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(see, for instance, [1–5]). Traditionally, this process involves 
placing sensors, typically accelerometers, on the structure 
and connecting them via extensive wiring to a data acquisi-
tion system. This traditional approach, however, is costly, 
complex, and can compromise the structural operability. To 
overcome these challenges, the engineering community is 
increasingly turning to contact-less technologies (e.g. [6, 
7]). These systems offer significant advantages in scenarios 
where minimal invasiveness is essential, such as preserv-
ing cultural heritage sites, when physical access is difficult, 
or when rapid structural assessment is required following 
extreme events.

Contact-less technologies for civil monitoring include 
Global Navigation Satellite Systems (GNSS) [8–10], satel-
lite remote sensing [11, 12], terrestrial radar interferometry 
[13], and vision-based techniques [14, 15]. Among these, 
vision-based techniques stand out as the only type of remote 
sensing capable of reducing reliance on costly industrial 
products [16]. They have demonstrated significant poten-
tial even with consumer-grade devices like standard video 

1  Introduction

Vibration-based monitoring is essential across a wide range 
of structural applications, including system identification, 
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Abstract
This paper presents an automated computer vision-based procedure for assessing structural displacements, aiming to per-
form modal identification and evaluate structural responses under dynamic loading. The proposed algorithm is designed 
to extract structural displacements from recorded videos by temporally tracking predefined points on the structure. The 
research addresses key methodological challenges in monitoring large structures, including detecting the relatively small 
displacements characteristic of structural vibrations under environmental conditions, correcting for typically unavoid-
able perspective distortions and camera movements, reconstructing the 3D displacements from single-camera videos and 
identifying global mode shapes. The effectiveness of the proposed procedure is first demonstrated through experiments 
on a laboratory-scale frame under controlled conditions. Its applicability to real-world scenarios and ability to identify 
global mode shapes are further evaluated using experimental data from a full-scale footbridge. In both cases, comparisons 
between vision-based monitoring results and reference measurements demonstrate the strong performance of the method. 
The proposed approach achieves an accuracy below one-tenth of a pixel, corresponding, in the investigated experimental 
case study, to a metric accuracy of approximately 0.1 mm at a 60  m camera-to-target distance and 0.03 mm at 25  m. 
This confirms the method’s capability to provide reliable measurements for real-world structural monitoring applications.
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cameras or smartphones [17–19]. This advancement is 
largely due to the development of low-cost technologies 
that offer high resolution and high frame rates, promising 
accurate monitoring of large structures in both static and 
dynamic contexts.

The core concept of vision-based monitoring is straight-
forward: it involves capturing a video of the structure and ana-
lyzing the frames, either in real-time or afterward, to extract 
motion data. This process relies on the assumption that, with 
a stationary camera, changes in the positions of key features 
between consecutive frames indicate the displacement of 
corresponding points on the structure over time. This gener-
ates displacement time histories, which can then be used to 
compute strains, velocities, and accelerations. Vision-based 
methods offer significant technical advantages, such as the 
direct measurement of displacements, which can be more 
readily related to structural damage. Additionally, a single 
camera sensor can provide distributed monitoring, allow-
ing extraction of displacement data from multiple points on 
the structure within a single video recording. Furthermore, 
this approach results in significant cost savings and a sub-
stantially reduced setup effort. Given these advantages over 
traditional monitoring systems, vision-based techniques 
have been gaining increasing attention in civil engineering 
research. Recent applications are extensively reviewed in 
studies such as [16, 20–22], which include tests on bridges 
[23, 24] and footbridges [25, 26].

Besides the several advantages offered by vision-based 
monitoring, evaluating the accuracy in estimated structural 
displacements, and thus its application for modal and dam-
age identification, remains a challenging aspect to assess. 
This is due to the fact that the achievable accuracy is influ-
enced not only by the technical specifications of the camera 
but also by factors such as potential unwanted movements 
of its support, the camera-to-structure distance, perspective 
distortions, and uncertainties introduced by environmen-
tal conditions as well as by the adopted image processing 
procedure.

Regarding uncertainty from camera placement, cameras 
can be positioned flexibly depending on the application, 
but stability and sufficient distance from the structure are 
essential to prevent vibrations from affecting the camera. 
Any camera movement can be misinterpreted as structural 
movement, leading to inaccurate displacement assessments. 
Ensuring a stable camera base can be challenging, espe-
cially for monitoring small movements or short tests, where 
cost-effective, portable tripods are often preferred over rigid 
setups. In those cases, suitable procedures must be applied 
to filter out environmental vibrations and ensure accurate 
results. Camera-to-structure distance and angle should also 
be chosen to meet accuracy requirements. For large struc-
tures and infrastructure, multiple cameras can be employed, 

each focusing on a specific part of the structure, but this 
demands temporal and geometric alignment of results, mak-
ing single-camera monitoring often more practical. Mea-
surement points on the structure must be also selected in 
advance based on the required accuracy, and can be either 
artificial targets or distinct structural features such as cor-
ners, holes, or bolts [27]. Typically, artificial targets gener-
ally provide higher accuracy despite requiring access to the 
structure for installation.

As previously mentioned, environmental conditions 
are widely recognized as sources of errors and uncertain-
ties. These include non-uniform air refraction caused by 
temperature differences between the camera and the moni-
tored object, as well as variable weather and ambient light 
conditions. Literature on the assessment of environmental 
uncertainties in vision-based monitoring includes theoreti-
cal analyses and laboratory testing [21, 28]. However, the 
impact of these external factors on the accuracy of on-site 
tests remains not fully understood and is still under investi-
gation. This gap is partly due to the limited number of full-
scale outdoor tests, as vision-based techniques have only 
recently been adopted for monitoring large-scale civil struc-
tures. Recent advances in artificial intelligence (AI) offer 
a potential solution to some of these challenges. AI-aided 
vision-based monitoring, leveraging machine learning and 
deep learning techniques (see, e.g., [29, 30]), can improve 
robustness to noise, lighting variations, and occlusions, 
while enabling marker-less tracking. However, AI-methods 
also introduce challenges related to training data, transpar-
ency and computational costs.

