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A B S T R A C T

Vision-based structural displacement measurement has attracted increasing attention in structural health 
monitoring because of its non-contact nature, low cost, and high spatial resolution. However, the performance of 
many conventional intensity-based methods is highly sensitive to illumination conditions, which limits their 
long-term application in real engineering environments. Although phase-based methods have been suggested to 
be more robust to illumination variations, this view has largely been based on theoretical inference in previous 
studies, and systematic experimental validation under representative lighting conditions remains limited. 
Therefore, in this study, controlled laboratory experiments were conducted under different illumination in-
tensities, time-varying illumination, and fog-induced dynamic spatial interference to investigate the performance 
of the phase-based method for vision-based structural displacement measurement. A laser displacement sensor 
was used as the reference measurement. For comparison, two additional optical flow methods, namely intensity-
based optical flow and deep learning-based optical flow, were also implemented. The results show that, under the 
tested low-light and time-varying illumination conditions in laboratory settings, the phase-based method pro-
vides more robust displacement measurement, with better accuracy and signal stability, than the other two 
methods.

1. Introduction

Structural displacement response is a particularly important physical 
quantity in structural health monitoring (SHM) [1,2]. It can be used to 
identify changes in natural frequencies, stiffness, and mode shapes, 
thereby enabling a comprehensive assessment of the structural condi-
tion [3]. Therefore, accurate measurement of structural displacement 
response is a critical topic in SHM and has a direct impact on both 
monitoring cost and accuracy [3].

Among conventional approaches for measuring structural displace-
ment, commonly used methods include accelerometers, linear variable 
displacement transducers (LVDTs), draw-wire sensors, and laser 
displacement meters [4–7]. Although these methods are mature and 
reliable, they suffer from several limitations, such as high installation 
cost, expensive equipment, limited service life, and a restricted number 
of measurement points, which leads to incomplete monitoring infor-
mation [1]. Accordingly, integrating structural response monitoring 
with emerging technologies is a promising way to improve cost-
effectiveness, efficiency, accuracy, and spatial coverage. In particular,

with advances in imaging sensors and computer vision, vision-based 
methods for measuring structural displacement response have attrac-
ted increasing attention in the SHM community because of their non-
contact nature, low cost, and high spatial resolution [8–12].

In general, vision-based structural displacement measurement in-
volves several basic steps. First, a vibrating structure is selected as the 
monitoring target. Then, cameras are deployed and calibrated to 
establish the transformation between physical coordinates and pixel 
coordinates, while the vibration process is recorded. Once a qualified 
video of structural vibration is obtained, computer vision algorithms are 
applied to extract the displacement signal from the recorded image 
sequence.

Camera deployment and calibration are key steps in vision-based 
structural displacement measurement, as they ensure data usability 
and enable quantitative conversion. Proper deployment and fixation of 
the camera determine a reasonable observation geometry and guarantee 
the stability of the camera pose, thereby preventing problems such as 
insufficient field of view, occlusion, defocus, or vibration of the camera 
support system, all of which may render the recorded video unusable
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[1]. Calibration establishes the mapping between the world coordinate 
system and the pixel coordinate system, so that pixel-level measure-
ments can be converted into real physical quantities. Calibration accu-
racy therefore has a direct influence on the final measurement accuracy 
[1,13]. Under common engineering conditions, where the intrinsic and 
extrinsic camera parameters and installation pose remain stable, the 
target can be approximately treated as planar, and lens distortion is 
sufficiently corrected, the conversion error from pixels to physical units 
is often systematic and repeatable, typically appearing as a scale-factor 
bias. Under these assumptions, such errors can often be identified and 
corrected through reference measurements or geometric verification 
[13,14].

Overall, once camera deployment and calibration satisfy the basic 
measurement requirements, the computer vision algorithm often be-
comes the dominant factor affecting the performance of vision-based 
methods. It largely determines the accuracy, efficiency, and robustness 
of vision-based structural displacement monitoring systems [3]. Since 
the 1980s and 1990s, various classes of computer vision algorithms have 
been developed and gradually applied to structural response moni-
toring. Representative early methods include template matching, digital 
image correlation (DIC), feature-point matching, and optical flow, all of 
which have been relatively well established in structural dynamics ex-
periments [9,15–20]. Optical flow is one of the classical vision-based 
methods capable of achieving subpixel-level displacement measure-
ment accuracy. Among optical flow approaches, the Lucas–Kanade (LK) 
method and its variants have been widely adopted because of their 
computational efficiency and ability to estimate subpixel motion from 

local intensity variations [21,22]. In structural displacement measure-
ment, LK optical flow has shown good performance under controlled 
imaging conditions and has been used for tracking small motions of 
structural targets [22]. More recently, deep learning-based optical flow 
methods have emerged as a new direction in motion estimation. In 
particular, RAFT (Recurrent All-Pairs Field Transforms) has demon-
strated strong performance in dense optical flow estimation by itera-
tively refining flow fields based on global correlation information, 
offering improved accuracy and robustness in complex motion scenarios 
[23]. These advances suggest the potential of modern optical flow al-
gorithms for vision-based displacement measurement, especially in 
cases where dense motion estimation is desirable [24].

However, it should be noted that the successful applications of these 
methods have mostly been concentrated in laboratory environments 
with controllable imaging conditions. Their application in real-world 
engineering environments remains comparatively limited, particularly 
for the long-term monitoring of in-service structures [1,3]. One impor-
tant reason is that these methods rely heavily on image intensity infor-
mation for target localization and displacement estimation, making 
them sensitive to complex illumination conditions such as low lighting, 
temporal variations in light intensity, and shadows [17,25]. Under sta-
ble illumination, these methods usually perform well; however, under 
practical field conditions such as nighttime or day-to-night transitions, 
they are more likely to suffer from localization drift, matching failure, or 
tracking interruption [3].

Illumination conditions are particularly important in vision-based 
displacement measurement for two main reasons. First, vision-based 
methods fundamentally rely on pixel intensity and texture contrast to 
extract displacement information. Changes in illumination directly 
affect image brightness, contrast, and signal-to-noise ratio, making 
illumination one of the most important external factors influencing 
image quality and feature visibility [26,27]. Second, many other influ-
encing factors, such as camera pose, calibration error, frame rate, and 
spatial resolution, can usually be kept relatively stable and controllable 
in engineering practice through proper installation, standardized cali-
bration procedures, suitable hardware selection, and well-designed 
acquisition strategies. Likewise, issues such as motion blur and partial 
occlusion can often be mitigated through accumulated engineering 
experience and targeted mitigation strategies [10,19]. In contrast,

illumination is difficult to maintain stable over long-term field moni-
toring and directly determines image brightness, contrast, and the 
availability of useful texture information [1,3,27].

