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ABSTRACT
In this paper, we introduce a newly developed clustering tool integrated into pyOMA2, an open-source
Python module designed for conducting Operational Modal Analysis (OMA). pyOMA2 provides easy
access to the most popular algorithms developed over the past two decades, such as Stochastic Subspace
Identification (SSI) and Frequency Domain Decomposition (FDD). It supports the analysis of both single
and multi-setup data measurements and offers interactive plots and geometry definitions to facilitate the
visualization of mode shapes after obtaining modal results. Since version 1.0.1, the software also includes
the ability to estimate uncertainty bounds of modal properties for SSI algorithms.
One of the main advantages of pyOMA2 is its modularity, which facilitates the development of addi-
tional functionalities. A prime example is the newly developed clustering handler, a specialized class
that enables users to define and execute various clustering strategies to automate the selection of modal
parameters from SSI results. This tool enables users to implement and compare a large number of the
most popular algorithms introduced over the last 15 years, all within the same analysis framework. Fur-
thermore, users have the flexibility to mix specific strategies from different algorithms to customise the
clustering process accordingly to their needs. Additionally, the integration with the popular machine
learning module scikit-learn has expanded the range of available clustering algorithms, providing users
with even more options for their analyses. All these capabilities are illustrated in the paper through ap-
plications to both a numerical example and real-world datasets.
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1. INTRODUCTION

Operational Modal Analysis (OMA) has become the de facto standard for estimating the modal prop-
erties of structures in Structural Health Monitoring (SHM) applications for civil engineering. However,



traditional OMA requires an operator to interpret a stabilisation diagram (or a spectral density plot) to
identify the structural modes in the recorded data. To address this limitation, many researchers over the
past 15 years have developed algorithms aimed at automating this process [1–10]. These efforts seek to
eliminate the need for user interaction, which would otherwise make continuous monitoring applications
impractical.

As highlighted by several authors [2, 8, 11, 12], one can identify three main steps to automate the ex-
traction of modal parameters from the stabilisation charts typical of SSI: Removing spurious modes to
retain physically meaningful ones, grouping modes with similar dynamic characteristics, and performing
further cleaning to select representative modes for output.

In this contribution, the authors introduce a newly developed clustering tool for pyOMA2, a Python
module specifically designed for OMA applications. pyOMA2 incorporates several significant enhance-
ments and novel features compared to its predecessor, pyOMA [13], improving its usability and ex-
panding its functionalities. The source code is available at the following GitHub repository: https:
//github.com/dagghe/PyOMA2.

The remainder of the paper is organized as follows: in Section 2, a brief overview of the various algo-
rithms proposed in recent years is provided. section 3 presents the implementation of the clustering tools
in pyOMA2; section 4 demonstrates the tool using well-known case studies and a numerical simulation.

2. AUTOMATIC OMA

A key output of parametric modal identification methods, such as SSI, is the so-called stabilisation dia-
gram, which plots the identified modes over various model orders against their corresponding frequen-
cies. Since the true model order of a system is not known a priori, it is common practice to over-specify
this parameter, considering the underlying empirical observation that physical modes, being true proper-
ties of the structure, will appear with nearly identical modal characteristics across different model orders
[14]. In contrast, spurious mathematical modes will be identified inconsistently. In a stabilisation dia-
gram physical modes manifest as vertical lines, indicating stable modal properties regardless of system
order, while spurious modes scatter throughout the diagram.

As already pointed out most of the automatic operational modal analysis (AOMA) algorithms follow
a similar three-step approach to identify the structural modes from the outcome of the modal analysis.
First, they separate physical modes from mathematical (spurious) ones. Second, they cluster the stable
modes, grouping data points with similar characteristics. Finally, they refine the results by removing
outliers and select the physical modes to output. This sequence of steps effectively automates what an
analyst would traditionally do by manually inspecting the stabilisation diagram.

2.1. Step 1

The first step is to clean the stabilisation diagram. For this purpose, several Mode Validation Criteria
(MVCs) have been proposed[2, 3, 15]. Reynders [2] provides an exhaustive list of MVCs that can be
applied to this task. Generally, these criteria are divided into Hard Validation Criteria (HVCs) and Soft
Validation Criteria (SVCs), and they serve to distinguish physical modes from spurious ones.

