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Abstract

This study presents a finite element (FE) model updating approach for a laboratory-scale cable-stayed bridge
using vibration data obtained from a vision-based measurement system. Conventional accelerometer-based
responses were used as a reference for comparison. The bridge’s dynamic properties were extracted through
experimental modal analysis under controlled excitation using both pseudo-random and sine-chirp signals.
Optical motion tracking was performed using Template Matching (TM) and Optical Flow (OF) techniques,
with the latter demonstrating superior accuracy and stability. A sensitivity-based, iterative Bayesian updating
framework was employed to adjust key physical parameters, including the moduli of elasticity of the stay
cables and stiffness at the deck supports. Results show excellent agreement between updated model predictions
and experimental data, with modal frequency errors reduced from up to 16% to less than 1.5% and Modal
Assurance Criterion (MAC) values exceeding 99%. The outcomes confirm that camera-based vibration
monitoring can provide reliable data for FE model updating, achieving comparable accuracy to accelerometer-

based methods while maintaining the advantages of non-contact and easily deployable measurements.

Keywords: optical motion-capture system, machine vision, structural vibrations, bridge engineering, modal

analysis
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1 Introduction

Finite Element (FE) models are fundamental tools in the analysis and design of civil engineering structures.
They are extensively used for condition assessment, structural health monitoring (SHM), performance
forecasting, and damage detection [1-3]. However, such numerical models are typically derived from idealised
engineering blueprints and rely on uncertain assumptions regarding boundary conditions, geometry, and
material properties [1,4-6]. Consequently, the predicted structural behaviour often diverges from the actual

dynamic response of the as-built structures.

To bridge this gap, finite element model updating (FEMU) has emerged as an essential technique for enhancing
the fidelity of numerical models through the incorporation of experimental data [4,7]. Conventionally, this
process relies on the measurement of structural displacement under a prescribed static loading. In the context
of structural dynamics, this process — often termed finite element modal updating — usually relies on vibration
responses acquired from accelerometer-based monitoring systems to obtain information on natural frequencies
and mode shapes. This approach has been successfully applied to a wide range of structures, including high-
rise buildings [2,8], towers [5], full-scale bridges [9—12], scaled building models [13], and laboratory-scale

bridge specimens [14].

Recent advances in computer vision technologies have introduced camera-based vibration monitoring as a
promising alternative for modal analysis and SHM applications [15—17]. Vision-based systems, implemented
via fixed cameras [16,18], unmanned aerial vehicles (UAVs) [19-21], or even smartphones [22,23], enable
full-field, non-contact, and easily deployable measurements of structural motion. These methods have been
successfully demonstrated in both experimental modal analysis (EMA), employing a known excitation force
[24-26], and operational modal analysis (OMA), relying on ambient conditions to provide an unknown
excitation force to the structure [27,28]. As vision-based sensing matures, increasing attention has turned
towards its use in higher-level tasks such as FE model updating, damage detection, and performance

forecasting [29,30].

Despite these advances, existing studies have predominantly focused on the direct FE model updating methods

in which modifications are introduced directly to the stiffness and mass matrices. However, this often comes
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at the cost of lost interpretability, as linking these changes to tangible material or geometric properties can be
difficult [3,31]. In contrast, iterative FE model updating methods, in which modifications are introduced to the
physically meaningful model parameters such as stiffness, mass density, or boundary conditions, preserve the
model’s realism and diagnostic value. Updating actual physical parameters not only enhances predictive
performance but also allows independent validation against measurable structural properties. To the authors’
knowledge, vision-based FE model updating targeting physically interpretable parameters, rather than just

numerical stiffness and mass matrices, has not yet been comprehensively explored.

Iterative finite element (FE) model updating is generally based on sensitivity analysis, which quantifies how
variations in model parameters influence structural responses such as natural frequencies and mode shapes. In
this context, the parameters represent uncertain structural properties of the numerical model, including
boundary conditions, stiffness, material density, and cross-sectional properties, while the responses correspond
to modal characteristics obtained from either experimental measurements or FE analysis. The sensitivity matrix
is used to describe the relationship between parameter variations and response changes and can be calculated

numerically using approaches such as the forward finite difference method [4].

A critical step in the updating process is the selection of parameters to be modified. To avoid non-unique or
physically unrealistic solutions, only parameters that are both uncertain and highly influential on the selected
responses are typically considered. During each iteration, the sensitivity matrix is recalculated based on the
updated parameter values. Using a first-order Taylor series approximation, the differences between
experimental and analytical responses are related to the corresponding parameter corrections, allowing the
model to be progressively refined until the discrepancies between measured and predicted responses satisfy

predefined convergence criteria.

The model updating procedure adopted in the present study follows a Bayesian-based updating framework. In
this approach, the parameter correction vector is obtained by minimizing an objective function that
simultaneously reduces the discrepancy between experimental and numerical modal responses while limiting

deviations from the initial parameter estimates. Weighting matrices are assigned to both the response residuals
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and the parameter variations to represent the confidence placed in the measured data and the prior model

assumptions, respectively [32].

This Bayesian-based formulation provides a balanced updating strategy that improves numerical stability,
promotes convergence, and prevents unrealistic parameter modifications, particularly when the available
experimental data are limited. The weighting factors are incorporated into a gain matrix that determines the
parameter adjustments required at each iteration, ensuring that the updated model remains both mathematically

stable and physically meaningful.