To address this challenge, several recent studies have attempted to 
improve the robustness of vision-based displacement measurement 
under challenging illumination conditions. For instance, deep learning 
techniques have been incorporated to adapt displacement tracking to 
ambient-light changes [27]. Robust feature tracking algorithms have 
also been developed and validated under changing illumination condi-
tions [35]. Additionally, modified optical flow formulations have been 
proposed to relax the brightness constancy assumption under varying 
illumination [36]. While these approaches can partially mitigate the 
effects of illumination variation, they remain fundamentally dependent 
on intensity information and are therefore inherently limited when 
significant brightness changes occur. In contrast, phase-based methods 
offer a fundamentally different approach, as the phase information they 
rely on is inherently less sensitive to the magnitude of the source signal 
and its variations [28–34]. This enables phase-based methods to main-
tain higher stability under non-ideal illumination conditions and often 
achieve higher subpixel measurement accuracy [28,29,37–39]. Recent 
studies have further explored phase-based frameworks in the context of 
structural monitoring and motion magnification. Guo et al. [24] pro-
posed an improved phase-based motion magnification method com-
bined with deep learning for structural vibration measurement, 
demonstrating enhanced robustness against background noise and illu-
mination changes. Yang et al. [40] developed a novel phase-based video 
motion magnification technique for non-contact measurement of micro-
amplitude vibrations, advancing the capability of phase-based methods 
in capturing subtle structural motions. Ai et al. [41] developed a phase 
extraction method based on a complex Laplacian pyramid with 
condensed focus frequency to improve the computational efficiency of 
phase-based displacement measurement while maintaining measure-
ment accuracy.

It should be noted, however, that although existing studies have 
suggested that phase-based methods are robust under unfavorable illu-
mination conditions, systematic comparative validation under repre-
sentative illumination variation conditions remains limited 
[29,33,37,42]. Systematic experimental investigation and evaluation of 
the illumination robustness of phase-based methods in specific vision-
based displacement measurement tasks are still lacking. In particular, 
there remains insufficient comparative evidence showing whether 
phase-based methods truly offer a practical advantage in illumination 
robustness over other displacement measurement algorithms with sub-
pixel accuracy.

Therefore, in this study, vision-based displacement measurement 
experiments were conducted under controlled indoor illumination 
conditions. Test scenarios were established to represent different illu-
mination intensities, time-varying illumination intensities, and spatial 
dynamic disturbances (e.g., fog effects). The performance of phase-
based methods and other displacement extraction algorithms was 
evaluated and compared under these conditions, followed by an analysis 
of their displacement measurement behavior. This study is expected to 
improve understanding of the performance of phase-based methods 
under complex illumination conditions and ultimately facilitate their 
stable application in real engineering environments.

The structure of this paper is organized as follows: Section 2 presents 
the methodology of phase-based structural displacement measurement, 
including the basic measurement process, phase extraction using the 
complex steerable pyramid, and phase-based optical flow. Section 3 
details the illumination variation experiments designed to evaluate the 
performance of the phase-based method and presents the corresponding 
results and discussion.
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2. Methodology

2.1. The process of phase-based displacement measurement

As shown in Fig. 1, the current phase-based displacement measure-
ment method typically consists of two main steps: phase information 
extraction and the computation of phase-based optical flow. In the first 
step, phase extraction algorithms are used to extract phase information 
from frames of motion video. Two widely used approaches for phase 
extraction are the Complex Steerable Pyramid (CSP) and the Gabor 
wavelet methods [28,29,37,43,44]. In addition, several new phase 
extraction algorithms have recently been developed to simplify param-
eter selection in traditional methods and enhance computational effi-
ciency. These include the Hilbert transform-enhanced method, the Riesz 
transform-enhanced method, and the derivative-enhanced method 
[32,42,45]. In our investigation, we selected a classic phase extraction 
method, the CSP method, which has been widely used in phase-based 
structural displacement measurement [28,33,39,46,47]. Once the 
phase information is extracted, the second step involves computing 
phase-based optical flow to obtain the displacement signal.

This phase-based measurement framework is particularly relevant 
for displacement estimation under varying illumination conditions. 
Unlike conventional intensity-based methods, which directly rely on 
image brightness and contrast for motion estimation, phase-based 
methods describe motion through phase variation in transformed 
image representations. Therefore, when illumination changes mainly

affect the intensity amplitude rather than the underlying local structural 
pattern, the extracted phase information may remain comparatively 
more stable. This characteristic provides the basic methodological 
motivation for employing phase-based displacement measurement in 
the present study.

2.2. Phase extraction method: complex steerable pyramid

The steerable pyramid method was developed by Simoncelli et al. 
[43,48] to capture the directional information of images at various 
scales, and the imaginary part of CSP is the Hilbert transform version of 
the steerable pyramid [44]. In the CSP, the downsampling process is 
adopted to capture different scope details of the image at different scale 
levels, and the steerable filter is utilized to extract directional details 
from the image.

The framework of the decomposition process of CSP is shown in 
Fig. 2. The CSP utilizes low-pass filters l 0 , l, high-pass filter h 0 , and 
steerable filters b i for the decomposition process. The low-pass and high-
pass filters facilitate the downsampling process, closely resembling the 
discrete wavelet transform [49]. The output from the low-pass filters at 
each scale level is convolved with the steerable filter to extract direc-
tional information R i,θ i . Generally, phase information derived from the 
directional information R i,θ i of CSP is employed to perform phase-based 
displacement measurement.

Among the available phase extraction methods, the CSP method was 
adopted in this study for several reasons. First, CSP is one of the most

Fig. 1. The general process of phase-based displacement measurement.

Fig. 2. The decomposition process of the CSP method.
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established phase extraction approaches in vision-based structural vi-
bration and displacement measurement, and its effectiveness has been 
demonstrated in a number of previous studies [28,33,39,46,47]. Second, 
its multi-scale and orientation-selective decomposition is well suited to 
motion analysis in structural targets with relatively clear vibration di-
rections. Third, compared with some recently developed phase extrac-
tion methods, CSP provides a more classical and well-understood 
framework, which facilitates methodological interpretation and com-
parison with existing studies.

Physically, the scale level in CSP determines the spatial scale at 
which image patterns are represented and analyzed. Smaller scale levels 
are generally more sensitive to fine local details and subtle motion, but 
they are also more susceptible to image noise and local pattern insta-
bility. In contrast, larger scale levels tend to provide more stable phase 
information by emphasizing coarser structural patterns, although they 
may reduce sensitivity to small local variations. Therefore, the selection 
of an appropriate scale level is essential for balancing motion sensitivity 
and measurement stability in phase-based displacement estimation 
[33]. Once the direction of interest is set, the scale level is the only 
parameter of CSP that needs to be set for displacement measurement.

