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1. INTRODUCTION 

Digital image correlation (DIC) is a non-contact, image-
based optical method for full-field shape, displacement, and 
deformation measurements [1].  

To carry out a DIC analysis, the surface of the target must 
show a proper speckle to guarantee a unique correspondence 
between the different subsets in the two images [2]. Dong et al. 
[3] pointed out a list of prerequisites that the speckle pattern 
should comply with, to avoid the correspondence problem. 

In some applications, the motion of the target during the 
camera shutter time cannot be considered negligible. In recent 
years, the interest in the dynamic applications of DIC has also 
increased [4]. For instance, tasks related to modal analysis are 
considered in [5], [6], [7], while the possibility to perform 
structural assessment using cameras mounted on drones is 
studied in [8], [9], [10]. Rotating blades measurements using 
DIC are performed in [11], [12]. When dealing with dynamic 
measurements, in addition to the usual sources of uncertainty 

that are present in the static field (e.g. noise, out-of-plane 
displacements of the target, optical aberrations of the 
acquisition camera), there are supplementary sources of error 
which are strictly attributable to the fact that the target is 
moving. Lavatelli et al. [13] proposed a theoretical framework 
aimed at describing the uncertainty introduced by the motion of 
the target, starting from an analytical description of the motion 
blur phenomenon. According to that work, the error due to 
motion introduced in the measurement of the position of a 

unidirectionally vibrating target with law 𝑥(𝑡) = 𝐴0 sin(𝜔 𝑡) is 
composed of two components: the static and the dynamic one. 

In particular, the dynamic component takes account of the 
fact that the exposure time is not actually infinitesimal, giving 
rise to the motion blur effect. From the visual point of view, the 
outcome of the convolution operation will be the image blurred 
with trails in the direction of the motion (Figure 1). 

In a further work [14], the authors investigated the 
dependence of the uncertainty on the sum of square of the 
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subset intensity gradient (SSSIG), which can be described as an 
index of the image contrast. In case of motion blur, the SSSIG 
of the image is demonstrated to be reduced, leading to an 
increase of the uncertainty. 

Even if based on two different frameworks, the above results 
point out how detrimental the motion of the target is for DIC 
measurements and, consequently, the potential gain that can be 
obtained by correcting the motion blur effect, thus justifying the 
effort put into it.  

To correct the motion blur, the first step is to estimate it, 
which means to estimate the amount of space covered by the 
target during the exposure time. In literature, two main 
approaches to this can be found: blind and referenced methods. 
The former attempts to estimate the blur directly from the 
blurred image [15], while the latter is based on the comparison 
with an image of the target in still position. In DIC applications, 
the referenced method appears more suitable since, on one 
hand, a non-blurred reference image is usually available (used as 
reference in the DIC analysis), and, on the other hand, image 
artifacts usually introduced by blind methods can be avoided. 

In the framework of referenced estimation, the aim is the 
experimental identification of the convolution window that 
links reference and blurred images. This can be done in different 
ways, usually developed in the frequency domain. In [16], a 
method based on the calculation of cepstrum is proposed, while 
a more straightforward approach is the calculation of the ratio 
between the Fourier transforms (FTs) of the reference image 
and the blurred one. Regardless of how the convolution window 
is experimentally evaluated, both techniques involve the fitting 
of the convolution function to a sinc function (section 2.1) to 
retrieve the motion blur parameters. In this work, the estimation 
trough the FTs has been employed, and the fitting procedure 
will be explained in section 3.1. 

Once the blur parameters have been found, it is possible to 
remove the blur effect. A possible approach is the inverse 
application of the estimated convolutional windows, possibly in 
Fourier domain. An example of this approach is presented in 
[16], with the compensation carried out in cepstrum domain. 
While being quite simple, this technique has the main drawback 
of not being able to reject the noise in the image, therefore it 
gives worse results as the noise level in the image increases. This 
problem can be reduced by performing the deblurring using a 
Wiener filter [17]. 