HVCs typically produce binary outcomes. Common HVC checks include verifying that the damping
ratio is greater than 0 but less than 0.2 (for most civil engineering applications) and ensuring that modes
occur in complex conjugate pairs. Any poles that do not meet these criteria are considered mathematical
(non-physical) and are removed from the stabilisation diagram.

In contrast, SVCs yield values within a specific range and involve verifying that a pole exhibits rela-
tively low variation compared to its closest neighbour at a lower modal order. Notably, SVCs can be
transformed into HVCs by imposing specific thresholds. This approach leverages the observation that
physical poles tend to exhibit minimal variation with increasing modal ordera principle that has long
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been used in manual analyses to highlight low variability in the results.

Commonly used SVCs include measures such as the relative difference between a pole and its nearest
neighbour at a lower order (in terms of eigenvalues, frequencies, damping ratios, or mode shapes, as-
sessed using the Modal Assurance Criterion, MAC), the complexity of a mode shape (evaluated through
Modal Phase Collinearity or Mean Phase Deviation), and the contribution of a mode to the overall re-
sponse (assessed via the Modal Transfer Norm). Most SVCs are computed as relative difference values,
calculated according to the following equation:

d(aj ; ai) =
|aj − ai|

max(|aj |, |ai|)
(1)

where ai could represent an eigenvalue λi, a frequency fi, a damping ξi, etc., of the current mode, while
aj is the corresponding value from the nearest neighbour at a lower modal order.

As mentioned earlier, during a manual analysis, the user selects the desired MVCs and manually sets
static thresholds for each chosen criterion. To fully automate the cleaning process, partitioning methods
have been proposed. These methods classify the modes into two clusters: one containing certainly
spurious modes and the other containing potentially physical modes. Several partitioning algorithms have
been successfully employed over the years, including k-means (KM) [2, 4, 7], Fuzzy C-means (FCM)
[15, 16], and Gaussian Mixture Models (GMM) [10]. Notably, some authors suggest transforming the
feature vector before passing it to the partitioning algorithm [7, 15], e.g. with a Box-Cox transform. The
k-means algorithm partitions the data into k clusters by minimizing the sum of squared distances between
data points and their respective cluster centroids. In contrast, Fuzzy C-means allows each data point to
belong to multiple clusters with varying degrees of membership. Gaussian Mixture Models assume that
the data is generated from a mixture of several Gaussian distributions and use probabilistic assignments
of data points to clusters, which can capture more complex cluster shapes.

2.2. Step 2

After cleaning the stabilisation diagram and removing most of the spurious modes, the next step is to au-
tomatically group the remaining poles to extract the physical modes. This grouping is achieved through
unsupervised clustering algorithms that collect similar modes based on a predefined similarity (or dis-
tance) measure between the poles. Over the years, various clustering techniques have been proposed,
with Hierarchical Clustering being the most popular choices [1–3, 7, 15]. In addition, density-based
algorithms such as DBSCAN [17, 18], HDBSCAN[9], and OPTICS [8] have also been widely adopted.

Hierarchical Clustering organizes the data into a nested tree-like structure (a dendrogram) by recur-
sively merging or splitting clusters according to their similarity, with different linkage options available
(e.g., single, complete, or average linkage). In contrast, DBSCAN (Density-Based Spatial Clustering
of Applications with Noise) groups closely packed points together while identifying isolated points in
low-density regions as outliers. HDBSCAN (Hierarchical DBSCAN) builds upon DBSCAN by con-
structing a hierarchy of clusters and then extracting the most stable ones. Similarly, OPTICS (Ordering
Points To Identify the Clustering Structure) creates an augmented ordering of the dataset that reveals its
density-based clustering structure, enabling the identification of clusters with varying densities.

