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Abstract

Due to the increase in population, urbanisation, transportation development, and the aging of existing bridges, there is a
growing need for new and rapid structural health monitoring (SHM) of bridges. To address this challenge, a method that
stands out is the use of an interferometric radar system-based device, specifically Image by Interferometric Survey-Frequency
for structures (IBIS-FS). Known for its portability and non-intrusive operation, IBIS-FS does not require direct contact
with the bridge. This study utilised IBIS-FS to capture a pedestrian bridge’s natural frequencies and mode shapes. The data
obtained were found to be consistent with results from finite element models, demonstrating the reliability of IBIS-FS in
capturing modal parameters. Building upon this foundation, the study then explores the application of advanced ensemble-
based machine-learning techniques. By leveraging the data acquired from IBIS-FS, algorithms such as Random Forest,
Gradient-boosted Decision Trees (GBDT), and Extreme Gradient Boosting (XGBoost) are used for bridge damage detection.
These machine-learning (ML) techniques are suited to analyse the incomplete modal parameters of bridges, as captured by
IBIS-FS. The study focuses on using these algorithms to interpret the changes in modal parameters, specifically identifying
damage as a reduction in the stiffness of elements. This approach allows for a comprehensive analysis, where the modal
parameters, including mode shapes and natural frequencies altered by varying noise levels, are fed as input to the models. It
was observed that all three ML methods, with Random Forest in particular, can effectively identify the location and severity
of damage, demonstrating an efficient training process. The robustness of GBDT and XGBoost in handling complex data sets
also shows great promise for their application in bridge damage detection. Collectively, these results underscore the potential
of combining advanced ML techniques like Random Forest, GBDT, and XGBoost with the data acquired from IBIS-FS.

Keywords Structural health monitoring (SHM) - Damage detection - Interferometric radar system - Modal analysis -
Random forest - Gradient boosting decision tree - XGBoost
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R? Coefficient of determination

G, (@) One-sided output power spectrum
»,p, (@) Auto-spectral density function
. Number of modes

p,®) Modal coordinate

Ry, Output correlation function

Syy Two-sided output power spectrum

0, Holds the information about the modal scale

factor

[U] Matrix of left singular vector

[y(®)] Measured output

/o Operation reference vector

A, Rth eigenvalue/continuous time pole

o, Rth unscaled mode shape

= State covariance matrix

H

Hermitian adjoint
Complex conjugate

1 Introduction

An increasing number of structural systems require assess-
ment for their safety and serviceability in Australia and
around the world. There is a heavy reliance on the use of
visual inspections during maintenance. However, it has a
rudimentary capability in detecting damage (e.g., damage
detection of reinforcement embedded in the concrete or
inaccessible elements is challenging). For the past few dec-
ades, there have been extensive studies on using a structure’s
dynamic parameters (e.g., natural frequencies, mode shapes,
and damping) to characterise damage and health assessment
[1]. This further led to the development of a system called
Structural Health Monitoring (SHM) which aims to moni-
tor, inspect, and test the performance of critical structures
to aid engineers in improving their safety and maintenance.
SHM is a combination of two major components. They are
smart sensing technology and damage detection algorithms.
The smart sensing technology is used to record chemical or
physical structural characteristics, and the damage detection
algorithm translates the results from the smart sensors into
damage characteristics and the health of the structure [2].
Generally, sensing systems used to capture structural
response can be divided into non-contact and contact tech-
niques. Accelerometers and strain gauges are conventional
contact sensors commonly employed for SHM. The main
limitation of accelerometers or strain gauges is the time-
consuming setup process. The accelerometers need to be
installed at each point where vibration occurs, and all of
them need to be connected to a central computer. Moreover,
it is difficult to attach these sensors to inaccessible elements
of structures. GPS and laser-based systems are non-contact
techniques. In recent years, GPS has been used in SHM of
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bridges [3-8]. The main drawback revealed by real-world
cases is the difficulty in achieving GPS positioning accu-
racy [9]. Also, since GPS has low frequency and due to
multipath and other errors, it is difficult to obtain accurate
results for a short-span bridge. A more detailed study on the
usage of GPS in SHM can be found in Ref. [10]. The laser-
based systems still have difficulty in measuring structures
with non-optically collaborative surfaces. The influence of
speckle effects and poor signal-to-noise ratio (SNR) on the
performance of laser-based systems can also be considered
the main limitation [11]. An experimental investigation of
laser-based systems for damage detection can be found in
Ref. [12].

Image by Interferometric Survey-Frequency for struc-
tures (IBIS-FS) is an alternative non-contact technique
that has been used recently. This technique can be used for
both static and dynamic monitoring of structures by cap-
turing the deflection and displacement with better accuracy
(0.01 mm) compared to other non-contact techniques such
as GPS (accuracy of 10 mm) and image-based techniques
(accuracy of 1.0-4.0 mm) [13]. Mayer et al. [14] measured
the vertical and torsional displacement of a mid-span bridge
under regular automobile and train traffic loads using GPS
and IBIS-FS. Another study that compared GPS and IBIS-
FS was conducted by Sofi et al. [15]. They employed both
instruments to obtain modal parameters of two high-rise
buildings (77-story and 50-story buildings), and both cases
demonstrated better accuracy of IBIS-FS compared to GPS.
Furthermore, IBIS-FS is designed based on interferometric
radar techniques with the significant advantage of remotely
monitoring multiple points simultaneously. Few tests have
verified the in-situ performance and accuracy of IBIS-FS
on some full-scale bridges. In 2008, Pieraccini et al. [16]
conducted an experimental modal analysis on a cable-stayed
pedestrian bridge to compare displacement measurements
obtained from radar and accelerometers. Results agreed with
a deviation of 0.122 mm [17, 18]. Interferometric radar was
used to obtain the modal parameters of a bridge in Refs. [17]
and [18]. Comparison of results from IBIS-FS with conven-
tional accelerometers shows remarkable consistency. Saracin
et al. measured the horizontal displacement of a ten-story
building and the vertical displacement of cable-stayed [19]
and a metal truss bridge [20]. They demonstrated the meas-
uring principle and the optimal choice of observation point
when using IBIS-FS. Silva et al. [21] used IBIS-FS to obtain
modal parameters of the telecommunication mast, and Quir-
kel and Barrias [22] used IBIS-FS to validate the FE model
of a railway bridge under real-time tram load. Recently,
IBIS-FS has been used to monitor masonry structures [23]
and obtain tensile force in tie-rods [24]. Castellano et al. [25]
used two synchronised IBIS-FS to measure three-dimen-
sional displacement vectors and mode shapes of a masonry
bell tower. All studies emphasise ease of installation, low
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cost, and significant potential usage of IBIS-FS compared to
other (contact or non-contact) sensing techniques in SHM.