2. MOTION BLUR MODELLING AND SIMULATION 

2.1. Analytical model 

The motion blur effect is experienced every time there is a 
relative motion between the target and the camera during the 
exposure time, that is, the time interval in which the shutter of 
the camera is open. As anticipated, in a motion-blurred image, 

the objects in the scene will show a “wake” along the direction 
of the motion, of length equal to the space covered during the 

shutter time, 𝑊. To analytically model the effect, the image 
formation process can be taken into account [18]. When the 
speed of the target can be assumed constant during the exposure 
time, the motion blur can be modelled as a 2D convolution 
between the original still image and a 2D rectangular window, 

of length equal to W = v ⋅ 𝑡sh, where 𝑣 is the target speed in 

px/s and 𝑡sh is the shutter time in seconds. 
In Fourier domain, this convolution corresponds to the 

product of the spectrum of the still image and an optical transfer 
function (OTF). OTF is the Fourier transform of the 2D 
rectangular window. The expression of motion OTF is [19]: 

ℋ(𝑘, 𝑙) = sinc[𝑊 ⋅ (sin(𝜙) ⋅ 𝑘 + cos(𝜙) ⋅ 𝑙)] , (1) 

where 𝑘 and 𝑙 are the spatial frequencies (in px-1) along the 

horizontal and vertical directions, respectively, 𝜙 is the direction 
of the motion, that is, the counterclockwise angle that motion 
wake forms with respect to horizontal direction. Figure 2 shows 
an example of the theoretical amplitude of motion OTF. 

The sinc function has useful properties that can be used to 

obtain motion parameters 𝑊 and 𝜙. It can be shown that the 

width of the main lobe of the sinc function is equal to 
2

𝑊
. 

Another useful property comes from the observation that its 
maximum is 1, and it is reached when the argument is null. 
Imposing this condition, it is possible to show that the locus of 
points for which the sinc function reaches its maximum is a 
straight line, the equation of which can be expressed as: 

𝑘 = −
1

tan(𝜙)
⋅ 𝑙 . (2) 

Defining 𝜓 as the inclination of this line, that is, the 
inclination with respect to horizontal of the main lobe stripe, 

the previous equation shows how ψ is related to the motion 

direction ϕ by the following relation: 

𝛹 = 𝜙 +
π

2
 . (3) 

In real cases, motion blur is usually associated with an 
amount of rigid motion (that is, the displacement search for 
instance with DIC). To account for this rigid displacement, the 

2D rectangular window, still of length 𝑊, is not centered in 
zeros, but it is shifted in space domain by a quantity equal to the 
rigid motion. In Fourier domain, this shift corresponds to a 
linear trend added to the phase of the OTF along the direction 
of the motion [20]. This trend does not actually affect the 
amplitude of the OTF. 

2.2. Simulation techniques 

To numerically apply blur on an image, several techniques 
are available. Considering what was said in the previous section, 
a straightforward technique is to multiply the spectrum of the 
reference image by the sinc function corresponding to the 

amount of motion blur 𝑊 that it is intended to blur the image 
with. In order to come back to the space domain, it is sufficient 
to evaluate the discrete inverse Fourier transform of the product 
thus obtained, which will be the blurred image. However, this 
approach is restricted to the case of constant and uniform speed 
during exposure time. A more general approach is the so-called 
averaging technique [14], which is based on the average of 
multiple images shifted in space by sub-pixel amounts, to 
reproduce real target motion during exposure time. The 

   

Figure 1. Example of motion blur on a vibrating target. 
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technique employs shifting of the reference image in frequency 
domain to obtain sub-pixel shifts in accurate way. 

In this work, for convenience, the averaging technique is 
used even if motions with constant and uniform target speed 
during exposure time are considered. In this case, the obtained 
image is equivalent to the one obtained by applying the direct 
sinc function. 

3. OPTIMIZATION OF MOTION BLUR ESTIMATION 

3.1. Estimation technique 

In this work, only referenced estimation has been 
considered, meaning that the availability of an image of the still 
target is always assumed, as it is usually the case in DIC 
measurements. 

