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ARTICLE INFO ABSTRACT

2000 MSC: Operating deflection shape (ODS) analysis characterizes structural vibration in the frequency domain without
00-01 requiring prior knowledge of excitation, offering an automatic means to assess dynamic behavior and detect
99-00 damage in service. Building on this, we present a geometric vision-based sensing method for ODS identifica-
Keywords: tion under a depth-parameterization framework, enabling direct recovery of full-field vibration responses from

spatiotemporal image motion captured by a stereo imaging system. To ensure accurate ODS reconstruction, a
random sample consensus-based calibration algorithm is developed to rectify stereo geometry and establish a
depth-parameterized projective system. Within this framework, we formulate a linear model that maps measured
image motion of object points to their ODS responses in the frequency domain. In addition, a wavelet-based al-
gorithm is proposed to extract damage parameters from defective structures using the reconstructed ODS fields.
Experimental validations confirm that the proposed vision-based sensing method and damage identification ap-
proach are both effective and robust, providing a promising pathway for structural vibration monitoring and
health assessment in complex operational environments.
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1. Introduction

Advances in large-scale development of advanced equipment struc-
tures in many fields, such as aerospace, marine engineering, clean en-
ergy, etc., have been posing increasing demands on dynamic behaviors
and damage inspection of structure components during service. Cur-
rently, there are many diverse types of sensors built to probe a specific
property of structures for fitting such requirements [1]. For example,
the vibration sensors that utilize magnetoelastic composites and fiber
Bragg gratings (FBG) [2,3]. However, many conventional sensors are
bulky when collecting dynamic deformation data of structures in op-
eration due to their contact and monofunctional working mode [1,4].
Even for the well-established non-contact laser vibrometers [5], they
are impractical for tasks involving many degrees of freedom (DOFs) due
to limitations of single point sampling and the complex system calibra-
tion [6].

Over the past few decades, as the demands for non-contact full-
field sensing tasks in structural health evaluation and prototyping have
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increased, and with the advent of advanced optical imaging and pro-
cessing technologies, two significant trends have emerged in this field
to address these challenges. First, it has become essential to introduce
computer vision-based measurement techniques that compute displace-
ment or motion in the temporal-spatial domain [7,8]. This trend is
evident in the successful application of well-known digital image cor-
relation (DIC), optical flow and target tracking in various fields, in-
cluding deformation measurement [9-11], vibration measurement us-
ing stereo [12,13] or monocular cameras [14-16], modal testing and
identification [17-21], and even in prior work on cross-medium static
and dynamic 3D shape and deformation sensing [22,23]. Secondly, opti-
cal imaging and vision measurement methods have become increasingly
important in operating-deflection-shape (ODS) measurement. Many re-
cent advancements have leveraged optical imaging-based ODS inspec-
tion algorithms, such as trivial frequency domain triangulation [6] and
the binocular structured light measurement method [24].

In contrast to the former category, which reconstructs the mo-
tion or displacement fields in 3D Euclidean space with spatial
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triangulation [25], the goal of optical ODS sensing has been proposed
to apply two- or multi-view projective imaging to establish a transfor-
mation that maps the image motion relationships to the displacement
amplitudes in the frequency domain, corresponding to specific vibra-
tion frequencies. This approach directly measures the operational vi-
bration response by reconstructing the motion patterns encoded in the
high-dimensional image space in the frequency domain. It has an ob-
vious advantage that it is more robust to high-frequency and random
noises caused by environmental vibration for allowing us to identify
the effective response without losing accuracy. The main reason is the
frequency-domain reconstruction can separate the vibration signal, pe-
riodic and random noises. In contrast, spatiotemporal domain displace-
ment reconstruction not only includes the displacement amplitude of
each vibration mode but also includes noise components, which are of-
ten filtered out depending on the local characteristics of the signal while
it may lose high-frequency motion information [26]. Besides, analytical
reconstruction in the frequency domain gains higher stability and less
error accumulation by focusing on the periodic or repetitive features of
the dynamic response in the time-domain (such as image motion), pro-
viding more precise and detailed response information for downstream
tasks, such as delamination defect location [27] and damage identifi-
cation in this work). Owing to these merits, frequency domain optical
ODS sensing has shown a steady and progressive development trend in
dynamic deformation characterization.

Recent progress in this field has been driven by innovations in high-
speed visual imaging and the implementation of advanced frequency do-
main triangulation algorithms [6]. We approach these schemes within
a uniform framework that is geometric vision ODS sensing. The term
"geometric" is intended to emphasize that the dynamic responses of the
operating structures can be regarded as points in two respective vector
spaces under geometric perspective projection and that the sensing pro-
cess can be considered as a mapping from one vector space to the other.
This mapping is generally constructed based on the well-established
Fourier transform. However, the existing methods have certain short-
comings, such as phase delays caused by camera motion and the com-
plexity of time-frequency transformation under perspective projection,
highlighting the need for further research to enhance and refine this
methodological framework.

The geometric vision ODS sensing framework provides a straightfor-
ward solution that allows us to observe the dynamic measures (such as
natural frequency and mode shape) in the frequency domain directly.
One of the outstanding properties of ODS is that it can characterize vi-
bration responses without needing to know the prior excitation con-
straints [28]. As a consequence, it also provides an efficient solution to
this study for identifying the internal damage of operating structures
compared with the existing visual crack detection techniques that tar-
get surface defects [29-31]. Traditionally, the damage identification for
structures using vibration diagnosis techniques often requires precise ex-
citation information and/or the deployment of contact sensors [32-34].
However, they are affected by the spatial layout of vibration sensors
in addition to the excitation and structure priors. Though geometric
vision-based method are proposed in the literature more recently for
damage localization [35,36], it relies on pseudo-excitation still and/or
the calculation procedure is complicated due to the use of some heuristic
algorithms such as denoising and clustering. For these reasons, it is es-
sential to develop some effective and practical approaches to resolve the
contradiction in probing structural damage in service by combining the
strengths of the geometric optical sensing and the excitation irrelevance
of ODS.

To this end, we introduce frequency-domain geometric vision ODS
sensing, a one-parameter time-frequency transformation method that
represents the operating-deflection-shapes with a two-view geomet-
ric perspective projection, and then approach damage identification
based on the measured ODS data to address the gaps in existing ap-
proaches. The contributions of this work are as follows: (1) We for-
mulate the motion relationship from spatial frame to stereo image
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space as a one-parameter linear mapping under rectified stereo imag-
ing geometry, which is determined through our random-sampling-
consistency (RANSAC) calibration; (2) Leveraging this linearity, we pro-
pose a novel method that transforms the stereo image motion to the fre-
quency domain directly, enabling instant estimation of full-field ODS
with respect to the frequencies; (3) A wavelet-based method is pre-
sented to identify the potential damage information embedded in the
ODS measures, without reliance on excitation priors. Experiments are
conducted to show the performance of the proposed computer vision
ODS sensing and the ODS-based damage identification methods. Com-
pared to the existing frequency-domain triangulation methods in [6,371],
which are based on single-camera multi-view imaging with relative mo-
tion, similar to the structure-from-motion technique (moving camera
with fixed object or fixed camera with moving object), our ODS sensing
method is established based on stereo-vision geometry, which provides
two synchronous views for simultaneously capturing the vibration re-
sponse without moving the camera or object during the measurement
process, thereby eliminating the inherent phase delays caused by the
relative motion of a single camera. Moreover, because of stereo vision,
our method has a fixed imaging geometry that allows pre-calibrating the
imaging system accurately and then applying the one-parameter linear
model to directly transform the stereo image motion into ODS in the
frequency domain at each step without repeatedly estimating camera
poses. This is impossible in single-camera multi-view imaging, where
the camera pose varies between views and must be re-estimated for ev-
ery step of ODS reconstruction, leading to significantly higher compu-
tational cost and accumulated calibration errors. Owing to the stereo-
vision configuration, our method is also more suitable for engineering
applications, as the stereo imaging system requires no manual move-
ment after installation.