As previously mentioned, the second component of SHM
is the damage detection procedure. Modal-based dam-
age detection has been used widely in the last decades. It
is based on the principle that modal parameters (e.g., fre-
quencies, mode shapes, and damping) depend on mass and
stiffness [26]. Therefore, any damage to the structure that
changes the stiffness and/or mass would change the modal
parameters of the structure [27]. Depending on the loca-
tion and severity of the damage, this change would be either
negligible or severe. In recent decades, pattern recognition
has been used to evaluate the relationship between these
changes and modal parameters to detect damage in bridges
[28]. Pattern recognition is usually applied by machine-
learning (ML) algorithms. A notable advancement in ML
for SHM is the application of ensemble learning techniques,
which have garnered attention for their ability to enhance
prediction accuracy by combining multiple models, known
as weak learners, into a more robust strong learner. Ensem-
ble learning is particularly favored in engineering prediction
problems due to its robustness and improved performance
over individual models. Among the various ensemble learn-
ing methods, Random Forest (RF), ExtraTree, AdaBoost,
Gradient-boosted decision trees (GBDT), Extreme Gradient
Boosting (XGBoost), and LightGBM have become widely
used. RF and ExtraTree, for instance, employ bagging, a
technique that generates diverse training subsets through
random sampling, trains weak learners on these subsets,
and then integrates their outputs. On the other hand, Ada-
Boost, GBDT, XGBoost, and LightGBM use boosting,
which sequentially trains weak learners, each time focusing
more on the samples that previous learners misclassified.
By combining these learners in a weighted manner, boost-
ing effectively enhances the overall predictive performance
of the model.

Although a considerable amount of literature has been
published on ML-based damage detection, there are only a
few studies on ML-based damage detection using ensemble
learning-based models. In 2013, Zhou et al. [29] proposed
an RF classifier integrated with a data fusion technique to
detect multiple damages on an eight-story steel shear frame
benchmark. A year after, Zhou et al. [30] proposed a two-stage
RF-based feature elimination method for damage detection
to increase the accuracy of outputs and reduce the detection
time cost. More recently, Lu et al. [31] implemented ML-
based regression methods, including Support Vector Regressor
(SVR), Artificial Neural Network, Regression Tree, and RF to
predict the natural frequencies of the Tamar bridge consider-
ing environmental factors. Results show SVR and RF outper-
form other methods. Chencho et al. [32] used RF to locate and
quantify single and multiple damages in a simple beam and
scaled steel structure using noisy acceleration data obtained

from the numerical and experimental model. For historical
structures, Chaiyasarn et al. [33] used the integrated Convo-
lutional Neural Network method with RF and Support Vector
Machine classifiers to detect cracks. Huang et al. [34] used
the cross-correlation function and wavelet packet decomposi-
tion to extract features from raw data obtained from the ASCE
benchmark to demonstrate the effectiveness of ensemble-based
ML methods. The results indicate that RF and XGBoost out-
perform SVM. Furthermore, RF shows slightly better per-
formance compared to XGBoost. In 2021, Garg et al. [35]
used XGBoost, Decision Tree (DT), RF, K-Nearest Neigh-
bors (KNN), and Logistic regression models for the condition
assessment of bridges. They used four features for classifica-
tion and results indicate DT and RF have the highest accuracy
among other methods. In another study, Ref. [36] compared
ensembled learning-based models such as XGBoost, GBDT,
Adaboost, LightGBM, and Extratrees in bridge deck monitor-
ing. In their case study, XGBoost outperforms others, while
GBDT has similar results to RF with slightly better than RF.
A comprehensive study on ML-based damage detection can
be found in Refs. [28, 37-39].

The structure of this study is divided into eight sections.
Initially, the paper provides an introduction and reviews
recent studies in the IBIS-FS and the ensemble-learning-
based damage detection method. It will then go on to the
methodology section to describe the conduction of the study.
Section 3 describes the field measurement setups and looks
at how experimental data are obtained from the bridge. Sec-
tion 4 concerns the operational modal analysis techniques
used for this study. Section 5 presents the finite element
modeling of the structure and describes how data are gener-
ated to train the damage detection method. The procedures
for damage detection are laid out in Sect. 6. Lastly, Sect. 7
displays the results from the operational modal analysis,
finite element modal analysis, and the damage detection
process.

2 Methodology

In this study, an IBIS-FS was used for field measurement of
the pedestrian bridge located in Melbourne, Australia. After
pre-processing data, operational modal analysis (OMA)
techniques, including the frequency domain decomposition
(FDD) and the peak-picking (PP) methods, were used to
obtain the modal parameters of the bridge. Then a finite
element model (FEM) of the bridge was developed using
SAP2000 (SAP2000 2015). The modal results from the finite
element analysis were then compared with experimental
results. For damage detection, data obtained from the FEM
of the bridge in SAP2000 was used to train damage detection
algorithms to detect pre-defined damage scenarios in the
bridge with different conditions (noise-free, contaminated
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by noise, and incomplete modal parameters). SAP2000 API
Python was used to build a data frame. The flowchart of the
study is presented in Fig. 1.

3 Field measurements

3.1 Image by Interferometric Survey-Frequency
for structures (IBIS-FS)

IBIS-FS (Image by Interferometric Survey-Frequency
for Structures) is an innovative interferometric radar sys-
tem designed by the IDS GeoRadar company for static
and dynamic monitoring of structural displacement or
deformations. It can be used to remotely measure the dis-
placement of multiple points simultaneously at different
locations on a structure with an accuracy of 0.01 mm.
The resonant frequencies and mode shapes can then be
identified from the static deflections and vibrations [14].
IBIS-FS comprises PC, Tripod, Radar head, and Anten-
nas (Fig. 2a). The sensor unit is a coherent radar used for
electromagnetic signal transmission and reception. Elec-
tromagnetic signals generated by the radar will be reflected
from each discontinuity of the structure back to the sensor
[13]. The received electromagnetic signals can then be
analysed to compute the displacement time histories of
the selected measurement points along the structure [14].
The operational characteristics of IBIS-FS are summarised
in Table 1.

The IBIS-FS radar has implemented two radar techniques,
Stepped Frequency-Continuous Wave (SF-CW) and differ-
ential interferometry technique, to simultaneously measure
the displacement of a series of points at different positions.
SF-CW is a technique employed to distinguish the positions
of different targets along the radar’s line of sight. By linearly

Finite element model

____________________________________________________________________ -

increasing the frequency of a burst of N single tones in dis-
crete steps, large bandwidth, and range resolution of 0.5 m
can be achieved [13]. This means two targets can still be
detected individually if the distance between them is greater
than 0.5 m. A 1-D range profile of the radar echoes with
range resolution can be plotted by computing the magnitude
of each bin of obtained vector samples (Fig. 2b). The differ-
ential interferometry technique can then be implemented to
evaluate the displacement of each target by comparing phase
information of reflected electromagnetic waves received by
the sensor at different times [41].

3.2 Pedestrian bridge description

The pedestrian bridge was constructed in 1976. This bridge
is located at the University of Melbourne, Australia, con-
necting two university buildings (the David Caro building
and the Earth Science building) over Swanston Street. The
width of the bridge is 2.8 m, and the bridge’s center span
is approximately 22 m, with the highest point about 5.3 m
above the ground. The bridge was constructed from pre-
cast I profile steel core concrete beams supporting an in-situ
concrete deck. The beams cantilever out from two piers, sup-
porting a gently arched middle span [18].