2.3. Step 3

The third and final step is dedicated to the post-processing of the results. This involves removing outlier
poles from the clusters, eliminating clusters that are not representative of structural modes, and selecting
the detected modal properties to output to the user. Outlier removal has been performed in several ways,
such as the Interquartile Range (IQR) method [1, 15], which uses percentiles to define a range outside of
which points are flagged as outliers, the Modified Thompson Tau (MTT) method [7], a statistical test for
small datasets using t-distribution critical values, and the adjusted boxplot method [19], which modifies



the upper and lower boundaries based on the skewness of the datas probability distribution. Other authors
also emphasize the importance of including only one pole per modal order (per cluster).

Another common approach is to retain only clusters that contain a relatively large number of poles [2, 3,
6, 7, 10, 15]. This is a good indicator that the cluster is representative of a structural mode, as opposed to
a spurious cluster that usually cannot form large groups. This can be achieved by imposing a minimum
number of poles (often expressed as a percentage of the maximum modal order or as a percentage of the
number of poles in the largest cluster [3, 6, 7, 15]) or by applying an additional clustering process using,
for example, KM and GMM clustering algorithms [2, 10].

Finally, the detected modal properties for each mode can be defined as the average of all poles within a
cluster, or by selecting the pole whose frequency or damping are closest to the median values.

3. IMPLEMENTATION IN PYOMA2

pyOMA2 is a module that fully leverages Pythons object-oriented capabilities and embraces the open
source philosophy. Distributed under the permissive MIT license, the module benefits from the active
Python community and its powerful tools, such as the popular machine learning library scikit-learn [20],
which provides access to several clustering algorithms. The modules modularity has greatly facilitated
the creation of a robust clustering tool. At the time of writing, the clustering handler tool is available in
beta (v1.2.0b2).

The module is organized into three primary levels:

1. Setup Classes: At this level, users instantiate classes by providing either a single data array and
its sampling frequency (for a single-setup scenario) or a list of data arrays and their respective
sampling frequencies (for multi-setup scenarios). Note that clustering is applicable only to the
SingleSetup class.

2. Algorithm Classes: This level comprises the various algorithm classes. Users instantiate the
desired algorithms and then add them to the setup class. For instance, the AutoSSI class, which
implements the automatic SSI algorithm, is included in the available algorithms.

3. Support Classes: These auxiliary classes support the functionality of the first two levels. They
include various specialized classes including Step1, Step2, Step3, and Clustering, which
are dedicated to clustering operations.

In addition to these levels there is a further, comprised of the set of functions internally called by the
class methods.

This update introduces a new algorithm class, AutoSSI, which as the name suggest provides an auto-
matic implementation of the SSI algorithm. The following example demonstrates how to use the module.
The process begins by importing the necessary modules and instantiating the setup class with the data
and its sampling frequency. Following, the AutoSSI class is initialized passing to it the run parameters,
such as number of block rows, maximum order etc., these are also defined within their own specific class
(i.e. AutoSSIRunParams)

from pyoma2.setup import SingleSetup
from pyoma2.algorithms import AutoSSI

clust_test = SingleSetup(data, fs=100) # create single setup

# define AutoSSI run parameters
run_param = AutoSSIRunParams(ordmax=100, step=2, br=50, method="cov", calc_unc=False

)
# Create autoSSI instance
autossi = AutoSSI(name="autossi", run_params=run_param)



The Clustering class can be defined either using the quick argument or the steps argument. The quick
argument allows for a quick definition of a clustering algorithm from a list of predefined ones, while
the steps require the user to define each of the three steps that make up a custom-taylored clustering
algorithm. Once the clustering algorithms have been defined they are added to the AutoSSI class
instance, thereafter the AutoSSI class instance is added to the AutoSSISingleSetup class instance.
Once this is done the analysis can be executed.
# define STEPS
# STEP1
step1 = Step1(sc=True, pre_cluster=True, pre_clus_typ="GMM")

# STEP2
step2 = Step2(algo="hierarc", linkage="average")

# STEP3
step3 = Step3(

post_proc=["merge_similar", "damp_IQR", "fn_IQR", "1xorder", "min_size_gmm", "
MTT"]

)

# Define Clustering algorithms
clus1 = Clustering(name="test-hierarc_avg", steps=[step1, step2, step3])
clus2 = Clustering(name="Reynders", quick="Reynders")

# Add clustering algorithms to AutoSSI class instance
autossi.add_clustering(clus1, clus2)

# add AutoSSI instance to SingleSetup instance
clust_test.add_algorithms(autossi)

# Run algorithm
clust_test.run_all()

# Run clustering either one by one or altogether
clust_test["autossi"].run_all_clustering()

All the possible options available so far for Step1, Step2, and Step3 are summarized in Table 1.