Consequently, the overall FE model updating procedure consists of three principal stages:

1. Selection of target modal responses, such as experimentally identified natural frequencies and mode
shapes.

2. Sensitivity analysis to identify uncertain model parameters that significantly influence the selected
responses.

3. [Iterative updating of the selected parameters using the Bayesian-based updating framework until the

specified convergence criteria are satisfied

While the ultimate goal of FEMU is the calibration of FE models of full-scale, in-situ structures, laboratory
studies offer critical advantages by eliminating uncontrolled environmental and operational influences. As
such, they enable a systematic evaluation of emerging sensing and FEMU methodologies. To this end, the
present study aims to advance the application of vision-based vibration monitoring to FE modal updating by
demonstrating its effectiveness in the case of a scaled model of a cable-stayed bridge set in a controlled
laboratory environment. The dynamic characteristics of the structure, i.e. natural frequencies and mode shapes
[25] are obtained through EMA using a shaker as an excitation source. The updated model derived from vision-
based data is validated against results obtained from conventional accelerometry to assess its reliability and

accuracy.

The remainder of this paper is organised as follows. Section 2 presents the materials and methods, including

the description of the tested structure and the development of the initial FE model. Experimental setup is then
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presented, focusing on the camera-based motion tracking systems and data analysis, including the modal
identification procedures. Section 3 outlines the FE model updating methodology, including the sensitivity
analysis and parameter selection process, and the model updating procedure. The findings from the modal
updating study are discussed in Section 4. Section 5 concludes the paper with a summary of key outcomes and

recommendations for future work.

2  Materials and methods

2.1 Tested structure

The laboratory model of the cable-stayed bridge and the configuration of the instrumentation are illustrated in
Figure 1. The bridge’s geometry and dynamic behaviour were designed to replicate, at scale, the characteristics
of full-size cable-stayed bridges. The structure features two spans: a main span of 4550 mm and a shorter span
of 1550 mm, with the outermost supports positioned 50 mm inward from the deck edges. The pylon rises 2880
mm and comprises two legs joined by a cross-beam, with each leg fitted with a cable anchorage plate at the
top. The short span includes an auxiliary support that permits longitudinal displacement. The deck, constructed
from a 15 mm thick and 250 mm wide solid steel plate, is supported 595 mm above the ground. Four pairs of
stay cables connect the main span to the pylon, while two additional pairs comprise the back-stays. All supports
are made of a stiffened steel beam bolted to the strong floor. The deck is restrained against longitudinal motion
at the pylon but remains free to rotate, and longitudinal translation is allowed at all other supports. Overall, the
bridge exhibits low-frequency vibration modes with low damping. More detailed description of the bridge can

be found in [33].
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Figure 1. Layout of the bridge model and instrumentation system: (a) overview of the bridge; (b) zoomed-in
view of the bridge deck section near the shaker attachment point. All dimensions are given in millimeters.

2.2 Initial FE model

An FE model of the bridge, shown in Figure 2, was developed in SAP2000 v20 [34], a popular software used
for structural analysis. The deck and pylon were modelled using three-dimensional frame elements with section
properties corresponding to the geometry of the laboratory structure. The deck was represented by a rectangular
steel section corresponding to the 250 mm X 15 mm steel plate described in Section 2.1, while the pylon
members were represented by circular hollow steel sections. The stay cables were modelled using SAP2000
cable elements, i.e. tension-only nonlinear catenary elements capable of representing cable sag effects and the
associated geometric nonlinearity. The connection between the deck and the pylon was modelled using a link

element.

The model discretisation was defined by placing nodes at support locations, cable anchorage points, and
measurement locations used in the experimental campaign. This facilitated direct comparison between the
numerical and experimental modal responses. Automatic meshing was then employed to ensure compatibility
between the deck, pylon, and cable elements. As no direct measurements were available prior to the
experimental campaign, the initial post-tensioning forces in the stay cables were estimated based on values
reported in previous studies on the same bridge [35], as illustrated in Table 3. The deck was assumed to be
restrained against translational movement at the pylon (support @ in Figure 3) while remaining free to rotate.
At all the other supports (supports @, @, @ in Figure 3), the deck was free to translate along the longitudinal

axis of the deck and free to rotate.
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A non-linear static analysis under self-weight was first carried out in SAP2000 to capture the geometric non-
linearity introduced by cable sag. This step established the correct pre-deformed configuration and the
corresponding cable tension state. A modal analysis was then performed using the stiffness matrix obtained at
the end of this non-linear load case. This sequential procedure, i.e. non-linear static analysis followed by linear
dynamic analysis using the updated stiffness, is widely applied in cable-stayed bridge modelling and has been

shown to yield more accurate natural frequencies and mode shapes [11,36].

Figure 2. Initial FE model of the bridge.
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Figure 3. Basic bridge dimensions and springs used to model the support conditions.
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2.3 Experimental setup

The experimental setup and procedures were extensively described in the authors’ earlier publication [25].

Therefore, only a brief description is provided herein to give a context to the FE model updating.

Experimental modal analysis was performed using shaker excitation and structural responses of the deck were
measured by both conventional accelerometery and a camera-based optical motion capture system (MCS).
Four forced vibration tests (T1-T4) were carried out using two types of excitation signals, namely pseudo-
random and sine chirp, each type applied at two intensity levels, as show in Table 1. Structural response data
were extracted from the video recordings using two motion-tracking algorithms implemented in a custom C++
software package. Each test lasted approximately 10 minutes, and the complete measurement campaign was
completed within three hours in a stable indoor laboratory environment. The controlled testing conditions and
consistent measurement durations contributed to signal stability and repeatability. Optical markers were
positioned at the same locations as the accelerometers along the deck, enabling direct spatial correlation
between the two datasets. The extracted modal parameters were subsequently compared for validation and

analysis.

Table 1. Summary of the conducted forced vibration tests.