3.3 Field measurement setup and loading condition

The measurements were conducted from the side of Swan-
ston Street at 11:00 pm to minimise the impact of traffic on
the IBIS-FS data collection. The radar beam emitted from
the sensor module was configured to cover the middle span
between the two bridge joints, as shown in Fig. 2 (¢). To
achieve this, geometry parameters (e.g., structural length,
the exact location of the equipment relative to the bridge,
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Fig.2 a IBIS-FS schematic setup, b Idealised range profile, and ¢ Elevation view of the pedestrian bridge from the north and the IBIS-FS setup

(18]

Table 1 IBIS-FS operational characteristics

Technical specifications Value
Sampling frequency 200 Hz
Maximum operational distance 1000 m

Range resolution 0.05m
Operational weather condition All

Imaging capabilities One dimension
Displacement sensitivity 0.01

and vertical tilt angle of the sensor module) as summarised
in Table 2 were inputted into the software. Even though
the measurements were taken late at night, there were still
several trams, cars, and pedestrian traffic. The tram line
vibration and movement of trams, cars, and pedestrians can
induce interference in the measurements. Furthermore, the
electric lines of the trams and other surrounding structures
rather than the bridge may be detected by IBIS-FS. These
factors require consideration when undertaking the measure-
ments to ensure the accuracy of results.

For this study, the IBIS-FS was located on the footpath
near one of the bridge joints. The radar beam range is limited
to the bridge’s middle span to avoid capturing other interfer-
ences and noise to obtain good-quality results. The bridge was
excited dynamically by pedestrians jumping up and down at

Table2 Geometry configurations of IBIS-FS on the pedestrian
bridge [18]

IBIS-FS geometry configuration Pedestrian bridge
Structural length 212m

Relative horizontal location 0m

Vertical distance to the bridge 4m

Vertical tilt 20

the mid-span of the bridge. The speed of jumping was set to
be three times per second as an initial analysis of the bridge
shows a fundamental frequency of 3.2 Hz. The frequency of
the manual excitation was set to excite the first mode of vibra-
tion. For each case, the measurements have been performed
repeatedly (3—4 times) to improve the reliability and accuracy
of the results. In this way, the radial displacement history of
each measurement point on the bridge, as well as the natural
frequencies of the bridge, can be captured and recorded by the
IBIS-FS device.
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4 The operational modal analysis

The experimental modal analysis aims to identify modal
parameters from measurements of the controlled applied
force and the vibration responses obtained from a structure.
Heavy and expensive devices must be used to apply con-
trolled force to a structure to receive measurable responses.
To overcome this challenge, the study focuses on the oppor-
tunity that the operational modal analysis (OMA) provides.
OMA techniques estimate the modal parameters of a struc-
ture only from the measurement. Artificial excitation is not
needed in these techniques, and vibration responses are
obtained under ambient forces and operational loads (e.g.,
traffic and wind) [42]. In this study, peak-picking and fre-
quency domain decomposition methods are used to obtain
modal parameters.

4.1 The peak-picking method

The peak-picking (PP) method is the simple and fast way
for an output-only system identification system, commonly
referred to as the Basic Frequency Domain (BFD) [42]. The
PP technique can better approximate the natural frequency
of systems when a structure has minimal damping and its
modes are well differentiated within a particular bandwidth.
Otherwise, it may yield erroneous results by identifying
operational deflection shapes instead of individual mode
shapes. Nevertheless, the simplicity and computational effi-
ciency of the method, make it a valuable tool for analysts,
particularly during field tests, to quickly assess the effective-
ness of measurements and obtain preliminary insights into
dynamic identification results. Furthermore, the PP tech-
nique can only detect unscaled mode shapes since the input
is unknown [42].

As the term “peak-picking” indicates, in this method,
the modes are detected by picking the peaks in the power
spectrum energy (PSD) plots [42]. For the theoretical back-
ground of this method, consider partial fraction expansion
of pole-residue form of two-sided PSD of the frequency
response function (FRF) matrix (refer to Ref. [42] for more
details):

1o y{r)"

[Syy(@)] = 2 (o}’

iw— A, iw— A*
, ey
Lo e
—iw — 4, —iw — A*

where N, is the number of modes, {d),.} is the mode shape,
the A, keeps information about natural frequencies and
damping ratio, and {y,} is the operational reference vector
associated with the rth mode corresponding to the modal
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participation vector in the pole-residue form of the FRF
matrix.

In the PP technique it is assumed that one dominant mode
around a resonance. Therefore, Eq. (1) can be approximated
by the contribution of the dominant mode only (say r'™ mode).
Thus, the structural response is approximately equal to the
modal response [42].

O}~ {$,}p, @), )

where {¢, } is the modal matrix and p,(¢) is the modal coor-
dinate related to the r' mode. From Eq. (2), the correlation
functions of the responses can be computed:

[R,(@)] = E[lyt+ )y} | =R, , @{d, e, ). (3)
where
R, , (@) = E[{p,(t + ) }p,(1)]. @)

Equation (4) is the modal auto-correlation function. Tak-
ing the Fourier transform of Eq. (3), the PSD matrix can be
obtained:

Gy(@)] =G, , (@){$,}{d, 1, ®)

where G, , (@) is the auto spectral density function of the
modal coordinate. The PSD matrix of measure outputs must
be computed to obtain modal parameters. Modes are rep-
resented by the trace of the PSD matrix at each discrete
frequency and associated unscaled mode shape is one of the
columns of the PSD matrix.

4.2 The frequency domain decomposition method

The frequency domain decomposition (FDD) technique has
overcome the limitation of the PP method concerning the iden-
tification of closely spaced modes and removing subjective
task in picking the peaks. This method was originally applied
to FRFs and known as Complex Mode Indicator Function
(CMIF) to highlight its ability to detect multiple roots and,
therefore, the possibility to count the number of dominant
modes at a given frequency [42]. Considering the single value
decomposition (SVD) of the Hermitian and positive definite
PSD matrix at a specific frequency o leads to the following
matrix (refer Ref. [42] for more details):

G,y@] = U1 Y| o, (©)

where [U] is the unitary matrix including singular vectors
and [X] is the diagonal matrix including singular values. To
obtain modal parameters, after computing PSD of measured
outputs, the SVD of the PSD at each frequency calculated.
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Singular values are modes and the corresponding singular
vectors are mode shapes.

Assumptions and requirements specific to the FDD
method are duly addressed. Due to visual inspection, the
structure is linear and there is not any significant damage or
change in the boundary condition of the structure. Regarding
frequency resolution, a critical aspect of the methodology
involves selecting a resolution of 0.025, balancing the need
to capture fine details in the frequency domain with avoid-
ing excessive computational load. This choice is informed
by duration of displacement time series and a sampling rate
of 200 Hz, resulting in a Nyquist frequency of 100 Hz. The
time series data are segmented into non-overlapping seg-
ments, each representing a meaningful portion of the struc-
tural response. The selection of segment length considers
dynamic changes while maintaining adequate frequency
resolution. In terms of window function selection, the study
opts for the rectangular window. This decision is based on
the analysis objectives. The rectangular window is chosen
for its computational efficiency and minimal distortion to the
signal, aligning well with the study's focus on a linear and
undamaged structure. While other window functions may
offer improved frequency resolution, they often introduce
more spectral leakage, which is deemed unnecessary for the
precision required in representing frequencies in the context
of a linear and undamaged structure.