4. VALIDATION

We present a validation of the clustering handler through two case studies: one numerical example and
one from a widely recognized benchmark.

First Case Study (Numerical): A three-story, L-shaped building with a 3 by 2 bay configuration is mod-
elled using the Python implementation of the OpenSees finite element software [21]. The structural
model and associated dataset are included in the pyOMA2 module, ensuring reproducibility and accessi-
bility.

Second Case Study (Benchmark): We analyse the first dataset from the Heritage Court Tower (HCT)
in Vancouver, a well-established benchmark in the OMA community. The HCT case is featured in the
popular textbook by Brinker and Ventura [22], with its dataset available in the accompanying MATLAB
toolbox.

For both cases the same clustering algorithms are applied, these are summarised in tab. 2.

4.1. Numerical, L-shape building

The files required for this example are available at the following link: https://github.com/
dagghe/pyOMA-test-data/tree/main/test_data/3SL. The building was modeled as-
suming rigid diaphragm behavior for the floors, yielding nine modes in total. During the simulation,

https://github.com/dagghe/pyOMA-test-data/tree/main/test_data/3SL
https://github.com/dagghe/pyOMA-test-data/tree/main/test_data/3SL


Ta
bl

e
1:

A
va

ila
bl

e
op

tio
ns

fo
rt

he
de

fin
iti

on
of

th
e

cl
us

te
ri

ng
st

ep
s.

St
ep

no
.

at
tr

ib
ut

e
ty

pe
/o

pt
io

ns
de

sc
ri

pt
io

n

St
ep

1

hc
(b

oo
l,

’a
ft

er
’)

W
he

th
er

to
ap

pl
y

H
C

im
m

ed
ia

te
ly

,n
ot

at
al

l,
or

af
te

rp
re

-c
lu

st
er

in
g

hc
di

ct
(x

i
m

ax
,m

pc
lim

,m
pd

lim
,C

oV
m

ax
)

D
ic

tio
na

ry
of

ha
rd

va
lid

at
io

n
cr

ite
ri

a
sc

(b
oo

l,
’a

ft
er

’)
W

he
th

er
to

ap
pl

y
SC

im
m

ed
ia

te
ly

,n
ot

at
al

l,
or

af
te

rp
re

-c
lu

st
er

in
g

sc
di

ct
(e

rr
fn

,e
rr

xi
,e

rr
ph

i)
D

ic
tio

na
ry

of
so

ft
va

lid
at

io
n

cr
ite

ri
a

pr
e

cl
us

bo
ol

W
he

th
er

to
pr

e-
cl

us
te

rd
at

a
be

fo
re

an
al

ys
is

pr
e

cl
us

ty
p

(’
G

M
M

’,
’k

m
ea

ns
’)

Ty
pe

of
pr

e-
cl

us
te

ri
ng

al
go

ri
th

m
.

pr
e

cl
us

di
st

(’
df

n’
,’

dx
i’

,’
dl

am
bd

a’
,’

dM
A

C
’,

D
is

ta
nc

e
m

et
ri

cs
us

ed
fo

rp
re

-c
lu

st
er

in
g.

’d
M

PC
’,

’d
M

PD
’,

’M
PC

’,
’M

PD
’)

tr
an

sf
or

m
(’

bo
x-

co
x’

)
D

at
a

tr
an

sf
or

m
at

io
n

m
et

ho
d.

