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Abstract: Digital image correlation (DIC) is a cornerstone technique for displacement measurement, offering transformative potential for 

structural health monitoring (SHM) applications due to its non-contact nature and cost-effectiveness. However, in practical applications, 

image jitter caused by extended monitoring distances and suboptimal optical conditions degrades accuracy. Given the significant 

relationships among pixel resolution, stability, and DIC measurement accuracy, this paper proposes a study to improve image stability using 

corner detection methods to improve the measurement accuracy of DIC technology. First, a camera captures multiple dynamic displacement 

images of slowly moving objects at different distances. Then, image stabilization technology is applied to the images for algorithmic 

processing, followed by DIC analysis. The results show that under normal acquisition conditions, the relative errors of DIC-analyzed data 

at different distances range from 3.8 % to 8.6 %, with displacement errors increasing with distance. In contrast, the relative errors of data 

processed with image stabilization technology range from 3.2 % to 6.0 %, demonstrating accuracy improvements of 4.2 % to 34.1 % (the 

improvement in accuracy increases with increasing test distance). This indicates that image stabilization technology can effectively improve 

the accuracy of DIC-based displacement measurement. 
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1. INTRODUCTION 

With the development of social economy, the number of 

newly constructed buildings continues to increase, while 

more aging buildings experience gradual structural 

deterioration. Concerns about building safety, stability, and 

durability have grown significantly, leading many scholars to 

engage in structural monitoring [1]. digital image correlation 

(DIC) is a non-contact measurement technology with ad-

vantages such as low cost and non-contact measurement 

capabilities [2]. Given that the future of structural monitoring 

relates to socioeconomic and public safety issues, high-

precision, efficient building monitoring is essential. 

Conventional approaches often rely on field instruments 

such as theodolites and contact-based sensors. Although these 

techniques are recognized for their precision, they are not 

without drawbacks, including significant resource allocation, 

extended monitoring durations, and potential disruptions to 

traffic flow [3]. With advancements in modern technology, 

new building monitoring methods, such as GPS and 

accelerometer-based monitoring, have emerged [4]. Although 

these methods exhibit high automation and efficiency, they 

still present notable drawbacks: the inability to perform real-

time, continuous measurements; high time costs; and low 

accuracy in long-distance measurements [5]. 

This paper proposes a method to improve accuracy using 

image stabilization technology based on the DIC method. 

Compared to traditional monitoring methods, DIC 

technology imposes less stringent requirements on practical 

environments and offers advantages such as full-field 

measurement, high efficiency, and no effect on the normal 

usage of structures [6]. Digital image processing emerged in 

the early 1960s, and over the decades of development and 

extensive scholarly research, DIC technology has improved 

significantly [7]. DIC errors can generally be categorized into 

systematic errors and random errors. Systematic errors 

primarily arise from discrepancies between DIC processing 

procedures and experimental assumptions, while random 

errors stem from camera quality and environmental noise. 

These errors significantly impact the measurement accuracy 

and reliability of DIC systems. Wang Dongmei et al. reduced 

out-of-plane displacement effects by ensuring specimen 

planarity. Additionally, DIC requires environmental stability; 

Wang Dongmei’s team observed that, in high-magnification 

tests, mechanical vibration amplitudes are amplified, 

prompting them to adopt methods to suppress environmental 

interference [8]. DIC enables rapid, continuous, fixed-point, 

and real-time building monitoring. However, due to practical 

monitoring constraints, unresolved accuracy issues persist, 
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particularly the impact of image jitter during displacement 

extraction from continuous images. To address this gap, 

developing a method to stabilize continuous images to 

improve DIC accuracy is of significant importance. 

Recently, phase-based motion estimation techniques [9] 

have emerged as an alternative approach for high-sensitivity 

displacement measurement, leveraging subtle phase 

variations in video sequences [10] to achieve sub-pixel 

accuracy. These methods have demonstrated particular 

promise in civil infrastructure monitoring, where they enable 

target-free vibration measurement [11], [12] and cable force 

estimation [13]. However, phase-based techniques typically 

require high frame rates and are sensitive to motion 

amplitude, making them less suited for slow, large-amplitude 

displacements under varying lighting conditions. In contrast, 

the present study focuses on improving the robustness of 

traditional DIC by addressing a fundamental source of 

error — image jitter — through a corner-detection-based sta-

bilization preprocessing step. 