5 The finite element model of the bridge

The IBIS-FS results obtained from dynamic excitations
were verified using a numerical model of the pedestrian
bridge. Using the SAP2000 a model of the pedestrian
bridge was developed and subjected to a dynamic fre-
quency analysis to calculate the structure’s natural fre-
quencies and mode shapes.

The calculation of the modal parameters using SAP2000
is highly dependent on the geometry, stiffness, and mass

Fig.3 Elevation from North of
the bridge showing left pier and
cantilever joint

of the structure. The dimensions of the bridge were meas-
ured on-site and verified with the architectural drawings.
These parameters formed the basis of the structural model.
However, some distinct features need to be appropriately
integrated into the model. The first features are the joints
that exist between the two piers. It was noted that a section
of the beam cantilever from both piers seats and supports
the bridge’s middle span (Fig. 3). Both joints were sim-
plified and represented as a hinge joint within the model.
Another feature is the shallow arc of the bridge, as seen
in Fig. 3, which was incorporated into the model using
height measurements below different points of the bridge.
The main factor influencing the mass and stiffness of the
bridge is the material and composition of the structure.
The bridge consists of pre-cast concrete beams that sup-
port the in-situ reinforced concrete deck [18] and the steel
box handrails (Fig. 3). In this study, the finite element
(FE) modeling approach adopts the assumption that the
structure operates within a linear and serviceability state,
aligning with the study's primary objective of analysing
the structural response within elastic material limits. This
simplification facilitates the modeling process, although
it may overlook potential non-linearities that could arise
under extreme loading conditions or in the presence of
damage. The assumption of a perfect bond between steel
and concrete is made, acknowledging that the modeling
might not encompass all the intricacies of the composite
beam section.

The model from SAP 2000 is presented in Fig. 4. The
FEM of the bridge in SAP2000 was used as a baseline model
for damage detection and sensitivity analysis. Damage was
then applied to elements by reducing the stiffness of the
elements (e.g., 10% damage in element ¢; is defined as 10%
reduction in elastic moduli (E;) of ¢;). After defining damage
for each element, modal analysis was performed in SAP2000
using SAP2000 API for Python to generate and collect data.

The FE model of the bridge consists of 126 elements,
including main beams and handrails; generating such a data
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Fig.4 FEM of the bridge

frame with many classification classes is time-consuming.
Furthermore, from an ML perspective, the increase in the
number of classification classes tends to reduce the per-
formance of the model. Therefore, sensitivity analysis is
conducted to reduce the number of elements for damage
detection. For this purpose, the sensitivity of the first five
natural frequencies to the change in stiffness of each element
is evaluated. Due to the symmetry, only 63 elements are used
for the sensitivity analysis.

In Fig. 5, the results of the sensitivity analysis are pre-
sented. According to the results, natural frequencies are
more sensitive to the change in the stiffness of main beams
since it ranges between — 19%and14.8%. In contrast, verti-
cal and horizontal elements of handrails have a neglectable
effect on natural frequencies compared to main beams. The
sensitivity of the first five natural frequencies to horizontal
elements ranges between — 0.16%and0.04 and for vertical
elements ranges — 1.2%and 0.2. Furthermore, significant
damage in a handrail can be detected via visual inspection.
Therefore, in this study, handrails are not used for damage
detection and main composite beams were selected (20 ele-
ments) for data generation. The damage production proce-
dure is shown in Fig. 6.

6 Machine-learning-based damage
detection

In the study presented, damage detection is approached
through a two-part process: damage localisation and
assessment of damage extent. As depicted in Fig. 7, two
machine-learning problems must be addressed: classification
to locate the damage and regression to predict the severity
of the damage. Initially, data are processed using a clas-
sification algorithm to identify the location of the damage.
Subsequently, a regression algorithm evaluates the extent of
the damage. For both tasks, ensemble learning-based ML
algorithms are employed. These ensemble models combine
various individual models, commonly weak learners, such as
decision trees, to form a more accurate and robust predictive
model. The two popular methods of ensemble learning are
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boosting and bagging. With the bagging method, individual
models are trained in parallel and independently, while with
the boosting method, models are trained sequentially, as
shown in Figs. 8 and 9, respectively. This study specifically
employs RF, GBDT, and XGBoost for both classification
and regression in detecting damage. While RF and GBDT
are implemented using the scikit-learn package in Python,
XGBoost necessitates its own library namely as XGBoost’s
Python Package.

6.1 Random forest

A Random Forest (RF) is a supervised ML technique that is
used to solve regression and classification problems. It uses
ensemble learning, a technique that combines many classi-
fiers to improve the performance of a model and reduce the
variance of the results. As the term “forest” indicates, RF
consists of many decision trees. Every decision tree consists
of decision nodes, leaf nodes, and a root node. In a Random
Forest, each decision tree is trained using a different data set
that is substituted from the actual data set. This approach
is referred to as bagging or bootstrapping. Bagging, also
known as bootstrap aggregation, is a common ensemble
learning method which integrates predictions from various
models even when the predictions are not correlated. Each
tree draws a collection of features at random from the entire
feature set in the training data set, making them uncorrelated
[32]. The leaf node of each tree is the final output produced
by that specific decision tree. The final output of the RF
system is chosen by the majority of the decision trees, as
shown in Fig. 8.

6.2 Gradient boosting decision tree

A Gradient Boosting Decision Tree (GBDT) is a supervised
learning technique have been employed for both regression
and classification tasks. It constructs a predictive model in
the form of an ensemble of decision trees, which are com-
bined to yield a more accurate and robust final model. In the
GBDT framework, each tree is built sequentially, with sub-
sequent trees focusing on addressing the errors or residuals
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identified by their predecessors. This method, known as
boosting, effectively reduces the bias and variance of the
collective model. Specifically, GBDT iteratively minimises
the objective function by applying gradient descent to the
residuals (the discrepancies between predicted and true val-
ues). The optimisation process within GBDT involves navi-
gating the gradient of the loss function to enhance model
predictions progressively. The construction and refinement
of the model via GBDT are shown in Fig. 9.

6.3 Extreme gradient boosting

Extreme Gradient Boosting (XGBoost) is an advanced
ensemble ML algorithm renowned for its efficacy in both
regression and classification challenges. As a supervised
learning method, XGBoost refines its model by constructing
a series of decision trees in a sequential manner, where each
subsequent tree is crafted to correct the residuals, thereby
enhancing the model's precision incrementally. This process
embodies the principle of boosting; however, XGBoost dis-
tinguishes itself through the introduction of regularisation
terms in its objective function, which mitigate overfitting
more effectively than traditional GBDT. XGBoost augments
the traditional GBDT approach by optimising its cost func-
tion with both L1 and L2 regularisation terms, a technique
not typically applied in standard GBDT implementations.
Additionally, XGBoost employs a novel tree-building algo-
rithm that utilises second-order gradients, allowing for more
accurate split decisions in the trees. The optimisation of the
XGBoost model employs both gradient descent and a custom
regularisation strategy to converge to a robust solution. This
optimisation ensures efficient handling of sparse data and
integrates mechanisms for parallel processing, furthering its
computational advantages.

