identi-
fication is provided in Section S1 of the electronic
supplementary materials (ESM). Various validation
criteria are used in the pre-filtering stage to identify
and filter out these spurious modes. This approach
speeds up and simplifies the automated interpretation
of the stabilization diagram.

2.1.1 Hard and soft validation criteria

Hard and soft validation criteria (HVC and SVC),
also named conventional validation criteria, are de-
fined as follows:

0% < &, <20%, (1
Re(4,) <0, ©)
Im(2,) =0, A3)

where ¢, and 4, denote the damping ratio and eigen-
value for the pth pole of an mth model order, respec-
tively. Eq. (1) assumes that the damping ratio of the
practical structure cannot have negative values and ex-
ceed a threshold of 20%. Eqs. (2) and (3) limit the
scope of research to decaying oscillations. Furthermore,
the complexity of the mode shape @, can be quantified
by MPC. The definition M. (®,) is as follows:
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where A, and 4, are the eigenvalues of matrix §.;
S.., 1s the covariance matrix. Making a stabilization
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diagram is the first step in separating real poles from
fake mathematical ones. The poles found for various
model orders are shown in stabilization diagram as a
function of frequency. Physical modes can be found
by observing the alignments of stable poles with the
increasing model orders, while erroneous mathemati-
cal poles often stay unstable and dispersed. The align-
ments of stable poles can start at a lower or higher
model order based on the excitation level of the mode.
To produce the stabilization diagram, the poles de-
rived from a one-order lower model are compared to
those associated with a particular model order. Only
those poles that satisfy predetermined traditional vali-
dation criteria are considered stable. Inequalities are
frequently used to express these stability criteria. Phys-
ical modes represent the underlying behavior of the
structure and are expected to exhibit similar character-
istics across different model orders. Conversely, the
modal parameters of spurious modes may vary sig-
nificantly between two successive model orders and
may thus be successfully removed by comparing the
modal parameter variations to tolerable levels. Con-
sequently, spurious modes are dispersed arbitrarily
on the frequency-model order plane, while physical
modes can align vertically to form several stability
axes on this plane. The relative deviations of fre-
quency, damping ratio, and mode shape can be cal-
culated as follows:

f(m)_f(m-l)

<o, (6)
max (| /@1, | o)
(m) __ =(m—1)
e <o ™)
max (| &, |&m0p)
I_Mac(lll(’n)o !/I(”kl)) séw (8)

where d,, J,, and J,, denote the tolerances of frequency
f, damping ratio £, and mode shape , respectively;
12 &9 and w? (i=1, 2, -+, m) denote the ith frequency,
damping ratio, and mode shape, respectively. Modal
assurance criteria (MAC) between the mode shapes
M, (w™, w" ") can be expressed as:

() Ty ]
() T ) Ty )

Mac('//(M)7 l//(mil)) = (9)

where H denotes the conjugate transpose operator.
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2.1.2 Uncertainty validation criterion

Spurious modes cannot be thoroughly eliminated
using typical modal validation criteria, which may im-
pede physical mode clustering. Uncertainty validation
criteria (UVC) should be used to eliminate as many
false modes as possible based on their greater efficiency.
Uncertainty on modal parameters via SSI is caused
mainly by six factors: an insufficient amount of moni-
toring data, unmeasured environmental excitation, op-
erational noise represented as white noise, assumption
of linear and stationary behavior, imperfect data filter-
ing, and inappropriate model order selection. UVC
can enhance the accuracy of the identified modal pa-
rameters. In reality, the uncertainty of physical modes
is less than that of spurious modes. The standard devi-
ations of modal parameters can be used to separate
physical modes and spurious modes based on this
phenomenon. Uncertainty computation has a signif-
icant benefit for removing spurious modes, which have
more uncertainties than physical modes (Reynders
et al., 2016). Modal uncertainty may be used to clean
up the stabilization diagram by using uncertainty-based
criteria. Modes with smaller C, appear stably when
the model order increases sequentially. These modes
are visible through vertical alignments in the stabiliza-
tion diagram, whereas the spurious modes with larger
C, appear scattered. Modes having a C, greater than
1.5% in terms of frequency are considered spurious
and should be removed. The threshold for eliminating
the spurious modes in this study was set to 2.0%
(Dohler and Mevel, 2013):

Cy>2.0%. (10)

