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Abstract: Digital Image Correlation applied to rotating objects is a challenging task due to the extremely large 

displacements to be detected and to the rotation of the subsets during revolutions. For these reasons, 

conventional DIC algorithms are limited to about 7° rotations before losing tracking capabilities. Nevertheless, 

a full 360° rotation is to be tracked in practical scenarios, so that a new paradigm in optical tracking of rotating 

objects remains urgent. In this paper, a global DIC algorithm is proposed to overcome the limitations of 

conventional methods. A simple analytical representation of the roto-translation is proposed, and an 

optimization algorithm is developed to find the rotation angle and center to minimize the discrepancies between 

the reference and rotated image. The critical issue of the procedure is represented by the selection of a reliable 

first guess, which, due to the presence of several local minima and a really sharp global minimum, needs to be 

extremely accurate for the optimization to converge. To this extent, a robust procedure is proposed based on 

image unwrapping and spatial-FFT analysis of the unwrapped image to infer a reliable first guess to be fed to 

the subsequent final optimization process. The approach was validated through experimental analysis of a 

rotating PC fan. 

 

Keywords: Digital Image Correlation, Rotating DIC, Blisk measurements, Optical vibration measurements, 

image unwrapping 
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1. Introduction 

A clear understanding of the dynamic behavior of rotating machinery is essential in the field of rotor dynamics, 

particularly for accurately characterizing the evolution of modal parameters, such as natural frequencies and 

damping ratios, as a function of rotational speed. Gyroscopic effects and centrifugal stiffening play a critical 

role in shaping the vibratory response of rotating systems. As the rotational speed increases and approaches 

the critical speed of the structure, the likelihood of resonance-induced failures rises significantly. Therefore, 

accurate consideration of these dynamic effects is essential to ensure the safe, efficient, and reliable operation 

of rotating machinery, making them a central focus in both design methodologies and condition monitoring 

practices [1]. Traditionally, contact-based methods (e.g., strain gauges) and optical techniques, such as 

Scanning Laser Doppler Vibrometry (SLDV) [2-7] and stereo-photogrammetry [8-11], have been employed 

to characterize vibratory responses. However, limitations related to durability, spatial resolution, mechanical 

complexity, and robustness, have pushed research interests towards the use of 3D Digital Image Correlation 

(3D-DIC). This non-contact, full-field measurement technique offers improved spatial coverage and 

robustness, making it a promising alternative for analyzing the dynamic response of rotating components [12, 

13]. 3D-DIC is well established in the analysis of non-rotating systems and offers excellent spatial resolution. 

However, its direct application to rotating systems remains challenging due to the algorithmic limitations when 

large rotational displacements are involved. In particular, conventional DIC algorithms tend to fail when 

rotation angles exceed approximately 7°, as the reference-deformed image correlation breaks down [13, 14]. 

To face this issue, genetic algorithms have been experimented to obtain suitable initial estimates of 

displacement parameters [15, 16]. These methods are globally optimal but are characterized by high 

computational costs. An alternative can be represented by using incremental DIC approaches, where the 

reference image is periodically updated once the measurable angular limit is reached. This strategy has enabled 

successful experimental modal analyses on rotating tires [17] and disks [18]. However, such incremental 

updates introduce a new challenge: the accumulation of tracking errors over time. Even small mismatches 

between successive updates propagate, leading to a gradual drift in the rotation estimation. Furthermore, when 

fast rotations occur, the required update frequency becomes high, thus increasing computational cost and 

requiring high-performance cameras. To address this, several studies have proposed strategies to reduce 

cumulative error [19], and recent efforts have focused on enhancing the accuracy of initial displacement 

estimation in DIC pipelines. In this regard, directional DIC has been proposed as a viable alternative to 

conventional DIC, thus overcoming limitations in scenarios where image texture is not sufficient. Directional 

DIC incorporates prior knowledge or assumptions about the expected direction of motion in the image subset 

to be analyzed [20]. This approach is well-suited for rotating targets, where the knowledge of rotation 

parameters helps the initial estimation of the subset position. The ring projection scheme can be used to extract 

the rotation-invariant features of a template thus obtaining integer-pixel initial estimation of large rotation 
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parameters [21-23]. The technique uses a circular window to extract information from images so that no 

information changes before and after rotation. A local ring pattern, invariant to target rotation, is also used in 

[24] to convert the 2D template into a 1D gray value sequence along a circle and calculate correlation. In [25], 

an iterative angle compensation strategy is proposed to progressively refine the initial rotation estimation 

obtained by the Speeded-Up Robust Features (SURF) method. A rotation-invariant template, based on 

concentric rings, is used to evaluate the similarity between matched feature points. Polar-coordinates DIC 

formulations have been also proposed in order to inherently be more robust to large rotations [26].  

Most of the above-presented approaches, however, rely on local approaches, either feature-based or subset-

based, rather than purely global approaches. This means that, without global constraints, they are more prone 

to mismatches and inconsistencies, particularly when large rotations are involved. A reliable initial estimation 

of the rotation parameters is also required to prevent the convergence into local minima. 