In this context, the main objective of the paper is to pro-
pose a comprehensive procedure for assessing the dynamic 
behavior of full-scale structures using image processing 
techniques. Key steps emphasized in the paper include 
the use of effective image feature extraction methods that 
achieve sub-pixel accuracy, the elimination of camera 
movements to prevent errors or noise in the obtained dis-
placements, and the development of an appropriate method 
to convert movements identified in the 2D image plane 
into 3D real-world displacements. This last step is particu-
larly crucial when monitoring full-scale structures, where 
the involved dimensions require careful consideration of 
perspective effects, making the use of a simple scale fac-
tor, as suggested in other studies [31, 32], inadequate. Spe-
cifically, the Perspective-Three-Point (P3P) method [33] is 
adopted, enabling 2D-to-3D conversion from minimal input 
data using the law of cosines. Only the 2D projections of 
three points on the image and their mutual distances in the 
real world are required, allowing accurate estimation of 
the distance between the camera and the triplet of points, 
which serves to reconstruct their 3D motion. The proposed 
approach employs high-contrast targets (black-and-white 
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checkerboards), which provide a set of easily identifiable 
points (i.e., the square corners), enabling result averaging 
over multiple triplets and multiple corners, thereby enhanc-
ing accuracy. While 3D monitoring is typically performed 
with stereo vision setups (i.e., merging views from two 
cameras), e.g., [34, 35], the novelty of the proposed P3P-
based method lies in achieving accurate 3D monitoring with 
a single camera.

The capability of the vision-based approach to identify 
global modal parameters of full-scale structures is also 
explored, aspect rarely addressed in the existing literature. 
Indeed, current vision-based methods have seldom cap-
tured complete bending mode shapes of real bridges [36] 
and research on torsion modes remains limited [37]. The 
potential and limitations of real-scale vision-based dynamic 
monitoring are evaluated through the case study of a steel 
footbridge in Modena (Italy). In this application, both bend-
ing and torsional modes are successfully identified and 
assessed against the results from a traditional monitoring 
system installed on the structure. Before addressing the full-
scale application, the paper presents results from laboratory 
tests conducted to validate the proposed vision-based pro-
cedure. These experiments are carried out under controlled 
conditions on a laboratory-scale steel frame subjected to 
excitation by a shaking table. To assess the procedure accu-
racy, multiple experimental setups are designed, varying the 
camera-to-structure distance, as well as the incidence angle 
of the line of sight. The vision-based measurements are then 
compared to reference data obtained from displacement 
transducers installed for control purposes.

The paper is organized as follows. Section 2 presents 
the proposed vision-based monitoring approach. Section 
3 describes the laboratory experiments, while Sect. 4 dis-
cusses the steel footbridge application. Finally, conclusions 
are drawn in Sect. 5.

2  Vision-based monitoring procedure

This section describes the vision-based procedure developed 
to quantify structural displacements from recorded videos 
through the temporal tracking of artificial checkerboard tar-
gets placed on the structure. The proposed approach can be 
divided into two main stages: the vision-based monitoring 
setup, which involves considerations prior to the monitoring 
campaign and is tailored to the specific structure, and video 
post-processing, which serves as the critical link between 
raw data (video frames) and the time series of structural dis-
placements. The main steps of the proposed procedure are 
outlined in Sect. 2.1, while a more detailed description of 
each step can be found in Sects. 2.2 to 2.7.

2.1  Outline of the procedure

The vision-based monitoring procedure can be divided into 
the following steps:

	● Step 1: Monitoring framework. This step involves the 
design of the experimental campaign based on the ap-
plication scenario and the expected structural displace-
ment. It includes selecting the camera based on its tech-
nical specifications and suitable lenses, and choosing the 
appropriate frame rate. In this paper, consumer-grade 
cameras are used to evaluate the effectiveness of low-
cost monitoring systems for assessing the dynamic be-
havior of structures. Additionally, the camera position 
and measurement locations need to be pre-defined. In 
accordance with the procedure outlined in this paper, the 
placement of checkerboard artificial targets is required 
both on the monitored structure and at a distance from 
it, with the latter aimed at eliminating the effects of cam-
era shake. The use of checkerboard targets enable the 
conversion of 2D image-plane displacements into 3D 
real-world displacements and improve the accuracy of 
structural displacement estimation by averaging the re-
sults from each square corner. Further details about this 
step are provided in Sect. 2.2.

	● Step 2: Calibration of camera parameters. This process 
includes determining several factors, involving intrinsic 
parameters (focal length f, optical center O, lens distor-
tion), extrinsic parameters (camera position and orien-
tation relative to the scene being captured) and geo-
metrical parameters (projection distortions introduced 
by the camera system). In the vision-based monitoring 
procedure presented in this paper, camera calibration is 
conducted using the approach proposed in [38], imple-
mented in the MATLAB Computer Vision Toolbox, 
which is robust to varying imaging conditions and fully 
automatic. The camera parameters required for the pre-
sented approach are the lens distortion coefficients, the 
focal length f, and the pixel-to-mm transformation factor 
in the image plane, this latter related to the sensor di-
mension and the image resolution. For further informa-
tion, please refer to Sect. 2.3.

	● Step 3: Feature tracking. This step plays a critical role 
in estimating accurate displacements from videos in 
vision-based monitoring systems. Feature tracking is 
based on the identification of distinct points or patterns 
in the video frames, such as corners or edges, that can be 
followed over time. By consistently tracking these fea-
tures between consecutive frames, the relative displace-
ment (in pixels) of specific points on the structure can 
be determined. The accuracy of displacement estimates 
is highly reliant on the quality and reliability of feature 
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	● Step 6: Filtering camera shake effects. This step is es-
sential for estimating absolute structural displacements. 
In the outlined procedure, the filtering relies on the pres-
ence of ground-based targets, which are assumed to be 
stationary. Any displacements detected for these targets 
are attributed solely to unintended camera movements, 
not actual structural motion. By subtracting these unde-
sired movements, the procedure ensures that only the 
absolute displacements of the structure are captured, 
free from camera movements (see Sect. 2.7).

2.2  Monitoring framework

A vision-based monitoring system typically consists of one 
or more video cameras equipped with zoom lenses, tracking 
either artificial targets or intrinsic details of the structure, 
such as corners, holes, or bolts. In relation to the proce-
dure outlined in this paper, the structure is monitored using 
a single camera, and the points where measurements are 
acquired are marked on the structure with checkerboard tar-
gets. Several key factors must be considered in the design 
of the monitoring campaign to ensure accurate and reliable 
measurements. These factors include image resolution, 
camera-to structure-distance, zoom factor, target size and 
frame acquisition rate. While the latter relates to the range 
of natural frequencies that may be identified, the combina-
tion of the other factors determines the potential accuracy 
that can be achieved.