Test ID Excitation type Rate [Hz/s] RMS intensity [N] Test duration [s] Frequency range [Hz]

T1 pseudo-random n/a 13.35 600 3-25
T2 pseudo-random n/a 28.95 600 3-25
T3 sine chirp 0.037 9.69 600 3-25
T4 sine chirp 0.037 19.8 600 3-25

2.3.1 Vibration exciter and accelerometers

Dynamic structural excitation was applied using Briiel & Kjar Type 4808 permanent magnetic shaker (force
rating: 112 N), mounted on a rigid steel plate anchored to the laboratory strong floor. The excitation force was
transmitted to the deck via a stinger connected through a DeltaTron® 8320-003 force transducer. The

excitation point was 2.075 m away from the furthest deck support from the pylon and centred transversely.
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Input signals were generated using Briiel & Kjer’s PULSE DAQ system operating at 24-bit resolution and a

sampling rate of 4096 Hz.

The bridge response was recorded using ten Briiel & Kjar miniature DeltaTron® 4507 B0O0S accelerometers.
Seven accelerometers were mounted along the edge of the main span of the bridge facing the camera, adjacent
to the ArUco markers, while two additional accelerometers were installed on the opposite side to capture
horizontal and torsional vibration modes. An extra accelerometer was collocated with the force transducer to

obtain the driving point frequency response functions and to scale the mode shapes.

2.3.2 Optical motion capture system

The optical system consisted of a Canon EOS 200D camera with a DIGIC 7 processor and a 20 mm lens. A
set of ArUco fiducial markers was used for motion tracking, each marker measuring 100 x 100 mm (including
a white border) and printed on laminated polystyrene foam boards. The marker dimensions and camera-to-
structure distance were selected following the methodology proposed by Kalybek et al. [24], which
systematically evaluated the influence of marker size, camera distance, and viewing angle on the accuracy of
ArUco-based pose estimation. The markers were mounted along the deck at 450 mm intervals using hot melt
glue. The short span of the bridge was not instrumented due to its higher stiffness and limited contribution to
the modes of interest. The camera was positioned 5 meters from the structure at deck level to minimize angular
distortion, with the incidence angle kept below three degrees across the long span. Video recordings were

captured at 59.94 frames per second (fps) with fixed focus and exposure settings to maintain consistency.

The purpose of the image-processing procedure was to extract two-dimensional structural displacement time
histories from the recorded videos. This was achieved using established computer vision techniques rather than
by modifying the underlying tracking algorithms themselves. Two motion capture algorithms were used:
template matching (TM) and optical flow (OF). In both cases, the processing included camera calibration and
lens distortion correction, definition of regions of interest around the tracked markers, localisation of marker
or feature positions in the image plane, sub-pixel refinement, and transformation of image coordinates into

physical displacement coordinates using homography. The resulting displacement time histories were then
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used for modal identification and subsequent FE model updating. The theoretical background and the image

processing workflow applied in this study are outlined in the following sections.

2.3.2.1 Template matching

Area-based template matching (TM) is a widely used motion capture algorithm that operates by sliding a
predefined image, known as the template, across a larger image to identify the region of the best
correspondence. Matching is typically achieved using the correlation or difference-based methods [37], with
the normalised correlation coefficient being particularly common due to its robustness against lighting
variations. TM has been extensively applied in structural monitoring of bridges [14,38,39], towers, and
laboratory-scale models[40], owning to its simplicity and capability for fully contactless measurements with

minimal user input [41,42].

The TM system used in this study was custom-developed to track multiple targets on the structure. The
technique works by comparing each frame of the recorded video to a reference image selected at the beginning
of testing. The algorithm searches within a user-defined search window to locate the region that most closely
resembles the reference ROI. This improves both efficiency and accuracy by limiting the search area. Although
the laboratory environment provided relatively stable lighting conditions during the experimental campaign,
minor variations in ambient illumination were unavoidable. Therefore, the normalised correlation coefficient
was used as the matching criterion, as it has been demonstrated to be more robust to changes in lighting
intensity than alternative correlation measures [43]. Once the closest match is found, its pixel coordinates are
refined to subpixel accuracy using enhanced cross-correlation (ECC) interpolation. The final step is
transforming these tracked pixel coordinates into real-world displacements. This is achieved by applying a
projective transformation matrix obtained from the known correspondence between image and physical

coordinates using homography, and correcting for camera lens distortion using calibration data.

The flowchart for TM motion tracking is presented in Figure 4.

10
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Figure 4. Flowchart illustrating the procedure adopted for motion tracking using the Template Matching
(TM) algorithm.

2.3.2.2 Optical flow method

Optical flow (OF) is an image processing technique widely applied in SHM [44]. The method estimates motion
by tracking feature points — typically corners or edges, between consecutive video frames. It relies on several
key assumptions: the brightness of individual points remains constant over time, inter-frame motion is

relatively small, and neighbouring points move coherently.

In sparse OF methods, such as the Lucas—Kanade algorithm [45] employed in this study, motion is computed
only for distinctive points within selected ROIs, rather than across the entire image. Therefore, specific ROIs
were defined within the first video frame. Within these ROIs, distinctive corner-like features were identified
in the reference frame using the Shi—Tomasi corner detection method [46]. Once detected, the motion of these
features was continuously tracked across subsequent frames by estimating their positional changes over time.
Instead of referencing the initial frame throughout, the system updated its reference at each step based on the
most recently tracked frame, thereby improving robustness against gradual lighting variations, minor scale
changes, and feature loss or drift. For each ROI, the tracked feature coordinates were averaged to obtain

representative motion values. These pixel displacements were then converted to physical displacements using

11



237  the same camera calibration and transformation procedures as those applied in the TM system described in

238 Section 2.3.2.1.

239 The flowchart for OF motion tracking is presented in Figure 5.
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241 Figure 5. Flowchart illustrating the procedure adopted for motion tracking using the Optical Flow (OF)
242 algorithm.

