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ABSTRACT

The phase-based displacement measurement method has received increasing attention due to its high subpixel accuracy and robustness against illumination vari-
ations. However, its overall performance is constrained by the computational inefficiency introduced by the additional phase extraction step. Recent studies have
attempted to improve computational efficiency by proposing new phase extraction techniques, but these approaches often suffer from limited robustness, leading to
reduced measurement accuracy. To overcome this limitation, a novel phase extraction method is developed to preserve the high measurement accuracy of traditional
phase-based methods while significantly enhancing computational efficiency. Featuring a simple mathematical structure and a condensed focus frequency at each
scale level of the Laplacian pyramid, the proposed Complex Laplacian Pyramid with Condensed Focus Frequency (CLP-CFF) method achieves a better balance
between accuracy and efficiency than existing phase-based methods. The accuracy, computational efficiency, and robustness of the CLP-CFF method are further

validated through laboratory and real-world experiments.

1. Introduction

In the field of structural health monitoring, the displacement of
structures is an important parameter. It can be used for studying the
dynamic properties of structures, assessing load levels, and evaluating
their health conditions (Javadinasab Hormozabad et al., 2021; Per-
ez-Ramirez et al., 2019). Civil structures carry various loads during their
lifetime, such as traffic, earthquake, and wind loads. The monitoring of
structural responses under these loads, whether in field or laboratory
experiments, is critical to assess the health condition of structures and
ensure safe operation (Amezquita-Sanchez & Adeli, 2019; Oh et al.,
2017).

Conventional displacement measurement techniques are generally
categorized into two groups: contact-based and non-contact-based ap-
proaches. Contact-based methods, such as linear variable differential
transformers (LVDTs) and draw-wire displacement sensors, are
commonly used (Gomez et al., 2018; Saxena & Seksena, 1989). How-
ever, these techniques often introduce additional mass or force to the
structure, which may affect the accuracy of dynamic behavior analysis
and load evaluation. In comparison, non-contact methods eliminate
these drawbacks. One example is the GPS-based displacement mea-
surement approach, which, despite being non-invasive, suffers from
limited precision, typically restricted to the centimeter level (Feng &
Feng, 2016). Another non-contact option is the Laser Doppler
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Vibrometer (LDV), which offers high measurement accuracy, although it
comes at a substantial cost (Chen et al., 2018).

In recent years, advancements in computer vision and computational
power have led to growing interest in vision-based approaches for
displacement measurement (Pan et al., 2023; Park et al., 2015). As a
type of non-contact technique, vision-based methods provide several
advantages, including low installation labor, extended measurement
range, and enhanced accuracy and robustness, especially when inte-
grated with well-designed computer vision algorithms (Feng & Feng,
2018; Xu & Brownjohn, 2018).

The algorithm of displacement measurement is the most important
step in the vision-based method, which affects the accuracy, robustness,
and efficiency of the vision-based method (Feng & Feng, 2018; Luo &
Feng, 2018). Therefore, the investigation and development of algo-
rithms for vision-based methods are the main focus of our study. In
general, the algorithms for vision-based displacement measurement can
be divided into two groups, the intensity-based methods and the
phase-based methods (Miao et al., 2023).

The intensity-based methods include template matching, feature
point matching, digital image correlation (DIC), intensity-based optical
flow, and, deep learning-based method (Dong & Catbas, 2021). The
traditional optical flow method can estimate the displacement field of a
video at subpixel level, but it relies on the assumptions of constant in-
tensity and small motion (Horn & Schunck, 1981). Under these
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conditions, the method cannot uniquely determine motion because it
has two unknown velocity components but only one constraint. To
overcome this limitation, the Lucas-Kanade (LK) optical flow method
assumes that all pixels within a small region move in the same way,
which enables a more stable solution (Lucas & Kanade, 1981). Although
this improves robustness, its performance still decreases when the mo-
tion becomes large. Deep learning-based methods have recently ach-
ieved significant progress in optical flow estimation. One representative
approach is the Recurrent All Pairs Field Transforms (RAFT) method,
which calculates the similarity between all pixel pairs in two frames and
then refines the motion prediction through iterative updates (Teed &
Deng, 2020). This strategy allows the method to capture both large
movements and fine details more effectively than earlier techniques.
Overall, the intensity-based displacement measurement algorithms are
highly sensitive to changes in illumination, necessitating the careful
preparation of lighting and high-contrast markers, which requires
extensive preparatory work.

In addition to intensity, phase represents a critical attribute of im-
ages, conveying the position of waveform elements within their oscil-
lation cycles (Morrone et al., 1986). Due to its relative invariance to
illumination changes and strong capability in revealing structural
characteristics, phase information proves especially valuable for tasks
like feature detection, motion magnification and displacement mea-
surement (Cai et al., 2023; Fleet & Jepson, 1990; Morrone & Owens,
1987). Recently, phase-based displacement measurement has attracted
increasing attention for its robustness to illumination variations and its
capability to achieve high-precision subpixel accuracy (Barron et al.,
1994; Collier & Dare, 2022; Diamond et al., 2017; Fleet & Jepson, 1990).

Although phase-based methods offer significant advantages, they are
often hindered by high computational demands (Luan et al., 2021;
Simoncelli & Freeman, 1995; Yang & Tse, 2021). Nonetheless, compu-
tational efficiency remains a key requirement in vision-based displace-
ment measurement, especially in scenarios such as real-time monitoring,
high-resolution video analysis, and long-duration tracking, where high
computational efficiency is essential (Feng & Feng, 2018; Ma, Choi, &
Sohn, 2022).