2.2 Physical mode clustering stage
2.2.1 OPTICS density-based clustering

The second step of the AOMA procedure is de-
fining a collection of physically related modes using
OPTICS, which is more efficient and automated for
detecting stable columns, especially in bigger datasets.
To elucidate the construction of reachability plots, sev-
eral definitions need to be introduced. .S denotes a set
of potential physical modes, and X, represents an ob-
ject that encapsulates the properties of the pth mode.
In our case, each object X, is characterized by its fre-
quency f, and damping ratio ¢,

X,={f,. &}.pes. (11)
The distance between two objects X, and X, (an

object corresponding to the gth mode) D(X,, X,) is

denoted as a function of f'and v, defined as follows:

£, =1,

+ 1 _Mac(l//(p)o !/I(q))ﬂ
max ( f,. f;)

D(Xp’ Xq) = (12)

where f; is the frequency of X; ¢ and ' are the pth
and gth mode shapes, respectively; M, (w"”, w'?) is
the MAC between the pth and gth mode shapes.

The damping ratio distance is disregarded due to
potential identification inaccuracies and the likelihood
of multiple modes with similar damping ratios, which
can lead to misleading results. Similarly, the eigenval-
ue distance, which combines frequency and damping
ratio, is not considered. Instead, a distance is used to
account for the variable importance of differences in
frequency and mode shape. Let | N, (X)| be the num-
ber of objects at a distance ¢ from any project X:

IN.(OI=Cx, (13)

D(X,, X,,)sg},

where C, refers to the cardinality of a set, indicating
the number of elements it contains. The variable O,
refers to the minimum number of objects required to
form a cluster. Additionally, the core distance C can
be defined as the distance at which a minimum num-
ber of objects, represented by O,,, are encompassed
within the set. Note that if O, exceeds the total num-
ber of elements in the set, the C becomes undefined,
indicating that there are insufficient elements to form
a cluster based on the given minimum requirement.
The C(X) is defined as follows:

C(X)=
undefined, if |[N.,.(X)|<0O.,,.
min (| N,(X)|) <O if |N,,.(X)]>0,,.

(14)

min?

where | N, ,.(X) |is the number of objects that are in-
finitely distant from any project X.

The reachability distance R of object X, con-
cerning object X, is defined as the maximum value



between the C of X, and the distance between the two
objects. It is important to note that if the minimum
number of objects required for cluster formation, O,

exceeds the total number of clements in the set, the
reachability distance will be undefined.

R(X,,X,) =

undefined, if [N,.(X,)| <O

maX(C(Xp)7D(Xp,Xq))7 lf‘Nrﬁw(Xp)| >Omin'
(15)

The reachability plot is constructed by sequen-
tially evaluating the R between each object and all
other objects in the set. In each iteration, the R be-
tween the selected object and the remaining objects is
computed. This plot serves as a graphical representa-
tion of the ordering of objects based on the reachability
distance metric, facilitating the cluster identification
(Boroschek and Bilbao, 2019).

2.2.2 Determination of optimal parameters

The neighborhood size parameter ¢ must be de-
termined for performing physical mode clustering. The
KNN search is used to estimate ¢. This search helps
in estimating ¢ by considering the distance of any
point P to its kth nearest neighbor. Let D} (P) denote
the neighborhoods surrounding point P, which includes
its KNN as well. Notably, the D}’ (P) comprises k+1
points including the point P itself. The outline of the
estimation algorithm is summarized below:

(1) Determining all points in its D} (P).

(2) Accumulating the distances of all points within
their respective D} (P) into a single vector and sorting
this vector in ascending order based on the distances.

(3) Plotting the sorted k-distance graph, which
displays the sorted distances against the correspond-
ing point numbers.

(4) Locating the knee of the curve on the graph
where the distance at that particular point serves as an
estimate of ¢.

The value of ¢ can be determined using a k-
distance graph in the mode clustering stage, where the
distances to the KNN are plotted in descending order
(Garcia-Pedrajas et al., 2017; Abu Alfeilat et al., 2019).
This graph typically exhibits a multi-linear distribu-
tion with a pronounced elbow point. The elbow rule
refers to the selection of the value at the elbow, which
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represents an optimal setting for the search distance.
It is expected that the k-distances of core points and
border points fall within a certain range, while noise
points may exhibit much larger k-distances. However,
in some cases, the knee point may not be visible or
there may be multiple knee points, making it difficult
to determine. The proposed approach entails calculat-
ing the average distance between each point and its
KNN. The value of &, which corresponds to minimum
samples (Minpts), is specified by the user. These -
distances are then shown in ascending order. The ob-
jective is to identify the knee point, which represents
the optimal ¢ parameter. The knee point signifies a
threshold where a significant change occurs in the -
distance curve. Finally, the determination of the modal
parameters that accurately depict the remaining clus-
ters is conducted based on the guidelines proposed by
Liu et al. (2023), whereby the mean values (£, and &)
of f, and ¢, are attributed to each respective cluster.
The proposed method enables the estimation of modal
participation factors using output-only data through
three steps (mode shape extraction, influence vector
assumption, and modal participation factor calcula-
tion), grounded in classical modal analysis theory
(Ewins, 2003; Chopra, 2017).