243 2.3.3 Data processing and modal analysis

244  The data processing workflow consisted of three main stages: signal resampling, time alignment, and modal
245  analysis. All sensor data, including those from the camera, accelerometers, and force transducers, were first
246  resampled to a common frequency of 333 Hz to ensure precise temporal synchronization. MATLAB’s
247  resample function, incorporating finite impulse response (FIR) filtering, was used to preserve signal fidelity
248  during this process. Time alignment between measurement systems was achieved by matching acceleration

249  and displacement signals at the excitation point using a least-squares fitting approach. Prior to alignment, the

12
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signals were band-pass filtered, and single-order integration or differentiation was applied as required to obtain

velocity signals.

Subsequent modal analysis was performed using the PolyMAX™ algorithm implemented in Siemens TestLab.
This algorithm estimates frequency response functions (FRFs) via a poly-reference least-squares method in
the frequency domain. Both H; and H, estimators were evaluated, however, the H; estimator was selected for
its superior performance under low-noise input conditions. Additional signal processing steps, including
windowing and truncation, were applied as appropriate to the excitation type (pseudo-random or sine chirp) to

minimize spectral leakage and transient effects.

3 Results

3.1 Identification of modal characteristics

The results of the modal analysis are summarized in Table 2. Across all tests, three dominant modes were
consistently identified: two primarily associated with deck bending (modes 1 and 4) and one dominated by the
pylon’s motion (mode 3), as will be shown when discussing the performance of FE models (see Figure 13).
Another vibration mode was also apparent in the measured signals, however, it was not explicitly identified
because the excitation force was applied at a node corresponding to that mode. The errors in the identification
of modal frequency, damping and generalised mass, relative to the results from accelerometry, for each of

these modes are visualised in Figure 6.
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Figure 6. Percentage error in the (a) natural frequency, (b) modal damping, and (c) generalised mass based
on data extracted using template matching (TM) and optical flow (OF) algorithms relative to the results
obtained from accelerometry for the four tests specified in Table 1 (T1 — T4) and modes 1, 3 and 4 (M1, M3
and M4, respectively).

The accuracy of the identified modal parameters was found to depend strongly on the type of excitation and
its intensity. As can be seen in Figure 6, pseudo-random excitation yielded more accurate and stable results in
terms of modal frequency and damping identification than sine chirp excitation. This effect was most evident
in T2, which used higher-intensity pseudo-random excitation and produced the closest agreement between
optical and accelerometer-based measurements. In this case the errors in modal frequencies for all modes were
negligible, i.e. below 0.1%, and MAC values between optical and accelerometer mode shapes exceeded 0.95,
indicating excellent correlation. The error in the damping ratio was below 2.6%. Although the error in
identifying the generalised mass was typically the highest of all the dynamic characteristics, T2 still yielded

the least variability across all tests.
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Table 2. Modal properties of the bridge. The values in brackets indicate the percentage error relative to the
corresponding results obtained from accelerometry.

Frequency [Hz] Damping ratio [%] Generalised mass [kg]
Test ID Mode # ACC ™ OF ACC ™ OF ACC ™ OF
T1 | 5.384 5.373 5.368 4.79 5.00 4.97 89.5 83.7 84.1
(-0.2) (-0.3) (4.38) (3.76) (—6.45) (-6.01)
T1 3 15.218 15.215 15.213 0.70 0.68 0.71 353.0 418.9 463.3
(—0.02) (—0.03) (—2.86) (1.43) (18.67) (31.24)
T1 4 19.637 19.634 19.627 1.91 1.88 1.89 79.8 111.7 127.9
(—0.02) (—0.05) -1.57) (-1.05) (39.91) (60.24)
T2 1 5.182 5.180 5.177 3.19 3.24 3.22 87.8 92.4 98.3
(—0.04) (-0.1) (1.57) (0.94) (5.2) (11.85)
T2 3 15.082 15.081 15.08 0.78 0.76 0.77 371.9 387.3 383.3
(=0.01) (=0.01) (=2.56) (-1.28) (4.14)  (3.06)
T2 4 19.178 19.183 19.18 2.09 2.06 2.06 80.7 101.6 84.13
(0.03) (0.01) (-1.44) (-1.44) (25.97) (4.3)
T3 | 5.398 5.381 5.368 291 2.66 2.82 110.8 112.5 103.8
(-0.31) (—0.56) (-8.59) (-3.09) (1.51) (-6.34)
T3 3 15.210 15.143 15.155 0.88 0.46 0.52 369.7 640.5 426.5
(—0.44) (—0.36) (—47.73) (-40.91) (73.22) (15.35)
T3 4 19.410 19.499 19.326 1.15 1.70 0.70 119.2 104.5 171.9
(0.46) (0.43) (47.83) (-39.13) (—12.36) (44.2)
T4 1 5.182 5.215 5.214 2.92 2.89 2.79 94.0 90.9 96.2
(0.64) (0.62) (=1.03) (-4.45) (-3.21) (2.4
T4 3 15.059 15.015 15.053 0.90 0.60 0.72 396.3 466.2 469.6
(-0.29) (—0.04) (=33.33) (-20) (17.63) (18.47)
T4 4 18.960 19.084 18.912 1.07 1.43 0.71 109.2 134.0 182.2
(0.65) (=0.25) (33.64) (=33.64) (22.71) (66.85)

Of the two optical motion tracking methods, OF consistently outperformed TM, providing a more accurate
identification of natural frequencies, damping and generalised masses. Combining OF with structural
excitation during T2 yielded the most coherent and stable set of modal parameters. For this reason, the OF
data from T2 were selected for subsequent FEMU comparative analysis with accelerometer-based results.

3.2 FE model updating

This section presents FE model updating study of a laboratory-scale cable-stayed bridge model based on the
measured dynamic responses obtained via accelerometry and OF during T2. Section 3.2.1 presents a sensitivity
analysis undertaken to determine the parameters for FE modal updating and the target responses used to
evaluate FE models. Section 3.2.2 presents the rationale behind the adopted two-stage FE model updating

strategy. Section 3.2.3 presents the fidelity of the FE models developed through the modal updating procedure.