Measuring small displacements requires a high pixel 
density in the target being tracked, which is achieved by 
focusing the camera view on the measured position. How-
ever, widening the field of view allows for monitoring more 
points on the structure and analyzing its overall behavior, 
albeit at the cost of reducing the number of pixels defin-
ing each target. Therefore, the intrinsic parameters of the 
camera (such as resolution and focal length range), along 
with the camera-to-structure distance, zoom factor, and 
target size, must be carefully chosen to achieve the opti-
mal balance between these conflicting factors, based on the 
expected structural displacement. Drawing on the experi-
ence acquired by the authors in the applications presented in 
this paper, it is recommended that each square of the check-
erboard target should measure at least a few pixels (around 
3 or 4) per side in the acquired frames to ensure accurate 
displacement measurements. Furthermore, the laboratory 
experiments presented in Sect. 3 demonstrates that the noise 
in the signal (calculated from data collected without input 
forces) has a standard deviation of approximately 0.008 
pixel. Therefore, it is recommended that the expected dis-
placement be at least 0.08 pixel to ensure it is clearly detect-
able above the measurement noise.

detection, extraction, and tracking. Even minor errors 
in those tasks can result in substantial inaccuracies in 
displacement estimation, particularly when dealing with 
small displacements. Moreover, feature tracking meth-
ods must be able to account for variations in lighting, 
perspective, and other environmental factors. Several 
feature tracking methods are proposed in literature, as 
reported in the review studies presented in [39, 40]. In 
this paper, the Kanade-Lucas-Tomasi algorithm [41, 42] 
is used to track the movement of the checkerboard cor-
ners over time, which are initially identified using the 
Harris-Stephens algorithm [43]. Additional details are 
provided in Sect. 2.4.

	● Step 4: Coordinate transformation from the image 
plane to the real world. The square corner locations 
obtained from feature tracking are referenced to the 
2D image plane and measured in pixel units, whereas 
real-world coordinates represent physical locations in 
three-dimensional space. In this step, corner locations 
are converted into metric units within a 3D reference 
system and adjusted for perspective distortion and 
camera orientation effects. The structural displacement 
is then evaluated over time by tracking changes in the 
real-world coordinates calculated at each time step. The 
procedure proposed in this article involves the use of the 
Perspective-Three-Point (P3P) method [33] to identify 
both the relative movements between the camera and the 
target placed on the structure, and the relative displace-
ments between the camera and fixed targets positioned 
far from the monitored structure, so as to estimate the 
absolute structural displacements. The P3P method is 
chosen because it allows obtaining 3D-to-2D point cor-
respondences analytically, without the need for numeri-
cal optimization or minimization procedures that could 
introduce errors and noise into the resulting world co-
ordinates. The reader is referred to Sect. 2.5 for further 
details.

	● Step 5: Calculation of displacements relative to the 
structure reference system. To fully understand the 
structural behavior, it is essential to reference the struc-
tural displacements to a coordinate system aligned with 
the main directions of the structure, rather than the cam-
era perspective. To do this, the structure reference sys-
tem can be defined with two axes aligned to the checker-
board directions, closely matching the directions of the 
structural movement to be measured, and the third axis 
perpendicular to the target plane. A matrix transforma-
tion is then applied to rotate and translate the camera 
reference system into the structure reference frame, en-
suring proper alignment of the measured displacements 
with the structural coordinate system. This process is 
detailed in Sect. 2.6.
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while the feature descriptor is a matrix or vector that encodes 
the characteristics of that sub-region, based on the shape 
and appearance of the surrounding area of the key-point.

The most effective features are those with strong local 
intensity gradients, as these tend to remain stable across 
frames. The Harris-Stephens algorithm [43], in particular, is 
designed for corner and edge detection and has shown supe-
rior performance in the applications discussed in this paper. 
For this reason, it is employed in the proposed procedure to 
detect the corners of checkerboard targets. The approach is 
robust to scale, rotation, and illumination changes, enabling 
accurate sub-pixel displacement estimation and making it 
suitable for tasks such as object detection, motion tracking, 
and 3D reconstruction.

The results presented in the following sections are 
obtained adopting the KLT tracker and the Harris-Stephens 
corner detection algorithm, both implemented in the MAT-
LAB Computer Vision Toolbox. The camera parameters 
required in this step are the lens distortion parameters.

To increase the speed of automated analysis, the opera-
tional area within video frames is restricted by defining 
Regions Of Interest (ROI) around the checkerboard targets, 
selected from the initial frames. The defined ROI are han-
dled as a matrix of pixels, where each pixel is defined by 
its 2-D coordinates (expressed in pixels and related to the 
upper-left vertex of the frame) and by a unique RGB inten-
sity level.

The output of this step consists of a time series of dis-
placement for each square corner of every checkerboard 
target. The displacement values u(t) and v(t), expressed in 
pixels, are referenced to the image plane π and describe the 
relative motion between the camera and the square corners.

The adopted approach allows estimating sub-pixel dis-
placements. In particular, the laboratory experiment pre-
sented in Sect. 3 demonstrates that the noise in the signal, 
calculated from data collected in the absence of input forces, 
exhibits a standard deviation of approximately 0.008 pixel, 
emphasizing the high measurement accuracy.

2.5  Coordinate transformation from the image 
plane to the real world

Displacement time series evaluated as shown in Sect. 2.4 are 
transformed from the image plane (π) to the real world (W) 
by solving the so-called Perspective-n-Point (PnP) problem 
for the feature coordinates calculated at each frame.

Solving the PnP problem means to determine the 3D posi-
tion and orientation of a camera based on a set of 2D image 
points and their corresponding 3D world coordinates. This 
fundamental problem was first explored in photogrammetry 
and later adopted in computer vision. In the context of this 
research, however, the PnP problem is used to estimate the 

To minimize unwanted camera shaking, the camera 
should be placed in a stable, sheltered location away from 
the vibrating structure, and a remote controller should be 
used to start and stop video recordings to prevent vibrations 
from manual intervention. Despite these measures, unin-
tended camera movements may still occur due to wind or 
other uncontrollable external factors. This makes filtering 
out camera shake effects a key task for reliably estimating 
structural displacements.

2.3  Camera calibration

Camera calibration is performed to determine the camera 
parameters, which are essential for accurate 3D measure-
ments. Among these parameters, the focal length has a 
strong impact on the metric accuracy. To assess its uncer-
tainty, the calibration procedure can be repeated several 
times using different frames extracted from the same cali-
bration video to determine the focal length. The deviation 
of the average estimated focal length from its extreme val-
ues can then be quantified as an uncertainty level. Based on 
experience from the authors, this results in an uncertainty 
of approximately 1.5% under constant lighting conditions 
and a standard focusing quality. Poor lighting or inadequate 
focus may increase the uncertainty associated with the focal 
length estimation.

2.4  Feature tracking

Feature tracking involves monitoring the movement of spe-
cific features of the structure over time, which are identified 
as key visual patterns or attributes through feature detection 
and extraction.

Various methods in the literature address the identifica-
tion and comparison of distinct, repeatable, and stable fea-
tures across different views or frames [16]. The procedure 
proposed in this paper relies on the Kanade-Lucas-Tomasi 
(KLT) algorithm, a well-established technique for optical 
flow and feature tracking, particularly in visual tracking 
applications [41, 42]. Initially, the KLT algorithm identifies 
reliable feature points in the first frame of the video using 
a feature point matching method. Then, it tracks the move-
ment of these points frame by frame through optical flow 
estimation.

