
Open Journal of Civil Engineering, 2025, 15(4), 797-812 
https://www.scirp.org/journal/ojce 

ISSN Online: 2164-3172 
ISSN Print: 2164-3164 

 

DOI: 10.4236/ojce.2025.154044  Dec. 12, 2025 797 Open Journal of Civil Engineering 
 

 
 
 

Image Analysis-Based Study on Influencing 
Factors and Reliability in Soil Dynamic 
Deformation Time-History Identification 

Jingjing Ding1,2, Xuefeng Duan1* 

1Yanzhao Modern Transportation Laboratory, Shijiazhuang Tiedao University, Shijiazhuang, China 
2School of Environmental and Municipal Engineering, North China University of Water Resources and Electric Power,  
Zhengzhou, China  

 
 
 

Abstract 
Image deformation analysis techniques are widely used in geotechnical engi-
neering. However, research on identifying the time history of dynamic soil 
deformation remains limited, and the reliance on empirical parameter selec-
tion often leads to unstable identification accuracy. To evaluate the applicabil-
ity of these techniques for dynamic deformation time-history identification 
and to determine the key influencing factors, this study employs both the Re-
liability-guided digital image correlation and PIVlab methods on digitally sim-
ulated images of sandy soil. It systematically analyzes the effects of strain cal-
culation window size, image acquisition frame rate, and deformation magni-
tude on the identification accuracy of displacement, acceleration, and strain 
time histories. The reliability of these techniques is also validated. The results 
indicate that under constant strain conditions, the calculation error decreases 
with an increase in the predefined strain value. Accordingly, the required min-
imum window sizes are no less than 17 × 17, 13 × 13, and 5 × 5 for strain levels 
of 0.1%, 1%, and 10%, respectively. Under sinusoidal loading, a frame rate 
equal to or exceeding six times the loading frequency can limit the displace-
ment and acceleration errors to within 10% and 20%, respectively. For specific 
seismic waveforms—Northridge, Loma Gilroy, and Tangshan—the minimum 
frame rates required are 20 Hz, 10 Hz, and 6 Hz, respectively. When the de-
formation amplitude is ≥0.1 mm, the errors associated with both methods are 
comparable. However, for amplitudes ≤ 0.01 mm, PIVlab demonstrates supe-
rior accuracy in displacement identification. Notably, under large defor-
mation conditions, PIVlab is prone to accumulating outliers, and its errors are 
significantly amplified upon differentiation to obtain acceleration. This study 
establishes key parameter thresholds and elucidates the technical characteris-
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tics of different methods, providing valuable references and guidance for soil 
dynamics experiments and the engineering measurement of dynamic defor-
mations.  
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1. Introduction 

Deformation constitutes one of the most critical challenges in geotechnical earth-
quake engineering, with numerous instances of seismic damage and the substan-
tial losses incurred being primarily attributable to deformation. Image-based de-
formation measurement techniques enable non-contact, non-intrusive, and full-
field monitoring of soil deformation [1]-[4]. These methods facilitate the acquisi-
tion of deformation status at any point on the observed surface at any given time, 
thereby effectively capturing key information regarding the progression of soil 
failure. As such, they complement traditional sensor-based measurement ap-
proaches and represent a powerful tool for obtaining deformation data in geotech-
nical contexts. 

Image deformation measurement technologies are widely employed in geotech-
nical engineering and have proven highly effective in generating displacement 
vector fields and contour maps of measurement surfaces [5]-[8]. However, exist-
ing applications are predominantly confined to static deformation measurements 
or to capturing specific states during dynamic events (e.g., before and after vibra-
tion loading). The stress-strain relationship of soils, along with their evolutionary 
development prior to failure and their instantaneous state at failure, is crucial for 
analyzing dynamic soil properties, failure mechanisms, and threshold conditions 
[9]-[11]. Consequently, the capability to observe the dynamic response at any 
point within the soil mass and to monitor the failure process during vibration is 
key to advancing the application of image-based techniques in soil dynamics anal-
ysis. 