2.3. Phase-based optical flow

In 1990, Fleet et al. [37] proposed the phase constancy assumption 
for estimating displacement in phase-based optical flow, which plays a 
role analogous to the brightness constancy assumption used in con-
ventional intensity-based optical flow. In contrast to intensity informa-
tion, which reflects motion in two directions and is therefore subject to 
the aperture problem, phase information is intrinsically one-
dimensional. As a result, estimating motion from phase along a 
selected direction has become a standard strategy in phase-based optical 
flow, since it can effectively avoid the aperture ambiguity encountered 
in intensity-based formulations.

Under the phase constancy assumption, taking the temporal deriv-
ative on both sides of Eq. (1) yields Eq. (2). In Eq. (2), ϕ x and ϕ y denote 
the spatial phase gradients along the horizontal and vertical axes, 
respectively, while ϕ t represents the temporal phase gradient. In addi-
tion, v x and v y correspond to the pixel velocities in the horizontal and 
vertical directions.

ϕ(x, y, t) = c (1)

ϕ x v x + ϕ y v y + ϕ t = 0 (2)

By projecting Eq. (2) onto the orientation of the Gabor wavelet, Eq. 
(3) can be obtained.
⃦
⃦
⃦ ϕ c
̅→

⃦ 
⃦
⃦‖ v →‖cosα + ϕ t = 0 (3)

The complete velocity v→ is a vector that may point in any direction,
whereas ϕ c

̅→ denotes the phase gradient. The vectors ϕ c
̅→ and v→ form an

angle α.
Accordingly, the velocity component v c→ along the Gabor wavelet

direction can be derived from Eq. (4), where ϕ c
̅→ n is the unit vector of the

phase gradient.

v c→ 
= ϕ c 

̅→ n
‖ v →‖cosα = ϕ c

̅→n 

⎛ 

⎝ − 
ϕ t⃦

⃦
⃦ ϕ c
̅→ ⃦ ⃦

⃦

⎞

⎠ = 
(ϕ x , ϕ y )⃦
⃦
⃦ ϕ c
̅→ ⃦ ⃦

⃦

⎛

⎝ − 
ϕ t⃦

⃦
⃦ ϕ c
̅→ ⃦ ⃦

⃦

⎞

⎠

= − 
ϕ t

(ϕ 2x + ϕ2y) 
(ϕ x , ϕ y ) (4)

After estimating the pixel velocity, the pixel displacement can be 
calculated from the velocity and the time interval, as given in Eq. (5).

d c
→

= v c →Δt (5)

Compared with conventional intensity-based optical flow, the 
essential difference of phase-based optical flow lies in the type of image 
information used for motion estimation. Conventional optical flow 
methods estimate motion primarily from the constancy of image in-
tensity, and their performance is therefore more directly influenced by 
variations in brightness, contrast, and local texture visibility. By 
contrast, phase-based optical flow estimates motion from phase varia-
tion along a selected orientation, which is more closely related to the 
structural pattern of the image than to its absolute intensity magnitude. 
Therefore, when illumination changes mainly affect image amplitude 
rather than the local pattern itself, phase-based optical flow may provide 
comparatively more stable displacement estimation. This theoretical 
distinction forms the basis for the comparative experimental evaluation 
under illumination variation conditions in the present study.

3. Illumination variation experiments for evaluation of the 
performance of phase-based method

Fig. 3 (a) and (b) illustrate the experimental arrangement and cor-
responding schematic of the illumination variation experiments. In this 
setup, the moving target consists of a column mounted on the head of an 
electrodynamic shaker. The shaker generates reciprocating motion with 
controllable speed. Since the motion velocity can be adjusted to very low 
levels, an iPhone 11 was used to capture the target motion at a resolu-
tion of 720P and a frame rate of 30 fps. The camera was placed at a 
distance of 900 mm from the target, and its optical axis was aligned 
perpendicular to the motion direction. With the focal length set to 52 
mm, the resulting imaging scale was approximately 0.402 mm/pixel. 

To provide reference displacement data, a Keyence LK-G3000 laser

Fig. 3. Images of the experiment layout and schematic diagram.
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displacement sensor (LDS) fitted with an LK-G405 sensor head was used, 
as shown in Fig. 4. The sensor head has an effective operating range of 
400 mm ± 100 mm, while the repeatability of the LDS system is speci-
fied as 2 μm.

Based on the basic experimental setup, a series of experiments was 
conducted to investigate the effects of illumination variations. Specif-
ically, the evaluated conditions include various lighting intensities and 
temporal lighting variations under both clear and foggy conditions, as 
shown in Table 1. The varying constant illumination cases are primarily 
designed to investigate the stability of each vision-based method under 
low-light conditions and the degree of accuracy degradation of these 
methods as illumination decreases. The corresponding real-world engi-
neering scenarios include nighttime low-light environments or low-light 
conditions inside tunnels. The temporal illumination variation cases are 
designed to study the stability of each vision-based method when the 
illumination intensity changes during the measurement process. The 
corresponding engineering scenario is the day-night transition encoun-
tered in long-term structural health monitoring. The foggy cases are 
designed to investigate the effect of mild occlusion on each vision-based 
method. The corresponding engineering scenario is long-range vision-

based structural displacement measurement, where the influence of fog 
becomes more significant due to the extended optical path.

The lighting was provided by two adjustable LED lights with 
adjustable brightness (ALTSON LED Video Lighting Kit, USB-powered), 
as shown in Fig. 3 (a). The intensity of lighting is measured by a lux 
meter (TEKOPLUS Lux Meter with data logging capability) near the 
moving target, as shown in Fig. 5 (a). The lux meter is capable of time 
history recording of illuminance at a sampling rate of once per second. 

To ensure consistency of the data acquisition process across all tested 
conditions, the exposure compensation value of the iPhone camera is set 
to 0 in all experimental cases. This means that the camera operates with 
the same automatic exposure strategy throughout all cases without any 
manual exposure compensation, ensuring that no artificial brightness 
bias is introduced across different illumination conditions. However, it 
should be noted that since the video is recorded using the built-in iPhone 
camera app, the underlying camera pipeline may still perform automatic 
exposure, auto gain, or noise suppression processing. Therefore, this 
experiment evaluates the adaptability of each vision-based method to 
different illumination conditions under a realistic smartphone imaging 
pipeline, rather than under fully controlled imaging conditions with 
locked physical exposure parameters. Importantly, under each illumi-
nation condition, all vision-based methods receive exactly the same 
video frames as input, and any automatic adjustments made by the in-
ternal camera pipeline affect all three methods equally, ensuring that the 
comparative results remain fair and valid.

The fog occlusion is simulated using a humidifier, which has been 
recognized in previous research as an effective and practical approach 
for generating artificial fog [10,50,51]. The humidifier (AquaOasis Cool 
Mist Humidifier, 2.2 L capacity) used to produce the fog is shown in 
Fig. 5 (b). The humidifier is placed beneath the target on the side closer

Fig. 4. Laser displacement sensor (Keyence LK-G3000 series).