3.2.1 FE model sensitivity analysis

FE model sensitivity analysis involves determining the candidate model parameters to be adjusted during the
updating process and the target responses against which the models will be calibrated. These steps are

described in Section 3.2.1.1 and Section 3.2.1.2, respectively. Section 3.2.1.3 then presents an FE model, used
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in the updating process, having a reduced number of parameters that were found to significantly affect its

behaviour.

3.2.1.1 Determination of parameters for FEMU

FE model updating based on too many parameters, or parameters which do not significantly influence the
structural behaviour, may result in models that are physically unrealistic [4]. Therefore, the selection process
of model parameters chosen for updating should focus on those parameters that are uncertain and have the

greatest impact on the structural behaviour.

Boundary conditions at the deck supports were identified as key uncertain parameters. Initially, springs ks and
ks were introduced at deck supports within the SAP2000 FE model to represent uncertain longitudinal and
rotational stiffnesses, respectively. To estimate the initial stiffness values of these springs, a preliminary static
analysis was carried out using the structure's self-weight, assuming fixed boundary conditions at all degrees of
freedom [4]. The resultant maximum reaction forces and moments provided baseline stiffness values; for
instance, initial longitudinal stiffness values ranged from 1.2x10° N/m to 6x103 N/m, and rotational stiffness
values were around 120 Nm/rad (Table 4). The initial model frequencies and Modal Assurance Criterion
(MAC) values obtained with these springs are detailed in Table 5 and Table 6, showing frequency

discrepancies reaching approximately 16%.

Previous studies [33,47] assumed a Young’s modulus of 140 GPa for all cables on both sides of the pylon,
with differentiation only in the cross-sectional areas: 1.2 mm? for the cables on the longer deck span and
1.8 mm? for those on the shorter span. However, detailed information on the cable composition was not
available. Manufacturer guidelines [48] indicate that, for cables with steel cores, the elastic modulus may be
underestimated by approximately 25%. Given this uncertainty and considering that earlier studies may have
adopted a conservative lower-bound value of 140 GPa, the elastic moduli for the cables on the left (longer-
span) side of the deck (£;.s) and those on the right (shorter-span) side (E.;2) were explicitly treated as uncertain

parameters.

Additionally, cable post-tension forces (£ to F;2) were treated as uncertain, with initial values (i.e. forces

required to bring the deck level to horizontal, but without accounting for the forces developed in the cables
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due to self-weight of the deck) ranging between 16.3 N and 563.6 N, as adopted from earlier study on the
bridge (Table 3) [35], since explicit measurements before testing were unavailable. Thus, the parameters

identified for updating included:

e Moduli of elasticity for stay cables (E;.sand Eo.;2);

e Tension forces in twelve cables (£ to F12);

e Deck supports' translational (ka; in longitudinal direction of the deck only) and rotational (kg) spring

stiffnesses.

3.2.1.2 Target responses for FEMU

The SAP2000 Open Application Programming Interface (OAPI) was employed to facilitate seamless two-way
data communication between SAP2000 and FEMTools [49], enabling a coordinated model updating process.
While all FE analyses were executed within SAP2000, FEMTools served as the supervisory platform to

orchestrate model updating tasks [50].

The target responses selected for model updating were natural frequencies and Modal Assurance Criterion
(MAC) values of modes 1, 3, and 4, as reported in Section 2.4. Due to lower inherent reliability, MAC values
were assigned confidence factors ten times lower than those for natural frequencies, aligning with best

practices outlined by [36,51]. The FEM updating approach was based on Bayesian algorithms.

Initial correlations between the FE model parameters and measured modal responses (accelerometry and OF)
are documented in Table 5 and Table 6. Notably, mode 3 exhibited the largest initial discrepancy (~16%) in
frequency between measurements and FE predictions. Despite frequency differences, the mode shapes
demonstrated good initial agreement, with minimum MAC values of 91.0% and 89.1% for accelerometry and

OF, respectively.

3.2.1.3 Initial sensitivity analysis

A preliminary sensitivity analysis involved all 21 parameters described above to identify those parameters

most influential on modal responses. Initially, measured modes were paired with FE modes using FEMTools’
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automated pairing algorithm [49]. Sensitivity analysis subsequently quantified each parameter's impact on

modal frequencies and MAC values.

(a) (b)

Responses Responses

Figure 7. Normalised (i.e. unitless) sensitivity values of the target FE responses based on corresponding
measurements from (a) accelerometry and (b) OF made during T2.

The results of the initial sensitivity analysis, presented in Figure 7, indicated that cable moduli of elasticity
predominantly influenced the FE model, particularly affecting frequencies across all modes and MAC values
for modes 1 and 4. These parameters consistently showed significantly higher sensitivity compared to other

parameters, emphasizing their importance in subsequent updating procedures.

3.2.2 FE model updating strategy

Considering the results of the sensitivity analysis presented in Section 3.2.1, FEMU was conducted in two

stages, outlined in detail in Section 3.2.2.1 & Section 3.2.2.2.

o Stage 1: The FE model was updated by adjusting the most sensitive parameters, specifically the moduli

of elasticity for the stay cables, £;.sand Eo.;>.

o Stage 2: After addressing cable moduli of elasticity, additional sensitivity evaluations guided further
updates focused on deck support stiffness parameters, refining both translational (ka) and rotational

(ko) stiffness values.

3.2.2.1 Stage 1: stay cables’ moduli of elasticity

The modal updating was conducted with stay cables' moduli of elasticity selected as the parameters to update.