Dynamic deformation measurement presents greater complexity compared to 
static observation: 1) The measured object vibrates relative to the image acquisi-
tion equipment, necessitating consideration of this relative motion, which is typ-
ically addressed by installing reference points inside the model container [1] [12]. 
2) A sufficiently high sampling frequency and analytical precision are required to 
track the dynamic response process. This demands camera equipment with a high 
enough frame rate to capture the entire process, particularly given the significant 
time scaling factors (ranging from tens to hundreds) involved in centrifuge model 
tests [13]-[15]. 3) The immense volume of data generated requires analytical pa-
rameters to be adjusted automatically and adaptively based on the deformation. 
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Key parameter adjustments include the subset size for displacement analysis and 
the window size for strain calculation [16]-[19]. Currently, these parameters are 
often determined empirically through iterative trial calculations, an approach that 
yields unstable and unreliable results and is highly impractical for the large da-
tasets characteristic of dynamic measurements. 

Addressing these challenges, this study leverages the advantage of soil image 
simulation technology, which allows for the preset of deformation patterns and 
magnitudes as required. It evaluates the feasibility and performance of image-
based deformation measurement techniques in extracting displacement and ac-
celeration time histories under varying dynamic load frequencies and image ac-
quisition frame rates, as well as in strain calculation under different window sizes 
and deformation conditions. The findings aim to provide guidance and a valuable 
reference for subsequent research and for practical application in physical exper-
iments and engineering tests. 

2. Soil Simulation Image and Preset Deformation Time  
History 

The soil images and dynamic deformation sequences were generated using the 
sand image simulation method proposed by Wang Yongzhi et al. [20]. This 
method is specifically designed for the calibration of soil deformation measure-
ment techniques and provides notable advantages over the Gaussian speckle 
method: it not only closely replicates the soil's structural, morphological, and 
color characteristics but also precisely simulates the deformation process based on 
a predefined deformation field. Moreover, by adjusting the generation parame-
ters, the method enables systematic analysis of the effects of image parameters, 
observational conditions, lens distortion, particle shape and size, texture charac-
teristics, and porosity on the performance of image measurement techniques. 

In this study, fundamental parameters of Fujian standard sand—including d50, 
roundness, and color distribution—were employed. With an observational area of 
304 mm × 192 mm, simulated images at a resolution of 3800 pixels × 2400 pixels 
were generated. For image deformation analysis, the internationally widely-used 
Reliability-guided digital image correlation (RG-DIC) method was selected. The 
widely accepted and used international methods for measuring image defor-
mation are RG-DIC and PIVlab [11] [21]. 

2.1. One-Dimensional Translational Dynamic Time History 

The one-dimensional translational dynamic time histories were simulated using 
sinusoidal waves of various frequencies and real ground motion records (includ-
ing the Northridge, Loma Gilroy, and Tangshan waves) as input loads. This was 
done to determine the suitable image acquisition frame rates required for the im-
age deformation measurement technique to accurately capture displacement and 
acceleration time histories under these different excitations. The Northridge, 
Loma Gilroy, and Tangshan waves are primarily characterized by high, medium, 
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and medium-to-low frequency components, respectively. Together, they encom-
pass a broad frequency spectrum, thus facilitating the investigation into the effects 
of load characteristics and frequency content on the performance of the image-
based technique in measuring dynamic soil displacement and acceleration time 
histories. 

2.2. Dynamic Time History of Translation and Shear Superposition 

The dynamic time history combining translation and shear was simulated through 
superposition of translational motion and shear deformation formulations. Let 

( )0 0,n nx y  denote the initial coordinates of the n-th particle in the image, where 
1, ,n N=  ; and let ( ),n n

t tx y  represent the position of the n-th particle at time t. 
The dynamic translation functions along the orthogonal x- and y-directions are 
defined as u(t) and v(t), respectively. Each particle is assumed to be located at the 
deformation center of a soil unit with length ∆L and height ∆h Denote the hori-
zontal motion function of the soil unit as ( )0, np t y  and the shear strain function 
as ( )0, nt yγ .The total horizontal displacement is then given by:  

( ) ( ) ( )0 0 0, ,
2

n n nht y p x y u tγ ∆
+ + , This expression accounts for both the horizontal  

movement of the soil unit and the relative motion of the particle within the unit. 
Thus, the position of each particle at time t can be described as follows: 
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 (1) 

A simulated image of artificial sand, generated using Equation (1) to represent 
combined translation and uniform shear, is shown in Figure 1. The figure clearly 
demonstrates the deformation effects under superimposed translational and shear 
loading, illustrating the overall morphologic evolution of the sand subjected to 
this composite motion. 
 

 

Figure 1. Simulation image of uniform shear deformation of sand. 