Table 1
The general cases of the illumination variation experiments (check marks indi-
cate the illumination conditions applied in each case).

Cases Various fixed lightings Temporal lighting changes Under Fog

1 √ ​ ​
2 √ ​ √
3 ​ √ ​
4 ​ √ √

Fig. 5. The setups of lux meter and humidifier.
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to the camera, with the fog outlet approximately 200 mm from the target surface, allowing the fog to diffuse upward and cover both the target

Fig. 6. Frames from experiment videos in Case 1 under clear conditions with varying illumination levels.

Fig. 7. Effect of scale level on MAE under varying illumination conditions in Case 1.
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region and the optical path between the target and camera. Before each 
foggy condition experiment, the humidifier is operated at maximum 

output for approximately 5 min to allow the fog concentration to reach a 
steady state. In the steady state, the humidity data obtained around the 
target area were as follows: the temperature and relative humidity at the 
center of the target were 16.9 ◦ C and 90.13%, respectively, while the 
average temperature and relative humidity around the target area were 
20.4 ◦ C and 62.85%, respectively. These conditions are similar to those 
reported in previous laboratory studies [50], which were conducted to 
simulate the most unfavorable fog level. Video recording commences 
only after this stabilization period, and the humidifier remains at 
maximum output throughout the recording to maintain consistent fog 
concentration. Across all fog-related test conditions (Case 2 and Case 4), 
the humidifier position and output setting remain unchanged, ensuring a 
reasonably consistent fog environment across different cases.

It should be acknowledged that the current fog simulation has certain 
limitations compared with field deployment scenarios. The optical path 
in this laboratory setup is only 900 mm, whereas in real applications it 
may extend to tens or hundreds of meters with greater cumulative 
scattering effects. The indoor experiment uses a fixed-direction LED 
light source, whereas outdoor sunlight and diffuse skylight enter the fog 
from multiple directions, potentially producing more complex optical 
effects such as glare and non-uniform background brightness. Addi-
tionally, the humidifier generates pure water fog with uniform particle 
composition, whereas natural outdoor fog may coexist with haze, rain, 
and atmospheric turbulence, involving varying particle sizes and 
refractive indices that may produce more spatially heterogeneous opti-
cal distortions. Nevertheless, the laboratory experiment provides a 
controlled baseline to reveal the fundamental mechanisms by which 
spatial occlusion affects vision-based displacement measurement. 
Future work involving field deployment under natural fog and other 
adverse atmospheric conditions would be a worthwhile direction to 
further investigate the robustness of vision-based methods.

To ensure a well-controlled lighting environment, there are no other 
lighting sources around the moving target except for the two LED lights. 
In the general Case 1, the LED lights are adjusted to four brightness 
levels: maximum, medium, low, and near-zero (almost off), in order to 
evaluate the measurement performance of different vision-based 
methods. The corresponding light intensities are 124.3704 lx, 
62.6212 lx, 15.7353 lx, and 0.9444 lx, respectively. The frames for these

cases are shown in Fig. 6.
Under the above conditions, three optical flow methods for vision-

based displacement measurement are compared in this study, namely 
intensity-based optical flow (LK), deep learning-based optical flow 
(RAFT), and phase-based optical flow (CSP). To ensure a fair compari-
son, all three compared methods were implemented using reasonable 
parameter settings based on their methodological characteristics and 
previous studies.

To enable a direct comparison between the displacement results from 

the vision-based methods and the laser displacement sensor, the two 
signals were first synchronized in the time domain by aligning their 
initial response features to correct the time delay between the two 
acquisition systems. The laser displacement sensor was configured at a 
sampling rate of 1000 Hz during the measurement. To match the 30 Hz 
frame rate of the camera, the laser signal was resampled to the camera's 
time points using linear interpolation.

For the phase-based method, the CSP was adopted for phase 
extraction, and the scale level for displacement measurement was 
determined using the previously proposed strategy in Ref. [33]. Under 
all illumination intensities, the optimal scale level determined by this 
strategy is 6, based on the motion range and target size. To validate this 
selection, we extracted displacement measurements from all scale levels 
in the CSP and compared them with the ground truth. The point of in-
terest (POI) was set at the center of each subband. The mean absolute 
error (MAE) at each scale level is plotted in Fig. 7 for different illumi-
nation intensities. As shown, scale level 6 achieves the minimum MAE 
across all illumination conditions, confirming the effectiveness and 
robustness of this strategy, even under low-light conditions.

For the intensity-based optical flow method, a tracking point was 
selected on the vertical edge of the column. This location provides a 
clear intensity gradient along the motion direction, which is favorable 
for LK optical flow tracking. The window size was set to 30 × 30 pixels, 
the pyramid level was set to 3, and the iteration termination criteria 
were set to a maximum of 10 iterations or a convergence threshold of 
0.03. These parameters were kept consistent across all cases listed in 
Table 1.

For the deep learning-based optical flow method, the pretrained 
RAFT-Things model was adopted for optical flow estimation with its 
default inference settings, including 20 iterations for the recurrent up-
date operator. Although RAFT was originally developed for general 
optical flow estimation, recent studies have demonstrated its effective-
ness in structural displacement measurement. Specifically, Guo et al. 
[24] applied the same RAFT-Things model directly to structural vibra-
tion measurement and achieved sub-pixel accuracy, confirming its 
suitability for this task. It should be noted that no fine-tuning or domain 
adaptation was applied to the RAFT model in this study. This is because 
the ground truth available consists only of single-point displacement 
data, which does not satisfy the requirement of dense full-field 
displacement supervision for RAFT's training framework. Furthermore, 
the limited number of structural vibration videos in this study does not 
constitute a statistically representative dataset for proper partitioning 
into training and testing subsets. Performing fine-tuning on such a small 
dataset would essentially amount to ground-truth-guided optimization

Fig. 8. Comparison of measurement performance under clear conditions with varying illumination levels.

Table 2
MAE results of different vision-based methods under clear conditions with 
varying illumination intensities.

Illumination 
intensity (lux)

MAE (mm)

Phase-based 
optical flow 
(CSP)

Intensity-based 
optical flow (LK)

Deep learning-based 
optical flow (RAFT)

124.3704 0.2270 0.3969 0.5301
62.6212 0.2990 0.4182 0.5655
15.7353 0.3900 0.5249 0.5669
0.9444 0.7583 1.6429 0.8013
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on test data, rather than a meaningful training process that reflects the 
model's generalization capability. These settings were kept consistent 
across all cases listed in Table 1.

In this way, the compared methods were evaluated under reasonably 
optimized or representative settings, so that the comparison would 
reflect their actual measurement performance rather than differences 
caused by inappropriate parameter selection.