The estimation technique used in this work is based on the 
work presented in [1], where the motion is retrieved by the 
fitting of the experimental OTF computed from images with the 

sinc model previously presented. The experimental OTF ℋ𝑒𝑥𝑝 

can be computed as the ratio between the Fourier transform of 

the blurred and the reference image, referenced as ℬ(𝑘, 𝑙) and 

ℛ(𝑘, 𝑙), respectively: 

ℋexp(𝑘, 𝑙) =
ℬ(𝑘, 𝑙)

ℛ(𝑘, 𝑙)
 . (4) 

Once obtained, the experimental OTF can be represented in 
the 2D plane, obtaining an image made of parallel stripes 

inclined of 𝜓, which are the projection onto the horizontal plane 
of the lobes of the OTF (Figure 2). 

Usually, the experimental OTF presents noisy points, 
especially for higher frequencies. Directly fitting the OTF would 
lead to poor estimation of the sinc parameters. For this reason, 
the motion parameters are estimated in a two-step procedure. 
At first, the experimental OTF is filtered by a median filter, and 
then binarized using a threshold to obtain a blob representing 
the main lobe of the sinc function: applying blob analysis, the 
inclination of the main lobe and so the motion direction is 
estimated with equation (3). 

The sinc function fitting is hence performed with only the 

motion amount W as a free parameter. In Figure 3, an example 
of experimental OTF is shown; it is possible to see that the noise 
is less relevant for lower frequencies (the centre of the image 
corresponds to a frequency of 0). To reduce the effect of the 
noise in fitting results, only a restricted area of the whole domain 

is considered for the fitting. In [19], the width of the considered 

region, which will be called 𝛿 from now on, was fixed (90 

spectral lines). In this work, the effect of different choices of 𝛿 
is investigated, with the aim to obtain an optimal range for the 

𝛿 definition. 

The main idea is that, to maximise its effect, the 𝛿 parameter 
should be chosen according to the image size, since the size of 
the image determines the frequency resolution of the OTF and, 
hence, the number of spectral lines necessary to describe the 
sinc main lobe. In fact, the frequency domain of the OTF is in 

the interval 𝑢 ∈ [−
𝑓s

2
,

𝑓s

2
] and v ∈ [−

𝑓s

2
,

𝑓s

2
], being 𝑓s = 1 px−1 

the sampling frequency, while the frequency resolution is Δ𝑓𝑥 =
1

𝐷𝑥
 and Δ𝑓𝑦 =

1

𝐷𝑦
 with 𝐷𝑥 and 𝐷𝑦 , the horizontal and vertical 

dimensions of the image, respectively. When 𝐷𝑥 or 𝐷𝑦  changes, 

the sampling frequency remains the same, but the frequency 
resolution changes, meaning that the extension of the subregion 
of the domain to be considered to isolate the main lobe of the 
OTF must change accordingly. 

In this sense, it appears reasonable that an absolute optimal 

value for 𝛿 cannot be defined without considering the image 

size. For this reason, the parameter 𝑟 defining the ratio between 

𝛿 and image size is defined: 

𝑟 =
𝛿𝑥

𝐷𝑥

=
𝛿𝑦

𝐷𝑦

 , (5) 

introducing the possibility of having a rectangular cutting 
window in case of a rectangular image. In the following section, 
some tests on different images with the use of different values 

of 𝑟 are presented, with the aim to define an optimal range for 

the parameter 𝑟. 

3.2. Optimization of the 𝒓 parameter 

The estimation algorithm has been tested using images from 
a DIC challenge dataset [24]. Samples 3, 6, 9, and 14 (Figure 4) 
were selected since they have very different speckle types. 
Reduced versions of the original images in the dataset were used 
to limit the computation time for tests: square subregions of half 
side length were selected from the original images to obtain 
samples 3b, 6b, 9b, and 14b (where the letter ‘b’ identifies 
cropped images). Samples 3 and 9 were used also with the 

original size, to verify the hypothesis of the invariance of the 𝑟 

 

Figure 2. Example of the amplitude of the experimental motion OTF for 𝑊 =
8 𝑝𝑥 and 𝜙 = 60°. The dotted rectangle shows an example of cutting 
window used to select lower frequency region for sinc fitting. 