The rest of this paper is organized as follows. Section 2 presents the
principle of the proposed geometric vision ODS sensing and damage
identification framework, including the RANSAC calibration of the two-
view stereo imaging system in Section 2.1, the frequency-domain ODS
estimation method in Section 2.2, and the damage detection algorithm
in Section 2.3. Experimental demonstrations and results are shown in
Section 3. We conclude in Section 5.

2. Methodology

In this section, we present the proposed method according to the
underlying measurement pipeline as shown in Fig. 1. Consider a stereo
imaging system composed of two still high-speed cameras, each of which
is amenable to the well-established single-point-of-view projection as-
sumption. We first propose calibrating the imaging system using the
RANSAC strategy to mitigate errors caused by imprecise target patterns.
Subsequently, we perform stereo rectification on the stereo imaging ge-
ometry to establish an efficient ODS estimation model via depth param-
eterization and Fourier transform. Finally, we show the damage identifi-
cation algorithm based on wavelet transformation. Details are presented
in the following sections.

2.1. RANSAC-Based calibration of the imaging system

For the tasks of high-frequency ODS sensing, the amplitude response
is relatively small and is more sensitive to systematic errors caused by
calibration of the optical imaging system. Therefore, it is essential to
accurately calibrate the camera system before imaging structural vi-
brations. Though plenty of methods, including pre-calibration [38,39],
auto-calibration [40] and the influences [41,42], have been proposed to
support system calibration, an obvious problem with current calibration
techniques is that accuracy consistency is not easy to guarantee, even
for different calibrations in the same environment. For the most widely
used Zhang’s method [38], which estimates the calibration parameters
based on a planar target, the problem arises from the observation that
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0.71
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Fig. 1. Method workflow. An overall work pipeline of our geometric optical ODS sensing and damage identification under stereo vision imaging configuration.
The pipeline consists of four steps: (1) RANSAC-based calibration of the stereo-vision system, (2) stereo and temporal matching, (3) ODS estimation, and (4) damage

identification.

some corners of the planar target may randomly lose imaging preci-
sion in different calibration poses, leading to uncertain impacts on the
determined imaging parameters such as focal lengths, principal points,
and distortion factors. Though specialized imaging or using some spe-
cial patterns such as deltile grids [43] could help improve corner de-
tection quality, they are limited in actual engineering applications due
to operational complexity or acceptance issues. One effective solution
to solve this problem is introducing a hypothesize-and-test framework,
i.e. RANSAC [44], to filter the negative influence of volatile features
or corners for improving the reliability of calibration, which has been
proven by existing literature from relative pose estimation [45] to intrin-
sics calibration [46]. Inspired by this, we propose calibrating the stereo
imaging system by integrating Zhang’s method into the RANSAC loop to
provide a low operational cost method for achieving accurate and pre-
cise calibration in hand, thereby improving the reliability of subsequent
ODS measurements in Section 2.2. Though this solution is not new, we
here briefly introduce this practical calibration method for the sake of
completeness of the proposed ODS sensing method.

We begin with a brief revisitation of the fundamental perspective
projection model. Let K € R be the internal parameter matrix of the
perspective camera in our system, and R; € SO(3),t; € R3 be the ro-
tation matrix and translation vector of the camera relative to a given
pose (j-th) of the planar target, on which the 3D corner coordinates are
denoted by X € R?. Note that R™3 and R? denote the sets of all 3 x 3
matrices and 3-dimensional vectors, respectively, and SO(3) is the spe-
cial orthogonal group consisting of all 3D rotation matrices. Consider
the assumption of perspective projection. The observed image point u
of X in the pixel domain is given by the following model:

u = KD(R, [t;1X), €Y

where D(x) = (1 + k;|[(x)]|? + k,|[{x)||*){x) is the nonlinear radial dis-
tortion function, defined by the first- and second-order radial coeffi-
cients k, and k,, respectively, which maps an ideal image projection
x = [R;]t;]X to its distorted counterpart in the normalized image do-
main, || - || denotes the L,-norm, and (-) is an operator maps a 3-vector
[x,,z]" to [x/z, y/z,1]T. Further details on the distortion function can
be found in [38,47]. According to Zhang’s method [38], the camera ob-
serves the planar target from N different poses, resulting in N frames
of calibration images correspondingly. Each corner on the planar target
has N corresponding projections in the observed images, providing 2N
constraints to determine the perspective projection mapping described
in Eq. (1).

We evaluate the accuracy of the determined calibration parameters
by using the average re-projection error in the pixel plane, given by:

M
e =+ 3 Ilu, ~ KD(R[1X)] % @
i=1

where the subscript i indexes the corner points with a total number of
M. We estimate the optimal combination of K and D(-) by minimizing
Eq. (2) within the framework of RANSAC. To describe the algorithm
intuitively, we introduce two sets of points: one set {X;} "‘;’ | consists
of global control points composed of 3D corners X;, and the other set

{{u;} j"= . }f‘i | comprises their projections u; observed from the N poses.

Each element X; in the control point set corresponds to N different ele-
ments {u;} j\'= , in the projection set, providing known 3D-2D correspon-
dences between the target plane and each of the calibration images. By
randomly selecting no fewer than four samples in the control point set,
we perform Zhang’s calibration to obtain a test result based on the corre-
spondences between the two point sets. Subsequently, the re-projection
errors Eq. (2) for all poses are averaged to determine the overall calibra-
tion error. If the calibration error meets the pre-defined threshold, the
calibration parameters will be updated; otherwise, a subset of control
points will be randomly selected again to perform Zhang’s calibration
until the error threshold or the sampling frequency is reached.

We experimentally found that the RANSAC-based calibration strat-
egy could obviously improve the calibration accuracy in a straightfor-
ward yet simple manner (see Section 3.3), ensuring the precision of op-
tical ODS sensing. It is worth noting that, in a stereo imaging system,
the planar target is imaged by two or more cameras simultaneously for
each calibration pose. The proposed RANSAC calibration method can be
applied independently for each camera or jointly for both cameras. In
the latter case, the corresponding projections of the control point sam-
ples in different cameras should correspond one-to-one. Both cases can
equally determine the relative rotation matrix R and translation vec-
tor t between the two cameras. Furthermore, although each iteration in
our RANSAC calibration procedure follows Zhang’s method and theo-
retically requires only two poses of the planar target, practical consid-
erations such as pose degeneracy necessitate using no fewer than eight
image pairs (typically 8-25) to robustly estimate all calibration param-
eters, including the distortion coefficients.

2.2. Full-field ODS estimation in frequency-domain

Given the calibration parameters of the stereo imaging system and a
set of stereo observations from successive frames of a structural object,
it is possible to recover both the 3D shape and motion of the object in the
time and frequency domains. To achieve this, we first introduce a single-
parameter fundamental model through an improved stereo rectification
strategy to link the object points to their stereo projections. Then, by
incorporating the time dimension and image motion constraints, we de-
velop a time-to-frequency transformation to characterize the ODS in the
frequency domain.

Single-parameter fundamental model. Consider that the two cam-
eras in our stereo imaging system have the same focal length. As shown
in Fig. 2(a), the left and right cameras are referred to as C; and C,, re-
spectively, and the world frame is aligned with that of the left camera.
With this configuration, we represent a 3D object point X by its depth
parameter d through the back-projection as X(d) = x,d, with its nor-
malized projection x; = K~'[u], 1]” and the image distortion has been
removed according to D in Section 2.1. The depth parameterization low-
ers the parameters of reconstructing the object point X from three to
one, formatting the ODS imaging as a single-parameter projective sys-
tem. This implies that we could estimate the ODS by only computing
the depth of each object point of interest (POI).

