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Abstract: Most research on computer vision (CV)-based vibration measurement is limited to the
determination of discrete or coarse mode shapes of the structure. The continuous edge of the
structure in images has rich optical features, and thus, by identifying and tracking the movement
of the structure’s edge, it is possible to determine high-resolution full-field mode shapes of the
structure without a preset target. The present study proposes a CV-based method of full-field mode
shape identification using the subpixel edge detection and tracking techniques. Firstly, the Canny
operator is applied on each frame of the structure vibration video to extract the pixel-level edges,
and the improved Zernike orthogonal moment (ZOM) subpixel edge detection technique is adopted
to relocate the precise structure edges. Then, all the detected edge points are tracked to obtain
the full-field dense displacement time history that is subsequently used to determine the structure
frequencies and compute full-field mode shapes by combining the covariance driven stochastic
subspace identification (SSI-COV) with the hierarchical cluster analysis. Finally, the proposed method
is verified on the aluminum cantilever beam in the laboratory and the Humen Bridge in the field.
The results show that the proposed method is able to detect more precise structure edges and identify
the full-field displacement and mode shapes of structures without the need for installing artificial
targets on the structure in advance, which provides valuable information for the structural condition
assessment, especially for structures with small-amplitude vibrations.

Keywords: modal identification; full-field mode shape; subpixel edge detection; computer vision;
stochastic subspace identification

1. Introduction

Large-scale (long-span or high-rise) engineering structures are prone to vibrate under
external loadings such as wind, earthquake, traffic, etc. These vibrations can cause damage
(e.g., fatigue and cracking) to the structural components, which can lead to the destruction
of the structure, resulting in huge economic losses [1,2]. The monitoring of structural
vibration and modal properties can provide crucial information both for the evaluation
of structural safety and for maintenance purposes in civil engineering [3,4]. Therefore,
the accurate determination of vibration displacements and modal parameters is of great
importance to the structural condition assessment during its service life.

Traditionally, the vibration response of structures has mainly been measured through
contact sensors (e.g., accelerometers or linear variable differential transducer (LVDT) [5].
However, these contact-type sensors need to be installed at specific locations on structures,
which is often difficult or even impossible in some cases. Recently, the non-contact sensing
system based on computer vision (CV) has been developed and applied to vibration
measurement [6–8]. The CV-based photogrammetry techniques for structural vibration
measurement mainly include the template-matching method [9], digital image correlation
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(DIC) [10], and the optical flow method [11]. Feng et al. [12] adopted the template-matching
algorithm with upsampled cross-correlation to determine the structural displacement by
tracking the artificial target on the structure and verified its feasibility on a steel frame
in the laboratory [13]. The DIC method uses dense speckle patterns as artificial targets
on the structure surface and calculates the grayscale variations to acquire the vibration
response [14]. The above methods require manually adding high-contrast patterns on the
test object as optical targets for CV processing. To address this limitation, many researchers
utilize the internal features of the test object to perform the optical measurement. The
optical flow method is one such method that works by calculating the brightness variation
of pixels in image sequences [15]. Caetano et al. [16] used this method [17] to measure
the displacement of the region of interest (ROI) on cables without the set of any targets,
and the reverse synthesis algorithm was used to further reduce the computation time [18].
Although the full-field optical flow method stated above can compute the Eulerian velocity
field of the whole image, the computational time is too long for online monitoring. Hence,
Cha et al. [19] adopted the phase-based optical flow algorithm to measure the displacement
of a few specific pixels in the image. Guo et al. [20] employed deep learning to automatically
select pixels for target tracking to obtain the vibration displacement time history of the
structure, which was verified in laboratory experiments.