The measurement results of Case 1 based on different vision-based 
methods are presented in Fig. 8 and Table 2. As shown in Fig. 8 and 
Table 2, under ideal lighting conditions (e.g., 124.3704, 62.6212, and 
15.7353 lx), all vision-based methods achieve good accuracy with low 
MAE values. Among them, the phase-based method consistently ach-
ieves better accuracy than the others, demonstrating the high mea-
surement accuracy of the phase-based method.

However, under low illumination conditions (0.9444 lx), the phase-
based method still provides good accuracy, while the performance of the 
intensity-based optical flow method degrades significantly. The time 
history displacement measurement results of the three methods in this 
case are presented in Fig. 9. As observed, the phase-based method 
maintains very close agreement with the laser reference over the entire 
vibration process. By comparison, the intensity-based optical flow 
method shows substantial errors, especially near local extrema, together 
with more pronounced instability in the extracted displacement signal. 
The deep learning-based optical flow method performs better than the 
conventional intensity-based optical flow method, but still shows 
slightly larger deviations than the phase-based method. These obser-
vations are further supported by the MAE results in Table 2. At 0.9444 
lx, the phase-based method yields the smallest error of 0.7583 mm, 
whereas the corresponding errors of the intensity-based optical flow 
method and the deep learning-based optical flow method are 1.6429 
mm and 0.8013 mm, respectively. Notably, in the present experiment, 
where the motion range was approximately 30 mm, the MAE of the 
phase-based method corresponds to only 2.53% of the displacement 
range, which is below the 5% criterion. This demonstrates the robust-
ness and accuracy of the phase-based method under low-light 
conditions.

To provide a further mechanistic explanation of the measurement 
accuracy differences among the vision-based methods under the varying 
illumination conditions in Case 1, the one-dimensional intensity and 
phase signals along the target motion direction are extracted from the 
video frames for analysis. Since the target moves in the horizontal di-
rection of the video, the pixel gradient and phase signal in the horizontal 
direction play a decisive role in target localization. The POI used in all 
cases and vision-based methods is located at the vertical center of the

video frame, and therefore the intensity and phase signals along row 
360, which passes through the target region, are extracted and presented 
in Fig. 10. It should be noted that the phase signals presented here are 
extracted from the subband at scale level 6 of the CSP, which is the scale 
used for displacement measurement. Due to the successive down-
sampling in the pyramid structure, the resolution of this subband is only 
20 × 12. For ease of comparison with the original image, the horizontal 
coordinate of each subband pixel is mapped back to the original image 
coordinate by x = i × 2⁶, where i is the pixel index in the subband. 

As observed in Fig. 10, the intensity signals across all cases generally 
exhibit a step-like elevation within the target region, with a distinct 
contrast against the background. In the 124.3704 lx and 62.6212 lx 
cases, the overall intensity profiles show little difference, with the 
target-background intensity contrast both being approximately 150 and 
the target edges exhibiting a pronounced intensity gradient. This in-
dicates that for the iPhone 11 camera, the imaging quality is stable and 
satisfactory above 62.6212 lx, and further increasing the illumination 
intensity yields limited improvement in the intensity contrast and 
gradient. In the cases below 62.6212 lx, the target-background intensity 
contrast decreases noticeably with reducing illumination, dropping to 
approximately 120 at 15.7353 lx and approximately 25 at 0.9444 lx. 

The reduced intensity contrast resulting from lower illumination 
implies a significant decrease in the spatial intensity gradient at the 
target edges. For the LK optical flow method, displacement estimation is 
performed by solving the optical flow equation, the core of which in-
volves inverting the structure tensor matrix constructed from the in-
tensity gradients within the tracking window. The eigenvalues of this 
matrix are directly determined by the magnitude of the intensity gra-
dients, decreasing as the intensity gradient diminishes [21]. In the 
0.9444 lx case, the target-background intensity contrast is only 
approximately 25, resulting in small eigenvalues of the structure tensor 
matrix. The LK optical flow method is still able to output tracking results 
under this condition, indicating that the eigenvalues remain above the 
effective solving threshold of the algorithm. However, due to the small 
eigenvalues, the precision and stability of the solution are compromised, 
leading to significant degradation in displacement estimation accuracy. 

For the RAFT method, although as a deep learning model it does not 
directly solve intensity gradient equations, its core mechanism still relies 
on pixel feature matching. RAFT estimates optical flow by constructing a 
4D correlation volume between two consecutive frames. Under low in-
tensity contrast conditions, the discriminability of extracted features is 
reduced and the matching signals become ambiguous, leading to a 
decline in optical flow estimation accuracy. Moreover, the pre-training 
datasets of RAFT predominantly consist of synthetic scenes with

Fig. 9. Displacement time histories obtained by vision-based methods under 0.9444 lx illumination intensity.
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adequate lighting and contrast conditions, limiting its generalization 
capability to extremely low illumination scenarios.

As shown in Fig. 10, the phase signal exhibits a fundamentally 
different morphology from the intensity signal, which displays a local-
ized peak or plateau at the target region. Instead, the phase signal pre-
sents a more periodic sawtooth-like distribution, with values primarily 
confined within the range of approximately − π to π and abrupt transi-
tions from positive to negative values occurring at several locations due

to phase wrapping. Despite these spatial discontinuities, the phase signal 
maintains a relatively smooth variation trend between adjacent wrap-
ping points, reflecting the local structural changes in the image along the 
horizontal direction. For phase-based displacement measurement 
methods, such phase characteristics constitute a critical signal source for 
target localization. It should be noted that since the CSP filter possesses a 
certain frequency bandwidth, the extracted signal represents the su-
perposition of multiple frequency components within a frequency band.

Fig. 10. Intensity and phase signals along row 360 under clear conditions with varying illumination levels.
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As the phases of these individual components are not perfectly aligned, 
the synthesized phase values do not necessarily reach ± π at every 
extremum.

In contrast to the intensity signal, the phase signal exhibits a high 
degree of consistency across the different illumination conditions in 
Case 1, with all four cases presenting three complete sawtooth-like cy-
cles of similar amplitude range near ± π. In particular, in the vicinity of 
the target region, the phase signal maintains a relatively smooth and 
locally near-linear variation, which is a critical foundation for accurate 
displacement estimation and target localization [29]. Therefore, the 
results in Fig. 10 demonstrate from the perspective of phase signal 
morphology that the phase signal possesses strong robustness against 
illumination reduction, which explains why the phase-based method is 
able to maintain reliable displacement measurement accuracy under 
low illumination conditions.

From the perspective of measurement applicability, the result under 
0.9444 lx is particularly noteworthy because such an illumination level 
represents an extremely unfavorable imaging condition for conventional 
vision-based methods. Even in this case, the phase-based method

maintains a displacement error that is small relative to the motion range 
of the present experiment. This indicates that phase-based displacement 
measurement can still provide practically meaningful results when the 
available illumination is very limited, whereas conventional intensity-
based tracking becomes much less reliable.