Corners are points in 2D images where intensity changes 

abruptly, or points of maximum curvature on image edge 

curves [14]. Since their proposal in the 1970s, corner 

detection has attracted increasing scholarly attention, leading 

to numerous extraction methods. Four representative 

categories include grayscale-based, binary image-based, edge 

feature-based, and support vector machine-based corner 

detection algorithms. Current mainstream methods fall into 

two categories: grayscale-based and edge feature-based. Edge 

feature-based detection identifies corners using edge 

characteristics, such as contour point symmetry, edge 

curvature, and angles. Early algorithms employed contour 

chain code-based methods, exemplified by the Freeman chain 

code analysis [15]. In 1998, Mokhtarian proposed the 

Curvature Scale Space (CSS) algorithm, in which corners 

correspond to points of maximum curvature along edges [16]. 

The process involves: (1) extracting edges via Canny 

detection, (2) calculating curvatures at multiple scales to 

identify candidate corners, and (3) refining corner positions 

by reducing scales [17]. In 2002, Mokhtarian automated 

threshold selection in CSS to eliminate empirical limitations. 

Cai et al. (2011) further improved CSS by incorporating 

mathematical morphology for edge extraction. Sun Bo et al. 

analyzed traditional algorithms, addressed their shortcomings 

by integrating improved Canny detection into CSS, and added 

pseudo-corner elimination, achieving higher precision [18]. 

Despite progress, applying corner detection to improve DIC 

accuracy remains underexplored, necessitating further 

research. 

When using DIC methods, factors such as lighting 

conditions, camera technology, and equipment limitations 

lead to images with poor clarity and instability. These quality 

issues severely affect DIC algorithms’ ability to extract 

regions of interest (ROIs), resulting in degraded dynamic 

displacement analysis. To improve the DIC accuracy, this 

study investigates whether dynamic displacement images 

processed with corner detection enhance precision. A strictly 

controlled variable approach is adopted to minimize 

confounding factors. The results aim to provide compre-

hensive insights for practical applications and to fill gaps in 

video-based corner detection technologies to improve DIC 

monitoring accuracy. 

2. METHODS 

To improve the accuracy of structural measurements using 

DIC technology, this study proposes an image stability 

enhancement method based on corner detection technology. 

The implementation of this method is divided into two 

modules, which include: Module 1: Dynamic displacement 

measurement of objects based on DIC technology; Module 2: 

Improvement of image jitter through corner detection and 

recognition using the Shi-Tomasi corner detection algorithm 

[19]. Actual dynamic displacement data of slow-moving 

objects is measured using precise instruments and compared 

with the proposed method for analysis. 

A. DIC-based dynamic displacement measurement 

In DIC-based displacement analysis, two key techniques 

are used for rough estimation and precise measurement: 

integer pixel displacement analysis [20] and sub-pixel 

displacement analysis [21]. Integer pixel displacement esti-

mates optimal positions between images or frames. Although 

various methods exist, Fourier transform-based cross-

correlation (FTCC) [22] proves more efficient. Sub-pixel 

displacement analysis further improves precision based on 

integer pixel results. The inverse compositional Gauss-

Newton (IC-GN) algorithm [23] is a common sub-pixel 

calculation method. The technical principles are briefly 

described below.  

Integer-pixel displacement calculation 

After acquiring image sequences of the ROI, FTCC 

calculates integer-pixel displacements. Cross-correlation 

measures similarity between two signals (image sub-regions). 

For reference and target sub-regions with identical sizes 

undergoing pure x/y displacement, the displacement 

expression is: 

 

𝑓2(𝑥, 𝑦) = 𝑓1(𝑥 − 𝑢, 𝑦 − 𝑣) (1) 

 

Using 2D Fourier transforms into reference (F) and target 

(G) sub-regions: 

 

𝐹2(𝜀, 𝜂) = 𝑒−𝑗2𝜋(𝜀𝑢+𝜂𝑣) 𝐹1(𝜀, 𝜂)      (2) 

 

where 𝐹1 and 𝐹2 are Fourier transforms of 𝑓1 and 𝑓2; 𝜀 and 𝜂 

are frequency coordinates; 𝑗 is the imaginary unit.  