Therefore, we perform stereo rectification on the original imaging
geometry in Fig. 2(a) by following the well-known Bouguet’s algo-
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Fig. 2. Two-view imaging geometries with depth parameterization. (a) The
original geometric configuration of the stereo vision system consists of left (C,)
and right (C,) cameras, with the reference frame (O — XY Z) aligned to the
left camera’s coordinate system. This alignment allows mapping a pair of pixels
({u,,u,}) to a depth-parameterized 3D point X(d). (b) The rectified stereo ge-
ometry, in which the left and right image planes are mapped to a common plane
at the ideal focal distance f, with parallel optical axes.

rithm [48], obtaining a standard triangulation geometry with collinear
epipolar lines, as shown in Fig. 2(b). Existing work has shown that errors
introduced by stereo rectification could be acceptable for stereo match-
ing and 3D deformation measurement tasks, even if the relative rotation
between cameras is not in the same plane [49,50]. Additionally, stereo
rectification involves geometric transformations of the image domain,
followed by interpolation to obtain the grayscale values of displaced
pixels, which introduces interpolation errors. To address this issue, we
adopt a compromise strategy for stereo rectification, as shown in Fig. 3.

Specifically, we first rectify the stereo image pair obtained in the ref-
erence state using the stereo rectification matrices of the two cameras,
denoted as F; and F,, respectively. Meanwhile, mapping each POI u, (0)
defined on the original left reference image to its rectified position x, (0)
and then, using spatial DIC matching under 1D epipolar constraints to
find the corresponding point x,(0) in the rectified right image. By ap-
plying an inverse mapping with F 1, we can obtain the stereo corre-
spondence u,(0) for the POI u,(0). Subsequently, we perform temporal
DIC matching to track u;(0) and u,(0) individually in the original left-
and right-image sequences to find their positions u,(¢) and u,(#), respec-
tively, in any deformed state. As a result, the rectified coordinates x(r)
and x,(r) of each stereo correspondence can be determined. In this way,
stereo rectification is applied only to the coordinates of the displaced
POIs rather than the entire deformed image pairs, thereby avoiding un-
necessary image interpolation. After rectification, we can estimate the
depth parameter according to the standard triangulation geometry in
Fig. 2(b), as follows:

3

where B and f are the baseline width and the ideal focal length, re-
spectively, and 6, the disparity of viewing X(d) from the rectified stereo
view, is computed as § = x, — x;. We can then derive the fundamental
model that describes the object point X in relation to the disparity in
the following form:

X
X() = Bf;~ (©)]

This formula is built upon the depth parameterization, but in mathe-
matical form, we follow it up by expressing it as a function of disparity
since it is more straightforward to represent the ODS in the frequency
domain. This will be shown in the following content.

Frequency-domain perspective transformation. Following the as-
sumption in continuum mechanics that chooses the undeformed config-
uration as the reference, we can describe the vibration of any observed
object point by tracking its positional changes in a Newtonian reference
frame from the measured temporal stereo correspondences. This means,
at any sampling time 7, the deformed coordinates X(¢) of the object point
can be expressed relative to the reference position X, by using the La-
grangian description of motion as:

X(1) = U®) + X, %)
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Fig. 3. Schematic diagram of spatial-temporal matching with local stereo
rectification strategy. The stereo pair in the reference state is rectified using
matrices F, and F,. Each point of interest (POI), u,(0), is mapped to rectified
space as x,(0), and then matched to x,(0) using 1D epipolar-constrained spatial
correlation matching. Its correspondence u,(0) is recovered via inverse mapping
using F; !. Temporal matching is applied to track u, (f) and u,(¢), and their recti-
fied coordinates x, (f) and x,(¢) are determined at any deformed state. Only coor-
dinates of POIs are rectified in the spatial-temporal matching process, avoiding
interpolation of the full image.

where U() is the displacement vector indicating the motion information
in 3D Euclidean space.

With the fundamental coordinate formation of the object point in
Eq. (4), we have a choice of writing the displacement vector at the time
t with respect to the disparity § in the temporal stereo image domain

x; (1) _ X1(0)>

o(t) 6(0) ©)

U(t)=Bf<

where x(7) and x(0) denote the current deformed image coordinates and
their counterparts in the reference image. Eq. (6) allows for a fast and
efficient solution strategy for the 3D displacement with a few algebraic
operations if we approach the spatial-temporal stereo tracking in the
image plane.

To derive the ODS of a specific frequency from Eq. (6), we con-
sider a multiple-DOF linear time-invariant structural system. The forced
vibration equations are given by:
22U | ,0U()

+ C—= +SU@) = ®(1) @)

M
or? ot

where M, C, S are the constant coefficient matrices of mass, damping,
and stiffness, respectively, and ®(r) is the exciting force vector for all
DOFs. Consequently, by performing discrete Fourier transformation to
Eq. (7), we can obtain an equivalent formulation in the frequency do-
main as follows:

U() = H(o)®(w), €))

where » denotes the frequency parameter and H(w) is a complex matrix
representation of the frequency response function [51]. Every element
of H(w) represents the frequency response relationship of one DOF to
another, including amplitude and phase information. It is worth noting
that the frequency response matrix can be decomposed into a sum of
multiple matrices, each representing the contribution of a single vibra-
tion mode for harmonic excitation [52]. This implies that the response
U(w) constitutes the vibration modes of the system at the frequency w,
providing a fundamental support for measuring the full-field ODS U(w)
through synchronous stereo point motion as shown in Eq. (6). Further-
more, the synchronous 3D imaging of structural vibration ensures that
the motion of object points is measured from different views without
delay, thereby eliminating phase errors in the observed response com-
pared with the existing method [6].

Based on the fundamental observations above, we can derive an effi-
cient visual ODS representation in the complex domain by applying the
Fourier transformation to Eq. (6) over the imaging time range [0, T] as
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follows:

U(w) = Bf /0 ' <);17(tt)) - ’;1(—?))>e*"2mdz. ©)
For notation simplicity, we introduce a state vector:

&0 = );17(:)) eR’, (10)

which gives a compact stereo image motion encoding by combining the
dynamic image of an object point and its disparity jointly. Consequently,
we have a simple linear mapping between the image motion state and
the ODS response in the frequency domain:

T
Ulw) = Bf/0 (&) = EO)e™ = Bf - A&(w), 11

where Aé(w) can be regarded as the disparity-weighted relative image
displacement amplitude in the frequency domain.

Based on the depth parameter model represented by disparity in
Eq. (6), we can observe that the state vector &(t) effectively encapsu-
lates the motion of the stereo images into a compact dynamic vector,
together with a scalar variable, namely the time-varying §(7), to repre-
sent the time-varying normalized 3D coordinates of the object points,
with a maximum magnitude of 1. Therefore, Eq. (9) can be reformu-
lated as the Fourier transform of the relative changes of the state vector,
allowing the displacement amplitude in the frequency domain (i.e., the
ODS response) to be expressed as a linear function of the state vector
changes Aé(w) in the frequency domain without introducing tradition
triangulation process. In this way, Eq. (11) forwards the problem of
ODS estimation to one of performing the Fourier transformation to tem-
poral changes of the weighted state vector in the normalized image do-
main, significantly reducing the complexity compared to the existing
methods. What followed is that we can compute the current frequency-
domain spatial coordinates X(w) by transforming Aé(w) to its reference
position (corresponding to 7 = 0), i.e., X(w) = U(w) + Bf&(w),—g, leading
to

X(w) = Bfé(w), (12)

with &(w) = Aé(w) + &(w),—(, and the reference state vector &(w),— is de-

termined according to the selection of the reference configuration.
Estimation of the ODS response. The algorithm of ODS estimation

for a calibrated stereo imaging system can be summarized as follows:

e Perform stereo rectification in the reference state in Fig. 2, so that
the relative rotation matrix R = I and translation vector t = [B, 0,0]”
to simplify the stereo matching complexity for building the spatial-
temporal correspondences.

e Build stereo correspondences by applying spatial DIC matching

across the rectified stereo pair in the reference state. After that, we

perform temporal DIC tracking to track the deformed stereo positions

{u; © u,} and their rectified coordinates according to Fig. 3.