Feature point matching is based on sparse feature points, 
also referred to as key-points, which represent the tracked 
objects. A key-point is a small region (e.g., 5 × 5 pixels) 
characterized by unique and invariant features, such as dis-
tinctive structural (or architectural) elements, or artificial 
targets. This approach involves two components: a feature 
detector and a feature descriptor. The feature detector iden-
tifies a sub-region of the image selected by the algorithm, 
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mutual distance between corners in the real world is known 
from the checkerboard geometry while the focal length is 
obtained through the camera calibration process. Finally, 
the corner coordinates in the image plane π are the result of 
the feature tracking process described in section 2.4 (spe-
cifically u(t) and v(t) at the given time instant/video frame).

The intuitive procedure is based on applying the law of 
cosines, which is essential for calculating distances and 
angles within both the image plane and the real-world coor-
dinate system. The P3P-based proposed framework is math-
ematically detailed below, geometrically illustrated in Fig. 1 
and graphically summarized in the flowchart of Fig. 2.

With reference to Fig. 1, let O be the optical center, f the 
focal length, and P1, P2 and P3 three checkerboard corners, 
whose coordinates in the image plane π at the given time 
instant (evaluated from Sect. 2.4) are:

P1,π = (u1, v1), P2,π = (u2, v2), P3,π = (u3, v3)� (1)

while the corresponding -unknown- coordinates in real 
world read:

P1,W = (x′
1, y′

1, z′
1), P2,W = (x′

2, y′
2, z′

2), P3,W = (x′
3, y′

3, z′
3)� (2)

First, the coordinates in the π image plane, ui and vi, are 
converted from pixels to millimeters using the appropriate 
transformation factor, leading to ûi and v̂i. Next, the mutual 
distances between the corners are calculated from their 2D 
coordinates in the image plane. Given the focal length f, the 
2D checkerboard corner coordinates and the mutual dis-
tances in the image plane, the distances along the lines of 

position and orientation of the checkerboard targets, rather 
than those of the camera, as also performed in [44].

In the early 1980  s, Fischler and Bolles [45] proposed 
the PnP procedure to estimate the position and orientation 
of a calibrated camera using known 3D-to-2D point corre-
spondences between a 3D model and its projections in the 
image. Later, several numeric algorithms were proposed to 
efficiently solve the PnP problem, including Direct Linear 
Transform (DLT), EPnP (Efficient PnP), and RPnP (Robust 
PnP) [46]. Each method to solve the PnP problem efficiently 
leverages the law of cosines to bridge the gap between two-
dimensional image data and three-dimensional spatial infor-
mation, enabling accurate calculation of object positions in 
real space.

The P3P (Perspective-Three-Point) method is a specific 
case of the PnP problem, where only three 3D-to-2D point 
correspondences are used to calculate the camera pose, or, 
as in this application, the position and orientation of the 
artificial targets. The solution of the P3P used here has its 
origins in the studies of Grunert, dating back to 1841, and 
for nearly two centuries it has remained relevant in various 
researches and applications [33].

The P3P method enables the calculation of the distance 
between each square corner and the camera optical center 
O. The inputs required for this task are the focal length f, 
the corner coordinates in the image plane π, the mutual dis-
tance between corners in the real world and the pixel-to-mm 
conversion factor. This latter is related to the sensor dimen-
sion (in mm) and the image resolution (in pixel) and allows 
transforming the focal length and the distances between 
corners in the image plane from pixels to millimeters. The 

π

P3,π

O'

O

fd

P2,π
P1,π

1-O,π

P1,w

d1-O,W

α
β γ

d2-O,W

d3-O,W

P2,w

P3,w

d2-O,π

d3-O,π

Fig. 1  Geometric interpretation of 
the P3P method applied to target 
positioning
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



d2
1−O,W + d2

2−O,W − 2 d1−O,W d2−O,W cosα1,2 − d2
1−2,W = 0

d2
2−O,W + d2

3−O,W − 2 d2−O,W d3−O,W cosα2,3 − d2
2−3,W = 0

d2
1−O,W + d2

3−O,W − 2 d1−O,W d3−O,W cosα1,3 − d2
1−3,W = 0

� (4)

The P3P problem can yield multiple solutions due to its 
non-linear nature. The geometric interpretation of this is 
made clear through [47]. Here, the set of non-linear equa-
tions is solved implementing Finsterwalder’s solution, as 
reported in [48]. Finsterwalder proposed to introduce a new 
variable to transform a fourth-degree non-linear equation 
into directly solvable second-degree equations, leading to 
greater accuracy in the results since no numerical approxi-
mations are involved. The choice of this algorithm comes 
from a comparison of methods for solving the P3P prob-
lem, where it proved to have higher accuracy. This is espe-
cially important for structural monitoring purposes as small 
angles are generally involved when the targets are far from 
the camera.

For each target, the P3P method is applied to every com-
bination of triplets of square corners, enabling the calcu-
lation of the distance between the optical center and each 
corner in the real world multiple times. Finally, the results 
related to the same corner are averaged to enhance the accu-
racy of the distance estimate. The procedure is repeated for 
each video frame (i.e., for each time instant), resulting in the 
displacements x′(t), y′(t) and z′(t) of each square corner i 
relative to the camera coordinate system at each time step:

x′
i = di−O,W√

f2+û2
i
+v̂2

i

ûi

y′
i = di−O,W√

f2+û2
i
+v̂2

i

v̂i

z′
i = di−O,W√

f2+û2
i
+v̂2

i

f

� (5)

In particular, z′ represents the axis along the camera line of 
sight, while x′ and y′ are the horizontal and vertical axes 
of the camera. These displacement values are then used to 
compute the target overall displacement and rotation as fol-
lows. To identify the target plane, the equation of a plane is 
calibrated to best fit the coordinates of the key points in the 
3D space of the target. The equation of the fitting plane is:

ax′ + by′ + cz′ = 1� (6)

Given a set of n square corners for a checkerboard target, 
and considering the measurement and positioning errors in 
real condition, the coefficient a, b, and c can be obtained 
by means of the least-square method. For this purpose, 
the matrix Pc containing the corner coordinates is first 
constructed:

sight between the camera optical center O and the square 
corners in the image plane can be easily computed. Such 
distances are indicated as di−O,π  with i = 1, 2, 3, while 
the mutual distance between corners in the image plane are 
referred to as di−j,π with i, j = 1, 2, 3 and i ̸= j. Then, the 
law of cosines is used to calculate the cosines of the angles 
(αi,j , with i, j = 1, 2, 3 and i ̸= j) between the lines of 
sight (di−O,π  and dj−O,π):

cosαi,j =
d2

i−O,π + d2
j−O,π − d2

i−j,π

2di−O,πdj−O,π
� (3)

Once the angles between the lines of sight are determined, 
the law of cosines is applied in the real world reference sys-
tem to compute the actual distances di−O,W  between the 
i-th corner and the optical center O, based on their known 
mutual distances di−j,W , where i = 1, 2, 3 and i ̸= j. This 
results in a nonlinear system of three equations with three 
unknowns, which can be written as follows:

Fig. 2  Workflow of the overall vision-based procedure, with focus on 
the conversion from image to camera-centered (real-world) reference 
systems (Sect. 2.5). Green steps are optional
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checkerboard directions, and the third axis perpendicular to 
the target plane.