Given that the Fourier transform spectrum undergoes 

modification solely in the phase, it can be deduced that only 

a phase difference pertaining to the displacement (𝑢, 𝑣) 

exists. In accordance with the frequency domain properties, 

the mutual correlation of two functions can be realized in the 

frequency domain through the conjugate multiplication of the 

Fourier transform of one function with the Fourier transform 

of the other function: 

 

𝐹𝑐𝑜𝑟𝑟(𝜀, 𝜂) = 𝐹1(𝜀, 𝜂) ∙ 𝐹2
∗(𝜀, 𝜂) (3) 

 

where 𝐹𝑐𝑜𝑟𝑟(𝜀, 𝜂) = 𝑒−𝑗2π(ε𝑢+η𝑣); 𝐹2
∗(𝜀, 𝜂) is the complex 

conjugate of  𝐹2(𝜀, 𝜂). 
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The inverse Fourier transform of the result in the above 

equation yields the impulse function, a two-dimensional array 

of peak locations corresponding to whole-pixel dis-

placements between the two sub-regions. By identifying the 

peaks at their respective locations, the magnitude of the 

whole-pixel displacement of the target sub-region relative to 

the reference sub-region can be determined. 

Sub-pixel displacement calculation 

Sub-pixel displacement calculation further refines 

accuracy below one pixel using the IC-GN algorithm, which 

minimizes grayscale residuals. 

The grayscale residual is defined as  

𝑒(𝑥, 𝑦; 𝑝) = 𝐽(𝑇(𝑥, 𝑦; 𝑝)) − 𝐼(𝑥, 𝑦), and the objective is to 

find a set of parameters 𝑝 such that the residual 

 𝑒(𝑥, 𝑦; 𝑝) minimizes the sum of squares over the entire sub-

region, i.e., 𝑚𝑖𝑛𝑝 ∑ 𝑒2
𝑥,𝑦 (𝑥, 𝑦; 𝑝). The IC-GN algorithm is 

an iterative optimization algorithm for solving the above 

minimization problem. In each iteration, the nonlinear 

minimization problem is transformed into a linear least 

squares problem by linearizing the approximation of the 

residual 𝑒(𝑥, 𝑦; 𝑝) function with respect to the parameter 𝑝. 

Using FTCC-derived integer displacement as the initial 

value, zero-mean normalized sum of squared differences 

(ZNSSD) [24] serves as a correlation criterion: 

 

𝐶𝑍𝑁𝑆𝑆𝐷 = ∑ {
[𝑓(𝑥, 𝑦)] − 𝑓𝑚

√∑[𝑓(𝑥, 𝑦) − 𝑓𝑚]
2 −

[𝑔(𝑥 ′, 𝑦′)] − 𝑔𝑚

√∑[𝑔(𝑥 ′, 𝑦 ′) − 𝑔𝑚]
2}

2

 

(4) 
 

where: 𝑓(𝑥, 𝑦) and 𝑔(𝑥′, 𝑦′) are the 2D grayscale functions of 

the reference sub-region and the target sub-region, 

respectively; (𝑥, 𝑦) and  (𝑥′, 𝑦′) are the coordinates of the 2D 

grayscale functions; 𝑓𝑚 and 𝑔𝑚 are the mean values of 𝑓(𝑥, 𝑦) 

and 𝑔(𝑥′, 𝑦′), respectively. When the IC-GN algorithm 

iteratively converges to the minimum value in the previous 

equation, the sub-pixel displacement results in the image can 

be obtained. 

The combination of FTCC and IC-GN enables high-

precision displacement measurement in DIC. 

B. Corner detection and recognition using the Shi-Tomasi 

algorithm 

Unprocessed images in structural measurements introduce 

jitter-induced errors during analysis. Building on the Harris 

algorithm, the Shi-Tomasi method imposes a minimum inter-

feature distance constraint, thereby ensuring a more uniform 

distribution of detected corners. Its principles are: 

Step 1: 

Convert the input image to grayscale. 