Evaluate the state vector series {",‘(t)},T:O using the tracked stereo cor-

respondences by following Eq. (10).

Estimate the ODS field U(w). As the state vectors are sampled dis-

cretely, their frequency-domain response A&(w) can be readily ob-

tained by applying the discrete version of the Fourier transformation
in Eq. (11). Subsequently, the ODS U(w) at the frequency w can be
estimated directly according to Eq. (11). Meanwhile, the estimated

ODS fields at all frequency components constitute the response spec-

trum in the frequency domain.

2.3. Damage identification based on ODS measures

After obtaining the ODS U(w), it becomes possible to extract the vi-
bration modes for various feature inspection tasks, such as damage iden-
tification. To accomplish this, we introduce wavelet transformation [53]
which is capable of performing multi-scale analysis on the original ODS
signal. Although the ODS in the frequency domain is associated with 3D
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points on the object surface, it can be tracked one-to-one in the left refer-
ence image frame without projecting the reconstructed ODS back to the
image plane, since each point has a well-defined projection in the left
image according to the imaging geometry shown in Fig. 2. This allows
us to build a manifold representation of the ODS in the left reference
image domain (at the reference state of 1 = 0) with 2D grid coordinates
u. For the purposes of subsequent formula representation, we denote
the ODS manifold as U(u; w) to show the ODS response at a given fre-
quency o varies with the reference image coordinates u. (For the sake of
brevity, we here omit the time subscript of u.) Because of the bijective
relationship described in Eqgs. (4) and (6), the manifold U(u; w) is highly
structured to allow us to query and transform the ODS data by tracking
the image coordinates only, enabling damage identification by applying
a 2D wavelet transformation on the 2D grid as follows, rather than a 3D
transformation on the 3D point cloud.

Giving that a mother wavelet y(u) € £(R?) relative to the image do-
main, we can obtain a family of wavelet functions by transforming y (u)
using shift parameters a € R? and a scale factor s > 0:

w(u;a,s) = éy/(u:a» 13)

where £ denotes a square-integrable Hilbert space defined on the image
domain. With this mother wavelet definition, the continuous wavelet
transformation of signal U(u; ») is given by

W(w;a,s) = % /U(u;w)q/*(u ; a )du, 14

where y*(-) stands for the complex conjugate counterpart of the wavelet
in Eq. (13). The resulted wavelet coefficients W(w; a, s) encode the dam-
age information due to stiffness loss. In practice, as U(w) is measured as-
sociating to the discrete image domain u, Eq. (14) is often approached
as a matrix transformation by choosing a suitable wavelet function to
identify the damage parameters in a blend of mathematical elegance
and practical ingenuity according to the 2D wavelet transformation on
ODS manifold.

At this point, we regard the ODS fields as images to enable the
matrix-based 2D wavelet transformation by introducing the well-known
Haar wavelet, the simplest orthogonal wavelet, whose rectangular basis
functions are well-suited for our purpose of identifying both the loca-
tion and degree of damage without imposing specific limitations on the
shapes or orientations of the damage. The Haar transform is based on
1D rectangular-shaped Haar functions, denoted by y,(x), that are de-
fined over the continuous interval x € [0, 1), where n € R* can be de-
composed as n = 2” + q uniquely. The parameters p and ¢ determine the

amplitude (2°/?) and width ( 1 ) of the rectangular waves of v, (x) and

T
their locations (’1;#) along x, respectively. The amplitude parameter

significantly affects the strength of the Haar wavelet transform and the
width parameter determines the coverage of the wavelet in the time
domain and consequently affects the frequency resolution of the ODS
signal. It can be found that a larger value of p results in a higher am-
plitude but a narrower width. This also means that noise is amplified,
and frequency resolution is sacrificed. Taking this into consideration,
we experimentally adopt a compromise based on the characteristics of
the ODS signal: using the Haar mother wavelet function without trans-
lation or scaling, i.e., setting p = ¢ =0 and thus n = 1, generating the
Haar mother wavelet function as follows:

1, 0<x<05
px)=4 -1, 05<x<1 15)
0, elsewhere

Compared with smoother wavelets such as Morlet and Daubechies,
the Haar wavelet offers sharper spatial localization and avoids spread-
ing local anomalies over larger regions by specializing p = ¢ = 0. Morlet
wavelets, with their oscillatory and Gaussian-modulated structure, pri-
oritize frequency resolution but are less effective at highlighting sud-
den changes. Daubechies wavelets, though compactly supported, are
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smoother and distribute abrupt variations over multiple coefficients,
which could weaken the visibility of localized damage in ODS fields.
This choice provides a balanced compromise: it maintains strong sen-
sitivity to local discontinuities essential for damage localization, mini-
mizes noise amplification by avoiding high-amplitude scales with p = 0
(unit scale), and ensures that the frequency resolution remains suffi-
cient for distinguishing ODS anomalies. The resulting mother wavelet
in Eq. (15) delivers both computational efficiency and reliable detec-
tion performance under practical noise conditions.

Giving a father scaling function ¢(x) with the constant value 1 on
[0, 1) that obeys the fundamental requirements of multiresolution anal-
ysis [54], there exists a discrete form of the mother wavelet function in
Eq. (15) with integer shifts k and binary scalings 2/

W (x) =27y (20 x — k), (16)

where j is the decomposition level which maximum value is determined
by the signal length N in the leading dimension of the image domain
equipped to the ODS manifold. The formula shows that each y;  is ob-
tained from y through the discrete samplings of the shift parameter and
the scale factor. Noting that, after the ODS signal is decomposed via
Eq. (16), its length at the j-th level is reduced to N /2/ by downsampling.
This means that the downsampling operation is equivalent to adjusting
the wavelet translation step size to 2/, thereby automatically generating
a sequence of shift parameters as k =0, 1,..., N/2/ — 1. It can be seen
that as long as specifying a suitable decomposition level j € [0, jax], the
discrete Haar mother wavelet can be completely defined.

Considering the scale parameter determines the frequency band
range of the wavelet analysis, the relation between the decomposi-
tion level and the frequency should be satisfies Nyquist’s sampling law:
®, = w, /27!, with o, the signal sampling frequency and w, the center
frequency of the wavelet band. Since the damage vibration response ap-
pears as a step signal on the ODS manifold, the convolution between the
step signal and the wavelet window reaches an extreme value-indicating
the damage signal-when they are aligned well. Therefore, the appropri-
ate range for j can be inversely determined by setting w. ~ w,; [55],
yielding j = log,(w,/2w,), where w,, the spectral frequency component
corresponding to the damage response due to stiffness loss, is deter-
mined from the actual ODS spectrum.

As a result, we can build N x N Haar wavelet transform matrix W
based on Egs. (15) and (16), as shown in the following concise recursive
equations:

Wy =Wy ®[L1TT Ly @[1,-117] a7

with W = [1], where ® denotes the Kronecker product (or tensor prod-
uct) and I is an identity matrix which has a compatible shape with W.
To compute the wavelet coefficients W for the ODS manifolds U(u; ®),
we first map the rows of U to their Haar coefficients using the matrix
W&' and then convert the resulted temporal coefficient matrix along the
column coordinate using W;}. Because the rows and columns are ex-
changed in the first step, we can finally obtain the wavelet coefficients

W as

w=Wiu(wiH", as)
where (-) is the normalization operator. It should be noted that here
M and N are the dimensions of the gridded region of interest (denoted
as ROI for short) in which the interest points for computing the dis-
placement and ODS are defined, i.e., u € RM*N for U(u; w). Once we
obtained the normalized wavelet coefficients, the damage location and
significance can be identified via maximum detection with the aid of
the non-maximal suppression strategy optionally. As the ROI is usually
a user-defined region within the left reference image, a simple transfor-
mation is required to map the ROI coordinates of the identified dam-
age to world coordinates. Suppose the specified origin of the ROI is u,;
the coordinates of each ROI point in the reference image are given by
u| = u+u,. We can then find its correspondence u), in the right image by
following the rectified spatial matching shown in Fig. 3, allowing com-
putation of the corresponding 3D world coordinates using Eq. (4) or via
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trivial triangulation with Eq. (1), regardless of whether the underlying
surface is planar or curved. In this process, the uncertainty is consistent
with that of 3D reconstruction, mainly arising from calibration and spa-
tial matching, as discussed in Section 3.3. Once the world coordinates
of each identified damage are obtained, its location in the object frame
can be determined (a possible solution is presented in Section 2.3).