Most research on CV-based vibration measurement is limited to the determination of
the displacement or frequencies of vibrating structures. The mode shapes of structures are
also critical indicators for structural health monitoring and damage detection. Recently,
a few researchers have developed CV-based methods for the identification of structural
mode shapes. Dong et al. [21] used the template-matching method to synchronously
measure the dynamic displacements of the structure at various locations to identify mode
shapes of a simply supported rectangular steel girder. Yoon et al. [22] combined the Harris
corner detection algorithm with the Kanade–Lucas–Tomasi tracking algorithm to obtain
the displacement time history of the structure and extract the discrete mode shapes of the
structure using the eigensystem realization algorithm. The above methods only obtain
discrete mode shapes of structures, while the heterogeneity of the integral mechanical
properties of structures needs the acquisition of the high-resolution full-filed mode shapes
of structures to identify and localize the damage [23]. Some scholars have applied the DIC
technique to ascertain the full-field mode shapes. Poozesh et al. [24] used this technique
with the phase-based motion magnification [25] to obtain the full-field vibration response
of the laboratory cantilever beam and wind turbine blade. Yu and Pan [26] used the high-
speed stereo-DIC method with a four-mirror adapter to determine the full-field mode
shapes of a rectangular cantilever beam. Meanwhile, Chen et al. [27] applied the phase-
based motion magnification method to extract the coarse shapes of the first four mode
shapes of a cantilever beam, and Yang et al. [28] advanced this strategy to visualize the
full-field mode shapes by employing the edge-detection algorithm. However, several
limitations come with the DIC technique, such as the need to paint the structure surface
with speckles, while the mode shapes identified by the motion magnification method are
only for visualization and cannot be quantified for further applications such as structural
condition assessment.

The structure edge in images is a key feature for image segmentation, understanding,
and recognition. By identifying and tracking the movement of the structure edge, it is possi-
ble to determine the high-resolution full-field mode shapes of the structure without a preset
tracking target. Therefore, the present study proposes a CV-based method for the full-field
mode shape identification of structures using subpixel edge detection [29–31] and tracking
techniques. Firstly, the Canny operator is applied on each frame of the structure vibration
video to extract the pixel-level edges, and the improved Zernike orthogonal moment (ZOM)
subpixel edge-detection technique is adopted to relocate the precise structure edges. Then,
all the detected edge points are tracked to obtain the full-field dense displacement time
history, which is subsequently used to determine frequencies and compute full-field mode
shapes of the structure by combining the covariance-driven stochastic subspace identifica-
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tion (SSI-COV) with the hierarchical cluster analysis [32]. Finally, the proposed method
is verified on the aluminum cantilever beam in the laboratory and the Humen Bridge in
the field.

2. Theory and Methodology

The proposed full-field mode shapes identification method based on the subpixel
edge-detection and tracking techniques involves four main steps, as shown in Figure 1.
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Step 1: Apply the Canny operator [29] on each frame of the structure vibration video
to extract the pixel-level edges that are expressed in integer-type coordinates.

Step 2: Apply the improved ZOM-based subpixel edge-detection technique to relocate
the subpixel-level edges that are expressed in real number-type coordinates.

Step 3: Apply the edge tracking technique on the dense subpixel edges to obtain the
preliminary full-field displacement time history and subsequently calibrate the displace-
ment using the proposed adaptive scale conversion method.

Step 4: Apply the SSI-COV and hierarchical cluster analysis on the full-field displace-
ment time history to automatically identify the high-resolution mode shapes of structures.
Each step is detailed in the following subsections.
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2.1. Detection of Pixel-Level Edge

Edge detection is a basic technique in image processing for feature extraction. The
popular pixel-level edge-detection methods are the Roberts [33], Sobel [34], and Canny
algorithms. The Roberts algorithm is very sensitive to noise and produces weak responses
for genuine edges, while the Sobel algorithm is less sensitive to noise but has a long
computation time. However, the Canny algorithm performs better than all these operators
in almost all scenarios [35]. Thus, it is used to acquire continuous dense pixel-level edge
points, and it mainly includes the following steps: (1) preprocess the ROI in the image using
the Gaussian filter as a smoothing technique for noise removal; (2) calculate the gradient
direction and amplitude of all pixels of the ROI; (3) find the local maxima of gradient
amplitudes for all the pixels of the ROI using the non-maximum suppression and set the
gradient amplitudes of the remaining pixels to be zero; (4) set two thresholds, T1 and T2, to
classify the pixels into three parts—the pixel with a gradient amplitude >T2 is defined as
an edge point, the pixel with gradient amplitude <T1 is defined as a non-edge point, and
the pixel with a gradient amplitude between T1 and T2 is retained when adjacent to the
edge points.