Typically, phase-based displacement measurement consists of two
primary stages: phase extraction and the calculation of phase-based
optical flow (Fleet & Jepson, 1990). Among these, the phase extrac-
tion step is the most computationally demanding, as it involves applying
a filter to each video frame through convolution operations (Fleet &
Jepson, 1990; Simoncelli et al., 1992). However, the choice of phase
extraction technique is flexible, since a variety of algorithms have been
employed for displacement measurement (Chen et al., 2014; Fleet &
Jepson, 1990).

Current phase extraction methods can generally be divided into two
main categories: traditional methods, such as the Gabor wavelet and
complex steerable pyramid (CSP), and recently developed methods
(Chen et al., 2015; Fleet & Jepson, 1990; Li et al., 2023; Liu et al., 2022;
Liu et al., 2024). Traditional phase extraction methods have been
extensively validated in various applications and estimation tasks,
demonstrating high robustness and accuracy (Collier & Dare, 2022;
Diamond et al., 2017; Ma, Choi, Liu, et al., 2022; Miao et al., 2022;
Shang & Shen, 2018). However, they suffer from computational in-
efficiency due to their complex mathematical formulations and the
overcomplete representation of the original signal (Movellan, 2002;
Simoncelli & Freeman, 1995). To address this limitation, recently
developed methods have been proposed to address this limitation,
particularly by simplifying parameter selection and phase extraction
processes. These methods include the Hilbert and Riesz
transform-enhanced methods, and derivative-enhanced methods (Li
et al., 2023; Liu et al., 2022; Liu et al., 2024). Nevertheless, they have
not been widely validated through diverse applications, and their
robustness and accuracy may be inferior to those of traditional methods,
due to unfavorable designs or inherent properties in their strategies or
mathematical frameworks. Some of them may also fail to significantly
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improve computational efficiency. In particular, for the Hilbert and
Riesz transform-enhanced methods, the use of bandpass filtering and
direct application to full-resolution signals results in only limited im-
provements compared to traditional methods.

In light of the above discussion, methodological innovation in phase-
based displacement measurement does not necessarily require the
development of an entirely new mathematical transform. Instead, many
widely adopted phase extraction techniques, such as the Gabor wavelet
and the CSP, were originally developed for general signal or image
analysis and later adapted for displacement measurement tasks.
Accordingly, the integration and optimization of existing mathematical
tools for phase extraction represent a practical and effective direction for
advancing phase-based displacement measurement methods.

Therefore, it would be helpful to further improve the overall per-
formance of phase extraction methods by proposing a new approach that
achieves a better balance between accuracy and computational effi-
ciency compared to all existing methods, including both traditional and
recently developed ones, while maintaining sufficient robustness.
Improving the overall performance of phase-based methods would
provide a solid foundation for achieving accurate and real-time phase-
based displacement monitoring. Under such circumstances, the Complex
Laplacian Pyramid with Condensed Focus Frequency (CLP-CFF) method
is proposed in this work as a new phase extraction method with
improved overall performance. The CLP-CFF method features a simple
mathematical framework and accurate phase extraction, which signifi-
cantly improves computational efficiency and maintains accuracy
comparable to that of traditional phase extraction methods.

The structure of this paper is organized as follows: Section 2 in-
troduces the phase extraction and displacement measurement processes
of the CLP-CFF phase-based optical flow. Section 3 presents the exper-
imental validation of the CLP-CFF method, including laboratory and
outdoor experiments. Further comparisons of measurement perfor-
mance with other vision-based methods are also provided to demon-
strate its superior overall performance.

2. Methodology

The CLP-CFF method is developed based on the Laplacian pyramid,
which functions as a bandpass filter to facilitate phase extraction. To
improve displacement measurement accuracy, the focus frequency at
each pyramid scale is optimized, resulting in the Laplacian pyramid with
Condensed Focus Frequency (LP-CFF). By further applying the Hilbert
transform to each LP-CFF subband, the CLP-CFF method is obtained. Its
accuracy and efficiency are experimentally validated in both laboratory
and outdoor settings through comparison with other vision-based
approaches.

Fig. 1 summarizes the operational framework of the CLP-CFF method
for phase-based displacement measurement. The procedure begins with
the video input, followed by constructing an LP-CFF on each frame,
which functions as a bandpass filter to aid phase extraction. The high-
pass residual subband (L) is then obtained from the pyramid. A Hil-
bert transform is applied to this subband to generate the Hilbert pairs
along the vertical and horizontal directions, denoted as LVn and LHh,
respectively. These components are subsequently combined to construct
the CLP-CFF, where LV, = L + LVh and LH, = L + LHh, providing the
analytic signals for phase extraction. The vertical and horizontal phase
components (¢ and ¢;;) are then extracted from the analytic signals for
displacement measurement. Finally, an estimation of the optical flow
from the phase fields ¢ and ¢ enables the subsequent retrieval of the
displacement signal.

2.1. The Laplacian pyramid with condensed focus frequency for accurate
phase extraction

Originating from Burt and Adelson’s study (Burt & Adelson, 1987),
the Laplacian pyramid constitutes a compact image coding method
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1: Video input

y
2: The Laplacian Pyramid with Condensed Focus
Frequency on each frame

A

Highpass residual subband: L

v

Apply the Hilbert transform to the subband to

obtain the Hilbert pairs along the vertical and
horizontal directions: LV, LHy

v
3: Combine the subband and its Hilbert pairs to
construct the CLP-CFF: LV, =L+ LV,, LH. =L+
LH,, Its subbands provide the analytic signal.

y
4: Extract the phase for displacement measurement
from the analytic signal (&, and © ;)

y
5: Compute the phase-based optical flow based on
®, and ® , to extract the displacement signal

Fig. 1. The flowchart of the CLP-CFF method.

designed to enhance the efficiency of image compression. It represents
images in a multiscale, band-pass form that is both redundant and
sparse, enabling progressive transmission and efficient storage. Unlike
the Gaussian Pyramid, which only smooths and downsamples an image,
the Laplacian pyramid explicitly stores band-pass residuals at each scale,
enabling perfect reconstruction when combined with the corresponding
Gaussian base layer.