It is worth noting that, in this work, we identify the damage signifi-
cance from ODS by following the linear time-invariant vibration system
in Eq. (7). Since the ODS at each frequency characterizes the ampli-
tude response of a single degree of freedom in the vibrating system,
basic principles of structural dynamics imply an approximately inverse
relationship between ODS and stiffness as E ~ %, where |®;| and |U|
indicates the amplitudes of the initial excitation and the detected ODS
response, respectively. According to the linear isotropic damage model
proposed in [56], the damage significance, denoted by ¢, can be defined
in terms of the stiffness as:

$p=1-—, 19

where E; and E; denote the damaged and initial stiffness, respectively,
which can be theoretically estimated using the equivalent stiffness defi-
nition for beams in elementary mechanics of materials, given the known
cross-sectional geometry of the structural component. Therefore, we
could represent the damage significance as a local relative change in
the amplitude of ODS, reflecting the corresponding local reduction in
stiffness, as follows:

Y]

s 20
10,1 20)

p=1-—
where |U, | denotes the ODS amplitude at damaged location(s), allowing
us to identify the damages via the normalized wavelet coefficients in
Eq. (18).

3. Experiments and results
3.1. Experimental setup

In accordance with the stereo imaging geometry in Fig. 2, we con-
figured an experimental setup with two high-speed cameras (Revealer
G536M Pro,1.1/ monochrome CMOS sensor, 3100 fps, minimum expo-
sure time 500 us, global shutter) as shown in Fig. 4, where the left and
right cameras are labeled. These two cameras are identical with a reso-
lution of 2560 x 1920 pixels and were equipped with 24 mm lenses (AF-
S NIKKOR, f/1.8G). Though the two cameras were mounted indepen-
dently due to the limitation of measurement conditions in Fig. 4, it is
preferred that the cameras be mounted on the same crossbar to provide

Left camera

Fig. 4. Experimental setup for ODS and damage identification. The setup
consists of two high-speed cameras (labeled by left and right camera, respec-
tively) and a damaged specimen, with the location of the embedded defect mea-
sured in millimeters.
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a relative rotation angle in one plane to simplify the stereo rectifica-
tion. The specimen used is a 1.5 mm thick metal component made of 304
stainless steel, with dimensions of 300 mm in length and 50 mm in width.
The flatness of the specimen is +5 um. It is worth noting that the spec-
imen is recommended to first fabricate a blind hole on a thicker base
material and then use a precision surface grinding machine for shap-
ing to ensure the flatness. To validate the performance of our damage
detection method, we prefabricated a blind hole as a defect to be identi-
fied. This defect has a depth of 1.0 mm and a diameter of 8.0 mm, located
on one side of the specimen as shown in the right part of Fig. 4. The
other surface was coated with a random speckle pattern using hydro-
graphic transfer printing to facilitate the DIC matching technique, as
the raw surface pattern of the specimen was textureless. The specimen
was mounted on a vibration testing platform through a mounting hole
and was excited by a JZ-1 electromagnetic exciter installed on the plat-
form. The excitation point was located in the middle of the specimen.
Additionally, a 1 KHz magnetic displacement transducer (DT), with a
sensitivity of 280 mv/cm/s and an accuracy of +1 um, was attached at
the location of the defect to read the displacement data via a dynamic
signal acquisition and processing system.

3.2. Measurement details

In conducting the test, the specimen was first brought to a state of
equilibrium by adjusting the stinger of the exciter. Subsequently, the
stereo imaging system was calibrated using the proposed calibration
method in Section 2.1 with a planar target comprising 12 x 9 checker-
board pattern. The calibration target was fabricated from ceramic ma-
terial with geometric dimensions of 200 mm x 160 mm x 4 mm and a pat-
tern size of 14 mm x 14 mm. Additionally, a test planar target featuring
an 8 x 8 checkerboard grid was employed to validate the accuracy of the
imaging system calibration from a 3D reconstruction perspective. This
test target was made of transparent float glass with geometric dimen-
sions of 150 mm X 150 mm x 2 mm and a pattern size of 11 mm X 11 mm.
Given that the manufacturing precision and flatness of the calibration
and test targets are critical to measurement accuracy, both were custom-
made with a pattern size tolerance of +1 um and a flatness of +2 um. Af-
ter calibration, the stereo camera system was triggered synchronously
to capture a pair of speckle images as a reference stereo for subsequent
computation. It is worth noting that, in the calibration process, 18 pairs
of calibration images were synchronously captured for camera calibra-
tion. In addition, we supposed that 10% to 30% of corners in each
calibration image were outliers for sampling the appropriate corners to
determine the parameters. The calibrated internal parameters of both
cameras are listed in Table 1 and the relative external parameters be-
tween them are listed in Table 2. For validation purposes, the calibration
parameters obtained by Zhang’s method are also presented. Note that,
by evaluating the distortion function D in Eq. (1) using the calibrated
distortion coefficients for both cameras, we found that the distortion
functions estimated by our method are consistent with those obtained by
Zhang’s method in terms of typical lens distortion, but exhibit a slightly
lower overall distortion level. As shown in Table 2, the re-projection
error of our method is lower than that of the original Zhang’s method
(the errors of both methods were computed with all calibration image
pairs without removing the ones with large errors), indicating that the

Table 1
Calibrated internal parameters.
Camera Parameter Zhang’s [57] This work
fo Sy 2799.43, 2800.09 2802.78, 2803.09
C; Cys €y 1281.31,1017.01 1282.21, 1012.69
ky, ky -0.068, 0.182 -0.079, 0.180
fo Sy 2791.06, 2795.13 2790.24, 2792.85
C, Cys €y 1258.80, 1029.56 1290.73, 1001.68
ky, ky -0.064, 0.207 -0.012, 0.671
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Table 2
Calibrated relative external parameters.

Method Rotation angle (°) Translation vector (mm) Error

This work
Zhang’s [57]

(-10.89, 23.33, 0.42)
(-9.71, 23.35, 1.14)

(-158.95, -62.32, 46.27) 0.039
(-155.52, -56.07, 35.63) 0.088

proposed algorithm in Section 2.1 achieves an expected calibration per-
formance.

After recording the reference configuration, the exciter applied con-
tinuous excitation to the specimen at 17 Hz, close to its first natural
frequency. Note that, since this specimen is used for comprehensive per-
formance verification of the proposed method in subsequent Section 3.4,
this excitation ensures that the system operates near resonance, produc-
ing sufficiently large amplitudes while maintaining the camera’s depth
of field. This setup provides an adequate field of view and avoids addi-
tional DIC matching errors caused by defocus and small displacement to
balance accuracy validation and optical constraints. During this period,
the vibration of the specimen was observed synchronously by the stereo
cameras at a frame rate of 1000 fps. Limited by the built-in memory of
the cameras, the entire test procedure lasted five seconds, resulting in
a total of 5000 stereo pairs. To estimate the ODS, we defined a ROI in
the left reference image as the computing domain, which is indicated
by the yellow rectangle in Fig. 4.