The three orthonormal vectors defining the reference 
system are extracted by means of a Principal Component 
Analysis (PCA), that enables the computation of a 3 × 3 
change-of-basis matrix from the camera reference system 
to that of the structure, thereby ensuring the identification 
of the three principal directions as an orthonormal basis. 
Finally, the change-of-basis matrix is applied to roto-trans-
late the displacement from the camera reference frame to 
the structure reference frame.

2.7  Filtering camera shake effects

The procedure described so far allows evaluating the rela-
tive movements between the camera and the monitored 
positions. To assess absolute movements, however, the 
effects of camera movement caused by wind, environmen-
tal noise, possible transmission of structural vibrations, or 
other factors need to be filtered out. For this purpose, a set of 
artificial targets should be placed in a stable position (e.g., 
on the ground, far from the monitored structure). Assum-
ing these ground-based targets remain stationary over time, 
any movement of the camera will be identified as apparent 
movement of the ground-based targets. Once the displace-
ment and rotation over time of the ground-based targets are 
identified in the same way as for the target on the structure, 
their averaged movements can be subtracted from the rela-
tive movements of the targets on the structure, resulting in 
the absolute structural movements.

3  Laboratory experiments

Laboratory tests have been performed to validate the pro-
posed vision-based procedure. The experiments were car-
ried out under controlled conditions, using a steel frame 
subjected to excitation from a shaking table (see Fig. 3). 
High-contrast checkerboard targets were fixed at the top 
and base of the frame to capture the corresponding displace-
ment time histories. Moreover, a third checkerboard placed 
on the laboratory floor is used to detect any potential cam-
era movements. Videos were captured using a Panasonic 
Lumix GH6 camera, recording in 4K at 50 Frames Per Sec-
ond (FPS). For comparison and validation purposes, Linear 
Variable Displacement Transducers (LVDTs) were installed 
on the steel frame. The adopted LVDTs are able to measure 
displacements in the range [0, 100 mm] with a sensitivity 
equal to 80 mV/V and an excitation voltage of 10 V.

Several tests were performed, varying the input excita-
tion, the camera-to-frame distance and the angle of inci-
dence β, where β represents the angle between the camera 

Pc =

[
x′

1 x′
2 ... x′

n
y′

1 y′
2 ... y′

n
z′

1 z′
2 ... z′

n

]T

� (7)

and coefficients are obtained as:
[

a
b
c

]
=

(
Pc

T Pc

)−1
PcU� (8)

where U is unit vector of dimension n × 1. After identifying 
the target plane through the coefficients [a b c], the target 
displacement over time is determined by the movement of 
its centroid. Meanwhile, the target rotations appear as varia-
tion in the plane normal and/or the checkerboard directions.

Note that this approach offers much more flexibility than 
the simple scale factor, which only provides accurate results 
when the camera-to-target line of sight is perpendicular to 
the target. In contrast, the proposed method can adjust for 
perspective distortions caused by varying angles, which 
are common when monitoring large structures and/or when 
there are unavoidable restrictions on camera positioning.

This paper presents two possible strategies for evaluating 
the target displacement. The first involves accounting for 
the variation over time of the distance between the camera 
and each square corner, namely di−O,W (t), allowing for 
the evaluation of the target displacements in all three direc-
tions, as well as the three rotations. The second averages 
the distances between each square corner and the camera 
across the entire time period, resulting in average distances 

over the full acquisition window d̄i−O,W . While the latter 
enhances the accuracy of the structural displacement cal-
culation by reducing noise through averaging, some com-
ponents of the target rotation may be lost. In particular, if 
the camera-to-square corner distance is averaged over time, 
only displacements and rotations within the target plane 
can be identified. Otherwise, if this distance varies over 
time, also out-of-plane displacements and rotations can be 
computed.

2.6  Calculation of displacements relative to the 
structure reference system

To ensure a clear interpretation of the structural behavior, 
the displacements calculated in Sect. 2.5 are subsequently 
converted from the camera-centered reference system 
(x′ y′ z′) to the structure reference system (x y z). By 
positioning the target so that the directions of the check-
erboard align as closely as possible with the directions of 
the structural movement to be measured, the structure ref-
erence system can be defined with two axes aligned to the 
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potential camera vibrations using the procedure outlined in 
this paper, although this correction has minimal impact in a 
laboratory setting.

First, Fig. 4a and b display the displacements u(t) and 
v(t) in pixels, referred to the image plane, obtained from 
Test 3 and Test 4, respectively. It can be observed that in 
Test 3, where the camera LoS was approximately perpen-
dicular to the target plane, only the horizontal displacement 
component (u(t)) was identified. On the contrary, when the 
camera LoS was tilted relative to the normal of the target 
plane, as in Test 4, both displacement components are pres-
ent due to perspective effects. Moreover, the difference in 
the displacement amplitude is also related to the camera-
to-frame distance, which was approximately 25 m in Test 
3 and 2.5 m in Test 4. Displacements converted from the 
image plane to the structure-referenced real world result in 
the displacements shown in Fig. 4c and d for Test 3 and 
4, respectively, both in the x direction. These figures also 
compare the estimated displacements with the reference 

Line of Sight (LoS) and the normal to the target plane. Four 
test configurations were considered, referred to as Test 1 to 
4. In the first three tests, the camera LoS was perpendicular 
to the target plane (β = 0◦) and the camera-to-frame dis-
tance was increased from approximately 2 m to 25 m. In 
Test 4, the camera was placed about 2 m far from the frame, 
with the LoS tilted at a 45 °C angle relative to the normal 
of the target plane. The four test configurations are listed in 
Table 1. The excitation applied to the frame base included 
both sinusoidal base displacements and simulated earth-
quake ground motions. Among them, the results presented 
in the following refer to the Irpinia ground motion [49].