6.4 Grid search cross-validation

In machine learning, it is standard practice to divide data sets
into training, validation, and test sets. However, in scenarios
where the availability of sampled data is limited, the valida-
tion set is sometimes either omitted or may not be adequately
representative. Furthermore, memorising or overfitting is a
common problem in ML algorithms. As previously stated,
the RF algorithm determines the result based on the decision
trees' predictions. The average or mean output of each indi-
vidual tree is obtained when the regression problem is solved
with RF. This procedure prevents overfitting. Similarly,
XGBoost, a powerful and efficient gradient boosting frame-
work, also demands hyperparameter tuning to manage its
complexity and to avoid overfitting. It is because XGBoost
builds trees sequentially, and without proper optimisation,
it can quickly fit to noise in the training data. Consequently,

Table 3 Hyperparameters considered for the RF model

Hyperparameters Value range

50, 100, 150, 200
5,10, 15,20

"o

"none", "sqrt", "log2"

n_estimators
max_depth

max_features

Table 4 Hyperparameters considered for the GBDT and XGBoost
models

GBDT XGboost

Hyperparameters  Value range  Hyperparameters Value range
n_estimators 100, 200, 300 n_estimators 200, 400, 500
max_depth 3,5,7,9 max_depth 3,5,7,9
learning_rate 0.01,0.1,0.2 learning_rate 0.01,0.1,0.2

min_samples_split 2, 5, 10 min_child_weight 1, 3,5

min_samples_leaf 1, 2,4 gamma 0,0.1,0.2

choosing optimal hyperparameters based on the training set
becomes crucial for the ML model's performance [43].

The selection of optimal hyperparameters based on the
training set is essential for the robust performance of ML
models, particularly when it comes to preventing overfit-
ting. ML models often involve numerous hyperparameters,
and manually adjusting these parameters in isolation can
be a repetitive and time-consuming task. To address this
issue, the current study utilises grid search cross-validation
to efficiently identify the best hyperparameters for the RF,
GBDT, and XGBoost models. The specific hyperparameters
under consideration for each model are outlined in Table 3
for RF and Table 4 for GBDT and XGBoost. By automating
the search for the optimal hyperparameter combinations, the
study enhances the models' predictive accuracy and gen-
eralisability, ultimately aiding in the effective detection of
damage severity and location.

Initially, the study explores n hyperparameters with indi-
vidually assigned m values. Next, the grid search method
systematically enumerates all hyperparameter combinations,
resulting in mn combinations. For each combination, the
hyperparameters are used to train models with the K-fold
cross-validation method with k=35. Therefore, the training
data set is divided into five distinct subgroups at random.
Four of these subgroups are then designated as the train-
ing set, with the fifth subgroup serving as the test set. This
process is repeated five times, with each subgroup being
rotated in as the test set in successive iterations. For each
model, incorporating various hyperparameter combinations,
the metric, /,, is calculated to assess its performance.

The choice of 7, for regression is root-mean-square error
(RMSE). When the minimum RMSE value is determined, the
set of hyperparameters associated with this value represents

uuuuuu
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the optimal combination. For the classification, the choice of
I, depends on the specific requirements and characteristics of
the task. If missing any damaged element could lead to cata-
strophic outcomes, recall might be the most important metric.
If false alarms are very costly and need to be minimised, preci-
sion would be more important. In this study, /,, for classifica-
tion is precision. Therefore, when the highest precision value
is achieved, the set of hyperparameters linked to this maximum
value is recognised as the optimal combination. These steps
lead to the determination of the optimal hyperparameters for
each model using the training data set. Once established, the
model is then applied to the test data set to accurately identify
the severity and location of the damage.

6.5 Model evaluation metrics for machine learning

A common tool to evaluate the performance of classification
is a confusion matrix, which separates the method results into
four categories: True Negative (TN), False Negative (FN),
False Positive (FP), and True Positive (TP). For damage detec-
tion analogy, the meaning of each term is as follows:

TP: model correctly detects damaged elements,

FP: model detects damage in element, but there is not,
TN: model correctly detects intact elements,

FN: model considers there is no damage in the element, but
there is.

FP and FN are more important from the SHM perspec-
tive. FP increases the number of elements that will examine
in further investigations (e.g., local damage detection), which
is time-consuming and costly. Also, FN is the most important
and dangerous since the undergo damage is not detected in the
structure. The main goal of classification methods is to reduce
the value of FP and FN while increasing the value of TP and
TN. Accuracy, Precision, Recall, and F; scores were gener-
ated from the confusion matrix to help to assess performance.
These scores are defined as:

TP + TN
Accuracy = ) @)
TP+ TN + FP + FN
.. TP TP
Precision = = s (8
TP + FP  Actualresults
TP TP
Recall = = ,
ecd TP + FN  Predictedresults ®)

Precision X Recall
F = 2 X )
! Precision + Recall (10)

For performance evaluation, the precision and recall
parameters are more appropriate since they show how well

‘‘‘‘‘‘

the model can locate the damaged element in the data set.
Both parameters may be taken into account simultane-
ously with equal weights using the F,. Ideally, the higher
the F'; parameter, the better the damage indicator is in detect-
ing damage in the data set [44]. Furthermore, it is useful for
comparing two models, especially in damage detection when
both FP and FN are important. However, the choice between
models depends on the specific requirements of the task and
computation time.

The most undemanding metrics for regression models are
RMSE, coefficient of determination (R?), and Pearson Cor-
relation Coefficient (PCC). If all predictions matched the
expected values, the RMSE values tend to be zero. The R?
indicates the strength of the model and evaluate the scatter
of the data around the fitted regression line. It ranges from
0 to 1, the lower R? represents larger differences between
the actual data and the predicted values (e.g., an R?> = 0.4
indicates that 40% of the variance in the outcome data can
be explained by the model). Regression models with higher
R? is well-fitted models. The PCC measures the correlation
between variables and ranges from — 1 to 1. It is square root
of coefficient of determination. The sign of the PCC shows
the direction of the relationship between variables. PCC
values further way from zero represent strong linear rela-
tionship between variables (e.g., PCC = —0.9 indicates that
there is a strong negative relationship between variables).

7 Results and comparison
7.1 Modal analysis
7.1.1 Operational modal analysis

The IBIS-FS performs the simultaneous monitoring of
several different time series, which correspond to differ-
ent reflections in the bridge. These different time series are
called Range Bins (Ry;,,). It also provides a profile with the
Signal-to-Noise Ratio (SNR) for each Ry, to select the ones
with the highest SNRs corresponding to the range of the
bridge. Figure 10 shows the SNR profile of the Ry; . captured
within the mid-span of the bridge [45]. The x-axis shows
the Ry;, index. The numbers correspond to the structural
distance within the span relative to the starting position of
IBIS-FS. The y-axis shows the SNR of a specific Ry;,. The
Ry, selected for analysis within each experimental meas-
urement data were selected based on the profile shown in
Fig. 10. As a criterion, only those R;;,, with a SNR value of
55 or more, as shown by the red dashed line, were selected
to ensure that the displacement accuracy captured by IBIS
was within 0.01 mm. Initially, the Ry;,, with sharp peaks
and troughs above the 55 dB SNR threshold were selected,
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Fig. 10 Diagram showing the
SNR of each Robin within the
whole mid-span of the bridge

but then they were later refined with further investigation of
their quality using the polar graphs.