3.3. Evaluation of stereo calibration method

In addition to the re-projection error that is a necessary condition,
we further evaluated the camera calibration results by computing the
reconstruction errors for both the planar calibration and test targets us-
ing the calibration parameters in Tables 1 and 2. To this end, we define
a world coordinate frame on each of the planar targets where the origin
aligns with the bottom-right corner point and the X and Y axes point
to the right and top, respectively; the Z axis is thus perpendicular to
the target surface according to the right-hand rule. With this coordinate
system definition, we can determine the 3D coordinates of all corners on
each target as the ground truth (GT) for comparing the reconstruction
error of our method with that of the original Zhang’s method. Then, both
targets were imaged to obtain two sets of 108 and 64 pixel correspon-
dences of 3D corner points, respectively. By applying the calibration
parameters obtained by our method and Zhang’s method for triangula-
tion, we can obtain two sets of reconstructed 3D points for each planar
target. The 3D reconstruction results for the 12 x 9 calibration target
and the 8 x 8 test target are shown in Fig. 5(a) and (b), respectively. In
comparison, for both planar targets, the 3D corner points obtained by
our RANSAC-based calibration method are closer to the GT plane (e.g.,
Z =0).

For quantitative verification, we computed the reconstruction errors
by following the 3D Euclidean distance metric ||X — X || for the cor-
ner reconstructions in Fig. 5(a) and (b). The reconstruction error dis-
tributions for Fig. 5(a) and (b) are presented in Fig. 5(c) and (d), re-
spectively, and the maximum and minimum values, mean and standard
deviation (SD) of the reconstruction error were evaluated in each case
as listed in Table 3. For the 12 x 9 calibration target, Zhang’s method
exhibits an error range of 0.010 to 0.230 mm, with a mean and an SD of
0.085 and 0.042 mm, respectively. In contrast, the RANSAC-based method
significantly reduces these errors, achieving a narrow error range of
[0.002,0.029] mm with a lower mean of 0.014 mm and an SD 0.006 mm
- an order of magnitude lower than that of Zhang’s method. Similarly,
for the 8 x 8 test target, our RANSAC-based method again demonstrates
superior performance, with a reduced error range of 0.003 to 0.025 mm,
a lower mean of 0.013 mm and an SD of 0.005 mm, than the conventional
Zhang’s method, whose error distribution ranges from 0.052 to 0.292 mm
with a significantly larger SD 0.043 mm. These results highlight the ef-
fectiveness of the RANSAC-based calibration method in minimizing re-
construction errors. Notably, the SD of the reconstruction errors for both
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Fig. 5. 3D reconstruction results of the corner points. (a) The planar calibration target and (b) the test target using the conventional Zhang’s method and the
proposed RANSAC-based calibration method. The error distributions for the 3D reconstructions in (a) are shown in (c), while those for (b) are presented in (d).

Table 3
Comparison of 3D reconstruction errors between the regular Zhang’s
method and the RANSAC-based calibration method in this work.

3D reconstruction error (mm)

Target  Method
Maximum Minimum Mean SD
12%9 Zhang’s [57] 0.230 0.010 0.085 0.042
This work 0.029 0.002 0.014  0.006
Sx8 Zhang’s [57] 0.292 0.052 0.124 0.043
This work 0.025 0.003 0.013  0.005

targets indicates that the RANSAC-based calibration method achieves an
order-of-magnitude improvement in the precision of 3D reconstruction,
which is crucial for the stereo imaging system to capture small ODS
responses and further identify high-order mode shapes. We attribute
the superior performance to the ability of the RANSAC-based calibra-
tion to robustly reject outlier corners caused by noise, defocus, or un-
even illumination, relying only on consistent points to estimate the cali-
bration parameters with high stability. In contrast, the original Zhang’s
method relies solely on L,-based optimization of the re-projection error
in Eq. (2), which is highly sensitive to even a few inaccurate corners,
reducing both accuracy and stability.

Subsequently, we investigate the performance of the proposed ODS
estimation method by reconstructing the depth map for the reference
configuration since it indicates the quality of the disparity map, which
determines the correctness and accuracy of ODS estimation, as shown
in Section 2.2. To this end, we estimated the disparity map by following
the first three steps. The resulting disparity map is shown in Fig. 6(a).
Subsequently, the depth for each observed point was reconstructed by
applying Eq. (3), generating a depth map as shown in Fig. 6(b). In terms
of appearance, both the disparity and depth maps are smooth, implying
that the observed object points lie on a flat surface, which corresponds
well to the actual geometry of the specimen.

In order to quantify the reconstruction error, we compared the esti-
mated depth map of our method with that reconstructed according to
Zhang’s method, where the benchmark is an ideal plane. This is reason-
able because the specimen surface used in the experiment is planar with
plateness of +5 um. The depth error maps resulting from the calibration
results of the RANSAC-based method and Zhang’s method are shown in
Fig. 6(c) and (d), respectively. Fig. 6(c) shows that the depth reconstruc-
tion error induced by our RANSAC-based calibration method ranges be-
tween —0.06 mm and 0.09 mm, with a mean value of 0.02 mm; while in
Fig. 6(d), the depth error induced by Zhang’s calibration method ranges
between —0.17 mm and 0.35 mm, with a mean value of 0.09 mm, which
is significantly higher than that in (c). This comparison result shows
that the RANSAC-based calibration method gains higher accuracy as we
expected. Although this error level does not directly represent the recon-
struction accuracy of spatial points, it indicates the proposed method’s
performance in recovering the relative 3D shape and thus, can be used
to validate the accuracy and reliability of estimating ODS, which is also
a relative geometry as given in Eq. (11).

Finally, we evaluated the computational efficiency of the proposed
calibration algorithm,which involves three parameters: the inlier thresh-
old, the number of iterations, and the calibration error. However, the
number of iterations is determined by the inlier threshold for a given tar-
get calibration error. In vision-based deformation measurement tasks, a
practical benchmark for calibration error is 0.04 pixels, which is widely
adopted as the default metric for stereo vision system calibration. There-
fore, in this evaluation, the only parameter that needs to be specified is
the inlier rate, or equivalently, the outlier rate that should be filtered
during RANSAC loop. Based on the configuration in Section 3.2, where
10% to 30% of the corners in each calibration image are considered
outliers, computational efficiency was evaluated using inlier thresholds
of 70 %, 80 %, and 90 %.

Table 4 summarizes the computational efficiency of the proposed
RANSAC-based calibration under different inlier thresholds. The results
show that increasing the inlier threshold substantially reduces the num-



H. Zhang et al.

a Disparity (pixels)
( )38 1221.75
1199.38
1177.01
92 184 275
X (mm)
C Depth error (mm
©) 49 p (mm) 0.09
—~ 26
E 0.02
= 13
-0.06
92 184 275
X (mm)

Results in Engineering 29 (2026) 108474

b Depth (mm
( )38 pth (mm) 667.19
— 26
E 654.98
= 13
642.76
92 184 275
X (mm)
d Depth error (mm
@) 5 d () 0.35
—~ 26
E 0.09
= 13
-0.17
92 184 275
x (mm)

Fig. 6. Performance evaluation of the proposed calibration method in terms of disparity and depth estimation. (a) disparity map and (b) depth map estimated
according to our calibration in this work, (c) and (d) are the depth error maps corresponding to our proposed calibration method and Zhang’s method, respectively.

Table 4

Computational efficiency evaluation of our RANSAC-based
calibration algorithm with respect to inlier threshold for a
given target calibration error 0.04 pixels.

Inlier threshold Number of iterations Elapsed time (s)

70% 330 5.92
80% 64 3.84
90 % 13 2.80

ber of iterations and the elapsed time: 330 iterations (5.92 s) for 70 %,
64 iterations (3.84 s) for 80 %, and 13 iterations (2.8 s) for 90 %. It
should be noted that the reported running times are dependent on the
computer configuration. We chose an Intel Core 17-12700K CPU with
32 GB DDR4 memory in our implementation and the elapsed times are
provided here for reference.