2.3. Non-Uniform Shear Deformation Time History 

The realization of non-uniform shear deformation artificial sand simulation im-
age is defined by trigonometric function, as shown in Equation (2). The simulated 
images of artificial sand generated by translation and shear superposition accord-
ing to Equation (2) are shown in Figure 2.  
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Figure 2. Simulation image of non-uniform shear deformation of sand. 
 

 sin MAX
2t

y
h

 ⋅ ⋅ 
 

π
 (2) 

Among them, MAXt is the maximum deformation of the simulated defor-
mation time history at time t, h is the height of the image, and y is the longitudinal 
coordinate value of the current particle. 

3. Analysis of Influencing Factors 

Deformation induces relative movements of soil particles within an image subset, 
altering textural characteristics. This affects subset matching and localization, 
leading to increased errors in the computed displacement field. Such errors are 
further amplified in subsequent strain calculations, making the analysis of strain 
fields and strain time histories particularly challenging for image-based defor-
mation measurement techniques. 

The choice of strain calculation method is critical to the accuracy of strain re-
sults. The central difference method is commonly used for strain estimation; how-
ever, both theoretical and experimental studies have shown that it is highly sensi-
tive to noise in the displacement field, producing inaccurate and scattered results. 
In contrast, the local least-squares fitting method yields a more accurate and 
smoother strain field. This method operates by selecting a region of size (2M + 1) 
× (2M + 1) around the measurement point and fitting the displacement data 
within this region. The strain components at the point are then derived from the 
coefficients of the fit. 

As shown in Figure 3, let ( ),u x y  and ( ),v x y  represent the displacements 
in the x- and y-directions at point (x, y), respectively. Applying the fitting form 
given in Equation (3), coefficient 1a u x= ∂ ∂  corresponds to the normal strain in 
the x-direction, 2a u y= ∂ ∂  to the shear strain related to the x-direction, 

4a v y= ∂ ∂  to the normal strain in the y-direction, and 3a v x= ∂ ∂  to the shear 
strain related to the y-direction. It is evident that the size of the strain calculation 
window, i.e., the (2M + 1) × (2M + 1) region, critically determines the values of 
the fitting parameters a1, a2, a3 and a4. 
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Figure 3. The strain calculation window of measuring point (x, y). 

3.1. Window Size 

We first investigated the influence of window size on computational error under 
uniformly distributed strain. Uniform shear strains of 0.1%, 1%, and 10% were 
applied to the simulated images. The displacement fields were computed through 
image deformation analysis. Missing data, erroneous vectors, and noise were then 
filtered from the obtained displacement fields. Strain was subsequently calculated 
using different window sizes, and the computational errors are summarized in 
Table 1. 
 
Table 1. Errors of different strain sizes and calculation windows. 

Error Strain 
Strain calculation window 

5 × 5 9 × 9 13 × 13 1 7 × 17 21 × 21 

Average error 

0.1% 46.5% 25.8% 22.0% 18.7% 16.0% 

1% 39.6% 25.4% 17.6% 13.2% 9.8% 

10% 4.0% 2.4% 1.5% 1.0% 0.7% 

Coefficient of variation 

0.1% 0.62 0.45 0.39 0.34 0.30 

1% 0.51 0.31 0.21 0.16 0.12 

10% 0.05 0.03 0.02 0.01 0.01 

Maximum error 

0.1% 430% 190% 170% 130% 99% 

1% 314% 142% 77% 46% 33% 

10% 31% 15% 9% 5% 3% 

 
The results under uniform strain conditions indicate that: 1) the mean error, 

coefficient of variation, and maximum error(maximum value of absolute errors) 
all decrease with increasing window size, demonstrating that larger windows sig-
nificantly enhance computational accuracy; 2) a small calculation window results 
in a high coefficient of variation, indicating higher dispersion in the strain field, 
as smaller windows are insufficient to smooth the noise present in the displace-
ment field; 3) a strong correlation exists between the required window size and 
the strain magnitude. Smaller strain values are associated with greater relative er-
rors, thus necessitating larger windows for effective filtering and smoothing. 
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In summary, strain calculation error is subject to the coupling effect between 
the calculation window size and the strain magnitude. Assuming a mean error of 
20% as the acceptable threshold, the minimum window sizes for strains of 0.1%, 
1%, and 10% should be no less than 17 × 17, 13 × 13, and 5 × 5, respectively. 