The “parameter relations” feature in FEMTools was applied to £;.sand Eq.;>to ensure consistency across all
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cables, as their only difference lies in cross-sectional area, as discussed in Section 2.5.1.1. A limit of 5%

maximum change per iteration was imposed on parameter adjustments.

As shown in Figure 8, the difference between the results obtained using accelerometry and OF are
unnoticeable. After 11 iterations, the cable modulus converged to approximately 221 GPa. However, it was
observed that the first modal frequency, typically the most reliable due to ease of identification, began to
deviate after the sixth iteration. Linear interpolation indicated that the lowest error for this mode occurred when

E;sand Ey.;> were approximately 188 GPa.

(@)
—_— T T T T T T T T T T
@ 220 F o
o, _
2200 " .
i) _—
‘(7)’ _— -
21801 - Stay-cable OF | -
5 — Stay-cable ACC
2 160 - .
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E 1 1 1 1 1 1 1 1 1 1
0 1 2 3 4 5 6 7 8 9 10 11
Iterations
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Figure 8. Updating process of stay cables’ modulus of elasticity: (a) iterative change of the stay cable
modulus of elasticity, and (b) corresponding change in modal frequencies.

The final updated value of 221 GPa was deemed unrealistic, given the manufacturer's specifications and the
known uncertainty regarding cable composition. Consequently, an informed decision was made to adopt a
value of 175 GPa, consistent with manufacturer data for steel-core cables. This adjustment resulted in
substantial improvements in both modal frequencies and MAC values relative to the initial model, as reported

in the fourth column of Table 5 and Table 6 for accelerometry and OF, respectively.
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3.2.2.2 Stage 2: update the deck’s boundary conditions

Following the update of the governing parameter, the stay cables’ modulus of elasticity, a sensitivity analysis
was re-run for all remaining, less sensitives parameters. While Figure 9 demonstrates the target response
sensitivities paired with the OF measurements, the model paired to acceleration measurements resulted in
nearly identical results. The FEM exhibited the highest sensitivity to changes in the stiffness of the three
translational springs at the supports away from the pylon (ka) and the rotational spring at the furthest support
from the pylon (ky1). In contrast, variations in the tensile forces within the cables did not show significant

effect on the model response.

Responses

Figure 9. Normalised (unitless) sensitivity values of the target FE responses, paired with corresponding OF
measurements, to variations in cable post-tension forces and support spring stiffnesses.

Given these findings, a model updating procedure was conducted using FEMTools, targeting the four most
sensitive parameters. The process converged after 13 iterations, yielding a noticeable improvement in both
natural frequencies and Modal Assurance Criterion (MAC) values. The average frequency discrepancy
between the FE model and experimental data was reduced by 4.37%, with mode 3 showing the largest residual

€11or1.

Despite the substantial improvement, an alternative approach was explored to refine the assessment of the
spring stiffness values and achieve better alignment between the FE model and experimental observations.

This decision was motivated by the following rationale:

Based on previous studies [11,52], and observations of the deck-support interface, the supports were assumed

to possess a degree of elasticity, represented by linear springs. While it is likely that the support at the pylon
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400  could be idealised as a rotational spring, the mechanical behaviour of the supports located further from the
401  pylon remained uncertain. An example of such a support, situated at the furthest point from the pylon, is
402  illustrated in Figure 9. In this configuration, the deck is pressed against a roller (circular rod), whose movement

403  isrestricted by L-shaped cross-beams and a set of springs.

404  Preliminary manual tests, in which the spring stiffness values were adjusted incrementally, demonstrated that
405  further improvements in modal response were achievable. For instance, Figure 10 shows that the frequency of
406  mode 3 aligns more closely with experimental data when the stiffness of the spring at the first support, kai, is
407  manually increased beyond the value obtained through automated model updating. However, this improvement
408  plateaus once the correlation reaches a threshold, indicating a reduced sensitivity of the model to additional

409  increases in this parameter beyond 6.9x10® N/m.

Ce—
.
s
L)

-
ta
.

410 Figure 10. Arrangement of the bridge’s bearing furthermost away from the pylon (first support).

spring kx1
O Initial model

Mode-3 frequency [Hz]
IS

1 Trial update
13 + *  Manual change
— — — — Measured frequency

1%%E+5 6.9é+6 6.9|IE+7 6.9|IE+8 6.9;5+9 6.9E+10
411 [N/m]
412 Figure 11. Mode 3 frequency change achieved by altering the spring stiffness at the first support, kai.
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Due to the reasons outlined above and considering that the initial model responses were already reasonably
close to the experimental data, the model updating process was judged to require repetition using more refined
settings to improve convergence and parameter estimation. Accordingly, Stage 2 of the model updating was
re-run with all spring supports included as parameters, rather than limiting the update to the previously selected

subset. The refined procedure incorporated the following adjustments.

Error Function Criteria Adjustment: FEMTools evaluates model accuracy using a correlation coefficient based
on the weighted relative differences between modal parameters. To better capture subtle improvements, the
threshold for this coefficient, used as a convergence condition, was reduced from 1% to 0.1%, allowing the

update to proceed through additional iterations with minor improvements.

Tighter Iteration Convergence Threshold: The criterion for the minimum relative improvement between
consecutive iterations was also reduced from 0.1% to 0.001%, further enabling a more sensitive convergence

process.

Increased Parameter Flexibility: The maximum allowable change in parameter values per iteration was

increased to accommodate larger adjustments in spring stiffness values.

In summary, the revised Stage 2 procedure involved re-evaluating uncertainties in the support behaviour away
from the pylon, informed by connection details and previous studies. This was followed by a series of manual
stiffness adjustments, which indicated that further improvement was achievable. Finally, the process
incorporated more refined FEMTools settings and convergence criteria, guided by insights from initial trial

runs.