The following polar graphs in Fig. 11 were obtained from
the selected Ry;,. The radial axis denotes the amplitude of
the signal received, while the angular axis denotes the phase
angle. The polar graphs in Fig. 11 indicate the quality of the
data recorded. An expected good result would be for a Ry,
selection to follow the same radial coordinate, or amplitude,
for a wide range of the angular coordinates. This is best
shown by R;;, 16 in Fig. 11a. However, Ry;, 10 in Fig. 11a,
d indicates poor data as there is only a small angular range
along the amplitude coordinate. Deviations in Fig. 11 of
the amplitude along the angular coordinate are noise in the
data and can create unfavourable results. The difference in
the quality of data between data sets 35 and 22 (Fig. 11a,
d) could have been the result of vehicle, tram, or pedestrian
movement during the data collection.

The following frequency displacement graphs obtained
from the IBIS-FS raw data sets are shown in Figs. 12, 13,
14, 15. The frequency location of the peaks on these graphs
represents a mode and can be compared with the frequencies
of the modes from the FE model. The frequency displace-
ment graphs show that the IBIS-FS radar can reasonably
detect a structure’s modal frequencies. The natural fre-
quency determined by data set 13 was 3.68 Hz, while all
other data sets gave a natural frequency of 3.76 Hz. This is
between 0.53% and 2.65% difference from the natural fre-
quency found with the FE model. Explicit modes could also
be found at approximately 8 Hz for data sets 13, 35, and 44
and at approximately 13.4 Hz for data sets 35 and 44. These
correspond to mode shapes 4 and 8 as determined by FEM
and only vary between 0.25% and 1.11%. It can be noted

Profile

10 15 20 25 30 35
Rbin index

that the better-quality data in data set 35 produced peaks at
more modal frequencies than the lower-quality data set 22.

The other non-torsional mode, mode 3 as determined by
FEM, should have appeared at approximately 7 Hz; however,
due to its proximity to mode shape 4 there was some inter-
ference, and the peak-picking method was not able to detect
the mode accurately.

7.1.2 Numerical modal analysis

Using measurements obtained on the bridge and careful
investigation of the structural plans, a finite element model
of the pedestrian bridge was constructed in SAP2000. As
indicated in the structural plans, the characteristic strength
of concrete used in all structural elements is Grade 25, and
all structural steel components are mild steel for this model.
The dynamic frequency analysis was performed for the first
20 dynamics modes within a tolerance of 0.001 Hz. The
resulting natural frequencies and natural period are summa-
rised in Table 5, and some of the corresponding mode shapes
identified are given in Fig. 16. Comparisons between the
experimental and numerical model (see Table 5) indicated
that the developed SAP2000 models can simulate the FEM
with good accuracy and can be used as baseline FEM for
damage detection procedures.

The following Figs. 17-19 were obtained by plotting
the displacement data sets extracted from numerical modal
analysis and IBIS-FS onto the same graph for each mode.
The data sets obtained from FEM are plotted as smooth solid
lines and are used as the reference mode shape in ideal con-
ditions. All the data sets obtained from IBIS-FS are plotted
as scattered points so that the accuracy of IBIS-FS can be

uuuuuu
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Fig. 11 Polar graphs of (a) data set 35, (b) data set 13, (c) data set 44, and (d) data set 22

validated by observing whether the data points are well scat-
tered around the finite element mode shapes.

The mode shape plots for both FEM and IBIS-FS result
illustrated in Figs. 17-19 show quite good data quality.
Most of the IBIS-FS data points are close to the mode
shape obtained from FEM, which validates the accuracy

@ Springer

s

of IBIS-FS measurements. However, several data points
do not match well with the FEM mode shape. One reason
is that the data quality is not quite good at these points,
which can be directly revealed by the polar graphs, e.g.,
data set 35 does not match up with mode shape #4 as
shown in Fig. 18, and it can be seen from its polar graph
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Fig. 12 Frequency displacement graph from data set 22 of IBIS-FS
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Fig. 13 Frequency displacement graph from data set 35 of IBIS-FS

that there are two lines not perfectly shaped and are a bit
wide (Fig. 11a). Despite the observed scatters, the results
are generally acceptable. The accuracy of the IBIS-FS in
identifying the mode shapes can be improved by applying
a better method (e.g., stochastic subspace identification

Frequency (Hz)

Fig. 14 Frequency displacement graph from data set 13 of IBIS-FS
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Fig. 15 Frequency displacement graph from data set 44 of IBIS-FS

(SSI) methods or natural excitation techniques (NExT))
to determine mode shapes from IBIS-FS results.
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Table 5 Non-torsional modes obtained from finite element model and
operational modal analysis

Mode  SAP2000 (Hz) OMA PP (Hz) OMA FDD (Hz)
#1 3.84 3.76 3.76
#4 7.63 8.05 7.91
#8 13.91 13.46 13.27

7.2 Damage detection

The term damage detection refers to identifying the dam-
age locations and estimating the damage severity. As previ-
ously mentioned, RF, GBDT, and XGBoost with optimised

/,n{'/v

E3
1
0.
2.8

4
¥ |
7
-84
98

hyperparameters were considered for damage detection. The
training data frame consists of 1700 raw vectors. Each raw
vector contains the following data points: (a) scenario #1,
which includes the mode shapes at all nodes in the structural
model (151 nodes and 6 degrees of freedom). (b) scenario
#2, which only includes 81 nodal values (referred to as sce-
nario with incomplete mode shapes). For each scenario, a
different number of frequencies (out of the 20 frequencies
included in the numerical modal analysis) with varying lev-
els of noise were considered. The data were contaminated
by Gaussian distribution with zero mean and 1 for the stand-
ard deviation of the normal distribution. 70% of the data
were used to train the models, and 30% was used for testing.
As mentioned, the confusion matrix was used to evaluate

Fig. 16 Non-torsional mode shapes obtained from SAP2000: (a) Extruded view of first mode shape, (b) 2D view of first mode shape, (c) 2D

view mode shape #4, and (d) 2D view of mode shape #8

Fig. 17 Mode shape #1 04
obtained from numerical modal

analysis and IBIS-FS
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Fig. 18 Mode shape #4 1.5
obtained from numerical modal |
analysis and IBIS-FS
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S
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classification, while the Pearson correlation coefficient, R2,
and RMSE are used as regression metrics. In regression
tasks, the coefficient of determination, commonly known as
R?, serves as a pivotal metric. R? quantifies the proportion
of the variance in the dependent variable that is predictable
from the independent variable(s). In the context of damage
detection, R? facilitates the evaluation of the model's abil-
ity to accurately predict the severity or extent of structural
damage, providing insights into the reliability of the regres-
sion model. Precision, recall, and F1 score are fundamen-
tal metrics for classification tasks. Precision quantifies the
accuracy of positive predictions, ensuring that identified
damage instances are indeed indicative of true damaged
element. Recall, on the other hand, measures the model's
ability to correctly identify all instances of actual damaged
elements within the structure. The F1 score, being the har-
monic mean of precision and recall, serves as a balanced
metric in situations where class imbalances exist. It provides

Horizontal distance (m)

IBIS data 13 % IBIS data 35 A IBIS data 44

a comprehensive assessment of a model's performance, par-
ticularly when both false positives and false negatives must
be minimised.