For non-homogeneous strain distributions, a sinusoidal function was applied 
to simulated images to introduce nonlinear shear strain variations from 0% to 
10%. The displacement fields were derived using image deformation analysis 
methods and then smoothed. Strain fields were computed using different compu-
tation window sizes, as shown in Figure 4. The corresponding mean and maxi-
mum errors for each window size are presented in Figure 5. Figure 4 and Figure 
5 reveal that under non-homogeneous strain conditions, when a small computa-
tion window is used, the strain field exhibits high variability. In contrast, a larger 
window reduces variability and yields a smoother strain field. However, an exces-
sively large window leads to significant deviations from the theoretical strain val-
ues, particularly an underestimation of the maximum strain. This occurs because 
a large window covers numerous regions with different strain levels, and the strain 
computation process averages the values over the entire window. The greater the 
strain variation within the window, the greater the deviation of the computed re-
sult from the true value. These findings highlight the crucial importance of select-
ing an appropriate computation window size in strain analysis under non-uni-
form deformation conditions. A well-chosen window size ensures both smooth-
ness of the strain field and accuracy in capturing local variations. 
 

 

Figure 4. Calculation results of different strain calculation windows. (a) image of sand simulation, (b) original displacement, (c) 
smoothed displacement, (d) strain by 9 × 9 window, (e) strain by 17 × 17 window, (f) strain by 25 × 25 window.  
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Figure 5. Variation of calculation error of non-uniform strain with window size. 

3.2. Image Frame Rate 

Accurate measurement of dynamic displacement, acceleration, and strain in soil 
under cyclic or seismic loading is essential in geotechnical and earthquake engi-
neering research. Recent advances in image-based measurement techniques pro-
vide non-contact solutions for tracking soil deformation, offering spatial and tem-
poral resolution that traditional sensors may lack. However, the accuracy of dis-
placement derived from image sequences is influenced by several factors, includ-
ing image acquisition frame rate, loading frequency, and the signal-to-noise ratio 
of the imaging system. 

In this study, simulated image sequences of an 8 g, 50 Hz sinusoidal excitation 
were analyzed. The dynamic displacement at a selected point—obtained by apply-
ing a 3 × 3 spatial averaging filter around the measurement point to mitigate 
noise—was measured under various image acquisition frame rates. As shown in 
Figure 6 and Table 2, the errors in peak displacement values were systematically 
evaluated for sinusoidal waves with a fixed amplitude (8 g) but varying frequencies 
and frame rates. These errors are of particular concern as they can be amplified 
during subsequent calculations of acceleration and strain. Thus, the following 
thresholds were adopted: a peak displacement error of 10% and peak acceleration 
and strain errors of 20% were considered acceptable for engineering applications. 
The results indicate that when the image acquisition frame rate is at least six times 
the input frequency, displacement can be tracked with high accuracy, with the 
mean error of the measured peak displacements consistently below 10%. Moreo-
ver, the close agreement among the peak displacement values measured at differ-
ent frame rates demonstrates the robustness of the image-based computational 
approach. 
 
Table 2. Average peak error of sine wave displacement. 

Sine wave frequency/Hz 
Image acquisition frame rate/sine wave frequency 
4 6 10 20 40 

10 23% 9.5% 4.9% 0.01% 0.2% 
20 9.4% 7.6% 4.7% 0.06% 0.02% 
50 19.1% 4.9% 4.4% 0.04% 0.03% 
100 19.6% 9.5% 5.1% 2.1% 0.6% 
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Figure 6. The displacement time history of 8 g 50 Hz sine wave. 
 

Subsequently, acceleration time histories were derived by applying a low-pass 
filter and double differentiation to the displacement data. The resulting accelera-
tion measurements under different frame rates are presented in Figure 7. Table 3 
summarizes the errors in the calculated peak acceleration across different input 
frequencies and frame rates. The results confirm that when the frame rate is at 
least six times the loading frequency, the acceleration time history is accurately 
captured, with mean peak errors remaining below 20%. 
 

 

Figure 7. Acceleration time history of a sine wave of 8 g 50 Hz. 
 
Table 3. Average peak error of sine wave acceleration. 