2.3 Procedure of the two-stage automated
operational modal identification

In this section, the procedure for two-stage auto-
mated operational modal identification is presented in
Fig. 1. The flowchart of the proposed method is as
follows:

(1) The original data ¥ measured from practical
engineering should be preprocessed to eliminate the
spikes and noise. The block Hankel matrix H is estab-
lished from the processed data. The observability ma-
trix O, of the ith mode order is estimated based on the
singular value decomposition (SVD). Finally, the fre-
quency, the mode shape, and the damping ratio are
identified through state matrix 4 and output matrix C
deduced from the shifted observability matrix O and
reversed controllability matrix 0.

(2) The modal validation criteria (such as HVC,
SVC, and UVC) are applied in this step to eliminate
spurious modes by Egs. (1)—(3) and Eq. (10).

(3) The optimal ¢ is estimated by Egs. (12)—(15)
based on the KNN method. An enhanced adaptive
clustering method is used to identify the physical
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Two-stage automated operational modal identification procedure

Step I: modal analysis by SSI-COV

Obtain the original data Y, and pre-process the
output data

v

Assemble the block Hankel matrix H

v

Apply SVD to H to estimate O,

v

Estimate C by the first row of O,

\/

Explore the O/ and O/ to estimate A

v

Estimate the £,, £,, and g, from A and C

Step II: pre-processing

Remove spurious modes under HVC and SVC
Egs. (1)-(3)

v

Remove spurious modes under UVC
Eq. (10)

Step IlI: physical mode clustering

Estimate the optimal € by KNN method
Egs. (12)—(15)

v

Group modes by improved adaptive clustering

}

Select means of each cluster as representatives
of physical modes

Fig. 1 Procedure of the two-stage automated operational modal identification. COV is the covariance

modes. The means of each cluster are selected as rep-
resentatives of the physical modes.

3 Methodology verification and application

3.1 Numerical verification through a 10-story shear

frame ¢
K12 —'i k2
3.1.1 Description of the 10-story shear frame
m
A linear time-invariant 10-story shear frame was c
used for methodology verification (Fig. 2). The model Kif2 _'j_| ol
represents floors as masses m, (a=1, 2, ---, 10) inter-

connected by springs k, and dampers c,. The matrices
of physical parameters (including mass M,, stiffness

Fig. 2 Schematic diagram of the 10-story shear frame

K, and damping C,) can be calculated as follows:

10
10

720 —10
~10 20

-10

-10

10

2 -1

-1 2 -1

x 10°,

(16)

Each floor is excited by a stationary Gaussian
white noise with a mean of 0 to obtain simulated dy-
namic responses. The excitation lasts 500 s with a sam-
pling frequency of 50 Hz for the requirement of the
Nyquist-Shannon sampling theorem. In addition, it is
assumed that each floor has an accelerometer arranged
at the top of the column for collecting acceleration
data. Fig. 3 shows that the signal components exhibit
frequency concentration between 2.5 and 10.0 Hz
in the time-frequency transform. The noise content
becomes more similar to the physical modes in the
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Fig. 3 Results of the time-frequency transform: (a) time-
frequency graph; (b) time history

higher frequency band, making it harder to identify
the true physical modes. Consequently, the frequency
range of interest for this shear frame is 0—-10 Hz. The
precomputed parameters of the SSI approach are as
follows: =240, and model order 7 is between 12 and
120. Note that a significant challenge encountered by
long-term monitoring systems is the possibility of er-
roneously interpreting these noise frequencies as physi-
cal modes.