The revised model updating process converged after 45 iterations using accelerometry-based responses and 42
iterations using OF based responses. The progression of the correlation coefficient (CCABS) and the average
weighted difference in Modal Assurance Criterion values (MACMEAN) throughout the iterations is illustrated

in Figure 12.

22



436

437
438

439

440

441

442

443

444

445

446

447

448

449

450

451

[«2])

CCABS-OF
CCABS-ACC 7
MACMEAN-OF
MACMEAN-ACC |

(6]

EN
T

Correlation [%]
N w

¢

L L L L

0 5 10 15 20 25 30 35 40 45
Iterations

o

Figure 12. Convergence of the iterative process during the second stage of FE model updating.

3.2.3 FE model updating results

Results of the FEMU are described in this section. As discussed in Section 3.2.2.1, during Stage 1 the modulus

of elasticity of the stay cables was selected as the parameter to be updated. As a result, the modulus of elasticity

value is updated to the value of 175 GPa.

The sensitivity results shown in Figure 7 and Figure 9 indicate that the tension forces were not sufficiently

sensitive for the update of the selected responses and were thus kept at their original values as reported by

Pakos et al. [33], as shown in Table 3.

Table 3. Initial and updated values of the stay cables’ parameters.

Stay cables' modulus of Post-tension forces for stay cable pairs [N]
elasticity E;.sand Eoq.;2
Fi&2 F3&4 Fsg&6 Fr&s Fog10  Frgn
[GPa]
Initial model 140 2297 724 16.3 21.1 563.6  328.5
Updating using OF 175 low sensitivity to model updating
Updating using accelerometry 175 low sensitivity to model updating

In Stage 2, the focus shifted to the support conditions. Table 4 presents the spring stiffness values before and

after updating. Significant changes were observed in all longitudinal springs (ka) and in the rotational spring

at the deck—pylon connection (kg2). In contrast, the rotational spring at support 4 (k¢4) remained virtually

unchanged, while kg1 and kg3 experienced only minor adjustments.
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Table 4. Initial and updated values of spring stiffness at supports.

Support 1 Support 2 Support 3 Support 4
ka ko Ko ka ko ka ko
[N/m] [Nm/rad] [Nm/rad] [N/m] [Nm/rad] [N/m] [Nm/rad]

Initial model 6.00E+05 120 1.2E+02
OF updated model 4.24E+08 1575 1.6E+05
Accl. updated model 4.18E+08 1707 1.6E+05

6.00E+05 120

1.63E+09 132

1.62E+09 132

6.00E+05 120
3.03E+08 120
3.00E+08 120

Table 5 and Table 6 present the level of agreement between the modal responses of the initial and updated

FE models and the experimental measurements obtained from accelerometry and OF systems. Overall, the

updating process led to a substantial improvement in all identified natural frequencies. The most significant

improvement, yet the least correlated, was observed for Mode 3, where the frequency errors were reduced

from 16.00% and 15.98% to 1.42% and 1.41% for accelerometry and OF data, respectively. For Mode 4, the

frequency was updated to match the experimental values exactly in both systems. Mode shape correlations

also showed excellent agreement, with MAC values exceeding 99% across all modes. The comparison of the

updated mode shapes with the experimental results is illustrated in Figure 13.

Table 5. Correlation of the modal data using the accelerometry based test results and the initial and the

updated FE models.

Modal frequency [Hz] (% error relative to data from accelerometry)

Mode Accelerometry  Initial FE model Update step 1  Update step 2
1 5.1823 4.719 (-8.93) 5.026 (-3.02) 5.184 (0.02)
3 15.082 12.670 (-16.00) 13.505 (-10.46)  14.868 (-1.42)
4 19.178 18.161 (-5.31) 18.564 (-3.21)  19.178 (0.00)
MAC [%]
Initial FE model Update step1  Update step 2
1 99.7 99.6 99.5
3 91.0 96.0 99.8
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4 98.7 98.8 98.9
464
465 Table 6. Correlation of the modal data using the OF based test results and the initial and the updated FE
466 models.
Modal frequency [Hz](% error relative to data from OF responses)
Mode OF Initial FE model Update step 1 Update step 2
1 5.177 4.719 (-8.85) 5.026 (-2.92) 5.179 (0.02)
3 15.080  12.670 (-15.98) 13.505 (-10.45) 14.868 (-1.41)
4 19.180  18.161 (-5.31) 18.564 (-3.21) 19.180 (0.00)
MAC [%]
Initial FE model Update step 1 Update step 2
1 99.7 99.5 99.5
3 89.1 94.3 99.5
4 98.4 98.7 99.0
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Figure 13 Comparison of the mode shapes from the final updated FE model (blue) and results obtained with
measurements with OF (red) for (a) mode 1, (b) mode 3 and (c) mode 4.

The final updated models using the two measurement systems show a high degree of consistency. The largest
discrepancy in natural frequencies between the accelerometry-based and OF-based models is observed for
Mode 1, amounting to only 0.1% (see Table 7).

Table 7. Comparison of modal frequencies between the final updated FE models obtained with data from
accelerometry and OF.