Sine wave frequency/Hz 
Image acquisition frame rate/sine wave frequency 

4 6 10 20 40 

10 19.1% 16.9% 8% 0.7% 0.1% 

20 21.6% 16.3% 8.1% 1.7% 0.5% 

50 34.4% 11.7% 7.6% 2.3% 0.7% 

100 30.1% 16.9% 7.3% 4.9% 2.5% 
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To further evaluate the reliability of the method, simulated image sequences of 
three types of seismic waves were generated and analyzed at a fixed image acqui-
sition frame rate of 100 Hz. For each wave, displacement time histories at three 
arbitrarily selected points were compared, as shown in Figure 8. The excellent 
agreement among these results underscores the exceptional stability of the com-
putational method. Additional analyses were conducted using the Tangshan wave 
at varying frame rates—100 Hz, 10 Hz, 4 Hz, and 2 Hz (Figure 9). The results 
show a clear trend: measurement error decreases as frame rate increases. As sum-
marized in Table 4, when the frame rate is ≥4 Hz, the average errors (arithmetic 
mean of absolute errors) in peak displacement are ≤5.5%, ≤7.0%, and ≤7.4% for 
the three seismic waves, respectively, confirming high accuracy under these con-
ditions. 
 

 

Figure 8. Comparison of displacement time history of 3 points selected from three seismic 
wave calculation results. 
 

 

Figure 9. Comparison of seismic wave displacement time history. 
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Table 4. Average peak error of seismic wave displacement. 

Simulated wave 
Image acquisition frame rate/Hz 

2 4 6 10 20 
Northridge 18.4% 5.5% 3.5% 1.6% 0.8% 
LomaGilroy 15.2% 7.0% 5.4% 5.1% 6.1% 
Tangshan 21.3% 7.4% 1.2% 0.5% 0.2% 

 
Acceleration time histories under seismic loading were obtained by processing 

the displacement records via low-pass filtering and double differentiation. For the 
Tangshan wave, comparisons at frame rates of 100 Hz, 10 Hz, 4 Hz, and 2 Hz 
(Figure 10) reveal that accurately reproducing acceleration requires higher frame 
rates than displacement. Both the peak values and frequency content of the calcu-
lated acceleration degrade noticeably as the frame rate decreases. It is also noted 
that excessively high frame rates (e.g., 100 Hz in Figure 10) can introduce high-
frequency glitches, indicating that beyond a certain threshold, further increases in 
frame rate may not improve accuracy and can even introduce noise. Table 5 pre-
sents the mean peak acceleration errors for the three seismic waves at frame rates 
of 20 Hz, 10 Hz, 6 Hz, 4 Hz, and 2 Hz. The results demonstrate that higher-fre-
quency ground motions require higher frame rates to maintain precision. The 
mean peak acceleration errors are ≤17.7%, ≤8.9%, and ≤10.5% for frame rates ≥ 
20 Hz, ≥10 Hz, and ≥6 Hz, respectively—all within the acceptable limit of 20%, 
confirming that image-based measurements are suitable for dynamic soil response 
analysis under seismic conditions. 
 

 

Figure 10. Comparison of seismic wave acceleration time history. 
 
Table 5. Average peak error of seismic wave acceleration. 

Simulated wave 
Image acquisition frame rate/Hz 

2 4 6 10 20 
Northridge 75.4% 53.9% 42.6% 29.7% 17.7% 

Loma Gilroy 61.3% 34.7% 30.1% 8.9% 4.9% 
Tangshan 53.7% 26.5% 10.5% 9.9% 6.4% 
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3.3. Deformation Magnitude 

Simulated image sequences were subjected to sinusoidal loading with maximum 
deformation amplitudes of 0.01 mm, 0.1 mm, 1 mm, and 10 mm to simulate one-
dimensional translational motion. The displacement fields were computed using 
two image deformation analysis methods: RG-DIC and PIVlab (a particle image 
velocimetry toolbox based on MATLAB). After filtering out missing data, anom-
alous vectors, and noise from the displacement fields, a point was randomly se-
lected for displacement time history analysis. The resulting errors are shown in 
Figure 11, which demonstrates that under one-dimensional translation condi-
tions, the analysis errors of both RG-DIC and PIVlab decrease with increasing 
vibration amplitude. When the vibration amplitude is ≥0.1 mm, the errors from 
both methods are negligible and nearly identical. However, when the amplitude is 
reduced to ≤0.01 mm, the error for RG-DIC can reach 10%, whereas PIVlab ex-
hibits a superior performance with an error of only approximately 3%. 
 

 

Figure 11. Comparison of the analysis results of different amplitude sine waves. 
 