St
ep

2

di
st

an
ce

(’
df

n’
,’

dx
i’

,’
dl

am
bd

a’
,’

dM
A

C
’,

’d
M

PC
’,

’d
M

PD
’)

D
is

ta
nc

e
m

et
ri

cs
fo

rc
lu

st
er

in
g.

w
ei

gh
ts

(’
to

t
on

e’
,N

on
e)

or
lis

t;
bo

ol
W

ei
gh

tin
g

sc
he

m
e

fo
rd

is
ta

nc
e

m
et

ri
cs

sq
rt

sq
r

bo
ol

W
he

th
er

to
ap

pl
y

sq
ua

re
-r

oo
tt

o
th

e
su

m
of

sq
ua

re
s.

al
go

(’
hd

bs
ca

n’
,’

hi
er

ar
c’

,’
op

tic
s’

,’
sp

ec
tr

al
’,

’a
ffi

ni
ty

’)
C

lu
st

er
in

g
al

go
ri

th
m

to
us

e
dc

(fl
oa

t,
’a

ut
o’

,’
m

u+
2s

ig
’,

’9
5w

ei
b’

)
D

is
ta

nc
e

th
re

sh
ol

d
fo

rh
ie

ra
rc

hi
ca

lc
lu

st
er

in
g

lin
ka

ge
(’

av
er

ag
e’

,’
co

m
pl

et
e’

,’
si

ng
le

’)
L

in
ka

ge
cr

ite
ri

on
fo

rh
ie

ra
rc

hi
ca

lc
lu

st
er

in
g.

m
in

si
ze

(i
nt

,’
au

to
’)

M
in

im
um

cl
us

te
rs

iz
e.

n
cl

us
te

r
(i

nt
,’

au
to

’)
N

um
be

ro
fc

lu
st

er
s.

St
ep

3

po
st

pr
oc

(’
m

er
ge

si
m

ila
r’

,’
da

m
p

IQ
R

’,
’f

n
IQ

R
’,

’f
n

m
ed

’,
lis

to
fp

os
t-

pr
oc

es
si

ng
st

ep
s

to
ap

pl
y

to
cl

us
te

ri
ng

re
su

lts
’1

xo
rd

er
’,

’m
in

si
ze

’,
’m

in
si

ze
pc

tg
’,

’m
in

si
ze

km
ea

ns
’,

’m
in

si
ze

gm
m

’,
’M

T
T

’,’
A

dj
bo

xp
lo

t’
)

m
er

ge
di

st
(fl

oa
t,

’a
ut

o’
,’

de
de

r’
)

T
hr

es
ho

ld
fo

rm
er

gi
ng

si
m

ila
rc

lu
st

er
s.

m
in

pc
t

flo
at

M
in

im
um

cl
us

te
rs

iz
e

as
a

pe
rc

en
ta

ge
of

th
e

la
rg

es
tc

lu
st

er
.

se
le

ct
(’

av
g’

,’
fn

m
ed

cl
os

e’
,’

xi
m

ed
cl

os
e’

,’
m

ed
oi

d’
)

M
et

ho
d

fo
rs

el
ec

tin
g

fin
al

cl
us

te
ri

ng
re

su
lts

.
fr

eq
lim

tu
pl

e
of

flo
at

Fr
eq

ue
nc

y
ra

ng
e

lim
its

.



Table 2: Summary of the options applied to the step used in the analysis of the two case studies

Algorithm Step 1 Step 2 Step 3

Dederichs
HC; algo=”hierarc”; post proc=(”merge similar”, ”1xorder”,
pre clus typ=”GMM” n clusters=”auto” ”min size gmm”); select=”avg”

Kvaale
err fn=0.04, algo=”hdbscan”; post proc=[”1xorder”]; select=”avg”
err xi=0.2, err phi=0.1 min size=20

Neu
pre clus typ=”kmeans”; algo=”hierarc”; dc=”95weib”; post proc=(”min size pctg”, ”MTT”);
transform=”box-cox”; HC linkage=”average” min pctg=0.5; select=”avg”