Table 6 shows the damage detection results using RF and
XGBoost in scenario #1. RF and XGBoost maintain high
accuracy, often close to or above 0.90, indicating strong per-
formance in correctly classifying damaged and undamaged
cases. Both models exhibit very high accuracy, demonstrat-
ing that they perform well even as noise increases and with
fewer modes. RF consistently demonstrates high precision,
indicating a strong ability to correctly identify true damage
cases. XGBoost matches RF in precision, showing its effec-
tiveness in identifying damaged cases without many false
positives. This low rate of false positives is crucial, as it indi-
cates that the model seldom misclassifies undamaged cases
as damaged, ensuring reliability and reducing the likelihood
of unnecessary interventions or repairs based on incorrect
damage assessments. RF has strong recall, which shows a
slight decrease with fewer modes, indicating a high ability to

Table 6 Damage detection

. Model Number of modes  Noise level Acc  Prec Rec  F, RMSE R2 PCC
using RF and XGBoost

with complete mode shapes RF 20 modes Noise-free ~ 0.99 098 099 098 0.01 0.99  0.96

(scenario #1) 5% 099 097 099 098 002 094 098

10% 096 096 098 097 001 094 097

10 modes Noise-free 092 096 088 092 0.01 091 096

5% 091 093 088 090 001 090 0.95

10% 089 092 087 091 0.03 090 0.93

3 modes Noise-free 0.89 091 086 0.89 0.01 0.88 0.93

5% 088 087 086 086 0.02 0.88 091

10% 0.88 086 085 086 0.02 0.88  0.89

XGBoost 20 modes Noise-free 099 099 097 098  0.00 097 098

5% 097 099 097 098 0.03 094 096

10% 097 093 095 094 003 093 097

10 modes Noise-free 095 093 096 094 0.00 0.97 097

5% 090 092 088 090 0.03 091 094

10% 091 085 084 084 005 0.89  0.90

3 modes Noise-free  0.89 090 090 090 0.01 091 0.86

5% 091 085 085 085 0.03 0.88  0.87

10% 0.88 086 082 084 004 0.86 0.87
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Table 7 Damage detection

. . Model Number of modes  Noise level  Acc Prec  Rec F, RMSE R2 PCC
using RF and XGBoost with
incomplete mode shapes RF 20 modes Noise-free ~ 0.95 094 096 095 004 097 096
(scenario #2) 5% 092 092 093 092 004 093 091
10% 094 096 091 093 0.04 093 0.88
10 modes Noise-free 092 095 090 092 0.04 0.90 0091
5% 088 092 087 093 0.05 0.86 0.86
10% 081 083 087 085 0.05 0.86 0.84
3 modes Noise-free 0.83 088 086 087 0.08 0.81  0.80
5% 0.80 0.81 0.86 0.83 0.08 0.77 0.72
10% 073 078 072 075 0.12 0.81 0.78
XGBoost 20 modes Noise-free 097 097 097 097 0.00 0.97 0.98
5% 095 090 092 091 0.01 091 091
10% 091 090 0.88 0.89 0.10 091 0.88
10 modes Noise-free 095 093 093 093 0.01 097 097
5% 092 092 090 091 0.02 091 092
10% 0.86 0.81 0.87 0.84 0.14 0.87 0.83
3 modes Noise-free 0.89 090 0.89 0.89 0.02 091 0.86
5% 0.89 083 079 0.81 0.08 0.87 0.88
10% 075 081 072 076 0.13 081 0.77
Table 8 Damage detection using RF, GBDT, and XGboost in IBIS-FS simulated environment
Number of selected nodes ~ Number of selected Dof ~ Noise level = Model Acc Prec Rec F, RMSE R2 PCC
7 1 (z dir.) 10% RF 0.751 0.727 0.701 0.713 0.194 073 0.76
XGBoost  0.726 0.752 0.681 0.714 0.230 0.68 0.70
GBDT 0.647 0.688 0.641 0.663 0.257 0.68 0.64

Fig. 19 Mode shape #8
obtained from numerical modal
analysis and IBIS-FS

Displacement (mm)

detect true positives. XGBoost’s recall is comparable to RF,
suggesting it can effectively identify actual cases of damage
with only a few elements going undetected. The F1 score of
both models remains high, showing balanced performance
between precision and recall. RF and XGBoost show very
low RMSE, suggesting accurate predictions in the severity
of damage. RF presents high R? values, demonstrating its
capability to account for the variance in damage severity.
XGBoost’s R? values are comparable, showing its capacity
to predict the severity of damage effectively.

In Table 7, the RF and XGBoost results with incomplete
mode shapes are presented. In this case, the model values at

‘‘‘‘‘‘

Horizontal distance (m)

——Mode Shape 8 A IBIS data 35 % IBIS data 44

70 nodes from the structure were deleted. From the results
presented in Table 8, RF’s accuracy decreases compared
to scenario #1 but remains robust, indicating resilience in
less ideal conditions. XGBoost experiences a slight drop
in accuracy, especially with the highest noise level and the
fewest modes, suggesting a bit more sensitivity to data com-
pleteness. RF still maintains high precision, though it shows
some reduction, suggesting reliability in identifying true
damage. XGBoost sees some drop in precision but remains
relatively high, suggesting it may produce more false posi-
tives compared to RF in this scenario. While still effective,
the increased rate of false positives with XGBoost indicates
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a higher likelihood of incorrectly identifying undamaged
cases as damaged. This could lead to unnecessary inter-
ventions, highlighting the need for careful consideration in
choosing the appropriate model based on the acceptable bal-
ance between detecting all true damage cases and avoiding
misclassification of undamaged elements. RF’s recall dips
in scenario #2, which may indicate challenges in detecting
all true positives under more complex conditions. XGBoost
shows a more noticeable decrease in recall, especially with
fewer modes and more noise, indicating potential difficul-
ties in identifying all actual damaged cases. RF’s F1 score is
lower in scenario #2 but still reflects a good balance between
precision and recall. XGBoost’s F1 score decreases slightly
more than RF’s, suggesting that it may not handle incom-
plete data as effectively as RF. RF sees an increase in RMSE
but still indicates good performance, suggesting that predic-
tions of damage severity are reasonably accurate. XGBoost's
RMSE is slightly higher in this scenario, indicating a small
decrease in the accuracy of severity predictions compared
to RF. RF and XGBoost show a slight reduction in R? values
but they remain strong, reflecting their ability to explain the
variance in damage severity and suggesting that they retain
much of their predictive power even with incomplete mode
shapes.

In summary, both RF and XGBoost demonstrate strong
performance in scenarios with complete and incomplete
mode shapes. However, RF appears to be slightly more
robust when dealing with incomplete data. While XGBoost
shows a reduction in some metrics in Scenario #2, it still
performs adequately and may offer advantages in specific
regression tasks. Both algorithms exhibit adaptability to
challenging data conditions, underscoring their utility in
damage detection applications for the bridge under inves-
tigation in this study.