Modal frequency [Hz]

Update using Difference
Update using OF
Mode Accelerometry [%o]
data
data
1 5.184 5.179 0.096
3 14.868 14.868 0.000
4 19.178 19.180 0.010

4 Discussion

Although FE model updating, as implemented in commercial software packages, is typically an automated
process, it should not be treated as a black-box procedure. Instead, careful consideration must be given to the
selection of appropriate parameters and the specification of fit-for-purpose settings. Performing trial runs with
varied initial values and convergence criteria, and structuring the updating in multiple stages, has been shown
to improve the accuracy and reliability of the results [5S3—55]. For the current study, several additional trial
runs were performed to verify the robustness of the selected parameters and the overall updating strategy. For
example, when the stiffness values of the spring supports were updated while keeping the cable moduli of
elasticity at their initial value (i.e. 140 GPa), effectively performing Stage 2 while skipping Stage 1, the model
did not achieve the desired level of improvement. In this case, the frequency errors relative to the accelerometry
and OF measurements were 1.4%, 9.2%, and 2.6% for Modes 1, 3, and 4, respectively. These findings

underscore the importance of Stage 1, particularly the updating of the stay cables’ modulus of elasticity.
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The governing parameters affecting the effective stiffness of stay cables are the modulus of elasticity and the
cross-sectional area, rather than the tensile forces [56]. A previous study by Shabbir and Omenzetter [36] using
a genetic algorithm-based procedure found that the tension force in only one out of three pairs of cables within
a tested full-scale footbridge had a significant influence on the model updating process. Supporting the present
findings, the study by Pakos et al. [33] which examined the same bridge model analysed in this paper,
concluded that certain variations in individual cable tension forces had minimal impact on the modal
frequencies of both the deck and the pylon. For the current study, although Stage 2 concludes the main model
updating process, an additional trial was conducted to verify whether further tuning of the cable post-tension
forces, based on the final updated model, could yield further improvements. While sensitivity analysis
indicated that adjustments to the tensions in cable pairs 1, 5 and 6 might be beneficial, subsequent updating
confirmed that no further improvement in model performance was achieved. This outcome is likely attributable
to the fact that the original tension values proposed by Pakos et al. [35] are already physically meaningful and

consistent with the structural behaviour of the bridge.

The literature on a wide range of bridge types, including laboratory-scale bridge models, indicates that the
error in modal frequencies between updated FE models and experimental measurements can range from 3%
to 20%, or even higher in some cases [6,29,52,57,58]. In contrast, the updated FE models developed in the
current study, based on both accelerometry and OF data, exhibited a maximum frequency error of only about
1.4% relative to the measurements. This level of accuracy suggests that the updated models provide a reliable
representation of the actual structure. The high accuracy achieved can be attributed primarily to the simplicity
of the scaled-down bridge model, which reduces the complexity typically encountered in full-scale structures.
Furthermore, laboratory-based testing offers a controlled environment, effectively isolating the structure from
operational and environmental factors that often introduce variability and reduce measurement precision in

field applications.

Interoperability challenges present a major barrier to effectively connecting computational models with
experimental data, particularly in the context of structural SHM. As Building Information Modelling (BIM)
continues to gain prominence not only in design and construction but also in SHM applications, its ability to

enable rapid and automated visualization of structural performance trends becomes increasingly valuable.
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However, limited interoperability between BIM and FEM tools remains an open issue, as highlighted by
O’Shea and Murphy [59]. Studies like Talebi et al. [60] suggest promising directions, such as MATLAB-based
methodologies that facilitate automated data exchange between BIM and FEM systems for model updating
using experimental input. In the current study, attempts to import a FEM from SAP2000 into FEMTools for
sensitivity analysis were hindered by difficulties in recognising specific element types, such as links and cables.
To overcome this, the SAP2000 Open Application Programming Interface (OAPI) was employed to enable
two-way communication between SAP2000 and FEMTools, allowing all FEM analyses to be executed in

SAP2000 while being managed through FEMTools [61].

5 Conclusions

The results of this study confirm that camera-based vibration monitoring can serve as a reliable tool for finite
element (FE) model updating in structural dynamics applications. The following conclusions can be drawn

from a detailed experimental and numerical investigation on a laboratory-scale cable-stayed bridge.

1. Non-contact vision measurements can achieve a level of accuracy comparable to traditional accelerometer-
based systems. Among the two computer vision algorithms evaluated, the Optical Flow (OF) technique proved
to be more robust and precise, yielding modal parameters that were in near-perfect agreement with
accelerometer results. Frequency discrepancies were reduced to less than 0.1%, and Modal Assurance Criterion
(MAC) values consistently exceeded 0.95, confirming the capability of vision-based systems to capture

dynamic characteristics with high fidelity.

2. A sensitivity-driven, iterative model updating strategy that targets physically meaningful parameters, thus
ensuring both numerical accuracy and interpretability, was validated. The staged updating procedure, i.e. first
calibrating the cable stiffness and then refining boundary parameters, proved crucial for convergence and
model stability. Any attempts to bypass the first stage by directly updating boundary conditions resulted in
noticeably inferior agreement between the measurements and the FE model, highlighting the necessity of a

sequential approach to the FE model calibration.

3. The final updated FE models, whether based on accelerometer or machine vision-derived data, achieved

excellent correlation with experimental measurements, with modal frequency errors below 1.5%. This level of
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agreement surpasses that reported in many comparable studies on bridge structures, reinforcing the potential

of the proposed framework for accurate and physically interpretable FE model updating.

4. The findings suggest that machine vision-based techniques offer a practical, scalable, and non-intrusive
alternative to conventional sensing systems, particularly suitable for scenarios where dense spatial coverage

and/or minimal instrumentation are desired.

Despite its contributions, this study is subject to certain limitations. The investigation is conducted within a
controlled laboratory environment and is primarily focused on the deck response, which may not fully capture
the complexity and variability of full-scale bridge behaviour under real operational and environmental
conditions. Moreover, the current framework does not yet exploit the full capability of computer vision systems
to simultaneously monitor other critical components, such as cables and pylons. Nevertheless, the proposed
approach provides a solid foundation for extending vision-based finite element (FE) updating methodologies
to real-world bridge applications. Future research should aim to overcome these limitations by incorporating
multi-camera systems for comprehensive three-dimensional motion capture, enabling the monitoring of entire
bridge systems. Further developments in automation through data-driven and machine learning techniques, as
well as integration with Building Information Modelling (BIM) platforms, will be essential to achieve real-

time, automated model calibration and advance next-generation structural health monitoring solutions.
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