2.2. Relocation of the Edge in Subpixel-Level

The pixel-level edge-detection algorithms in the above step can only provide the location
of the edge point at the pixel level, i.e., the coordinates of the edge points are integer pixels,
which is not precise enough for the case with subtle vibrations. Thus, subpixel edge-detection
techniques have been developed for precise edge localization, including four main categories,
i.e., interpolation-based [36,37], fitting-based [38,39], moment-based [30,31,40–44], and the
partial area effect (PAE) method [45]. Among them, the moment-based method is not sensitive
to noise and is widely used. Hence, the subpixel edge-detection method based on the
improved ZOM is adopted herein for relocating more precise edges, as elaborated below.

2.2.1. Improvement of the Edge Model

Most existing ZOM-based edge-detection methods adopt the simple step function
as the edge model, assuming that the gray values at the edge change abruptly as seen in
Figure 2a. In the figure, v′ is the axis parallel to the edge, u′ is the axis perpendicular to
the edge, and I represents the pixel intensity. However, the intensity at the edge changes
gradually in real images. Therefore, the linear ramp edge model has been developed for
the intensity profile across an edge [31], as shown in Figure 2b, where l is the distance from
the center to the ideal edge.
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The ideal edge spread function (ESF) for the pixel intensity in a unit circle is expressed as

I(u′) = h +
k
2

[
1 + er f (

u′ − l
σ
√

2
)

]
, (1)

where σ controls the edge width, h represents the background intensity, and k is the
step height.
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After introducing the linear ramp edge model, the ESF in a unit circle can be expressed
as a piecewise function as

I(u′) =


h

h + k[u′ − (l −ω)]/(2ω)
h + k

u′ ≤ l −ω
l −ω < u′ < l + ω

u′ ≥ l + ω
, (2)

where 2ω is the edge width. The function is approximate to the Gaussian ESF when
ω = 1.66σ.

2.2.2. ZOM-Based Edge Location Calculation

After improving the edge model, the ZOM-based method is used to calculate the
subpixel-level coordinates of the edges, as detailed in Ghosal and Mehrotra [30]. The
Zernike moment of order n and repetition m for the 2D intensity function f (u, v) is
defined as

Znm =
n + 1

π

x

u2+v2≤1

f (u, v)Tnm(r, θ)dudv =
n + 1

π
Anm, (3)

where f (u, v) is the gray value of pixel (u, v) in the unit circle, Tnm(r, θ) is the Zernike
moment kernel function expressed in polar coordinates.

The edge coordinates are determined based on the rotation invariance of ZOM; that
is, the modulus of ZOM remains the same before and after the rotation of the image, only
the phase angle changes. When the image rotates with an angle ψ as shown in Figure 3,
the relationship between Anm and A′nm can be obtained through the polar coordinate
transformation as,

A′nm = Anme−jmψ, (4)

where j =
√
−1, Anm is the Zernike moment of the pixels in the original u− v coordinate

system, and A′nm is the Zernike moment of the pixels in the rotated u′ − v′ coordinate
system aligned with the edge.
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According to the condition that the imaginary part of A′11 is equal to zero, i.e.,
Im[A′11] = 0 [30], the edge orientation can be calculated in combination with Equation (4) as

ψ = tan−1(
Im[A11]