In Case 2, four foggy lighting intensity levels are presented, corre-
sponding to maximum, medium, low, and near-zero (almost off) LED 
lighting levels, with measured values of 35.1098 lx, 18.1970 lx, 4.6125 
lx, and 0.3875 lx. The lighting intensity is reduced due to the avoidance 
of direct illumination, which can cause the Tyndall effect. This effect 
may make the fog appear too prominent, potentially leading to its 
misidentification as the moving target [52,53]. Frames from these cases 
are shown in Fig. 11.

The optimal scale level of CSP for all subcases in Case 2 is also 
determined as 6 via the aforementioned measurement strategy, based on 
the target size and motion range. The MAE at each scale level is pre-
sented in Fig. 12. As shown, even under the combined effects of varying 
illumination intensities and fog, scale level 6 consistently achieves the 
minimum MAE, indicating that the optimal scale level remains

Fig. 10. (continued).

Fig. 11. Frames from experiment videos in Case 2 under foggy conditions with varying illumination levels.
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dependent on the target size and motion range rather than environ-
mental conditions.

The measurement results from different vision-based methods for 
Case 2 are presented in Fig. 13 and Table 3. As observed from Table 3,

the phase-based method is affected by the foggy condition, with its ac-
curacy under the more ideal illumination levels of 35.1098 lx and 
18.1970 lx dropping significantly compared to that at 15.7353 lx in Case 
1. This may be attributed to the phase-based method is sensitive to any 
pattern changes, even when the pattern intensity is not significantly 
high, due to the nature of phase information. Other methods are also 
affected by the fog, showing reduced accuracy compared to Case 1. 
However, the phase-based method still achieves higher accuracy than 
the others, which may be attributed to its intrinsically high precision 
rather than robustness against fog.

To further investigate the mechanism by which fog degrades the 
measurement accuracy of all vision-based methods, the intensity and 
phase signals along row 360 are extracted from the fog case at 18.1970 
lx and presented in Fig. 14 for analysis.

As shown in Fig. 14, for the intensity signal, the signal morphology 
under foggy conditions differs significantly from that under the clear 
scenario in Case 1 (Fig. 10). Under clear conditions, the intensity in the 
target region presents a rectangular pulse with steep edges, with the

Fig. 12. Effect of scale level on MAE under varying illumination conditions in Case 2.

Fig. 13. Comparison of measurement performance under foggy conditions with varying illumination levels.

Table 3
MAE results of different vision-based methods under foggy conditions with 
varying illumination intensities.

Illumination 
intensity (lux)

MAE (mm)

Phase-based 
optical flow 
(CSP)

Intensity-based 
optical flow (LK)

Deep learning-based 
optical flow (RAFT)

35.1098 0.6606 1.0380 0.9631
18.1970 0.7004 1.2291 0.9653
4.6125 0.5719 1.0370 0.8885
0.3875 0.6197 N/A (tracking

failure)
3.0272
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transition between the target and background being nearly step-like and 
the background intensity remaining relatively stable. Under foggy con-
ditions, however, the scattering effect of fog elevates the overall back-
ground intensity, reducing the contrast between the target and 
background. Meanwhile, the steepness of the target edges decreases 
noticeably, with the right edge in particular exhibiting a prolonged 
gradual transition, transforming the original step-like boundary into a 
slope-like profile and significantly blurring the intensity gradient in-
formation at the edges.

These changes in the intensity signal have direct implications for the 
displacement measurement methods that rely on intensity information. 
For the LK optical flow method, the reduction and blurring of the in-
tensity gradient at the target edges undermine the solving stability of the 
optical flow equation. For the RAFT method, the edge blurring and 
reduced target-background intensity contrast diminish the discrimina-
bility of feature matching. Moreover, since the pre-training datasets of 
RAFT predominantly consist of scenes under normal visual conditions, 
the generalization capability of the model to fog-degraded images may 
be limited.

As shown in Fig. 14, the phase signal morphology under foggy con-
ditions also differs notably from that under the clear scenario (Fig. 10). 
Under clear conditions, the phase signal presents three complete 
sawtooth-like cycles within the field of view, with regular waveforms 
and smooth linear segments. Under foggy conditions, however, 
approximately five sawtooth-like cycles appear within the same spatial 
range. These additional sawtooth-like cycles indicate that more non-
target frequency components have been introduced into the frequency 
band. This is because fog introduces additional spatial intensity varia-
tions and texture structures, which are captured by the bandpass filters 
of the CSP and manifest as additional fluctuations in the phase signal. It

should be noted that if these additional textures were stationary, they 
could be regarded as a complex but fixed background, and the phase-
based method would still be able to largely eliminate their influence 
through inter-frame phase differencing without significantly affecting 
the displacement measurement accuracy. However, fog varies dynami-
cally during video recording. The phase fluctuations induced by fog are 
therefore inconsistent between frames. As a result, the CSP cannot 
distinguish these fluctuations from the actual motion of the target, 
effectively incorporating the dynamic scattering of fog into the 
displacement estimation and thereby interfering with the true mea-
surement results.

The above analysis reveals that fog affects the measurement process 
in a fundamentally different manner from simple illumination reduc-
tion. Rather than merely reducing intensity contrast, fog introduces 
dynamic spatial interference that disrupts the local structural patterns 
relied upon by the phase-based method for displacement estimation. 
This explains why the phase-based method remains robust under low-
light conditions in Case 1 but exhibits noticeable accuracy degrada-
tion in the presence of fog in Case 2.

Nevertheless, the comparative results in Table 3 still show that the 
phase-based method outperforms the other two methods across all 
tested foggy cases. This indicates that, although the phase-based method 
is not immune to spatially varying disturbances caused by fog, it still 
retains a comparatively higher level of measurement reliability. 

Moreover, in the extremely low illumination case of 0.3875 lx, the 
impact of fog is significantly reduced, and the main limiting factor be-
comes the low light intensity itself. In this scenario, the deep learning-
based optical flow method produces inaccurate measurement results, 
as shown in Table 3 and Fig. 15. Moreover, the intensity-based optical 
flow fails to provide results due to the extremely low intensity gradients

Fig. 14. Intensity and phase signals along row 360 under foggy conditions at 18.1970 lx.

Fig. 15. Displacement time histories obtained by vision-based methods under 0.3875 lx illumination intensity and fog.
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around the target, which makes the optical flow equation ill-posed. 
However, with the influence of fog diminished, the phase-based 
method achieves even higher accuracy than at higher illumination 
levels, which can be attributed to its robustness to low-light conditions. 

To further investigate the mechanism behind the measurement per-
formance of each method under the 0.3875 lx foggy condition, the in-
tensity and phase signals for this case are presented in Fig. 16. From the 
intensity plot, it can be observed that the background intensity is nearly 
zero, with the target region exhibiting only a minor step-like elevation of 
approximately 10. Notably, no significant influence of fog on the in-
tensity signal morphology is observed, as the scattering effect of fog is 
substantially weakened under extremely low illumination, making it 
difficult to form any discernible intensity pattern in the image.