The key design principle of the Laplacian pyramid lies in its ability to
decompose an image into multiple frequency bands while retaining a
compact representation. This is achieved by recursively applying
Gaussian low-pass filters and downsampling, followed by differencing

Gaussian Pyramid
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with the upsampled version of the next layer, yielding the Laplacian (i.
e., high-frequency residual) pyramid:

As shown in Fig. 2, the construction of the Laplacian pyramid begins
with generating a Gaussian pyramid by successively applying Gaussian
smoothing followed by downsampling. Each layer Gi in the Gaussian
pyramid corresponds to an image of reduced resolution derived from the
initial image GO. To compute the Laplacian pyramid, each Gaussian
level Gi is expanded (i.e., upsampled and smoothed) to match the size of
the previous level Gi-1. The expanded image is then subtracted from Gi-
1, producing a band-pass image Li-1 that captures the image details lost
between scales. This difference image represents the Laplacian level.
The process continues recursively, and the coarsest Gaussian level (e.g.,
G3 in the figure) is preserved as the top level L3 of the Laplacian pyramid
to retain low-frequency information. This hierarchical representation
enables efficient multiscale analysis and reconstruction, as the original
image can be perfectly reconstructed by reversing the process, adding
each Laplacian level to the expanded version of the next level.

The original construction of the Laplacian pyramid uses a fixed
Gaussian kernel, typically with a standard deviation ¢ = 1, to ensure
reconstruction fidelity across scales (Burt & Adelson, 1987). This choice
of 6 = 1 corresponds to a frequency octave bandwidth of approximately
one-half Nyquist, which aligns with the multiscale decomposition
concept and allows the residuals at each level to span distinct,
non-overlapping frequency bands.

As a compact and efficient image coding technique, the Laplacian
pyramid has received limited attention in the field of displacement
measurement, particularly in phase-based displacement measurement.
However, it is fundamentally a multiscale image representation
designed to capture both spatial and frequency domain features in a
redundant yet sparse form. This suggests its potential utility as a band-
pass filtering structure for phase extraction in displacement measure-
ment applications. Therefore, we explore the potential of applying the
Laplacian pyramid for phase extraction in the context of displacement
measurement.

As shown in Fig. 3, the Gaussian filter does not exhibit a hard cutoff
in its frequency response; instead, its magnitude gradually diminishes as
the frequency increases. In practical implementations, setting 6 = 1
ensures that the residual band spans a frequency octave from approxi-
mately 0.25 to 0.5. This decomposition behavior enables a smooth and
continuous partitioning of the frequency content across pyramid levels,
as summarized in Table 1.

As observed in Table 1, the highpass residual bands of the Laplacian
pyramid are designed to cover the upper half of the expressible fre-
quency range at each level. While this is ideal for image reconstruction,
it can introduce drawbacks for phase-based displacement measurement.
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Fig. 2. The framework of Laplacian pyramid.
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Fig. 3. The frequency spectrum of a Gaussian filter with a standard deviation of 1.

Table 1
The expressible frequency range and highpass residual band’s focus frequency
range under different scale levels of a standard Laplacian pyramid.

Level Scale  Nyquist Expressible Highpass Residual
(Relative to Frequency Range Band (Relative to
Original) Original)
LO 1x 0.5 [0, 0.5] [0.25, 0.5]
L1 1/2 0.25 [0, 0.25] [0.125, 0.25]
X
L2 1/4 0.125 [0, 0.125] [0.0625, 0.125]
X
L3 1/8 0.0625 [0, 0.0625] [0.03125, 0.0625]

On the one hand, high-frequency components are more susceptible to
noise, which can interfere with the target localization (Miao et al.,
2023). On the other hand, the wide frequency bandwidth of the
high-pass residual is not well-suited for Hilbert transform analysis,
which theoretically performs most reliably on signals that are approxi-
mately monofrequency (Cohen, 1995; Liu et al., 2022).

To make the high-pass residual bands more compatible with phase-
based displacement measurement, the focus frequency range must be
adjusted. For generating stable and accurate phase information for
displacement measurement, the mid-frequency range of the expressible
spectrum is most suitable. This is because high frequency components
tend to introduce noise. Low frequency components cause severe edge
blurring, which adversely affects target localization, and lead to a slowly
varying phase that is insensitive to small motions. Moreover, when the
focus frequency range is adjusted to the middle part of the expressible
frequency range, the bandwidth of the high-pass residual is reduced
compared to that of the standard Laplacian pyramid, which in turn fa-
cilitates a more accurate Hilbert transform.

Therefore, we propose a Laplacian pyramid with a condensed focus

frequency band to generate more accurate phase information for
displacement measurement. To achieve this condensed frequency focus,
the standard deviation of the Gaussian filter can be adjusted
accordingly.

In this study, the practical cutoff frequency is defined using a fixed
gain threshold. A reference gain value Gth~0.292 is obtained from the
Gaussian response with ¢ = 1 at a normalized frequency of 0.25. For an
arbitrary o, the practical cutoff frequency is defined as the smallest
frequency at which the filter gain falls below Gth. In the discrete
implementation, the cutoff is determined by searching the discrete fre-
quency grid for the first bin satisfying this criterion; linear interpolation
between adjacent bins may be used to improve accuracy if needed.