Re[A11]
), (5)
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where Im[A11] is the imaginary part of A11, and Re[A11] is the real part of A11. It is seen
that only one Zernike moment A11 is required to calculate the edge orientation. Meanwhile,
the distance of the edge to the center can be obtained as

l =
[

1−ω2 −
√
(ω2 − 1)2 − 2ω2 A20/A′11

]
/ω2, (6)

Subsequently, the coordinate of the edge point in subpixel-level is determined as[
u
v

]
= l
[

cos(ψ)
sin(ψ)

]
, (7)

Two edge images generated by software and processed with Gaussian blurring, i.e.,
straight edge and curved edge, as illustrated in Figure 4, were used to compare the perfor-
mance of the pixel-level and subpixel-level edge-detection algorithms. The pixel-level edge
points extracted by the Canny operator and the subpixel-level edge points extracted by the
improved ZOM-based method are shown in Figure 4, which shows that the subpixel-level
edges are closer to the true edges than the pixel-level edges.
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2.3. Extraction of Full-Field Displacement Time History
2.3.1. Displacement Extraction Based on Edge Tracking

The noise and other factors in the image may result in the detection of false edge
points; that is, there could be more than one edge point at the same coordinates around
the edge. As shown in Figure 5, the red points are false edge points. In order to eliminate
those false edge points and obtain the genuine edges, a threshold T1 is used to make the
selection. For example, there are two points at the i+1th row in the first frame of Figure 5.
The point with a horizontal distance to the reference point xi(1) larger than T1 is treated as
false edge point (i.e., the red point x′ i+1(1)), and only one point with a distance smaller
than T1 is the genuine edge point (i.e., point xi+1(1)).
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Moreover, in order to improve the robustness of edge tracking, the average of 2a + 1
edge points is used to calculate the position of the edge point. For example, as for the edge
point xi(1) in the first frame, all the edge points in the range of a, i.e., from point xi−a(1) to
point xi+a(1), are used for averaging to calculate the coordinate of the point. For instance,
if a = 1, three points are used for the average. Thus, the updated position of the edge point
xi(1) is determined as

x̃i(1) =
[xi−a(1) + xi−a+1(1) + · · ·+ xi+a−1(1) + xi+a(1)]

(2a + 1)
, (8)

The position of the same edge point in each video frame is tracked to calculate the
movement of the edge point, in such a way that the displacement of each edge point is
obtained. In order to match the edge point in adjacent frames, a threshold of T2 is used:

|xi(t)− xi(t− 1)|< T2, (9)

where xi(t) and xi(t− 1) are the horizontal coordinates in the frame t and t− 1, respectively.
The average process is repeated for each frame to calculate the updated position.

After the updated positions of the edge point in all frames are obtained, the horizontal
movement of the edge point in the t-th frame relative to the first frame is calculated as

xi(t) = x̃i(t)− x̃i(1), (10)

The time history of point i can be obtained as {xi(1), xi(2), · · ·, xi(n)}, where n is the
total number of video frames, as shown in Figure 5. By applying the same procedure on
all the edge points, the full-field displacement time history of the structure edge can then
be obtained.

2.3.2. Displacement Calibration Based on Adaptive Scale Conversion

For larger structures such as long-span bridges, if the camera is set at a long distance
to the bridge and the shooting range includes the entire bridge, different positions of the
bridge will have different scale factors due to the effects of camera distortion and shooting
angle. Some studies ignore this effect by assuming that the optical axis of the camera is
perpendicular to the plane of structure vibration, while some studies consider this effect
through camera calibration by mounting a target on the structural surface. Herein, this
study presents the adaptive-scale conversion method to calibrate the displacement. The
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principle is that the physical width of the measured structure remains constant, which is
used as a base to calculate the scale factor at each position, as detailed below.