3.4. Performance validation of ODS and damage sensing

Demonstration of ODS sensing. With the procedures outlined in
Section 2.2, we estimated the ODS fields within the ROI in Fig. 4 for var-
ious frequencies. To show the correctness and feasibility of our method,
we first investigated the resulting ODS spectrum corresponding to the
position of DT and compared it with the corresponding spectrum ob-
tained from the data recorded by the DT, as shown in Fig. 7. In ad-
dition, we calculated the ODS spectrum curve at this point using the
3D displacement measured by stereo-DIC, a representative of full-field
deformation measurement methods based on optical triangulation, as
shown by the blue curve in Fig. 7. The spectrum curves in the range of
0 to 51.2 Hz are zoomed in for a detailed comparison. Let the ODS spec-
trum of the DT be the benchmark. Both our method and the stereo-DIC
method successfully capture the ODS response at the resonant frequency
of 17 Hz. The corresponding amplitudes are 1.84 mm and 1.80 mm, respec-
tively, compared with the GT value of 1.86 mm, yielding absolute errors
of 0.02mm and 0.06 mm (relative errors of 1.1 % and 3.2 %), respec-
tively. For other frequency components, the stereo-DIC-based method
failed to capture most of the ODS amplitudes, whereas our method was
able to capture the complete spectrum. Even for the frequency at 34.4 Hz
with the smallest amplitude of 0.14 mm, the estimation error remains
only 0.01 mm. We attribute the main reason to the noisy spatio-temporal
displacement reconstructed by stereo-DIC cannot be cleanly separated
from noise after transformation into the frequency domain, requiring lo-
cal filtering that inevitably suppresses high-frequency motion content.
In contrast, our method separates vibration signals from the noise di-
rectly through frequency-domain triangulation, enabling high-fidelity
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Fig. 7. Comparison of the measured ODS spectra. Comparison of the ODS
spectra obtained using the proposed method and the conventional stereo digital
image correlation (stereo-DIC) method, relative to the reference spectra mea-
sured by a displacement transducer.

recovery of ODS responses across the entire frequency range. These re-
sults in Fig. 7 demonstrate that our method reliably captures the correct
dynamic response even for vibration amplitudes as small as 0.14 mm,
showing substantially higher robustness than stereo-DIC to noise and
amplitude variations.

As a demonstration of the measured ODS fields, we focus on spe-
cific peaks of the ODS amplitude curve marked in Fig. 7. Though the
frequency coordinates at which the ODS response spikes are clearly ob-
servable, it is important to note that each point in the inset spectrum
figure represents an ODS field. Therefore, we illustrate four ODS fields
containing points at 17.00 Hz, 51.20 Hz, 150.60 Hz, and 248.80 Hz,
respectively, as shown in Fig. 8. It is evident that the operating deflec-
tion amplitude decreases with increasing vibration frequency, while the
shape and structure become more complex. This phenomenon precisely
aligns with the theoretical trend of the displacement amplitude response
of the component used in our experiment. It is worth noting that, al-
though the accuracy of ODS sensing is validated at a single point using
the displacement transducer, the accuracy at additional spatial points is
expected to follow the same vision-based geometric consistency. This is
because the ODS reconstruction is derived from the linear mapping in
Eq. (11) under a pre-calibrated stereo vision geometry, which provides
a fixed and consistent global constraint on the ODS estimation for all
object points of interest.

Considering that we assume the ODS represents the structural re-
sponse by linearly encapsulating the vibration contributions, we can
identify the mode shapes associated with the detected frequencies in
Fig. 7 from the sensed ODS fields with singular value decomposi-
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Fig. 8. Demonstration of the measured ODS fields. Visualization of the full-field ODS response of the structure at representative frequencies: (a) 17.0 Hz, (b)

51.2 Hz, (c) 150.6 Hz, and (d) 248.8 Hz.
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Fig. 9. Demonstration of the identified mode shapes. 3D mode shapes obtained at several sampled peak frequencies of (a) 17.0 Hz, (b) 51.2 Hz, (c) 150.6 Hz,

and (d) 248.8 Hz.

tion (SVD), details of which can be found in [58,59]. The identified
modal shapes are shown in Fig. 9. The results in this section suggest
that estimating ODS fields with the proposed 3D optical sensing method
is both feasible and accurate. In contrast to the traditional sensors (such
as displacement transducers) which sense the dynamic response at single
points, our method is also capable of identifying vibration frequencies
and 3D modal shapes simultaneously.

Demonstration of damage identification. By applying the intro-
duced wavelet transformation method of the ODS manifold in Sec-
tion 2.3, we obtained the normalized damage response as shown in
Fig. 10(a). An apparent peak value can be observed at the coordinates
of (170.13,21.67) mm of the damage landscape relative to the predefined
RO, as shown in Fig. 10(b). To automatically identify damage, peaks
and their locations can be detected by applying non-maximum suppres-
sion followed by peak detection. In practice, we expect to know the
location of a defect on the structural component rather than its ROI-
based coordinates. Hence, the damage coordinates in the ROI should be
transformed to the object frame defined on the specimen. Let the lower-
right corner of the specimen in Fig. 4 be the origin of the object frame,
with the X - and Y -axis pointing upward and leftward from the origin, re-
spectively, thereby defining the object frame relative to the world frame
(i.e., O — XY Z in Fig. 2) according to the right-hand rule. In this object

10

coordinate frame definition, we constructed the direction vectors of the
X- and Y -axis by specifying the upper-right and lower-left corners of the
specimen, denoted by e, and e,, respectively. The direction of the Z-axis
is thus given by e, = e, x e,. The three corners defining the object frame
are reconstructed by correspondingly selecting their projections in the
left and right reference images and then performing standard triangula-
tion. Denoting the origin of the object frame as Q, the damage position
in the object reference frame is given by
P =[e,e,e ] (P-Q), (21)
where P is the reconstructed 3D position of the damage in the world
frame. As a result, we obtain the final result as (24.26, 195.13) mm, which
is in agreement with the actual position (25.00, 196.00) mm given in Sec-
tion 3.1, and has acceptable precision, with a maximum positioning er-
ror of 0.87 mm in the vertical (length) direction. It should be noted that
the object frame we define here is mainly to facilitate the verification of
the accuracy of damage identification based on prefabricated geometric
information. In practical applications, the appropriate object coordinate
system is usually defined according to the needs of subsequent analysis
(such as life assessment) to determine the damage location according to
Eq. (21).
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Fig. 10. Result of damage identification with the wavelet transform. (a) The identified damage landscape and its peak response, where 0.208 denote the degree
of the identified damage; (b) the damage location (170.13,21.67) mm in the ROI-based coordinate frame.

For the degree of the identified damage, our algorithm determined it
to be 20.8 %. To verify its correctness, we computed the degree of theo-
retical damage according to Eq. (19) using the stiffness parameter (de-
tailed implementation can be found in [56] and elementary mechanics
of materials), and obtained a value of 18.9 %. We can see that the degree
of measured damage is in good agreement with the theoretical value,
with an error of 1.9%. These results demonstrate that the introduced
damage identification algorithm in Section 2.3 is both feasible and ac-
curate in identifying damage location and degree. Moreover, since the
damage identification relies directly on the ODS estimates, this demon-
stration also provides comprehensive validation for our ODS estimation
method as well as the calibration method.