As presented in Fig. 4, by increasing the standard deviation to around
2.08, the practical cutoff frequency is reduced to approximately 0.12.
This adjustment effectively centers the high-pass residual's frequency
response around the middle of its expressible frequency range while
maintaining a relatively narrow bandwidth for all levels beyond level 0,
as shown in Table 2.

Table 2

The expressible frequency range and highpass residual band’s focus frequency
range under different scale levels of a Laplacian pyramid with condensed focus
frequency.

Level  Scale Nyquist Expressible Highpass Residual
(Relative to Frequency Range Band (Relative to
Original) Original)
LO 1x 0.5 [0, 0.5] [0.12, 0.5]
L1 1/2 0.25 [0, 0.25] [0.06, 0.12]
X
L2 1/4 0.125 [0, 0.125] [0.03, 0.06]
X
L3 1/8 0.0625 [0, 0.0625] [0.015, 0.03]

Gaussian Filter Response and Frequency Where Gain = 0.292

Gain

— 0=2.08
....... Target gain = 0.292

0.0 0.1 0.2

0.3 0.4 0.5

Normalized Frequency (xNyquist)

Fig. 4. The frequency spectrum of a Gaussian filter with a standard deviation of 2.08.
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It is worth noting that lowering the focus frequency band (higher
standard deviation of the Gaussian filter) also results in a narrower
passband, which introduces a trade-off between the accuracy of the
Hilbert transform and the sensitivity to micro-motion. Based on our
practical application experience as stated in Section 3, it is recom-
mended to select a standard deviation between 2.0 and 2.8 to balance
noise suppression, phase fidelity, and motion sensitivity, considering the
specific video conditions.

2.2. The construction of the CLP-CFF

After applying the LP-CFF to decompose each video frame into
multiple scale levels, the Hilbert transform is employed to construct the
CLP-CFF.

As shown in Eq. (1), the Hilbert transform is applied along the col-
umns of each subband L to obtain its Hilbert pair LVh, representing the
vertical direction. The original subband L is then treated as the real part,
while the vertical Hilbert pair LVn serves as the imaginary part, forming
a complex subband LV, as defined in Eq. (2), which constitutes one
component of the CLP-CFF.

_1 [L(xi,7,t)
LVi(x:,y,t) = ﬂ/iyfr dr 1)
ch(xivyﬁ t) = L(xiv.ya t) +jLVh(xi7.y~, t) 2

Based on the same subband L, the Hilbert transform is applied to
each row of L to obtain the horizontal Hilbert pair LHn, as illustrated in
Eq. (3). The subband L and its horizontal Hilbert pair are then combined
to construct the complex subband LH, for the CLP-CFF, as shown in Eq.
(4). This complex subband also provides the analytic signal.

1 (L(7,yit)

LHy(x,y;,t) == | =220
(%, Yir t) ”/ v, ¥ (3
LH:(x,yi,t) = L(x, i, t) + jLHp (X, ¥;, t) 4

The subbands LV, and LH,. constitute the CLP-CFF. The method is
named CLP-CFF because the transformation process from LP-CFF to CLP-
CFF is analogous to the conversion of the steerable pyramid into the CSP,
which also employs the Hilbert pairs of each subband as the imaginary
part of the CSP. Overall, the CLP-CFF produces complex subbands that
serve as analytic signals, from which the instantaneous phase can be
extracted for displacement measurement.

From an algorithmic perspective, the proposed CLP-CFF method is
symmetric with respect to the horizontal and vertical directions due to
identical Hilbert-based constructions applied along image rows and
columns. As a result, no inherent orientation bias is introduced for
frames with isotropic spatial sampling. In practice, however, minor
orientation-related effects may arise under anisotropic spatial sampling
due to differences in discrete frequency resolution and boundary effects
associated with the Hilbert transform.

2.3. The phase extraction and displacement computation processes

The instantaneous phase ¢y in the vertical direction is obtained by
evaluating the phase angle (argument) of the complex subband LV, in
CLP-CFF, as shown in Eq. (5). Following the same way, the horizontal
phase ¢y is also obtained, as illustrated in Eq. (6).

LVu(xi,y,

ylr3.0) = arg(LV. (.3, ) = aretan (£ A220) ©)
LHy(x, y1,

Du(x..0) = arg(LH (. y) = aretan (2% 1) ©

After extracting the phase from the CLP-CFF, phase-based optical
flow can be employed to compute the displacement. The procedure for
deriving optical flow from phase information has been presented in Ai
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et al. (2025). For completeness, we only present the final equations in
Egs. (7)-(9).

- $

= (s 7
v (¢X2+¢y2) (¢ d)}') ( )
Vo= I
Ve = _((/)xz) (¢x~0) - (¢X2) ( dX ,0) (8)
— & ¢: d¢V>

w=—t_(0,¢,) = — 0,~Y 9
=y 0= (05 ®

The spatial phase gradients in the horizontal and vertical directions
are expressed as ¢, and ¢,, respectively, whereas ¢, characterizes the

temporal variation of phase. V. is the component velocity of phase-
based optical flow between two frames. The decomposition of the ve-

locity into horizontal and vertical directions is expressed as V4 and

N
Vv

The motion of each pixel can be inferred by combining its velocity
with the temporal gap between frames, yielding the displacement
described in Eq. (10). It should be noted that, for structural displacement
measurement, the sampling rate and motion frequency determine the
adequacy of motion capture and the validity of the recorded motion
video, rather than directly influencing the proposed displacement
extraction algorithm.