Reynders
hc=after; algo=”hierarc”; dc=”mu+2sig”; post proc=[”min size kmeans”];
pre clus typ=”kmeans” linkage=”average” select=”xi med close”

test1
HC; SC algo=”affinity” post proc=[”merge similar”, ”damp IQR”,
pre clus typ=”GMM” ”fn IQR”, ”1xorder”, ”min size pctg”, ”Adj boxplot”]

test2
HC; SC algo=”hierarc”; post proc=[”merge similar”, ”damp IQR”,

linkage=”average” ”fn IQR”, ”1xorder”, ”min size gmm”, ”MTT”]

test3
HC; SC algo=”hierarc”; linkage=”single”; post proc=[”merge similar”, ”damp IQR”,

dc=None; n clusters=”auto” ”fn IQR”, ”1xorder”, ”min size kmeans”, ”MTT”]

test4
HC; SC algo=”spectral” post proc=[”merge similar”, ”damp IQR”,
pre clus typ=”kmeans” fn IQR, ”1xorder”, ”min size kmeans”, ”MTT”]

accelerations at 12 nodes (four nodes per floor corresponding to the centers of gravity of the bays) were
extracted. Three simulations were run, exporting results from 10 nodes, two of which correspond to the
reference sensors. However, in this analysis only the first dataset is considered. The true frequencies and
the results of the clustering algorithms are shown in Table 3.

Table 3: Comparison of the clustering results for the numerical case. Values between parenthesis indicate duplicate
modes, and dashes denote modes that were not identified.

Mode No True values Dederichs Kvaale Neu Reynders test1 test2 test3 test4

1 2.632 2.626 2.626 2.626 2.627 2.625 2.625 2.625 2.625
2 2.692 2.698 2.700 - 2.703 2.700 2.700 2.700 2.700
3 3.430 3.430 3.430 3.430 3.426 3.431 3.431 3.431 3.430 (3.753)
4 8.297 8.293 8.293 8.293 8.291 8.290 8.290 8.290 8.290
5 8.429 8.413 8.413 8.414 8.420 8.415 8.415 8.415 8.415
6 10.627 10.586 10.588 10.571 10.415 10.589 10.589 10.589 10.589
7 14.005 13.953 13.954 13.954 - - 13.934 13.934 13.933
8 14.093 14.059 14.046 14.046 14.049 14.049 14.032 14.033 14.033
9 17.574 17.421 17.431 17.380 17.377 17.552 17.376 17.376 17.379

4.2. Experimental, HTC building

The HCT s a relatively regular 15 story reinforced concrete shear core building, a detailed description
of the building and its ambient vibration test can be found in APPENDIX B of reference [22]. The
HCT vibration measurements are a well-known set of data in OMA literature, it comprise a total of four
datasets, however only the first set was analysed. The results of manual OMA from reference [22] and
the results of the clustering algorithms are shown in Table 4.

5. CONCLUSIONS

This paper introduces a new clustering handler for the open-source Python package pyOMA2, aimed at
fully automating the identification of structural modes via Operational Modal Analysis. The tool inte-
grates smoothly with existing OMA algorithms and can be customized to suit different analysis require-
ments. By leveraging Pythons flexibility and machine learning libraries (e.g., scikit-learn), pyOMA2 now



Table 4: Comparison of the clustering results for the HCT building

Mode No FDD [22] SSI [22] Dederichs Kvaale Neu Reynders test1 test2 test3 test4

1 1.230 1.228 1.225 1.226 1.225 1.225 1.225 1.225 1.225 1.225
2 1.299 1.287 1.287 1.287 1.286 1.287 1.286 1.286 1.286 1.286
3 1.455 1.453 1.446 1.446 1.446 1.448 1.446 1.446 1.446 1.446
4 3.848 3.856 3.855 3.855 3.855 3.854 3.855 3.855 3.855 3.855
5 4.277 4.260 4.241 4.241 4.243 4.244 4.243 4.243 4.243 4.243
6 5.352 5.354 5.354 5.353 5.352 5.354 5.353 5.353 5.353 5.353
7 6.436 6.401 6.398 6.398 6.397 6.402 6.402 6.402 6.402 6.402

offers users a powerful and user-friendly framework for continuous-monitoring applications in structural
health monitoring.
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