As an example, results presented below show the dis-
placements obtained from the target positioned at the base 
of the shaking table, the same target against which the struc-
ture reference system has been defined (with its x and y axes 
shown in Fig. 3(b)). In relation to the adopted reference 
system, the actuator applied displacements in the x direc-
tion. Results presented hereinafter have been corrected for 

Table 1  Laboratory experiment results: measured camera-to-target distance dmeas and tilt angle β; standard deviation of the vision-based signal in 

unforced conditions in pixels (σpxl
(0−5)s) and millimeters (σd

(0−5)s and σd
(0−5)s), based on instantaneous (d) or time-averaged (d) camera-to-corner 

distance; RMSE between reference and vision-based displacements during forced conditions, RMSEd
(5−25)s and RMSEd

(5−25)s, with superscripts 
indicating the type of camera-to-corner distance; averaged post-processed camera-to-target distance d, and its deviation ϵd from the measured 
distance dmeas

Test
dmeas(m)

β
(°C)

σpx
(0−5)s

(pixel)
σd

(0−5)s
(mm)

σd
(0−5)s

(mm)
RMSEd

5−25s
(mm)

RMSEd
5−25s

(mm)
d(m)

ϵd(%)

1 1.84 0 0.0082 0.0072 0.0066 0.2220 0.2216 1.85 0.54
2 10.90 0 0.0077 0.1033 0.0145 0.1382 0.0857 10.94 0.37
3 25.21 0 0.0073 0.1904 0.0313 0.3807 0.1986 25.57 1.43
4 1.85 45 0.0094 0.0549 0.0087 0.3423 0.2058 1.87 1.08

Fig. 3  Laboratory experiment 
framework: a steel frame, b 
equipped steel frame
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displacement, particularly between 10 and 15  s, the dis-
tance exhibits increased variability. On the contrary, if the 
distances between each corner and the camera are averaged 
over time, the accuracy in the displacement estimation is 
increased thanks to the noise reduction at the expense of the 
possibility of estimating rotations out of the target plane. 
Figure 4e displays the displacement for Test 3 obtained 
assuming time-averaged camera-to-corner distances, which 
is significantly less noisy than the one in Figure 4c.

The main findings of the conducted tests are summa-
rized in Table 1. This table shows the standard deviation 
of the signal recorded during the initial 5  s of the test, a 
period without any external excitation. Therefore, the data 
from this interval only reflect the signal noise. The standard 

displacements, demonstrating excellent agreement. Figure 
4dalso highlights the capability of the proposed procedure 
to correct the effects resulting from the inclination of the 
camera LoS in relation to the monitored object. Such a cor-
rection would not have been possible using a simple scaling 
factor.

Results of Fig. 4c and d are obtained under the assump-
tion that the distance from each square corner to the cam-
era changes over time. As an example, the time history 
of this distance for three square corners during Test 4 is 
shown in Figure 4f, where it can be observed that its varia-
tion is affected by both the actual movement of the target 
and by identification errors, which introduce noise into the 
distance estimate. Indeed, during periods of greater target 
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Fig. 4  Laboratory experiment 
results: (a,b) image-plane displace-
ment in pixel units of Test 3 and 
Test 4; (c, d) frame system refer-
enced displacements in millimeters 
with varying camera-to-corner 
distance d of Test 3 and Test 4; (e) 
frame system referenced displace-
ments in millimeters with averaged 
camera-to-square corner distance d 
of Test 3; (f) time variation of the 
camera-to-corner distances d
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4  Steel footbridge experiments

The effectiveness and applicability of the proposed pro-
cedure for dynamic identification purposes are evaluated 
through a real case study involving a 3D truss-girder steel 
footbridge spanning the Panaro River in Modena, Italy (see 
Fig. 5a, b). This structure is characterized by a slender and 
lightweight design, which makes it highly deformable and 
sensitive to dynamic vibrations induced by pedestrians, 
cyclists, wind, and other environmental factors. With a total 
length of 160 meters divided into three spans (45 m, 70 m, 
and 45  m), the footbridge features a box cross-section of 
3.00 × 3.20 meters, constructed from truss girders made of 
hollow tubular steel elements.

To assess the dynamic behavior of the footbridge, seven 
cross sections within the central span are instrumented for 
monitoring. These include the midspan and six additional 
sections, symmetrically distributed at 7.5-meter intervals 
from the center, as illustrated in Fig. 5c. At each of these 
locations, checkerboard targets labeled with identification 
numbers (IDs) 1 to 10 in Fig. 5b and c are installed to enable 
displacement tracking. To compensate for possible camera 
movement caused by environmental factors, ten ground-
fixed targets are also placed in the riverbed. These serve 
as stable points for filtering camera shake effects and are 
identified by IDs 11 to 20 in Fig. 5b. Note that in this case 
several ground-based targets are used for redundancy; how-
ever, only two or three are typically enough to compensate 
for camera shake.

The vision-based monitoring system employs a Nikon 
D7500 camera positioned on the dry riverbed to capture a 
transverse view of the footbridge, as depicted in Fig. 5b. 
Video recordings are made in 4K resolution at 30 FPS. 
To eliminate disturbances associated with manual camera 
operation, the initial and final seconds of each video, corre-
sponding to the start-up and shutdown phases, are excluded 
from the analysis.

An accelerometer-based monitoring system has been 
installed on the footbridge for comparison purposes. Specif-
ically, 10 biaxial accelerometers are positioned at the same 
locations as the checkerboard targets to measure vertical 
and transverse horizontal (lateral) vibrations. The system, 
developed by Teleco SpA, consists of a control unit and 
Micro-Electro-Mechanical Systems (MEMS) accelerom-
eters, as described in [50]. Data acquisition is carried out 
at a sampling frequency of 80 Hz. A laser scanner survey 
was also performed to obtain accurate measurements of all 
relevant geometries.

Experimental tests were performed under both forced 
vibrations and ambient conditions. Preliminary ambient 
vibration tests based on acceleration responses identified the 
fundamental vertical and torsional modes of the footbridge, 

deviation σ is computed for the signal in both pixel and 
metric units. In the metric case, calculations are performed 
using the time-averaged camera-to-corners distance (d) as 
well as the time-dependent distance (d). The standard devia-
tion in pixel units is denoted as σpx, while the values in 
metric units as σd for the averaged distance and σd for the 
time-varying distance.

The average signal noise estimated for the four tests is 
about 0.008 pixels, (σpx

(0−5)s in Table 1), indicating that dis-
placements with amplitudes of at least 0.08 pixels can be 
reliably detected. Regarding displacement in metric units, 
the signal noise increases with both the camera-to-frame 
distance as well as the tilt angle. This increase is less pro-
nounced when the time-averaged camera-to-corner distance 
is used. Specifically, when the time-dependent distance is 
considered, the signal noise σd

(0−5)s rises from 0.0072 mm 
to 0.1904 mm as the distance increases from approximately 
2 to 25 meters. These values decrease significantly to a 
range of 0.0066−0.0313 mm when the time-averaged dis-
tance is used (σd

(0−5)s). At a fixed camera-to-frame distance 
of about 2 m, the noise standard deviation increases from 
0.0072 mm to 0.0549 mm as the tilt angle increases from 0 
°C to 45 °C. For the case of a 45 °C tilt angle, the standard 
deviation is substantially reduced to 0.0087 mm when the 
time-averaged distance is applied.