Choose a section as the reference position with the pixel width l0(t). According to the
assumption that the physical widths of both positions are equal, the scale conversion factor
at position i can be calculated as

l0(t) =
∣∣∣ỹu

0 (t)− ỹd
0(t)

∣∣∣, (11)

li(t) =
∣∣∣ỹu

i (t)− ỹd
i (t)

∣∣∣, (12)

ki(t) =
l0(t)
li(t)

, (13)

where ỹu
0 (t) and ỹd

0(t) are the coordinates of the upper edge point and lower edge point at
the reference position, while ỹu

i (t) and ỹd
i (t) are the coordinates of the upper edge point

and lower edge point at the calibrating position i, respectively, as shown in Figure 6. ki(t) is
the scale conversion factor of position i, and the displacement of all the points at position i,
yi
′(t), is calibrated by multiplying the original displacement yi(t) with the scale conversion

factor as follows:
y′ i(t) = ki(t) · yi(t), (14)
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It is noteworthy that the displacement obtained here is the pixel displacement and is
only used to identify the natural frequencies and mode shapes of structures. Therefore, it is
not necessary to obtain the physical displacement of the structure.

2.4. Identification of Full-Field Mode Shapes

The operational modal analysis (OMA) method [32] is applied on the displacement
time history extracted from the above procedure to identify the full-field mode shapes of
the structure. Firstly, the SSI-COV method is applied to the full-field displacement time
history to determine the modal parameters that are represented in the stability diagram.
Then, the hierarchical cluster analysis is used, which leads to the automatic identification
of mode shapes from the stability diagram while eliminating the false modes. The details
are as follows.
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2.4.1. Extraction of Modal Parameters Using SSI-COV

The full-field displacement time history of the structure is first expressed as a Hankel
matrix, based on which the covariance matrix is constructed by calculating the elements
using Equation (15) as

Xi =
1

N − i

N−i−1

∑
k=0

xk+i · xT
k , (15)

where xk is a vector with the sampled outputs at time instant k, N is the number of points
of the time series, and superscript T means transpose. The covariance matrix is constructed
as follows:

T1|i =


Xi Xi−1 · · · X1

Xi+1 Xi · · · X2
· · · · · · · · · · · ·

X2i−1 X2i−2 · · · Xi

, (16)

The singular value decomposition is then applied to obtain the system matrix, and the
modal parameters are calculated by the eigenvalue decomposition.

2.4.2. Automatic Identification of Physical Modes Using Hierarchical Cluster Analysis

The stability diagram is typically used with the SSI-COV technique to determine the
modal parameters. However, it requires to manually distinguish the false modes from all
the identified modes to obtain the real modes. Therefore, the hierarchical cluster analysis is
adopted to improve the efficiency and to automatically identify the physical (real) modes.
Each modal parameter is regarded as a cluster, and the distance between each cluster is
calculated. The two clusters with the smallest inter-cluster distance are merged into a
new cluster, and the distances between clusters are recalculated and the merge process is
repeated until the distances between all clusters are larger than the preset threshold. The
inter-cluster distance is calculated as

d(r, s) =
∣∣∣∣ fr − fs

fs

∣∣∣∣+ (1−MACr,s), (17)

where fr and fs are the natural frequencies of r-order and s-order, and MACr,s represents
the modal assurance criterion between the r-order and s-order mode shapes.

3. Verification with Cantilever Beam Vibration

A vibration video of a cantilever beam in the literature [28] was analyzed to verify the
feasibility and effectiveness of the proposed framework. The beam is made of aluminum
with a fixed base at the bottom and a free end on the top. The beam structure was
horizontally excited with an impact hammer on the bottom, and a stationary camera
with a pixel resolution of 1920 × 1080 was used to record the structure vibration at a
frame rate of 480 frames per second. The processed video has a duration of 1.25 s and
contains 600 frames with a pixel resolution of 384 × 216. More details are referred to the
literature [28].