Step 2:  

Compute 𝑥/𝑦 gradients using the Sobel operator, obtaining 

the gradient magnitude (A) and direction (B). Calculate the 

autocorrelation matrix 𝑀 for each pixel: 

𝐸(𝑢, 𝑣) = ∑ 𝜔(𝑥, 𝑦) [ 𝐼(𝑥 + 𝑢，𝑦 + 𝑢

𝑥,𝑦

) − 𝐼(𝑥, 𝑦)]2 

= ∑ 𝜔(𝑥, 𝑦)

𝑥,𝑦

[(𝑥, 𝑦) + 𝐼𝑥𝑢 + 𝐼𝑦𝑢 − 𝐼(𝑥, 𝑦)]2 

= ∑ 𝜔(𝑥, 𝑦)[𝐼𝑥
2

𝑥,𝑦

𝑢2 + 2𝐼𝑥𝐼𝑦𝑢𝑣 + 𝐼𝑦
2𝑣2] 

= ∑ 𝜔(𝑥, 𝑦)[𝑢, 𝑣]

𝑥,𝑦

[
𝐼𝑥

2, 𝐼𝑥𝐼𝑦

𝐼𝑥𝐼𝑦 , 𝐼𝑦
2 ] [

𝑢
𝑣

] 

= [𝑢, 𝑣] ∑ 𝜔(𝑥, 𝑦)

𝑥,𝑦

[
𝐼𝑥

2, 𝐼𝑥𝐼𝑦

𝐼𝑥𝐼𝑦 , 𝐼𝑦
2 ] [

𝑢
𝑣

] 

= [𝑢, 𝑣] 𝑀 [
𝑢
𝑣

] 

(5) 

 

𝑀 = ∑( 𝜔(𝑥, 𝑦)  ∙  [𝐼𝑥
2, 𝐼𝑥 ∙ 𝐼𝑦;  𝐼𝑥 ∙ 𝐼𝑦 , 𝐼𝑦

2]) (6) 

 

where 𝑀 is considered as a function of  𝐼𝑥 and 𝐼𝑦 , it possesses 

two distinct eigenvalues, 𝜆1 and 𝜆2. In the scenario where 𝜆1 

and 𝜆2 assume large and approximately equal values, it is 

regarded as a corner point in the image. The 𝜔(𝑥, 𝑦) window 

function plays a pivotal role in the selection of a region of 

interest (ROI) within the structure depicted in the image. This 

function calculates the weighting of the localized region, 

thereby contributing to the overall analysis. Notable window 

functions include the rectangular window and the Gaussian 

window. 

Step 3:  

Compute eigenvalues 𝜆1, 𝜆2 of 𝑀. The Shi-Tomasi 

response function uses 𝑅 = 𝑚𝑖𝑛 ( 𝜆1, 𝜆2), outperforming 

Harris' [25] 𝑅 = 𝜆1𝜆2 − 𝐾(𝜆1 + 𝜆2)2 in stability and 

accuracy. 

In our experiments, the Shi-Tomasi corner detector was 

configured with the following parameters: maximum number 

of corners 𝑁 =  100, quality level threshold = 0.5, 

minimum Euclidean distance between corners = 2 pixels. 

The window function used was a Gaussian window of 

size 5 × 5. These values were chosen to ensure a sufficient 

number of stable corners while avoiding clustering, based on 

preliminary tests. A simplified image stabilization workflow 

consists of the following steps: 

 

Step 4: 

Sort corner responses and select the top 𝑁 corners. 

The efficacy of the Shi-Tomasi method in addressing 

corner point jitter issues is evident when compared with the 

original image. In addition, this study uses the ROI 

rectangular box to ensure the stability of corner point 

selection in the local area of the image (to avoid moving 

objects). The objective is to fix the image of the region. The 

corner point of the region is applied to the entire image across 

different frames, thereby achieving a substantial effect on the 

image. The objective is to stabilize the region within the 

image and then use the corner points of the region across 

different frames of the entire image to address the jitter issue. 