3.1.2 Identification results

The proposed approach was used to analyze the
measured data, as described in Section 2. All calcula-
tions were performed on a computer equipped with a
13th Gen Intel® Core™ i7-13700KF 3.40 GHz Proces-
sor and 32 GB of RAM. The same computational
setup was used for all subsequent calculations in this
study. The computation time for a single run of the
proposed method was 156.5 s. The identified results
of the spurious modes pre-filtering stage are presented
in Fig. 4. Following the application of conventional
modal validation criteria, such as the damping ratio
check and modal complexity check, all the remaining
possible physical modes in the stabilization diagram
are shown in Fig. 4a. The scattered poles of the stabi-
lization diagram are filtered out based on the uncer-
tainty validation criterion in Fig. 4b. It is evident that,
when relying solely on traditional validation criteria,
the stabilization diagram still appears chaotic and con-
tains numerous scattered poles. The uncertainty crite-
rion can be used to eliminate spurious modes more
efficiently than the usual validation criterion, hence
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Fig. 4 Modal identification results: (a) after conventional
validation criteria; (b) after proposed modal clustering in
Step II. CMIF represents the complex mode indicator
function

speeding up the automation process. The results of
the spurious modes pre-filtering stage show that the
uncertainty criterion outperforms the standard valida-
tion criterion.

The final step is the automatic detection of clus-
ters from the reachability plot. The reachability plot
serves as a graphical representation of the objects’ or-
der, obtained through the reachability distance metric.
It is derived from the remaining poles in the stabilization
diagram following the spurious modes pre-filtering
stage. This plot aids in identifying clusters based on
the obtained order. By observing the reachability plot,
the clustering structure can be observed and derived.
As shown in Fig. 5, regions with low reachability dis-
tance indicate objects belonging to the same cluster,
while regions with high reachability distance are likely
to represent outliers. Through a manual inspection, the
parameter ¢ was selected as 0.05.

To increase automation, Minpts and ¢ should be
set based on the framework of the improved self-
adaptive algorithm discussed previously. Fig. 6 shows
the estimation of an optimal ¢ considering the optimal
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values of the KNN search. The line that joins the
curve’s initial and final points is defined using this
method. The value of ¢ is defined by the ordinate of
the point on the sorted k-distance graph that is perpen-
dicular to and farthest from the line. The algorithm de-
termines the average estimate of ¢ for each curve when
a range of £ is given. The distances, which range from
0.1 times the number of model orders to 12—120 times
the number of model orders, are plotted against the
point index k& in Fig. 6. The knee of the time-averaged
¢ occurs at 0.046, which is close to the results of man-
ual inspection. The points over ¢ are regarded as noise,
whereas those below it are part of a cluster.

Fig. 7 presents the identified results obtained at
the modal clustering stage after applying the self-
adaptive algorithm. It shows the relationship between
damping ratios and frequencies with 10 different col-
ors denoting 10 distinct groups. The identified damp-
ing ratios and frequencies exhibit a close and consis-
tent agreement, indicating the reliability of the results.
Table 1 shows the identification results of modal

parameters, including frequencies, damping ratios, and
MAC, along with their corresponding theoretical re-
sults. The computation of the C, is performed using
uncertainty validation criterion analysis, as described
in Section 2.1. Note that the proposed AOMA ap-
proach effectively captures closely spaced modes from
identified frequencies. The closely spaced modes 9.60
and 9.92, are successfully separated. As shown in
Fig. 4a, several spurious closely spaced modes are
present in the frequency range from 6 to 10 Hz. The
7th to 10th modes are effectively separated, demon-
strating the feasibility of the proposed method in iden-
tifying closely spaced modes. Fig. 8 illustrates the
identified mode shapes of the structural model under
ambient vibration. The identified and theoretical mode
shapes are illustrated by red dotted lines and blue solid
lines, respectively, while the measured positions are
represented by dots. The identified mode shapes are
close to the theoretical ones, indicating the effective-
ness of the identification process. In conclusion, the
proposed approach enables the automatic identifica-
tion of modal parameters, while preserving the physi-
cal modes at specific frequencies. The method accu-
rately identifies closely spaced modes without needing
to specify the number of clusters or a threshold value
for clustering.

Due to measurement errors and load uncertain-
ties, noise inevitably contaminates the actual measured
acceleration responses. To assess the robustness of the
AOMA method, Gaussian white noise at a specified
noise level was introduced to the structural accelera-
tion response. The noise level R, is defined as follows:
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Fig. 6 Determination of Minpts and ¢ by KNN. In a—b-NN, a—b represents the range of order of estimated & and NN

represents the nearest neighbor
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A, =A,+R,No(A,), (17)

noisy —

where 4, denotes the structural acceleration response
with added noise; A, denotes the theoretical structural
acceleration response; /V denotes the Gaussian white
noise sequence with a standard normal distribution of
0 mean and unit variance; o(4,) denotes the variance
of the true structural acceleration response. Consider-
ing noise levels ranging from 0% to 5%, the relative
deviations of parameter identification results for the
frame were calculated. Fig. 9 shows the average rela-
tive deviations of the identification results at different
noise levels. The curve indicates that the impact of
measurement noise on each case is generally consis-
tent. As the noise level increases, the accuracy of the