3.1. Results of Edges by Different Detection Algorithms

The proposed method uses the Canny operator to locate the rough pixel-level edge,
and applies the ZOM-based algorithm to relocate the precise subpixel-level edge as shown
in Figure 7. It can be seen that the subpixel-level edges are much closer to the true edge
than pixel-level edges. That is, the ZOM-based subpixel algorithm significantly improves
the accuracy of edge detection.
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Figure 7. Edge points extraction of the cantilever beam.

The performance of the proposed method was compared with the other two methods,
i.e., the PAE-based algorithm and the method proposed by Christian [31] combining the
Sobel operator with the ZOM-based algorithm, as shown in Figure 8. As can be seen in
Figure 8a, many edge points are missing on the top part of the beam, and the method
from the literature detected a lot of noise edge points at the bottom, while the result of
the PAE-base method shown in Figure 8b is slighter better but still with a few missing
edge points and many noise points. In contrast, the proposed method has detected a very
complete edge and has almost no noise point as shown in Figure 8c. This indicates that the
proposed method has very good performance in edge detection.
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3.2. Results of Displacement Time History

The displacement time history of the beam can be extracted by tracking the movement
of the detected edge points in all the video frames. Figure 9 illustrates the displacement time
histories of the tracked edge shown in Figure 7 using the Canny operator and the above
three subpixel edge-detection methods. As can be observed in Figure 9a, the displacement
by the Canny operator contains many horizontal segments, implying that the displace-
ment difference less than one pixel cannot be detected, which results in low accuracy of
the displacement identification, especially for the cases with small vibration amplitudes.
Figure 9b–d show the displacement time histories from the edges detected by the three
subpixel algorithms, i.e., the algorithm in the literature [31], the PAE-based algorithm, and
the proposed algorithm. By comparison, it is seen that the result of the proposed algorithm
shows a good periodic pattern and is much better than the other two algorithms.

3.3. Results of Frequencies and Full-Field Mode Shapes

The fast Fourier transform (FFT) was applied to the displacement time history and
the frequency spectra were obtained, as illustrated in Figure 10 (according to the Nyquist–
Shannon sampling theorem, the maximum horizontal coordinate value is set to half of the
camera frame rate, i.e., 240). It is apparent in Figure 10a that only the first bending vibration
frequency of the cantilever beam can be recognized, while the algorithm from the literature
and the PAE-based algorithm can identify the first two bending vibration frequencies with
some noise peaks in between. In contrast, the proposed method can clearly identify the
first four bending vibration frequencies. Table 1 compares the frequencies identified by
the proposed method with the theoretical values [46], which shows that the errors are
within 3%.
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Table 1. Comparison of vibration frequencies of the cantilever beam (unit: Hz).

Mode Number
1© Theoretical
Values [46]

2© Proposed Method Error (%)
| 2©- 1©|/ 1©

1 7.59 7.5 1.19
2 47.57 47.34 0.48
3 133.18 133.6 0.32
4 219.96 226.4 2.93

The full-field displacement time history of the ROI shown in Figure 7 was further
extracted by the proposed method to establish a measurement matrix D(X, T), where X
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represents the number of edges sampled and T is the data volume of each edge throughout
the sampling period. Then, according to the assumption that the thickness of the cantilever
beam is a constant, the matrix was calibrated using the adaptive scale coversion method.
Furthermore, the SSI-COV method was applied to obtain the physical modes from the
calibrated matrix. Different numbers of displacement time history were selected as input
signals from the matrix D(X, T) to obtain sparse and full-field 2D mode shapes as shown
in Figure 11.
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The mode shapes of the cantilever beam can be identified based on the time histories
of all the edge points. In this case, 316 subpixel points were identified for the edge of the
cantilever beam. Thus, the full-field mode shapes containing any points (with a maximum
of 316 points) as required can be identified. The fourth-order bending mode shape of the
cantilever beam is weak and difficult to identify due to the effects of the camera recording
quality and environmental noise. Herein, the first three bending vibration mode shapes of
the cantilever beam identified using 10, 36, and 106 points are demonstrated in Figure 11,
which shows that more edge points are selected, the higher the resolution of the 2D mode
shapes that can be identified. The results show that the proposed method is capable of
identifying the high-resolution full-field mode shapes without installing artificial targets.