E>cH = 7>cHAty H>cV = 7CVAt (10)
3. Experimental verification
3.1. Verification experiment on a column fixed on a shaker

To evaluate the effectiveness of the proposed CLP-CFF method, a
vision-based displacement measurement experiment was conducted. In
this experiment, a column is affixed to the end of a shaker, which gen-
erates unidirectional reciprocating motion. Ground truth displacement
data are obtained using a laser displacement sensor from the Keyence
LK-G3000 series, and an iPhone 11 camera records the motion video at
24 FPS with 720p resolution. The layout and schematic diagram of this
experiment are shown in Fig. 5(a) and (b), respectively.

The experimental setup ensures that the camera’s optical axis is
oriented orthogonally to the direction of motion of the vibrating column.
The camera is placed at a fixed distance of 900 mm from the target. With
a focal length configured at 52 mm, the imaging system achieves a
spatial resolution of approximately 0.402 mm per pixel. At the start of
the recording, the column is positioned centrally within the field of
view, as illustrated in the initial image frame of the video sequence in
Fig. 6.

As mentioned in Section 2.1, the Condensed Focus Frequency brings
many advantages for phase-based displacement measurement. Howev-
er, the standard deviation range that can really improve measurement
accuracy still needs to be determined based on the results of real-life
applications. Therefore, we selected a range of standard deviation
values for computation, starting from the standard Laplacian pyramid
with a standard deviation of 1 and gradually increasing up to a standard
deviation of 3.5. By doing so, we can, on one hand, reveal how the actual
measurement accuracy varies with the standard deviation, thereby
verifying our previous theoretical assumptions. On the other hand, this
approach allows us to identify an optimal standard deviation and a
practical application range, which can provide valuable guidance for
real-world implementations.

As observed from Table 3, starting from the standard Laplacian
pyramid (standard deviation = 1), the MAE value decreases as the
standard deviation increases, reaching its minimum at 2.35. Beyond this
point, the MAE value begins to increase with further growth in the
standard deviation.
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Fig. 5. Images of the experiment layout and schematic diagram.
The First Frame
Fig. 6. The first frame of the recorded motion video.

Table 3
The measurement performance of the CLP-CFF method with various standard deviations.

Standard Deviation 1.00 1.20 1.50 1.80 2.00 2.10 2.20 2.30 2.35

MAE (mm) 0.6225 0.5036 0.3570 0.3261 0.2819 0.2659 0.2524 0.2453 0.2446

Standard Deviation 2.40 2.50 2.60 2.70 2.80 2.90 3.00 3.20 3.50

MAE (mm) 0.2456 0.2537 0.2698 0.2906 0.3149 0.3422 0.3720 0.4363 0.5393

The results also confirmed that the Condensed Focus Frequency
indeed improves measurement accuracy compared to the standard
Laplacian pyramid. Within the tested range, the calculated accuracy
exhibits an extremum and maintains generally good performance. In
particular, a certain subrange (2.0-2.8) demonstrates a stable superi-
ority over other methods in

Table 4, with the optimal values generally falling within this inter-
val. Therefore, this range can be regarded as the practical application
range, as it typically provides relatively accurate and reliable mea-
surement results. The MAE from the extremum point (standard devia-
tion = 2.35) is selected for the comparison in the following parts.

The measurement time history results of the CLP-CFF method are
presented in Fig. 7. As observed, they closely match the displacement
ground truth. Phase-based optical flow methods based on existing phase
extraction techniques, together with widely used intensity-based
methods, are employed for comparison. The compared methods

include Gabor wavelet transform, CSP, Hilbert transform-enhanced,
Riesz transform-enhanced, derivative-enhanced methods, LK optical
flow, template matching, and RAFT optical flow.

For the Gabor wavelet transform, CSP, Hilbert transform-enhanced,
Riesz transform-enhanced, derivative-enhanced, and CLP-CFF
methods, the points of interest (POIs) are set at the center of the
target. Meanwhile, in the LK and RAFT optical flow methods, the feature
point is set at the edge of the target, where the feature is strong regarding
the motion direction. For template matching, the whole target is selected
as the template.

With respect to parameter configuration, regarding the Gabor
wavelet and CSP methods, the center frequency and scale level were
mainly adjusted to match the motion region. The optimal center fre-
quency and scale level were obtained by comparison with the ground
truth. Regarding the Hilbert- and Riesz-transform-enhanced methods,
the peak frequency selection strategy proposed in the original work was

Table 4
The vision-based methods measurement performances for the experiment case.
CSP Gabor Hilbert Riesz Derivative LK ™ RAFT CLP-CFF
MAE (mm) 0.2571 0.2269 0.3635 0.7234 9.9684 0.4627 0.5119 0.3736 0.2446
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Fig. 7. Comparison of displacement history between CLP-CFF and laser measurements.

employed.

The comparisons of displacement time histories are presented in
Fig. 8. The MAE results and comparison are presented in

Table 4. The CLP-CFF method exhibits comparable measurement
accuracy to CSP and Gabor wavelet methods and clearly outperforms the
recently developed phase-based methods in this scenario.

The higher accuracy of the CLP-CFF method compared to the Hilbert
transform-enhanced and Riesz transform-enhanced methods can be
attributed to its mathematical framework, which is similar to CSP. In
this framework, the scale level is used to fit the motion region, whereas
other methods rely on peak frequency selection as the key parameter-
setting strategy, which may be affected by noise and pick a less accu-
rate target frequency. In contrast, the derivative-enhanced method fails
in this measurement task, exhibiting an extremely high MAE value,
which may be caused by its low robustness. In comparison with
intensity-based methods, the CLP-CFF method, as a phase-based
method, still demonstrates higher measurement accuracy.