MEASUREMENT SCIENCE REVIEW, 26, (2026), No. 3, 161-167 

164 

3. RESULTS 

To verify the feasibility of the proposed method, on-site 

collection of displacement image data was conducted. The 

designed experimental test distance combinations: 30 m, 

45 m, 60 m, 75 m, 90 m. First, the identified object was 

slowly moved from right to left within the field of camera 

view, requiring relatively stable reference markers in the 

frame to capture stable corner points using corner detection 

techniques. An 80 mm × 80 mm target marker was attached 

to the object surface for recognition framing. The object was 

positioned directly in front of the camera and moved regularly 

and slowly at different distances. The test sets are shown in 

Fig. 1. The camera captured image sequences during 

movement. To minimize the impact of lighting variations on 

system measurement accuracy, the camera was recalibrated 

every 60 seconds. According to the Shannon Sampling 

Theorem, the system sampling frequency was set to 30 Hz to 

avoid signal distortion during analog signal recovery. The 

integrated acquisition system featured a resolution of 

3072 × 2048 pixels and a focal length of 120 mm. To ensure 

data validity, a traditional experimental design methodology 

was used, strictly implementing experimental and control 

groups. 

 

Fig. 1.  Test sets. 

To validate the proposed algorithm and ensure the 

accuracy of DIC data, image data of moving objects was 

collected at different distances. Experiments were conducted 

at distances of 30.137 m, 45.046 m, 60.097 m, 75.062 m, and 

90.256 m, with the objects positioned directly facing the 

camera and moving slowly in a horizontal direction. The 

displacement magnitudes of the object were sequentially 

reduced as follows: 300 mm, 200 mm, 100 mm, 50 mm, 

30 mm, 10 mm, 5 mm, and 3 mm. To ensure true displace-

ment measurements, a rangefinder was used to record each 

displacement during the experiments. Dynamic displacement 

tests were performed on objects at different distances, 

resulting in five groups, to ensure the accuracy and reliability 

of the experimental data. 

A. Displacement data acquisition based on the DIC method 

After obtaining displacement data of the moving object 

using corner detection techniques, preprocessing is required, 

including the extraction and organization of valid data. For 

data processing, the first trial (where the object was moved 

300 mm at a distance of 30 m) is illustrated in Fig. 2. 

It can be observed that in unprocessed DIC images, the 

displacement results from the DIC method exhibit noticeable 

jitter, whereas DIC results processed with image stabilization 

show better consistency. This indicates that image 

stabilization provides an effective means to stabilize pixel 

displacements in dynamic image analysis. 

 

(a) Before image stabilization 

 

(b) After image stabilization 

Fig. 2.  Comparison of the displacement curve between before and 

after image stabilization at 30 m. 

To investigate the influence of image stabilization DIC 

displacement measurement accuracy, the relative errors were 

analyzed using multiple sets of dynamic displacement data at 

different distances. The distances were divided into 5 groups 

(different distances): 30.173 m (2 groups), 45.046 m 

(2 groups), and 60.097 m (2 groups), along with the actual 

displacement. The relevant parameters for calculating relative 

errors are presented in Table 1, where: 

𝐿 represents the actual displacement distance of the target; 

𝐿₁ indicates the pixel displacement measured by the DIC 

method; 

𝐿₂ indicates the pixel displacement after corner detection pro-

cessing. 

Table 1.  Calculation parameters of tests at 30 m. 

Counts 𝐿 [mm] 𝐿₁ [mm] 𝐿₂ [mm] 

1 295 283.60 294.99 

2 205 190.85 198.48 

3 102   91.82   94.53 

4   49   48.21   51.08 

5   34   30.67   31.90 

6   10   10.00   10.40 

7     5     5.20     5.42 

8     3     2.96     3.08 

 

Comparison of actual displacement, DIC-measured 

displacement, and DIC-measured displacement after image 

stabilization results for 5 groups are plotted in Fig. 3. 
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(a) Distance: 30.173 m 

 

(b) Distance: 45.046 m 

 

(c) Distance: 60.097 m 

 

(d) Distance: 75.062 m 

 

(e) Distance: 90.256 m 

Fig. 3.  Displacement curves of each segment under varying 

distances. 

As shown in Fig. 3, the displacement curves at different 

distances — after image stabilization processing — show 

DIC displacement results that are closer to the actual 

displacement curves compared to the original DIC 

displacement results. 

B. Accuracy analysis of dynamic displacement curves 

Through systematic calculations, the relative errors in the 

displacements obtained by the DIC method ranged from 

4.1 % to 8.6 %. After stabilization processing, the relative 

errors in the displacements were reduced to 4.5 %-6.0 %. 