4. Application on a Real Bridge

The proposed method was applied for the modal identification of the Humen Bridge in
China. A wind-induced vortex vibration occurred in 2020, and a video clip [47] was taken
at a frame rate of 30 fps, containing 1080 frames with a pixel resolution of 1920 × 1080. Due
to the large number of edge points of the bridge girder, only a few edge points depicted in
Figure 12a,b were selected for measurement.
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The lower edge of the bridge girder was extracted for the above positions. The
position near the mid-span (i.e., ROI shown in Figure 13) was selected as an example for
demonstration, as shown in Figure 13. The ROI was processed using the Canny operator to
obtain the rough edge coordinates and the ZOM-based algorithm was used to precisely
relocate the edge coordinates that were close to the true edge.

The vertical displacement time histories at positions 1, 6, and 11 in Figure 12a were
extracted using the proposed method after obtaining the subpixel position of the bridge
edge, as shown in Figure 14. The resonant frequency corresponding to the displacements of
these three positions is 0.3611 Hz, which validates the repeatability of the proposed method.
Compared with the measured frequency of Humen Bridge when it was built [48], it is
found that the extracted frequency is in good agreement with the third-order frequency of
vertical bending vibration, with an error of 2.06%. It is noted that for a long-span structure,
the vibration can still be treated as small-amplitude vibration because its displacement is
small with 2–4-pixel displacements in the image due to a long shooting distance.

Figure 15a,b show the identified 2D mode shapes of the bridge girder using 11 points
and 51 points. From Figure 15a, it is difficult to determine which mode the mode shape
belongs to, while it can be seen in Figure 15b that the identified mode shape is similar to
the third-order mode shape of vertical bending vibration, which matches the frequency
result. Thus, the proposed method can effectively determine the full-field mode shape of
large-scale structures such as the Humen Bridge. It is noted that the public video used for
this study has poor quality as a non-specialized test, and the proposed method can obtain
more precise and complete mode shapes with higher resolution when conditions permit.
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Figure 15. Identified mode shapes of girder: (a) 11 points; (b) 51 points.

5. Conclusions

This study proposes a method of full-field mode shape identification based on the
subpixel edge-detection and tracking techniques. The Canny operator and the improved
ZOM-based subpixel edge-detection technique were adopted to detect the precise structure
edges. The detected edge points were then tracked to obtain the displacement time histories,
which were subsequently used to determine the full-field mode shapes of the structure.
The proposed method was verified on an aluminum cantilever beam in the laboratory and
the Humen Bridge in the field. The following conclusions are drawn:

(1) The proposed method uses the Canny operator to locate the rough pixel-level edge
and applies the ZOM-based algorithm to relocate the precise subpixel-level edge. The
detected edge is very complete and close to the true edge, which shows a much better
performance in edge detection compared to the methods in the literature.

(2) The methods in the literature can only identify the first two bending vibration
frequencies of the cantilever beam, while the proposed method can clearly iden-
tify the first four bending vibration frequencies, with errors of less than 3% of the
theoretical values.

(3) The results of the cantilever beam and the Humen Bridge confirm that the proposed
method is capable of identifying high-resolution full-field mode shapes without
installing artificial targets. A higher resolution of the mode shapes can be identified
as more edge points are selected. The identified high-resolution mode shape of the
Humen Bridge is helpful to the determination of modal characteristics.

However, this study has not considered the influence of complex environments in
terms of, e.g., temperature, rain, fog, and atmospheric flow. The applicability under such
conditions is the content of future research. In addition, since the actual displacements of
the cantilever beam and Humen Bridge are not available, further tests will be conducted to
verify the accuracy of the displacement identification using the laser displacement sensors.
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