However, an intensity contrast of only approximately 10 is insuffi-
cient to support the normal solving process of the LK optical flow 
method. As discussed earlier, the LK algorithm estimates displacement 
by inverting the structure tensor matrix constructed from the intensity 
gradients within the tracking window, and the eigenvalues of this matrix 
directly reflect the magnitude of the intensity gradients. Under such a 
low intensity contrast, the eigenvalues may have fallen below the 
effective solving threshold of the algorithm, rendering the matrix non-
invertible and causing the algorithm to directly flag the tracking as 
failed. For the RAFT method, its optical flow estimation relies on pixel 
feature matching between two consecutive frames. Under an intensity 
contrast of only approximately 10, the target and background become 
nearly indistinguishable in the feature space, which is fundamentally

Fig. 16. Intensity and phase signals along row 360 under foggy conditions at 0.3875 lx.

Fig. 17. Representative frames extracted from the video in Case 3 at different time instants under time-varying illumination conditions.
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consistent with the cause of LK failure due to insufficient intensity 
gradients. Regardless of whether a traditional or deep learning-based 
approach is employed, when the image itself no longer contains suffi-
cient visual information to differentiate the target from the background, 
any displacement measurement method based on intensity information 
will inevitably fail.

However, for the phase signal, even under such extremely low illu-
mination, its morphology remains similar to that in Case 1, presenting 
three complete sawtooth-like cycles within the field of view with regular 
waveforms and smooth linear segments. This indicates that the phase 
signal maintains good linearity and high single-frequency purity, which 
is favorable for accurate phase extraction and avoids interference from 

non-target frequency components, thereby providing a reliable signal 
foundation for accurate displacement measurement.

In Case 3, the lighting conditions were varied during camera 
recording. Representative video frames at different time instants are 
shown in Fig. 17. As shown in Fig. 17, the recorded image sequence 
exhibits substantial temporal variation in scene brightness, including a 
pronounced transition from relatively bright conditions to extremely 
low-light conditions. These frames provide direct visual evidence of the 
temporal illumination variation introduced in this case.

The optimal scale level in Case 3 is also determined as 6 via the 
aforementioned strategy, based on the target size and motion range. The

MAE at each scale level is presented in Fig. 18. As shown, scale level 6 
consistently achieves the minimum MAE among all scale levels, con-
firming the effectiveness of this strategy even under temporal illumi-
nation variation conditions.

The time history displacement measurement results of the three 
methods and the illuminance time history are shown in Fig. 19. As 
shown in Fig. 19, the illuminance undergoes a sharp transition between 
approximately 17 s and 20 s. During this same period, both the intensity-
based optical flow method and the deep learning-based optical flow 
method exhibit evident deviations from the laser reference, indicating 
that their displacement estimation is strongly affected by the abrupt 
lighting change. By contrast, the phase-based method maintains close 
agreement with the reference measurement throughout the entire 
recording, including the period of rapid illumination variation. This 
observation is further supported by the MAE results in Table 4, where 
the phase-based method achieves the smallest error of 0.2957 mm, 
compared with 0.9583 mm for the intensity-based optical flow method 
and 0.5951 mm for the deep learning-based optical flow method.

This is because intensity-based and deep learning-based methods 
rely heavily on raw intensity values or intensity features learned from 

training data. Abrupt changes in brightness can disrupt their ability to 
accurately identify pixel correspondences across frames. In contrast, 
phase information is derived from intensity and represents the trend of 
the intensity. As such, uniform changes in intensity amplitude have 
minimal impact on phase, allowing the phase-based method to remain 
stable under temporal illumination changes.

To provide a further mechanistic explanation of the measurement 
performance of each method, the intensity and phase signals at frame 
510 (17 s) and frame 590 (19.67 s), during a period of significant illu-
mination variation, are presented in Fig. 20. Based on the displacement 
measured by the phase-based method in pixels, a tracking point is 
defined at horizontal coordinate 640 as the origin, and its corresponding 
positions at the two frames are marked on the intensity and phase plots 
along with the respective intensity and phase values.

Fig. 18. Effect of scale level on MAE in Case 3.

Fig. 19. Measured displacement time histories of vision-based methods under dynamic illumination with corresponding illuminance time history.

Table 4
The measurement performances of different vision-based methods under tem-
poral illumination changes.

Phase-based 
optical flow (CSP)

Intensity-based 
optical flow (LK)

Deep learning-based 
optical flow (RAFT)

MAE
(mm)

0.2957 0.9583 0.5951
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From the intensity plots, it can be observed that the intensity at the 
tracking point is 114 at frame 510 and drops to 22 at frame 590, indi-
cating a significant change in the intensity values within the target re-
gion during the illumination decay.

The LK optical flow equation is built upon the brightness constancy

assumption, which requires that the intensity of the same pixel remains 
unchanged between consecutive frames. However, during the contin-
uous decay of illumination, even if the target remains stationary, the 
pixel intensity decreases progressively with the declining illumination. 
The LK algorithm misinterprets such inter-frame intensity differences

Fig. 20. Intensity and phase signals along row 360 at frame 510 and frame 590 during temporal illumination variation.
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caused by illumination variation as target motion, thereby introducing 
systematic errors into the displacement estimation. Therefore, under 
conditions of dynamically varying illumination, the accuracy degrada-
tion of the LK method is primarily attributable to the persistent violation 
of the brightness constancy assumption caused by the illumination 
change.

For the RAFT method, the continuous decay of illumination likewise 
affects its optical flow estimation. RAFT extracts pixel features from two 
consecutive frames through a feature encoder and constructs a corre-
lation volume for matching. When the illumination varies between 
frames, the feature representations of the same target differ across the 
two frames, causing the matching signals in the correlation volume to 
deviate from the true motion correspondence. Particularly near frame 
590, where the target intensity has dropped to only 22 and the image 
approaches near-total darkness, the feature encoder of RAFT can hardly 
extract meaningful feature information, resulting in a complete failure 
of the optical flow estimation.

As for the phase signal, the phase signal morphology at frame 510 
and frame 590 shows no fundamental difference, both presenting three 
complete sawtooth-like cycles with regular waveforms and smooth 
linear segments, with only a horizontal shift occurring during the pro-
cess of illumination decay and target motion. The phase values at the 
tracking point remain highly consistent between the two frames, indi-
cating that the drastic illumination change has not significantly affected 
the phase information. This implies that the phase consistency condition 
upon which the phase-based optical flow relies can still be satisfied 
under rapid illumination variation, enabling the phase-based displace-
ment measurement to maintain stable measurement accuracy under 
temporal illumination variation conditions.