For a fair comparison of computational speed, all methods were
evaluated under consistent hardware conditions. Specifically, all vision-
based methods except RAFT were computed using a single core of an
AMD Ryzen 9 5900 processor (3.0 GHz base clock and 4.7 GHz max
boost) in a system equipped with 32 GB of DDR4 RAM (3200 MHz). The
RAFT optical flow method, due to its GPU-oriented design, was

Displacement Time History Comparison

performed on an NVIDIA GeForce RTX 3080 GPU (10 GB memory) with
CUDA acceleration. The total number of frames in the processed video in
this section is 891. The processing time and speed are presented in
Table 5. As shown in Table 5, CLP-CFF achieves a significant computa-
tional advantage. While not as fast as the intensity-based methods, it
completes processing in approximately 40 seconds, making it the fastest
among all phase-based methods. Regarding the RAFT optical flow
method, although GPU acceleration is employed, the computational
speed is still relatively slow. This is because RAFT computes full-field
displacement, whereas the other methods estimate displacement only
at the POI or within a subregion of the frame.

The superior performance of CLP-CFF for this experiment can be
explained as follows:

Accuracy: The use of a Gaussian filter with ¢ = 2.35 ensures that the
residual band lies within the middle frequency range of each level. This
avoids noisy high-frequency components and slow-varying low-fre-
quency content, providing smoother and more accurate phase signals.
Narrower bandwidth also favors the Hilbert transform, which theoreti-
cally performs best on near-monofrequency signals.

Speed: Unlike Gabor and CSP, CLP-CFF avoids complex kernel con-
volutions or steerable filtering. It uses FFT-based Gaussian filtering with
a much simpler structure, reducing the computational load. Compared
with other Hilbert- or Riesz-enhanced methods, the Gaussian filter has a
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Fig. 8. Comparison of displacement history between vision-based methods and laser measurements.
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Table 5
The computation time comparison of different vision-based methods for the laboratory experiment.
CSP Gabor Hilbert Riesz Derivative LK ™ RAFT CLP-CFF
Computation time (seconds) 220.3757 264.4236 185.5473 176.7931 61.5910 15.2792 14.9846 198.2782 39.3967
Processing speed (ms/frame) 247.3352 296.7717 208.2461 198.4210 69.1257 17.1484 16.8177 222.5345 44.2163

simpler mathematical formulation than the Butterworth filter, while the
pyramid-based approach reduces the computational cost of phase esti-
mation on the full-resolution signal. These findings validate CLP-CFF as
an accurate and efficient alternative for phase-based displacement
measurement.

A weighted and dimensionless Performance Efficiency Index (PEI) is
proposed in Eq. (11) to evaluate the performance of various algorithms
by taking both measurement accuracy and computational efficiency into
account. In this metric, the MAE and computation time are normalized
using reference values of 1 mm and 1 second, respectively. The influence
of accuracy and efficiency is modulated through weighting coefficients o
and P, respectively, allowing flexible prioritization depending on spe-
cific application needs. A higher PEI score corresponds to a more
favorable balance between accuracy and computational efficiency.

1
MAE® _.Time’

norm norm

PEl,; = (11

For phase-based methods, an additional phase extraction step is
inherently required compared with conventional intensity-based
methods, which inevitably leads to lower computational efficiency.
However, phase-based methods are primarily valued for their robustness
and high accuracy. Therefore, maintaining accuracy is prioritized, and
improvements in computational speed are pursued only insofar as ac-
curacy is preserved. Consequently, when determining the PEI param-
eter, greater emphasis is placed on accuracy. Accordingly, o = {1,2,4,6}
and p = 1 are chosen to assign greater weight to accuracy in the overall
performance evaluation.

As observed from Table 6, CLP-CFF achieves the highest PEI values
among all existing phase-based methods across all cases. This indicates
that the CLP-CFF method provides the best overall performance in terms
of efficiency and accuracy among phase-based methods.

However, when o = 1 and p = 1, some intensity-based methods,
including the LK optical flow and template matching methods, exhibit
higher PEI values than CLP-CFF, suggesting that there is still room for
efficiency improvement in phase-based methods.

3.2. The measurement of seismic response of the cold-formed steel wall
(CSW) structure

To further evaluate the effectiveness of the proposed CLP-CFF
approach, we employed experimental data from a large-scale outdoor
shake table test on a cold-formed steel wall (CSW) system subjected to
simulated seismic loading, made available through an open-access re-
pository. The experiment took place at the Large High Performance
Outdoor Shake Table (LHPOST) located at the University of California,
San Diego (UCSD), USA, as described in (Singh et al., 2023).

The test specimens were configured based on prototype designs
representative of four- and ten-story buildings, ensuring alignment with
previously published experimental studies. Each test wall was arranged
in a shear-gravity—gravity-shear sequence, and tie rods were installed at

both ends of each shear wall segment. Steel sheet sheathing was
attached according to a defined fastening layout to replicate field con-
struction standards. Detailed setup information, test documentation,
and datasets can be accessed through the DesignSafe data repository
(Singh et al., 2023).

An overview of the experimental layout is shown in Fig. 9. The
LHPOST delivered seismic input using the CNP196 component from the
Canoga Park recording of the 1994 Northridge earthquake (magnitude
Mw = 6.7). A digital video recorder (DVR) was mounted perpendicular
to the shake table’s motion direction to monitor the global structural
behavior. The camera captured high-definition footage at 1920 x 1080
resolution and 30 frames per second. A pixel-to-length conversion ratio
of 4.4418 mm/pixel, obtained through calculating the ratio between a
known physical length of the structure and its corresponding pixel
length in the reference frame, was used in this study (Cai et al., 2024).

To support the application of a vision-based displacement tracking
technique, a visual marker was mounted on the upper part of the CSW
structure. Additionally, string potentiometers were mounted laterally on
the transfer beam near the top to measure horizontal displacements,
serving as reference data. These analog sensors sampled data at 256 Hz,
providing ground truth for evaluating the vision-based measurement
approach.