 

Figure 3. Example of masked motion OTF used for the sinc function fitting. 
The noisy components (in red circles) entering the cutting window make the 
estimation worse. 



 

ACTA IMEKO | www.imeko.org March 2026 | Volume 15 | Number 1 | 4 

parameter from the image size. Images were numerically 
blurred, exploiting the averaging technique exposed in section 
2.2. After the application of blur, white Gaussian noise with a 
standard deviation of 1 % of the image range has been applied, 
to simulate real acquisition noise. To obtain robust data 
describing general blur conditions, different kinds of motion 
blur have been simulated, varying both the direction and the 
amount of blur. For every image, four motion directions have 
been simulated (0°, 30°, 60°, 90°, with respect to the vertical 
axis). Seven values of motion amplitude, from 1.1 px to 7.7 px 
with steps of 1.1 px, have been considered. 

Once the image datasets have been obtained, employing the 
estimation technique previously presented, the estimation of the 
blur has been repeated multiple times using different values of 

𝑟, to verify the effect of the parameter on estimation output. 
The goodness of the estimation has been evaluated as the 

relative difference between the real known blur amount 𝑊 and 

the estimated one 𝑊est: 

𝐸̂ =
|𝑊 − 𝑊est|

𝑊
 . (6) 

To summarize results, for each image, the mean value of the 

estimation relative error is obtained as a function of the 𝑟 
parameter, as follows: 

𝐸̂av =
1

7
 
1

4
 ∑ ∑ 𝐸̂(𝑖, 𝑗)

4

𝑗=1

7

𝑖=1

 , (7) 

where 𝑖 and 𝑗 stand for the i-th and j-th values of motion 
amount (7 levels) and motion direction (4 directions), 
respectively.  

Figure 5 shows the values of 𝐸̂av as a function of 𝑟 for each 
spackle type selected from DIC challenge. From this figure, 
different considerations can be made. First, we can note that the 

𝐸̂av vs 𝑟 curve is not affected by the image size, as highlighted 
by the fact that the results for samples 6 and 6b are very similar, 
and the same stands for samples 9 and 9b. Moreover, the change 

in 𝑟 affects the estimation results with a nearly parabolic trend. 

As expected, both too small and too large values of 𝑟, that is, of 
the cutting window size, lead to worse estimation. Too small 

values of 𝑟 lead to the impossibility of having enough data for 
the fitting, while too large values lead to including noise 
disturbance at high frequency. Furthermore, for all the samples, 

the value of 𝐸̂av reaches its minimum for values of 𝑟 between 
0.25 and 0.5, even if the optimal range is somehow influenced 
by speckle features, since different speckle types have different 

frequency contents. The sensitivity to changes of 𝑟 is even 
influenced by the analysed speckle. For speckles characterized 
by high spatial frequency components and limited image noise 

(such as 6 and 6b), larger values of 𝑟 allow to better handle the 
information content and therefore obtain lower error values. 

Summarizing all data, the range 𝑟 ∈ [0.25,0.50] appears to be 
optimal for all the considered samples. 