Table 1 also presents a comparison between the displace-
ments estimated using the proposed vision-based method 
and the reference measurements during the forced vibra-
tion phase. The comparison is based on the Root Mean 
Square Error (RMSE), defined as the standard deviation of 
the differences between the two time series over the inter-
val from 5 to 25  s. Analogous to the evaluation of signal 
noise, this is assessed under two conditions: when the dis-
tance from the camera to each square corner is averaged 
over time (RMSEd

(5−25)s), and when it varies with time 
(RMSEd

(5−25)s). In the first case, with the exception of Test 
2, the RMSE generally increases with both the camera-to-
frame distance and the tilt angle, ranging from about 0.22 
mm to 0.38 mm. When the distance is averaged over time, 
all of these values are reduced to about 0.20 mm. Notably, 
Test 2 yields even lower discrepancies between the estimated 
and reference displacements. Given that the maximum dis-
placement is approximately 10 mm, a RMSE amounting to 
about 2% of the signal amplitude demonstrates excellent 
result accuracy. Finally, the table also reports the camera-to-
target distance measured with a consumer-grade laser dis-
tance meter (dmeas) and the one estimated by averaging the 
mean distance of each square corner of the target (d). The 
comparison shows very good agreement, with a maximum 
difference ϵd of 1.43%.
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derived from measured accelerations, as well as their cor-
responding frequency content. In the vision-based results 
shown in Fig. 6, displacements are estimated under the 
assumption of constant distances for the square corners, 
and they are corrected by subtracting the average apparent 
displacement measured from the ground targets. Structural 
displacements are also derived from measured accelera-
tions using an enhanced double integration procedure. This 
method, proposed in [51], minimizes the squared error 
between the measured accelerations and the second-order 
time derivative of the reconstructed displacements. The 
algorithm was chosen for its accuracy when the overall tem-
poral history of observed displacement has zero mean.

with natural frequencies of approximately 2.32 Hz and 4.40 
Hz. Based on these findings, experiments under forced con-
ditions were performed by jumping at 138 and 130 Beats 
Per Minute (BPM), regulated by a metronome, to target the 
primary vertical modes. The recorded video includes a few 
seconds before the excitation, a 10-second jumping phase, 
and the subsequent two minutes to observe the decay of 
structural motion after the excitation.

The results presented below refer to vibrations induced 
by jumping at 138 BPM (Test A) as well as to vibrations 
recorded under ambient conditions (Test B). The outcomes 
of Test A are dealt with first. Figure 6 presents the midspan 
(ID6) vertical and lateral displacements estimated using the 
proposed vision-based approach in comparison with those 

Fig. 5  Footbridge experiment framework: a wide view of the footbridge; b checkerboard targets on the footbridge (yellow) and the ground (cyan); 
c schematic representation of the measuring positions
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the squares and the camera-to-target distance. As expected, 
the square side length in pixels decreases with increasing 
camera-to-target distance.

σd
(0−5)s and σd

(0−5)s denote the standard deviation of the 
vertical displacement measured during the first 5  s of the 
test under unforced conditions in metric units, considering 
the time-varying camera-to-square corner distance d and the 
average distance d, respectively. The displacement standard 
deviation for the targets on the structure (IDs 1 to 10) is 
computed from the signal corrected for camera movement, 
which was quantified from the ground targets. Overall, the 
signal standard deviation of the structure-mounted targets 
(IDs 1 to 10) is higher than that of the ground-based targets 
(IDs 11 to 20), since the former are influenced by environ-
mental vibrations, while the latter primarily reflect mea-
surement and procedural noise, in addition to any residual 
camera movements. For the same reason, the signal stan-
dard deviation for the targets on the structure is higher close 
to the midspan, where structural vibrations are greatest. As 
for the ground-based targets, which mainly reflect noise in 
the signal, it tends to increase with the camera-to-target dis-
tance, while it typically decreases when the average camera-
to-corner distance is considered.

Finally, σpx
u(0−5)s and σpx

v(0−5)s represent the standard 
deviation of the signal along the directions u and v of the cam-
era reference frame during the first 5 s of the test, expressed 
in pixel units. In this case, the u and v directions approxi-
mately correspond to the horizontal and vertical directions, 

The comparison reveals strong agreement between the 
displacements estimated using the vision-based approach 
and those obtained from accelerometer data, particularly for 
vertical vibrations, which exhibit maximum amplitude of 
about 12 mm. As expected, the lateral vibrations induced by 
jumping are significantly smaller, with maximum amplitude 
lower that 0.5 mm, as evaluated from the post-processing 
of measured accelerations. The lower signal-to-noise ratio 
associated with lateral vibrations together with possible 
unwanted movements of the target result in significantly 
noisier vision-based displacements. Nevertheless, the fre-
quency content of the two displacement estimates is still 
comparable, although the peaks are more clearly identifi-
able in the acceleration-based data, especially for lateral 
vibrations.

Main findings from Test A are summarized in Table 2. For 
each target location, where IDs 1 to 10 correspond to targets 
on the footbridge and the remaining ones are on the ground, 
the camera-to-target distance measured via the laser scanner 
survey (dmeas) is reported alongside the distance estimated 
using the vision-based procedure (d). A strong agreement 
between these two values is observed, with a maximum 
difference (ϵd) of 1.3%. Moreover, the side lengths of the 
squares composing each checkerboard target are reported 
in both millimeters and pixels. All targets from IDs 3 to 20 
share the same square side length in millimeters, whereas 
the first two targets are smaller. In contrast, the dimen-
sions in pixels vary depending on both the actual size of 

Accelerometer ID6

Vision ID6

(a)

Accelerometer ID6

Vision ID6

(b)

Accelerometer ID6

Vision ID6

(c)

Accelerometer ID6

Vision ID6

(d)

Fig. 6  Footbridge experiments: 
results of Test A. (a–c) Vertical and 
(b–d) lateral displacement and cor-
responding PSD at midspan (ID6), 
as estimated from the vision-based 
approach (red) and the accelerome-
ter-based system (blue)
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integration of acceleration data filters out low-frequency 
or static components. In contrast, the vision-based dis-
placement estimates are unaffected by such conditions and 
remain unbiased in all scenarios. Consequently, the RMSE 
value is reported only qualitatively, to broadly confirm the 
consistency of the results obtained with the two measure-
ment technologies.