Table 1 Proposed AOMA identification results for the 10-story shear frame

Mode Frequency Damping ratio MAC
Identified (Hz) C, (%)  Theoretical (Hz)  Identified (%) C, (%) Theoretical (%)
1 0.7532 0.177 0.7522 0.23 9.483 0.24 0.9953
2 2.2382 0.251 2.2399 0.84 10.064 0.70 0.9997
3 3.6781 0.267 3.6775 1.28 8.851 1.16 0.9994
4 5.0463 0.144 5.0329 1.76 7.436 1.58 0.9995
5 6.2689 0.261 6.2760 1.86 20.850 1.97 0.9996
6 7.3808 0.102 7.3788 2.40 3.395 2.32 0.9989
7 8.3178 0.019 8.3168 2.40 0.744 2.61 0.9994
8 9.0970 0.001 9.0690 2.36 0.003 2.85 0.9995
9 9.6061 0.233 9.6186 2.94 5.168 3.02 0.9976
10 9.9213 0.003 9.9534 3.37 1.273 3.13 0.9938
- —o— Measured — & — Theoretical % —s— Measured — o - Theoretical

Floor number
N w B (6] [} | o ] ©

N

Mode 2 Mode 3

(@
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N o w Ao N o ©

-
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(b)
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Fig. 8 Comparison between measured and theoretical mode shapes: (a) modes 1-5; (b) modes 6—10. References to color

refer to the online version of this figure
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identification results gradually decreases. For differ-
ent modes, the proposed method provides accurate
identification results for frequency when the measure-
ment noise is less than 4%, with the average relative
deviation for each case not exceeding 5%, demonstrat-
ing the robustness of the proposed method against en-
vironmental noise.

3.2 Application to field measurement of a large-
scale bridge

3.2.1 Description of the Taoyaomen Bridge and its
monitoring system

Monitoring data from the Taoyaomen Bridge
were adopted to further demonstrate the performance
of the presented AOMA approach. The Taoyaomen
Bridge, a cable-stayed bridge, is located in Zhoushan
City, Zhejiang Province, China (Fig. 10a). The bridge
spans the Taoyaomen waterway and connects Fuchi
Island and Cezi Island. It is the third sea-crossing
bridge of the Zhoushan mainland—island connection
project, with a bridge deck width of 27.6 m and four
lanes for two-way traffic. The main girder is a steel
structure stiffening girder, and the bridge foundation is
drilled piles. The upper part of the bridge is a diamond-
shaped tower, with a height of 151 m. Ten acceler-
ometers were strategically installed on the deck for
collecting vertical acceleration data under environ-
mental and operational effects (Fig. 10b). The Taoyao-
men Bridge is equipped with a structural health moni-
toring system that consists of a data acquisition trans-
mission system, a data management system, and an
evaluation system (Fig. 10c). The method proposed in
this study can be integrated into the evaluation system
to analyze real-time monitoring data transmitted over
the 4G network, facilitating the automated identification

of changes in the bridge’s modal parameters. These
accelerometers continuously recorded the vibrations
at a sampling frequency of 50 Hz. The acceleration
data used in this study were collected on July 7, 2022,
at 3:00 pm. A dataset with a length of 15000 samples
was selected for estimating the modal parameters. The
parameters of the SSI-COV algorithm are set as fol-
lows: the model order ranged from 6 to 60, and i=120.
The computation time for a single run of the proposed
method was 126.5 s.

3.2.2 Identification results

The identification results obtained with traditional
validation criteria are shown in Fig. 11a, where many
spurious modes are present. The singular value spec-
trum is illustrated in the stabilization diagram. The
conventional and uncertainty validation criteria were
applied to improve the clarity of the diagram (Fig. 11b).
The inset box in Fig. 11b shows the identification of
nine vertical blue alignments, while the conventional
stabilization diagram still looks busy. This scattering
indicates the presence of a spurious mode at 3.5 Hz,
indicating the significant influence of environmental
changes on the high-order mode fluctuations. The iden-
tification results of Stage II show that the uncertainty
criterion works better than conventional validation cri-
teria. Accurate assessment of these fluctuations is es-
sential for any AOMA approach, regardless of its par-
ticular application.