To enable a direct comparison on displacement signals between
camera and string potentiometer, the two signals were first synchro-
nized in the time domain by aligning their corresponding initial
response features. Subsequently, the string potentiometer signal was
resampled to match the sampling frequency of the camera system.

The same range of standard deviation values as in the previous sec-
tion is also employed to study the performance of the CLP-CFF method in
this real-life structural experiment. The displacement measurement re-
sults for all standard deviation values are presented in Table 7.

In this case, the MAE also exhibits a trend of first decreasing and then
increasing as the standard deviation increases. Similarly, within the
range of 2.0 to 2.8, the overall measurement accuracy remains relatively
high and exceeds that of most other methods in Table 8. The main dif-
ference from the experiment in the previous section is that the extremum
point appears around 2.15. The decrease from the previous value of 2.35
can be attributed to the presence of small-amplitude vibrations in
addition to large-scale motion in this measurement scenario. As a result,
it is necessary to sacrifice a small amount of Hilbert transform precision
to enhance edge localization capability, allowing more accurate detec-
tion of these minor vibrations and thus improving the overall accuracy.
The extremum point in this case is also selected for subsequent plotting
and comparison.

It should be noted that, in this study, the optimal standard deviation
is identified by comparison with ground truth data, with the aim of
demonstrating the upper-bound performance of the proposed CLP-CFF
method. In practical applications where ground truth is unavailable,
an automatic or adaptive strategy for determining the optimal standard
deviation requires further investigation. Nevertheless, in practical

Table 6
The comprehensive performance of different vision-based methods for the laboratory experiment.
CSp Gabor Hilbert Riesz Derivative LK ™ RFAT CLP-CFF
PEI (dimensionless, a = 6, p = 1) 15.7117 27.7136 2.3362 0.0395 0.0000 6.6696 3.7089 1.8539 118.5227
PEI (dimensionless, a = 4, p = 1) 1.0386 1.4268 0.3087 0.0207 0.0000 1.4279 0.9719 0.2589 7.0911
PEI (dimensionless, o = 2, p = 1) 0.0686 0.0735 0.0408 0.0108 0.0002 0.3057 0.2547 0.0361 0.4243
PEI (dimensionless, o = 1, p = 1) 0.0176 0.0167 0.0148 0.0078 0.0016 0.1414 0.1304 0.0135 0.1038




S. Aietal

- ==

’ G
| |Stringed Potentiometer

(a) Experiment layout

Computer-Aided Civil and Infrastructure Engineering 42 (2026) 100023

Shake Table
—>
[ ] 4— Stringed Potentiometer
CSW Structure
[ ] 4— Stringed Potentiometer

i Camera

(b) Schematic diagram

Fig. 9. Experimental layout of the shaking table test of the CSW structure (adapted from (Singh et al., 2023)).

Table 7

The measurement performance of the CLP-CFF method with various standard deviations for the shaking table test of the CSW structure.
Standard Deviation 1.00 1.20 1.50 1.80 2.00 2.10 2.15 2.20 2.30
MAE (mm) 7.2230 5.3763 3.0827 1.7501 1.3788 1.3156 1.2996 1.3066 1.3258
Standard Deviation 2.40 2.50 2.60 2.70 2.80 2.90 3.00 3.20 3.50
MAE (mm) 1.3636 1.4116 1.4672 1.5296 1.5990 1.6722 1.7487 1.9072 2.1328

Table 8

MAE comparison between different vision-based methods for the shaking table test of the CSW structure.

CLP-CFF Gabor Csp Hilbert Riesz Derivative LK ™ RAFT

MAE(mm) 1.2996 1.1404 1.3397 6.4154 4.8023 15.5743 2.6180 2.8131 5.8719

scenarios, the standard deviation can be selected within a practical
range (2.0-2.8). Although such a choice may not achieve the optimal
performance of the CLP-CFF method, it generally yields high measure-
ment accuracy and can still outperform most existing methods.

The displacement measurement results obtained using the CLP-CFF
method are presented in Fig. 10. The estimated displacements closely
match the ground truth data recorded by the string potentiometer,
demonstrating the high fidelity and accuracy of the proposed approach.

Various vision-based methods, including LK optical flow, template
matching, RAFT optical flow, and both traditional and recently devel-
oped phase-based optical flow methods, are employed for comparison
with the CLP-CFF method. The hyperparameters and implementation
details are similar to the previous section. The results are presented in
Table 8, with the MAE used as the accuracy metric. The displacement

time histories for all methods are shown in Fig. 11.

As observed in Table 8, the CLP-CFF method consistently achieves
high measurement accuracy in this real-world scenario, demonstrating
its robustness under complex environmental conditions. In this study,
robustness is implicitly evaluated through the ability to maintain high
displacement measurement accuracy in non-ideal experimental settings.
The outdoor experimental results further demonstrate that the proposed
method delivers reliable and accurate measurements under real-world
conditions, thereby validating its robustness.

As a newly proposed phase extraction method, CLP-CFF shows a
significant improvement in accuracy compared to the recently devel-
oped phase-based methods and even achieves a slightly lower MAE than
the CSP method.

As observed from the Fig. 11, the derivation-enhanced method also

Comparison of Two Data Sets with Adjusted Sampling Rates
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Fig. 10. The displacement measurement results from the CLP-CFF.
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Comparison of Displacement Estimation Methods

250

200

150

100

50

Displacement (mm)

-100

= =CLP-CFF
-=-CSP
-+LK
——TM

- RAFT
——Gabor

—e—String Potentiometer

-150
0 10 20 30

40 50 60 70

Time (seconds)

Fig. 11. Comparison of displacement history between vision-based methods and string potentiometer.

fails to perform adequately in this measurement task. Although the
Hilbert-transform- and Riesz-transform-enhanced methods exhibit
displacement trends that are generally consistent with the ground truth,
their amplitude responses show significant deviations. This may be
caused by the complexity of the video environment. In the video frames,
the marker appears relatively small, and the CSW pattern is visually
prominent. As a result, the frame may contain dominant frequency
components unrelated to the target, which can be mistakenly identified
as peak frequencies in their peak frequency selection strategies.