4. MOTION BLUR COMPENSATION FRAMEWORK 

Once motion blur parameters have been obtained, the 
blurred image can be manipulated to reconstruct the original still 
image. This operation can be performed by different techniques; 
traditionally, the most widely adopted are the Wiener filter [17], 
the Richardson–Lucy [21], and total variation techniques. 
Moreover, deep learning-based deblurring techniques have also 
been developed recently [22]. Traditional algorithms are widely 
used, in particular when high computation speed or real-time 
processing is needed. Since, in this work, computation speed is 
a relevant aspect, traditional deblurring methods were 
considered. According to recent literature, among traditional 
techniques, the Wiener filter is more suitable for most of the 
applications to minimize the effect of image noise [23], 
therefore it has been selected. Its mathematical expression is 0: 

𝒲(𝑘, 𝑙) =
ℋ∗(𝑘, 𝑙)

ℋ(𝑘, 𝑙) +
|𝒩(𝑘, 𝑙)|2

|ℛ(𝑘, 𝑙)|2

 , 
(8) 

where ℋ∗ is the complex conjugate of the motion OTF and 
|𝒩|2

|ℛ|2  is the noise to signal ratio (NSR), that is, the ratio between 

the autospectra of noise and reference noise-free image. 
Increasing noise levels amplify the instability of the inverse 
operation, requiring stronger regularization and consequently 
limiting the recovery of high-frequency details [25]. The correct 
application of Wiener filter hence requires, in addition to the 
motion OTF, the knowledge or the estimation of the NSR. 

In this work, two different methods have been considered 
for the estimation of the NSR. The first method is based on a 
simple computation of the root mean square (RMS) of the 
reference image and an estimation of the noise amount 
performed with a method proposed by Liu et al. [26]. This noise 

 

Figure 4. Sample images used for tests. Sample 3 (top-left), 6 (top-right), 9 
(bottom-left), and 14 (bottom-right) from [13]. 

 

Figure 5. Mean blur amount estimation error, shown as a function of the 
image cutting ratio 𝑟 for each tested sample type. 
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estimation approach is based on principal component analysis 
applied on low rank patches of the image, that is, such regions 
with small variance. This approach has the advantage of 
working on a single image, even if its application is formally 
restricted to the case in which the noise is Gaussian. The NSR 
is hence computed as follows: 

𝑁𝑆𝑅RMS =
𝜎N

𝜎R

 , (9) 

where 𝜎R is the RMS of the luminance profile of the reference 

image and 𝜎N is the noise level from the low patches analysis. 
Some preliminary compensation tests performed with RMS 

estimation of the NSR show that usually a higher noise level is 
present in the compensated images, with respect to the 
reference ones. To mitigate this effect, the possibility to apply a 
Gaussian filter onto the compensated images has been 
considered. 

The second estimation method considered is based on the 
analysis of the autocorrelation function of a single noisy image, 
as proposed by Thong et al. [27]. The NSR estimator is defined 
in the following way: 

𝑁𝑆𝑅autocorr =
𝛼(0,0) − 𝛼NF(0,0)

𝛼NF(0,0) − 𝑝̂2
 , (10) 

where 𝛼(0,0) and 𝛼NF(0,0) are the maximum values of the 
autocorrelations of the noisy image and the noise-free version 

of the image, respectively, and 𝑝̂ is the mean value of the noisy 
image. Since, in this work, a noise-free version of the image is 

not considered to be available, the value of 𝛼NF(0,0) is not 
actually known. However, it is possible to give an estimation of 

𝛼NF(0,0) using the properties of the noise autocorrelation. In 
particular, since the autocorrelation of the noise is a Dirac delta, 
and since this peak will be added to the peak of the noise-free 
image autocorrelation, with some approximation it is possible 

to assume that 𝛼NF(0,0) is a value similar to those assumed by 

𝛼(𝑥, 𝑦) in the neighborhood of the peak. For this reason, an 

approximation for 𝛼NF(0,0) can be: 

𝛼NF(0,0) ≈
𝛼(1,0) + 𝛼(0,1)

2
 . (11) 

5. EFFECT OF MOTION BLUR COMPENSATION ON DIC 
RESULTS 

The proposed optimized estimation and compensation 
procedure has been tested considering the effect of the motion 
removal on DIC analysis results. As already mentioned, the 
uncertainty of the displacement results is proportional to the 
amount of blur, meaning that, after the compensation, the 
uncertainty is expected to be reduced. 