Using the same approach, the simulated images were subjected to EL Centro 
seismic loading with maximum amplitudes of 0.01 mm, 0.05 mm, 0.5 mm, 5 mm, 
and 50 mm. A comparison between the simulated and computed displacement 
time histories is presented in Figure 12. The results indicate that RG-DIC yields 
closer agreement with the simulated input than PIVlab. The analysis error of both 
methods decreases with increasing displacement amplitude. However, at the am-
plitude of 50 mm, the results from PIVlab exhibit severe deviation from the pre-
scribed values. This is primarily due to the propagation and accumulation of out-
liers during the cumulative displacement calculation in PIVlab. 
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Figure 12. Comparison of displacement analysis results of EL Centro waves with different 
amplitudes. 
 

Acceleration time histories were obtained by applying a low-pass filter and dou-
ble differentiation to the displacement data, as shown in Figure 13. In contrast to 
the displacement time histories, the acceleration profiles are largely unaffected by 
outliers from the cumulative displacement process. As the vibration amplitude 
decreases, the error in the computed acceleration increases, accompanied by high-
frequency fluctuations or “glitches”. For instance, at a low acceleration level of 
0.02 m/s2, the acceleration time history from PIVlab shows significant oscillation 
(Figure 13). This occurs because the displacement time history obtained by PI-
Vlab is noisier than that from RG-DIC, and these minor discrepancies are greatly 
amplified during differentiation. While RG-DIC accurately recovers the pre-
scribed seismic motion, PIVlab only produces consistent results when the maxi-
mum displacement reaches ≥5 mm. 

Under large deformation conditions, PIVlab obtains the instantaneous dis-
placement field through particle matching between adjacent image frames, and 
then derives the velocity field by performing differentiation on the displacement 
field. This process carries significant risk of error accumulation: in large defor-
mation scenarios, when the pixel displacement between adjacent frames exceeds 
the preset search window range of PIVlab, particle matching is prone to mis-
matching, which introduces local errors into the displacement field; subsequent 
displacement calculations rely on this displacement field, and the local displace-
ment errors are continuously amplified during the differentiation process, even-
tually leading to obvious deviations. 
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Figure 13. Comparison of acceleration analysis results of EL Centro waves with different 
amplitudes. 

4. Conclusions 

This study employed synthetic images of digitally generated sand particles to eval-
uate the measurement accuracy of image deformation analysis techniques in 
tracking soil dynamic response. The investigation focused on the effects of differ-
ent interrogation window sizes and magnitudes of deformation, as well as the in-
fluence of the algorithms employed and external disturbances during the dynamic 
time-history computation. The main conclusions are summarized as follows: 

1) Image-based deformation measurement techniques are capable of accurately 
retrieving dynamic time histories (e.g., displacement, acceleration, and strain) at 
any point on the observed surface. The results show high consistency with the 
preset dynamic deformation time histories. This approach offers a crucial tech-
nique for enhancing the understanding of site-specific seismic response and the 
failure mechanisms of geotechnical structures, as well as for evaluating the relia-
bility of conventional embedded point-based sensing techniques. 

2) Under constant strain conditions, an increase in either the strain computa-
tion window size or the preset strain magnitude leads to a reduction in strain cal-
culation errors. In contrast, under non-uniform strain conditions, an excessively 
large computation window may cause significant distortion in the analysis results. 

3) To measure dynamic soil deformation under sinusoidal loading, the image 
acquisition frame rate should be at least six times the loading frequency. This cri-
terion ensures that the mean peak errors for displacement and acceleration remain 
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within 10% and 20%, respectively. For seismic wave loading, the required frame 
rates are ≥20 Hz, ≥10 Hz, and ≥6 Hz for the Northridge, Loma Gilroy, and Tang-
shan waves, respectively. For cases involving small deformations, the acceleration 
time history derived using PIVlab exhibits significant oscillations, which arise 
from the amplification of minor errors in the displacement data during numerical 
differentiation. 

4) It should be noted that this study verified the accuracy based on simulated 
images. However, in real physical experiments, several factors may affect the prac-
tical application effect of the method: camera noise may undermine the stability 
of texture matching, lens distortion tends to introduce systematic deviations, and 
out-of-plane motion may lead to displacement misjudgment and image blurring. 
In future research, the robustness and practicality of the method in complex ex-
perimental scenarios can be further improved by integrating modules for image 
denoising, pre-calibration of lens distortion, and out-of-plane motion compensa-
tion, thereby providing more reliable technical support for high-precision dis-
placement measurement in the engineering field. 
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