As far as Test B is considered, the vibrations measured in 
ambient conditions are analyzed to identify the footbridge 
natural modes. Results of Test B are shown in Figs. 7 and 
8 as well as in Table 2. First of all, Fig. 7a and b show the 
effect of camera movement. While vertical camera motion 
proved negligible, it noticeably affected the lateral vibration 
measurements. Specifically, Figure 7acompares the midspan 
lateral displacement estimated through the vision-based 
approach with the average movement of the ground-based 
targets, which represents the camera motion. The midspan 
lateral displacement corrected for camera motion is shown 
in Fig. 7b, along with the corresponding displacement 
derived from the measured acceleration. Although the effect 
of camera shake has been successfully removed, the lateral 
displacement estimated via the vision-based approach can 
not be accurately determined due to its very small amplitude 
(approximately 0.15 mm, as estimated from the measured 
acceleration).

respectively. The results from the structure-mounted targets 
show a higher standard deviation in the v direction, indi-
cating that environmental vibrations are more pronounced 
vertically. On the contrary, the ground-based targets exhibit 
comparable standard deviations in both directions, which 
is attributed to measurement and procedural noise. In line 
with the laboratory results, the standard deviation associ-
ated with measurement and procedural noise, derived from 
the ground-based target signal, averages about 0.008 pixel. 
Consequently, a displacement must reach about 0.08 pixel to 
be reliably detected. This explains why the lateral displace-
ment of the midspan in Fig. 6bcannot be clearly identified. 
Based on a rough estimate of the ratio between the square 
side length in millimeters and pixels for ID6 (66 mm / 10.5 
pixels = 6.3 mm/pixel), the minimum detectable displace-
ment of 0.08 pixel corresponds to approximately 0.51 mm. 
Therefore, the lateral displacement of the midspan remains 
below the detection threshold.

Regarding the agreement between vision- and accelera-
tion-based measurements during the forced condition, the 
vertical displacements of the example target ID6 during 
Test A (please see Fig. 6a) result in a vision-to-reference 
RMSE of 1.26 mm. However, it should be noted that the 
displacements derived by accelerations do not capture 
static displacements associated with jumping, since double 

Table 2  Footbridge experiments: results of Test A
ID

dmeas(m) d(m)
ϵd(%)

Square side length σd
(0−5)s

(mm)
σd

(0−5)s
(mm)

σpx
v(0−5)s

(pixel)
σpx

u(0−5)s
(pixel)(mm) (pixel)

1 14.93 14.99 +0.40 50 20.6 0.0372 0.0376 0.0148 0.0066
2 21.59 21.73 +0.65 50 14.0 0.0327 0.0325 0.0113 0.0085
3 21.92 21.92 +0.00 66 18.4 0.0522 0.0519 0.0141 0.0057
4 29.58 29.43 −0.51 66 13.4 0.0682 0.0684 0.0176 0.0086
5 36.48 36.30 −0.49 66 11.2 0.0702 0.0707 0.0138 0.0099
6 36.69 36.67 −0.05 66 10.5 0.0660 0.0658 0.0129 0.0116
7 44.45 44.25 −0.45 66 9.5 0.0652 0.0644 0.0120 0.0155
8 52.24 51.56 −1.30 66 7.7 0.0507 0.0519 0.0106 0.0072
9 52.37 51.79 −1.11 66 8.0 0.0816 0.0847 0.0134 0.0158
10 59.36 58.85 −0.86 66 6.7 0.1032 0.0977 0.0201 0.0145
11 17.99 17.99 +0.00 66 23.2 0.0219 0.0203 0.0075 0.0068
12 19.37 19.56 +0.98 66 20.9 0.0256 0.0185 0.0073 0.0094
13 20.08 19.98 −0.50 66 20.9 0.0245 0.0231 0.0085 0.0077
14 21.84 21.85 +0.05 66 18.7 0.0260 0.0206 0.0069 0.0061
15 22.83 22.84 +0.04 66 17.7 0.0291 0.0256 0.0109 0.0100
16 24.95 25.07 +0.48 66 16.4 0.0358 0.0334 0.0089 0.0054
17 26.22 26.10 −0.46 66 14.9 0.0289 0.0279 0.0076 0.0074
18 27.86 27.55 −1.11 66 14.9 0.0232 0.0233 0.0088 0.0103
19 29.17 29.27 +0.34 66 13.9 0.0308 0.0314 0.0093 0.0081
20 28.51 28.68 +0.60 66 13.9 0.0375 0.0336 0.0087 0.0106

Target identification, measured camera-to-structure distance dmeas, averaged post-processed camera-to-structure distance d, percentage differ-
ence ϵd between them, square side length (pixels and mm), standard deviation of the signal in unforced conditions considering the camera-to-
square corner distance varying over time (σd

(0−5)s) or averaged (σd
(0−5)s) in mm, standard deviation in pixel units along the v and u directions 

of the camera reference frame, denoted as σpx
v(0−5)s

 and σpx
u(0−5)s

, respectively
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Nevertheless, the following results demonstrate that the 
displacement obtained via the vision-based approach still 
allows for a clear identification of the main natural modes 
of the footbridge.

Figure 7c and d present the Power Spectral Density 
(PSD) functions of vision-based and acceleration-based dis-
placements in the vertical and lateral direction, respectively. 
As expected, the frequency content of the displacement 
estimated from the acceleration is more clearly defined. 

Fig. 8  Footbridge experiment: results 
of Test B. Mode shape components 
identified from the vision-based (red 
dots) and the accelerometer-based 
(blue dots) monitoring systems. Blue 
line and gray surface: deformed 
shape of the footbridge reconstructed 
from accelerometers. Black line: 
undeformed footbridge

 

Fig. 7  Footbridge experiments: 
results of Test B. a, b Lateral 
displacement obtained from the 
vision-based approach (red) and 
from the post-processing of the 
measured acceleration (blue) 
at midspan (ID6). The black 
line in (a) indicates the average 
displacement estimated from the 
ground-based targets, represent-
ing the camera movement. In (b), 
the vision-based displacement has 
been filtered to remove camera 
motion, whereas in (a) it is shown 
unfiltered. (c, d) Power Spectral 
Density of the (c) vertical and (d) 
lateral displacement estimated 
from the vision-based approach 
(red) and the measured accelera-
tion (blue)
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Beyond the influence of camera-to-structure distance, light-
ing conditions represent another critical factor. The results 
were obtained under constant illumination, while variable 
lighting could introduce additional uncertainty into the 
measurements.

The results emphasize the potential of vision-based 
monitoring as a cost-effective, contactless, and flexible tool 
for structural health monitoring, particularly in applications 
where conventional sensor networks are difficult or imprac-
tical to implement.
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