The tests were carried out considering the same set of images 
as used in section 3.2, analysing both the blurred and the 
compensated images with the commercial DIC software Vic-
2D. Since in DIC measurements the image is divided into 
subsets and for each of these a value for the horizontal and 
vertical displacement is computed, if the actual motion of the 
target is rigid (i.e., displacements are uniform), the standard 
deviation of the obtained displacement can be directly taken as 
an uncertainty measure. 

In Figure 6 shows the results in terms of uncertainty, 
considering the sample 3 speckle as an example. As expected, it 
is possible to see the parabolic increase of uncertainty with the 
increase of the motion blur amount, while the compensated 
images show an uncertainty reduction that becomes more 
evident for higher values of blur.  

To analyse the effect of blur compensation on DIC 
uncertainty, the ratio between the uncertainty of the blurred 

image 𝜎blur and the uncertainty of the compensated image 

𝜎comp is considered: 

𝑟̂𝜎 =
𝜎blur

𝜎comp

 . (12) 

The ratio 𝑟̂𝜎  has a straightforward meaning, being higher than 
1 when the compensation leads to a reduction of uncertainty, 
and so to an improvement of DIC quality. 

Figure 7 shows the results of the DIC test in terms of 𝑟̂𝜎  for 
all the considered speckle images. As already seen in Figure 6, 
also here, it is possible to observe that the effect of uncertainty 
reduction is proportional to the motion blur amount. When the 
motion blur is large, the improvement given by the 

compensation procedure is clear, then, for smaller values of 𝑊, 
the effect decreases, until, under a certain value of blur, the 
compensation appears to have negative impact on uncertainty. 

   

Figure 6. Example of DIC uncertainty referred to sample 3. The uncertainty (𝜎u and 𝜎v for the horizontal and vertical directions, respectively) is computed for 
the blurred and the compensated images: values for different techniques for the NSR estimation are shown. The compensated images show an uncertainty 
reduction with respect to the blurred case; the reduction becomes more evident for higher values of blur. 



 

ACTA IMEKO | www.imeko.org March 2026 | Volume 15 | Number 1 | 6 

This behaviour is reasonable, since a small value of blur leads to 
a slight increase in the uncertainty of DIC: if this is case, the 
noise and possible artefacts introduced by the compensation 
procedure could create disturbances that have an effect worse 
than that of blur. This observation, in general, suggests that, for 
a small amount of blur, in the order of 1–2 px, the 
compensation could not have any benefit in terms of DIC 
results. 

Figure 6 and Figure 7 show even the comparison between 
compensations carried out with different estimations of the 
NSR. RMS and autocorrelation methods appear to be 
equivalent when the effect on DIC is evaluated. The Gaussian 
filtering applied after the compensation with RMS methods 
demonstrate better performances, resulting in the strongest 
reduction of DIC uncertainty in all the considered cases. 

6. CONCLUSIONS 

In the present work, the effect on DIC analysis of motion 
blur, generated by the movement of the target or the camera 
during exposure time, is considered. Motion blur estimation 
technique based on motion OTF has been applied and 
optimized. Images with different kinds of speckle and several 
amounts of motion have been tested, to find optimal values for 
the estimation parameters. Then, compensation of motion blur 
based on the application of Wiener filter has been performed, 
considering different strategies for the image noise estimation. 
The performance of the proposed estimation and compensation 
procedure has been evaluated in terms of uncertainty of 

displacements computed with DIC, comparing the values 
obtained for blurred and compensated images. Results show 
that, in general, the optimized procedure has a positive effect on 
DIC performances, being able to reduce the effect of motion 
blur on uncertainty. This improvement is visible starting from 
values of motion blur of about 1–2 px, while for smaller blurs, 
the compensation does not appear that useful, since the image 
degradation due to blur slightly affects the uncertainty of DIC. 
The proposed technique is based on the hypothesis of constant 
motion blur in the image area. However, the same approach can 
be applied to subsets of the image, to improve the results in case 
of non-constant motion blur in the field of view: this is a further 
and straightforward generalization of the proposed technique. 
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