Regarding computing time, RF and XGBoost display
different performance characteristics. To facilitate a com-
prehensive comparison, scenario #2 with three modes is
utilised. For detecting the location of damage, RF takes
103 s, which is quite efficient given the task's complex-
ity. RF involves constructing multiple decision trees and
making predictions by averaging the results, which can be
computationally intensive. However, it can perform classi-
fication relatively quickly due to the parallel processing of
the trees. In contrast, XGBoost takes significantly longer
for classification, requiring 647 s. XGBoost is renowned for
its performance and accuracy, often surpassing other algo-
rithms, but it can be more computationally demanding. It
employs gradient boosting, an iterative process where new
models are created to predict the residuals or errors of previ-
ous models, and then combined to form the final prediction.
This sequential model building is inherently less parallelis-
able than RF's tree building, leading to longer computation
times. For estimating the severity of damage, RF requires

a considerably longer time, at 388 s. Regression tasks in
RF might need a more complex split criterion and the com-
putation of more statistics at each node, compared to clas-
sification, which could explain the extended duration. On
the other hand, XGBoost requires only 60 s, significantly
outpacing RF. XGBoost is highly optimised for performance
and can converge to a solution more quickly in regression
tasks, despite its iterative nature.

To investigate if IBIS-FS can be used for damage detec-
tion, only three non-torsional modes and the associated ver-
tical displacement of seven nodes from the mid-span of the
bridge were used. The results of the RF process are shown in
Table 8. Only seven nodes were selected as it is unlikely that
IBIS-FS can measure the mode shapes at all nodes (with six
DoFs) of the structure. This is due to the complexity of the
structure, the limited number of IBIS-FS and the difficulties
in synchronising IBIS-FS. Therefore, only translational DoF
(the vertical z-direction) at the selected nodes: #23, #26,
#28, #29, #30, #31, and #32 (see Figs. 17, 18, 19) were used
for damage detection. The RF process was used in this case
with spatially incomplete data and 10% noise-polluted mode
shapes associated with modes #1, #4, and #8.

As shown in Table 8, among the assessed models, the RF
model excels, securing the top position in accuracy, dem-
onstrating a commendable balance between precision and
recall, and indicating fewer prediction errors with its low
RMSE and high R? score. XGBoost, though not far behind,
surpasses RF in precision but falls short in recall and overall
prediction consistency, as reflected by its RMSE and R>.
On the other hand, GBDT lags in all key metrics, indicat-
ing a lower classification efficacy and the highest prediction
errors, making RF the most reliable for damage detection
in this study. The results indicate the possibility of damage
detection using IBIS-FS with the RF method.

8 Conclusion

This study explores the capability of the IBIS-FS radar sys-
tem in capturing the mode shapes of the pedestrian bridge
at the University of Melbourne. By applying periodic loads
at mid-span, close to the bridge's natural frequency, the
IBIS-FS was used to measure the displacement at this key
location. Operational modal analysis methods, such as peak
picking (PP) and frequency domain decomposition (FDD),
facilitated the acquisition of modal parameters, with a focus
on non-torsional natural frequencies and associated mode
shapes. These mode shapes, as determined through IBIS-FS,
were subsequently compared to those from a finite element
(FE) model, constructed based on on-site measurements and
architectural drawings. While the experimental and numeri-
cal results exhibited varying levels of accuracy, they collec-
tively affirmed the effectiveness of IBIS-FS in identifying
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mode shapes. Radar interferometry, characterised by its
rapid installation and ability for remote displacement and
vibration measurements, is particularly advantageous in situ-
ations where installing an accelerometer is impractical due
to accessibility constraints. Its capacity for remote sensing
not only guarantees operator safety but also avoids invasive
equipment installation on structures. Regarding the financial
aspect, the IBIS-FS system represents a significant invest-
ment compared to traditional accelerometers, encompassing
the necessary hardware and software. Furthermore, the sys-
tem requires only a moderate training period for operation.
A few hours are typically enough to acquaint an operator
with its functionalities, ensuring accurate data collection and
system optimisation. Additionally, the radar interferometer
measures displacements in a direct manner, providing cru-
cial data for evaluating damage and observing structural
behavior after events, including the remaining displace-
ments caused by earthquakes. However, radar interferom-
etry, despite its benefits over traditional sensors, necessitates
specific conditions for accurate data acquisition:

A clear line of sight without obstructions between the
instrument and the target structure is essential.

The instrument must be placed in an area free from vibra-
tions.

The geometry of the instrument's placement in relation to
the target must be clear and well-defined.

In the second phase of the study, the effectiveness of
IBIS-FS in combination with advanced machine-learn-
ing approaches, including Random Forest (RF), Gradient
Boosting Decision Tree (GBDT), and XGBoost, in damage
detection was evaluated. Using the SAP2000 open appli-
cation programming interface (API) with Python, a finite
element model of the bridge was developed to generate data
for training these algorithms. Two main scenarios for dam-
age detection were considered. In the first scenario, com-
plete mode shapes were used, and the results demonstrated
the capability of RF, and XGBoost methods in accurately
detecting the location and severity of damage. In the sec-
ond scenario, incomplete mode shapes were employed, and
these methods showed remarkable accuracy. To specifically
assess the capability of IBIS-FS in damage detection, three
non-torsional modes and associated modal values at only
seven nodes of the bridge with a single degree of freedom (in
Z-direction) were analysed. The findings indicate that IBIS-
FS, when used in conjunction with these advanced machine-
learning methods, can effectively locate and assess the sever-
ity of damage. This article introduces a novel approach to
bridge damage detection using IBIS-FS in tandem with
machine-learning techniques. While this method is still nas-
cent compared to traditional non-destructive techniques, it
shows considerable promise for future explorations. Future

‘‘‘‘‘‘

research directions include achieving three-dimensional dis-
placement measurements of bridges by employing multiple
IBIS-FS units. This could significantly enhance the accuracy
of modal parameters and capture additional mode shapes,
thereby improving the precision of damage detection.
Efforts to minimise errors could involve refining Operational
Modal Analysis (OMA) techniques, such as NeXT, as well
as accounting for finite element modeling inaccuracies to
improve overall results. Further to these advancements, the
proposed machine learning (ML)-based damage detection
methods should be compared with traditional methods (e.g.,
the cross-correlation damage index proposed by Ref. [46],
cross-model cross-mode by Ref. [47]), as well as with other
ensemble-based methods like LightGBM. However, specific
challenges must be addressed to ensure the reliability and
effectiveness of these novel approaches. Environmental fac-
tors such as temperature, humidity, and operational condi-
tions, including traffic load on the bridge, can impact both
the IBIS-FS system's performance and machine-learning
analysis. Developing models robust enough to adjust to
these variabilities is essential for dependable damage detec-
tion. Therefore, identifying the most strategic arrangement
of IBIS-FS to maximise coverage and minimise blind spots,
especially in bridges with complex geometries, is a spatial
challenge that demands planning and simulation. Further-
more, the integration of IBIS-FS data with pre-existing mon-
itoring systems presents a unique challenge. It is crucial to
merge data from IBIS-FS with these systems seamlessly,
ensuring that the machine-learning models can interpret and
analyse data from diverse sources effectively, without caus-
ing any disruptions to ongoing monitoring operations.
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