In Case 4, the lighting was adjusted during camera recording under 
foggy conditions. Representative video frames at different time instants

are shown in Fig. 21. As shown in Fig. 21, both fog-induced visual 
interference and substantial temporal variation in scene brightness are 
present in the recorded image sequence. In particular, the brightness of 
the scene changes noticeably over time, while the fog remains distrib-
uted around the target region, making this case visually more chal-
lenging than the clear-condition case with temporal illumination 
variation. These frames provide direct visual evidence of the combined 
adverse conditions introduced in this case.

The optimal scale level in Case 4 is also determined as 6 via the 
aforementioned strategy. The MAE at each scale level is presented in 
Fig. 22. As shown, scale level 6 achieves the minimum MAE among all

Fig. 21. Representative frames extracted from the video in Case 4 at different time instants under foggy and time-varying illumination conditions.

Fig. 22. Effect of scale level on MAE in Case 4.
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scale levels, further confirming the effectiveness of this strategy even 
under unfavorable conditions involving both fog and temporal illumi-
nation variations.

The corresponding measured displacement time history results, 
together with the illuminance time history, are presented in Fig. 23, and 
the quantitative comparison is summarized in Table 5. As shown in 
Fig. 23, the phase-based method achieves relatively higher accuracy in 
this case than under the foggy conditions in Case 2, while still main-
taining closer agreement with the laser reference than the other two 
methods throughout the measurement process. By contrast, both the 
intensity-based optical flow method and the deep learning-based optical 
flow method exhibit more pronounced deviations, especially during the 
period of illumination transition. This observation is consistent with the 
MAE results in Table 5, where the phase-based method achieves the 
smallest error of 0.4970 mm, compared with 5.4262 mm for the 
intensity-based optical flow method and 1.0763 mm for the deep 
learning-based optical flow method. These results indicate that the 
phase-based method remains the most reliable among the three methods 
under the combined effects of fog and temporal illumination variation. 

To further investigate the mechanism behind the measurement per-
formance of each method in this case, the intensity and phase signals at 
frame 715 (23.83 s) and frame 810 (27 s) during the illumination 
variation are presented, with the tracking point marked in the same 
manner as described previously, as shown in Fig. 24.

From the intensity plots, it can be observed that at the low illumi-
nation moment (frame 715), the influence of fog on the intensity signal 
is relatively minor, and the target region still retains a step-like intensity 
profile. At frame 810, however, as the illumination intensity increases, 
the overall intensity values rise significantly, but the scattering effect of 
fog is also enhanced accordingly, introducing noticeable fluctuations in 
the background intensity and weakening both the target-background

intensity contrast and the edge gradient. The intensity value at the 
tracking point changes from 53 to 192, also exhibiting a substantial 
variation. Due to the combined effects of the dynamic temporal varia-
tion in intensity values and the blurring of target edges caused by fog, 
the accuracy of the LK and RAFT methods further declines compared 
with Case 3.

As for the phase signal, under the low illumination conditions at 
frame 715, its morphology is similar to that in Case 3, presenting three 
complete sawtooth-like cycles with regular waveforms and smooth 
linear segments. However, at frame 810, as the illumination intensity 
increases, the scattering effect of fog becomes more pronounced, and the 
phase signal morphology changes considerably, with approximately five 
sawtooth-like cycles appearing within the same spatial range, indicating 
that more non-target frequency components have been introduced into 
the frequency band. Although the phase values at the tracking point 
remain relatively close between the two frames (− 1.47 vs − 1.50), the 
dynamic variation of fog introduces unstable phase fluctuations between 
frames, interfering with the frame-by-frame phase difference estimation 
and leading to a decline in the displacement measurement accuracy of 
the phase-based method in this case compared with Case 3.

A possible explanation for the relatively better performance of the 
phase-based method in Case 4, compared with Case 2, is that the in-
fluence of fog is partly reduced during the low-illumination periods in 
the overall measurement process. As a result, the dominant disturbance 
may shift from strong fog-related pattern interference to temporal 
variation in brightness. Since the phase-based method is comparatively 
robust to low-light conditions and temporal illumination variation, it 
can still maintain stable displacement estimation in this combined-
condition case. Nevertheless, some loss of accuracy is still observed 
relative to the clear-condition cases, indicating that the coexistence of 
fog-induced interference and temporal illumination change remains 
challenging. Overall, Case 4 further demonstrates that the phase-based 
method is comparatively more robust than the other two methods 
under the combined unfavorable visual conditions considered in the 
present experimental setting.

In conclusion, this experiment proves that the phase-based method 
achieves high measurement accuracy and is robust against low illumi-
nation and temporal lighting variations. However, the phase-based 
method can also be affected by the dynamic spatial interference (such 
as fog), since phase information is sensitive to any pattern changes, even

Fig. 23. Measured displacement time histories of vision-based methods under fog and dynamic illumination with corresponding illuminance time history.

Table 5
The measurement performances of different vision-based methods under fog and 
temporal illumination changes.

Phase-based 
optical flow (CSP)

Intensity-based 
optical flow (LK)

Deep learning-based 
optical flow (RAFT)

MAE
(mm)

0.4970 5.4262 1.0763
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when the pattern intensity is not significantly high. The superior per-
formance of the phase-based method under low illumination conditions 
(below 1 lx) indicates its potential for structural displacement moni-
toring at nighttime or poorly illuminated environments. Its robustness 
against temporal illumination variation could also benefit long-term 

structural displacement monitoring involving day-night cycles.

4. Conclusion

This study conducted vision-based displacement measurement ex-
periments under controlled illumination conditions and spatial distur-
bances. The investigated scenarios included different illumination 
intensities, time-varying illumination, and dynamic spatial interference.

Fig. 24. Intensity and phase signals along row 360 at frame 715 and frame 810 during temporal illumination variation with fog.
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Using laser displacement sensor measurements as the ground truth, the 
performance of a phase-based method was evaluated under different 
conditions and compared with that of commonly used intensity-based 
methods.

The results show that the phase-based method provides clear ad-
vantages in displacement measurement under low-illumination and 
time-varying illumination conditions when compared with intensity-
based optical flow and deep learning-based optical flow. These find-
ings confirm the superior robustness of the phase-based method under 
adverse lighting conditions, particularly in extremely low-light envi-
ronments and in the presence of temporal illumination changes.

From an engineering perspective, these results indicate that phase-
based displacement measurement has the potential to serve as a prom-
ising technical approach for vision-based structural displacement 
monitoring under adverse lighting conditions. However, it should be 
noted that the experiments in this study were conducted under 
controlled indoor laboratory conditions, which do not fully represent the 
complex factors involved in long-term outdoor monitoring. Future work 
should further investigate the deployment stability and practical per-
formance of phase-based methods in real-world engineering environ-
ments with challenging lighting conditions, such as day-to-night 
transitions and nighttime scenes with little or no ambient illumination.
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