However, compared to its performance in the previous indoor
experiment, the RAFT optical flow method exhibits significantly
reduced accuracy, suggesting that it is less reliable in complex envi-
ronments. It should be noted that the RAFT method was not fine-tuned
using the experimental data in this study. This is primarily because the
available ground truth displacement measurements are limited to a
single point, whereas fine-tuning RAFT requires dense, full-field
displacement data for supervision. In addition, the number of avail-
able structural motion videos is insufficient to form a representative
dataset for meaningful training and testing. Fine-tuning under such
conditions would essentially lead to ground-truth-guided optimization
on the test cases rather than a training process reflecting the model’s
generalization capability.

These limitations highlight a general challenge of deep learning-
based displacement measurement methods, which typically require
large and diverse real-world datasets to achieve robust generalization. In
contrast, the proposed CLP-CFF method is not data-driven but is derived
from an interpretable theoretical framework for extracting displacement
directly from video sequences, enabling stable measurement perfor-
mance even under complex experimental conditions.

The computational efficiencies of different methods are compared
under the same computational environment described in the previous
section. The total number of frames in the processed video in this section
is 1975. The processing time and speed are presented in Table 9. With
accuracy comparable to that of traditional phase-based methods, the
CLP-CFF method achieves significantly improved computational effi-
ciency. Specifically, it is approximately 7 times faster than the Gabor
wavelet method, 5 times faster than CSP, 4 times faster than the Hilbert
and Riesz transform-enhanced methods, and 1.5 times faster than the

derivative-enhanced method, making it the fastest phase-based method.

The PEI introduced in Section 3.1 is also employed in this full-scale
outdoor experiment to evaluate the overall performance of the algo-
rithm, with an emphasis on accuracy over efficiency. As shown in
Table 10, CLP-CFF still achieves the highest PEI value among all phase-
based methods across all cases, demonstrating its superior overall per-
formance. However, when compared with intensity-based methods,
CLP-CFF exhibits slightly lower PEI values than the LK optical flow and
template matching methods when accuracy and efficiency are assigned
equal weight, indicating that there remains room for improving the
computational efficiency of phase-based methods in vision-based
displacement monitoring.

Overall, the CLP-CFF method demonstrates a superior balance be-
tween accuracy and computational efficiency among all existing phase-
based methods in this real-world application.

4. Conclusion

This paper presents a new phase extraction method, CLP-CFF, for
phase-based displacement measurement. It retains the high accuracy of
traditional phase-based methods while significantly improving compu-
tational efficiency. The CLP-CFF method is developed based on the
Laplacian pyramid, which functions like a bandpass filter to aid in phase
extraction. Furthermore, the focus frequency at each scale level of the
Laplacian pyramid is adjusted to enhance the accuracy of phase
extraction for displacement measurement. This enhanced version is
referred to as the LP-CFF. Subsequently, the LP-CFF subbands are further
processed using the Hilbert transform, resulting in the proposed CLP-
CFF method. Finally, the performance of the CLP-CFF method, in
terms of both accuracy and computational efficiency, is subsequently
validated through laboratory and outdoor experiments by comparing it
to other vision-based methods. Specifically, the CLP-CFF achieves ac-
curacy comparable to traditional phase-based methods, while improving
computational efficiency by a factor of at least 5. Moreover, the pro-
posed CLP-CFF exhibits higher computational efficiency than other
recently developed phase-based methods.

Owing to the significantly improved computational efficiency of the
proposed CLP-CFF method over conventional phase-based approaches,

Table 9
The computation time comparison of different vision-based methods for the shaking table test of the CSW structure.
CLP-CFF Gabor CSp Hilbert Riesz Derivative LK ™ RAFT
Computation time(seconds) 92.2392 650.1925 483.1213 324.8478 393.7907 138.4298 38.0770 36.3007 449.1618
Processing speed(ms/frame) 49.1942 346.7693 257.6647 173.2522 210.0217 73.8292 20.3077 19.3604 239.5530
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Table 10
The comprehensive performance of different vision-based methods for the shaking table test of the CSW structure.
CLP-CFF Gabor CSP Hilbert Riesz Derivative LK ™ RAFT
PEI (dimensionless, o = 6, p = 1) x 10 22.5023 6.9922 3.5801 0.0004 0.0021 0.0000 0.8157 0.5559 0.0005
PEI (dimensionless, a = 4, p = 1) x 104 38.0054 9.0935 6.4256 0.0182 0.0477 0.0012 5.5906 4.3989 0.0187
PEI (dimensionless, o = 2, p = 1) x 104 64.1897 11.8262 11.5326 0.7480 1.1011 0.2978 38.3176 34.8109 0.6457
PEI (dimensionless, o = 1, p = 1) x 10 83.4209 13.4865 15.4503 4.7984 5.2879 4.6383 100.3154 97.9264 3.7916

future work will focus on extending the method to real-time displace-
ment monitoring systems. Benefiting from the inherent robustness of
phase-based methods to illumination variations, the proposed approach
has the potential to support both real-time and long-term structural
displacement monitoring under practical field conditions. Such capa-
bilities are expected to facilitate continuous structural health moni-
toring and contribute to the assessment and improvement of structural
serviceability.
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