Overall, accuracy showed significant improvement after 

stabilization processing. As shown in Table 2, 𝜔1  and 𝜔2 are 

the mean relative errors pre- and post-stabilization, and 𝜑 
quantifies their reduction rate. 

Table 2.  Average relative errors at different distances. 

Distance [m]  𝜔1 [%] 𝜔2 [%] 𝜑 [%] 

30.173 4.7 4.5   4.2 

45.046 4.1 3.8   7.3 

60.097 7.5 6.0 20.0 

75.062 3.8 3.2 14.9 

90.256 8.6 5.6 34.1 

 

As shown in Fig. 4, an exponential regression of the mean 

relative error against distance was performed to characterize 

the distance-dependent trend. For the raw DIC data, the fitted 

model is 𝑦 = 0.1244𝑒0.029𝑥 (𝑅2 = 0.5605), while for 

the stabilized data, the model is 𝑦 = 0.0793𝑒0.0279𝑥  

(𝑅2 = 0.559). Here 𝑥 represents the test distance in meters, 

and 𝑦 denotes the mean relative error. The lower growth 

coefficient after stabilization suggests that the proposed 

method partially mitigates the increase in distance-induced 

error. Although the limited number of measurement distances 

(five) and the inherent variability in field tests result in 

moderate 𝑅2 values, these preliminary models offer a useful 

reference for estimating measurement uncertainty across 

different ranges. Further experiments with more distance 

intervals would help establish more robust predictive models. 

 

Fig. 4.  Exponential regression of mean relative error against test 

distance for raw DIC and stabilized DIC measurements. 

In addition to mean relative errors, the standard deviation 

(SD) of displacement errors was calculated for each distance 

to assess measurement consistency, as shown in Table 3.  
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𝜎1 and 𝜎2 are the SD values of pre- and post-stabilization, and 

𝜆 quantifies their reduction rate. The figures confirmed that 

image stabilization not only reduces the mean error but also 

improves repeatability, with error variability decreasing by an 

average of 36.4-45.5 % across all distances. 

Table 3.  Standard deviation of measurement errors at different 

distances. 

Distance [m] 𝜎1 [pixels] 𝜎2 [pixels] Λ [%] 

30.173 0.22 0.14 36.4 

45.046 0.36 0.21 41.6 

60.097 2.11 1.21 43.1 

75.062 0.87 0.56 35.6 

90.256 1.25 0.70 45.5 

 

The following findings can be observed: Under the same 

distance conditions, the processed result’s average error rate 

is significantly lower than that of the unprocessed result. 

Generally, as distance increases, the displacement average 

error gradually increases. This occurs because the original 

image exhibits greater jitter at longer distances due to various 

interference factors. Image stabilization processing 

demonstrates superior error reduction performance at longer 

distances than at shorter distances. 

4. CONCLUSION 

In this investigation, we introduce a novel approach that 

leverages corner detection algorithms to enhance the 

precision of DIC for displacement measurement. Based on 

the analysis and discussion of experimental results, the 

following conclusions are drawn: 

A. Improved DIC accuracy with image stabilization 

The application of corner detection technology 

significantly improves measurement accuracy compared to 

unprocessed image data. This improvement is attributed to 

the use of edge feature points in corner detection, which 

calculates and adjusts positional changes across video frames. 

By mitigating inter-frame jitters in stabilized video inputs, the 

processed data reduces the adverse effects of raw video 

instability on DIC, thereby improving its precision. 

B. Distance-dependent effectiveness 

Improvement rates at increasing distances (from near to 

far) range from 4.2 % to 34.1 %. This trend demonstrates that 

image stabilization technology achieves superior 

performance in long-distance structural monitoring using 

DIC, with effectiveness escalating proportionally to distance. 

C. Limitations and future directions 

While corner detection effectively addresses minor video 

jitter, experiments revealed that processing distant images 

containing atmospheric turbulence-induced optical 

distortions unexpectedly exacerbates jitter. Future research 

should prioritize methods to reduce such optical distortions 

caused by atmospheric factors, thereby minimizing their 

impact on image stability and DIC accuracy. 
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