3.5. Experimental demonstration on complex blade structure

In addition to the performance validation, we showcase the rigorous
and broad applicability of the proposed geometric optical sensing frame-
work by measuring the ODS and identifying the damages of a special-
shaped blade structure, as shown in Fig. 11. The blade was made of
white resin material (9400E) using 3D printing technology, with a fab-
rication tolerance of +0.1 mm, and has two prefabricated internal defects
with diameters of 5 mm and 3 mm and depths of 0.8 mm and 0.6 mm, re-
spectively, as shown by the red circles. It can be seen that the blade has
a relatively complex irregular geometric structure (the chord length is
340 mm, the maximum and minimum widths are 120 mm and 60 mm re-
spectively, and the maximum and minimum thicknesses are 6 mm and
1 mm respectively) and thus has 3D curved surfaces on both sides for
allowing us to define a general ROI, as shown in the yellow area, for
subsequent ODS computation. The experimental setup is the same as in
Fig. 4 and the blade was fixedly mounted on the support through the
root mounting hole. In the experiment, the blade was subjected to a
random sinusoidal sweep excitation of 0-300 Hz applied by the exciter,
which was positioned at the middle point 110 mm from the root of the
blade, and the images of the blade motion were simultaneously captured

P 1 2
T 1375 “‘" 46 = 1485 }
Fig. 11. Special-shaped blade specimen. On the left are three blade models
from different viewpoints, and on the right is a surface images of the blade with
the internal damage locations marked, where the top surface is patterned with
a speckle pattern.The labeled distances to the embedded damages are measured
in millimeters.
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Fig. 12. Demonstration of identified ODS spectra. ODS spectra measured at
three locations along the blade structure, specifically at one-quarter (i), one-

half (%), and three-quarters (%) of the chord length L.

by the stereo camera for 2 seconds at the frame rate of 1000 fps after
calibration.

By applying the proposed ODS sensing method in Section 2.2, we can
obtain the ODS fields of the blade structure from the observed stereo
image sequence. To observe the dynamic response characteristics of the
blade structure under the aforementioned vibrational excitation, we se-
lected sampling points at 1/4, 1/2, and 3/4 of the chord length, and
plotted their ODS responses, resulting in the frequency spectrum curves
shown in Fig. 12. We can observe that the frequency ranges where the
ODS significantly enhance are identical at different spatial locations,
therefore determining the six characteristic frequencies of the measured
blade structure, as marked by the red dots, whose values in perfect
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Fig. 13. Demonstration of the sensed ODS maps at six characteristic fre-
quencies. Visualization of the full-field ODS maps captured at the six represen-
tative frequencies corresponding to Fig. 12, highlighting the spatial vibration
patterns of the structure.
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Fig. 14. Demonstration of identified mode shapes for the blade specimen. The mode shape corresponding to each labeled frequency is extracted from the

respective ODS map presented in Fig. 13.

agreement with the theoretical results. To demonstrate the full-field dy-
namic deformation, we visualized the sensed ODS fields corresponding
to these characteristic frequencies in Fig. 13 as well as the deduced 3D
mode shapes from each of the ODS fields in Fig. 14. This result allows us
to clearly observe the dynamic deformation of the blade structure from
the 1st to the 6th order, as shown in Fig. 14 (a)-(f) respectively, without
relying on specific excitation information.

Finally, we successfully identified the damages from the sensed ODS
information according to the algorithm introduced in Section 2.3. The
results are shown in Fig. 15. The identified degree values of damage 1
and 2 are 5.1 % and 3.2 %, respectively, which are consistent with the
theoretical damage degree in terms of stiffness. Considering the irreg-
ularities of the blade geometry, we choose the lower-left corner of the
ROI in Fig. 11 as the origin, denoted as O,, to construct a reference
frame for determining the location of each damage, with the X- and Y-
axis pointing leftward and upward from the origin, respectively. With
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©
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Fig. 15. Results of the identified damage locations and degree values. The
identified damages, labeled as Damage 1 and Damage 2, are quantified by their
relative stiffness loss as 5.1 % and 3.2 %. Their locations are marked by circles
at coordinates (127.08,29.19) mm and (180.07,29.89) mm, respectively.

this object frame configuration, the positions of the detected damage 1
and 2 can be transformed to the blade according to the method intro-
duced in Section 3.4, which are (127.08,29.19) mm and (180.07, 29.89) mm,
respectively. To verify the correctness, we compared the localization re-
sults with the corresponding actual positions of the two damages rela-
tive to the reference frame with the origin at O, in Fig. 11, which are
(126,30) mm and (179,31) mm, respectively. It is found that the maxi-
mum positioning error of damage 1 occurs in the chord length direc-
tion, which is 1.08 mm, while the maximum positioning error of dam-
age 2 occurs in the width direction, which is 1.11 mm. This shows that
our damage identification method has the ability to accurately identify
multiple damages. The experimental results demonstrate that the pro-
posed geometric optical sensing framework offers potential portability
and broader applicability, making it suitable for measuring ODS fields
of and identifying damages in complex structural components even if
subjected to randomly high-frequency vibrations.

4. Discussion and limitations

In Section 3, we validate the feasibility and performance of the pro-
posed method in a laboratory environment to provide a prototype of
geometric optical ODS sensing framework with a fixed two-view ge-
ometry. From engineering perspective, we could develop an integrated
portable stereo imaging device to apply the proposed method to prac-
tical engineering fields by integrating two compact high-speed CMOS
sensors with an adjustable high-intensity light source via a biprism
stereo optics [60], in which an embedded computing platform can also
be integrated to ensure hardware-level synchronization and to run the
proposed ODS sensing and damage identification algorithms. This inte-
grated sensing system is feasible because the fixed stereo optics can be
pre-calibrated once as described in Section 2.1 can then be used any-
where. In addition, our single-parameter ODS sensing algorithm has a
low computational cost, making current image sensors and embedded
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computing chips sufficient to support high-speed measurement tasks of
several kilohertz.

However, for current version, the proposed method has two limiting
factors that need further exploration to improve its implementation for
long-term ODS and damage identification. The first factor is that the in-
tegration of the stereo imaging system used in this work is insufficient
to handle long-term ODS monitoring tasks. The stereo vision system
used in the experiments consists of two separate cameras. Directly ap-
plying this system to long-term ODS measurements presents challenges
in system installation. Therefore, the compact biprism stereo optics as
we mentioned before is a possible solution to forward it available for
long-term monitoring as it has advantages including controllable illu-
mination, high-precision synchronization, portability, and scalability to
large-scale structures by using suitable lenses in a long working dis-
tance. The second factor concerns the damage identification algorithm.
The damage identification algorithm in this work focuses on recognizing
the location and extent of internal structural damage through detecting
the impulse response signals encoded in the ODS manifold. Although
experiments have validated that the method can simultaneously iden-
tify multiple damages, it cannot reflect geometric parameters such as
the shape or orientation of the damage.

5. Conclusions

In this paper, we present a technical framework for full-field ODS
sensing and damage identification in operating structures, leveraging
a two-view stereo imaging system. The framework is approached upon
several critical algorithms including RANSAC-based imaging system cal-
ibration, frequency-domain ODS estimation with depth parameteriza-
tion, and damage identification based on the wavelet analysis of the
ODS fields. To efficiently estimate the ODS fields, we approach a ge-
ometric vision sensing method that maps the motion of object points
measured in stereo image space to the frequency domain by proposing
a vector-based single-parameter linear time-frequency transform model.

We demonstrate the performance of the proposed algorithms
through a series of experiments. The calibration accuracy of the stereo
imaging system can be enhanced by the RANSAC-based calibration
method, which guarantees the quality of the subsequent stereo recti-
fication, while we have also demonstrated the accuracy of the proposed
geometric optical sensing method by reconstructing the depth and dis-
parity maps. Based on accuracy verification results, we showcase the
ODS fields estimated by the proposed method and its capability in iden-
tifying frequency spectrum and modal shapes for structural components,
without prior knowledge of the structural and excitation parameters. A
comprehensive validation of our algorithms can be found in the final
damage identification demonstration in which the damage location and
degree are identified successfully for the tested plate and blade speci-
mens.

Computer vision sensing techniques have already found potential
applications in many fields involving full-field vibration measurement
and damage identification, not least for those operating structures. With
the proposed method, we can rapidly obtain the vibration responses,
such as frequencies and modal shapes, and identify the damage parame-
ters in industrial components and civil structures during operation. This
may lead the method into even more impactful automation applications
in structural health monitoring by incorporating some advanced stereo
imaging modules and edge monitoring systems.
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