The evolution of the frequencies of the first six
modes is plotted. The physical modes are clustered
using OPTICS combined with the KNN algorithm. The
physical mode clustering step then begins with an esti-
mated clustering threshold. The estimated threshold in
this case was 0.193 (Fig. 12). This threshold represents
a stricter criterion that enables the removal of more
spurious modes while preserving the physical modes.
The first nine modes, labeled as modes 1 to 9 (a total
of nine clusters), were used as a baseline in Fig. 13.
Note that the forth mode and fifth mode have close
spacing, which is a prevalent problem in AOMA. To
address this issue, robust outlier identification was
used to eliminate extremely variable frequencies and
damping ratios. The relationship between damping ra-
tios and frequencies is illustrated in Fig. 13. Each of
the nine different colors represents a distinct cluster.
The results are more reliable because of the strong
agreement and consistency between the identified
damping ratios and frequencies.
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The distribution of identified frequencies and
damping ratios of the first six mode shapes for 96 da-
tasets for two days is shown in Figs. 14 and 15. The
yellow dashed line in the graph represents the mean
of the normal distribution, while the red solid line de-
picts the probability density function of the corre-
sponding distribution. All frequencies of the first six

modes fit well with Gaussian normal distributions. On
the other hand, the damping ratios show a heavily-
tailed Weibull distribution. The identification results
indicate that modal parameter identification is signifi-
cantly affected by changes in the environment. In con-
clusion, the proposed two-stage AOMA technique per-
formed remarkably well in modal parameter tracking
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over 96 observed datasets during two days without
the need for human intervention. The results of this
study show that the proposed AOMA approach is

promising, robust, and applicable for online structural
health monitoring with potential extension to different
types of structures.

The mode shapes identified from measured data
and finite element model (FEM) analysis were com-
pared to assess the identification accuracy of the pro-
posed AOMA approach. Fig. 16 shows the first six
normalized mode shapes of the Taoyaomen Bridge.
The blue lines are the nodes of the bridge deck, and
the red dots are the positions of the accelerometers.
The first, second, and fifth modes are the flexural
modes in the vertical direction. The third, fourth, and
sixth modes are the torsional modes. The accuracy of
the identified modal parameters meets engineering
requirements, as shown by the average MAC of the
mode shapes in AMOA and FEM analysis being greater
than 0.95. Because of the influence of environmental
noise, the MAC of high-order mode shapes is slightly
lower than that of low-order mode shapes.
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The proposed AOMA approach was used to iden-
tify the modal parameters continually. The results of
the frequencies identified for the first six mode shapes
are shown in Fig. 17. The proposed approach had a
high accuracy in the continuous automatic identifica-
tion of modal parameters. The identified frequencies

did not seem to be sensitive to the environmental ef-
fects. The damping ratio is another important modal
parameter, which is important for vibration control of
the large-span structures. The time histories of damp-
ing ratios are shown in Fig. 18. Although more spread
than the frequencies, all of the measured damping
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ratios maintained a respectable fluctuation amplitude.
Sudden peaks can be observed for the first, second,
and fifth mode shapes. According to the recorded data
from the anemometer at the bridge site, sudden wind
gusts during this period may have induced a large am-
plitude spike in the damping ratios.

4 Conclusions

In this paper, we present a new two-stage frame-
work for AOMA based on OPTICS. The distinctive
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Fig. 17 Identified frequencies of the first six modes

feature of this framework is the incorporation of a fully
automatic density-based clustering approach without
requiring specification of the number of clusters in ad-
vance. The effectiveness and applicability of the pro-
posed approach are demonstrated through numerical
verification on a 10-story shear frame and practical
application to the Taoyaomen Bridge. The main sum-
maries and conclusions are as follows:
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1. According to the results of the modal parame-
ters identified from the 10-story frame and the Taoy-
aomen Bridge, the frequencies and damping ratios of
each mode remain within a narrow range, validating
that the proposed approach can effectively remove
spurious modes and identify physical modes.

2. The proposed approach performs well in iden-
tifying closely spaced modes, as demonstrated by nu-
merical verification on the shear frame. These modes
have been successfully discovered without the need for
specifying the number of clusters or a threshold value
for clustering.

3. Six mode shapes of the Taoyaomen Bridge
were identified, and the modal parameters were con-
tinuously tracked over several days. The analysis of
extensive datasets collected from SHM systems con-
firmed the practicability of the approach.
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