The work presented in this paper proposes a novel global DIC approach aimed at identifying the rigid-body 

displacement of a rotating object. Unlike incremental techniques that rely on frequent reference updates and 

suffer from cumulative tracking errors, the proposed method estimates the global roto-translation parameters 

through a Gauss-Newton optimization algorithm, which minimizes pixel-wise correlation errors across the 

whole image or selected image regions. To enhance computational efficiency, the algorithm incorporates a 

sensitivity-based pixel selection strategy, retaining only the most informative pixels, typically located along 

speckle edges, while discarding those in uniform regions that contribute little to displacement analysis. The 

method also overcomes the limitations of conventional DIC algorithms that fail beyond ~7° of rotation and 

avoids the high computational cost of genetic algorithms. By leveraging circular image unwrapping and 

spatial-domain FFT analysis, the approach transforms rotational motion into linear displacement, enabling 

robust initial parameter estimation. Compared to local or feature-based methods, which are sensitive to texture 

and prone to mismatches, the global formulation ensures consistency and accuracy even under large angular 

displacements. The integration of a row-wise FFT-based periodicity metric further enables reliable estimation 

of the center of rotation, addressing a critical challenge in rotation tracking. The proposed approach has been 

validated by measuring the rotational motion of a commercial PC fan, demonstrating a highly effective solution 

for full-field optical measurement of rotating structures, with potential applications in vibration analysis and 

modal characterization of rotating machinery. 

2. Algorithm description 

The objective of tracking a rotating body in a scene was divided into several sub-steps: 

1) The roto-translation transformation was parametrized in order to derive an analytical model (Section 

2.1); 
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2) The optimization problem was formalized to determine the roto-translation parameters that best match 

the reference and the rotated image (Section 2.2); 

3) The definition of the initial guess for the optimization problem was divided into two tasks, both based 

on circular unwrapping of the image: 

a. An initial estimate of the center of rotation was obtained by maximizing the main spatial 

harmonic component in the unwrapped image (Section 2.7); 

b. The rotation angle was preliminarily estimated by applying a frequency-domain DIC 

algorithm to the same unwrapped image (Section 2.6). 

It should be emphasized that, since optimization must be performed at each stage, it is crucial to compute the 

derivatives of each objective function with respect to the optimization parameters, in order to ensure both 

accuracy and computational efficiency. In the following, a practical case study is presented to illustrate the 

main challenges and results. The test images capture a rotating PC fan with seven blades, as shown in Fig. 1. 

Further details of the experimental setup are provided in Section 3.1. 

 

Figure 1 – Sample image from the dataset, used to discuss the main issues of the optimization process. 

2.1. Roto-translation analytical formulation 

One of the main challenges in tracking the motion of rotating structures with conventional Digital Image 

Correlation (DIC) algorithms is their limited ability to handle large subset rotations. Traditional DIC methods 

compute correlation by comparing image subsets along fixed horizontal and vertical directions (i.e., rows and 

columns). Consequently, their performance degrades significantly when the structure undergoes substantial 

rotation, since the subsets cannot be properly aligned between frames. To overcome this limitation, the present 

work employs a global DIC formulation specifically designed for rigid-body rotation. The procedure consists 

of defining a grid of points on the reference image, applying a roto-translation to their coordinates, and then 

comparing the corresponding gray-level values in the reference and rotated images. Rotation tracking is 

deemed successful when a close agreement between gray levels is obtained. In cases where the motion is 

governed by a rigid roto-translation, the displacement of any pixel in the image can be fully described by only 
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three scalar parameters: the rotation angle θ and a two-dimensional translation vector T. Using these 

parameters, the transformed coordinates Xr of a point in the rotated image can be computed from its original 

coordinates X in the reference image, according to the following relation: 

𝑅 = [
cos⁡(θ) −sin(θ)
sin(θ) cos(θ)

] 

𝑋r = 𝑅𝑋 + 𝑇 

(1) 

Where R is the two-dimensional rotation matrix and T is the translation vector. In the case of a rigid rotation, 

the center of rotation C remains invariant, i.e., Cr = C. This property allows the translation vector T to be 

directly related to the position of the center of rotation through the following expression: 

𝐶𝑟 = 𝑅𝐶 + 𝑇 = 𝐶 → ⁡𝑇 = (𝐸 − 𝑅)𝐶 (2) 

The matrix E in Eq. 2 represents the 2×2 identity matrix. 

Since general roto-translations map pixel coordinates to non-integer positions, it is not possible to directly 

retrieve the corresponding gray-level values in the rotated image. To address this, an interpolation scheme such 

as bicubic spline interpolation, as proposed in [27], can be used to estimate gray levels at subpixel locations 

with high accuracy. For a given roto-translation, the interpolated gray levels of the rotated image at the 

transformed coordinates are collected in a column vector Iq. These values are then compared with the original 

intensities in the reference image, arranged in a column vector I0, allowing the computation of a pixel-wise 

intensity error over the entire image or within a selected region of interest (ROI). Figure 2 illustrates this 

procedure for a generic pixel, highlighting the comparison between reference and transformed intensities. 

 

Figure 2 – Interpolation scheme to assess gray levels at non-integer pixel locations after roto-translation. 

It should be emphasized that the roto-translation parameters θ and T are not known a priori and must be 

estimated. To this end, a set of pixels is selected for tracking. These pixels do not need to belong to a regular 
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grid and can be freely and non-uniformly distributed across the reference image. An optimization procedure is 

then employed to determine the values of θ and T that minimize the difference between the reference image 

and the interpolated transformed image, i.e., e = I0 - Iq. This approach effectively aligns the images despite 

rotation and enables reliable motion tracking of rotating structures even under large angular displacements. 

2.2. Gauss-Newton optimization scheme 

The procedure described above is inherently non-linear, mainly due to the use of spline interpolation and the 

trigonometric functions in the transformation model (see Eq. 1). Nevertheless, the problem can be effectively 

addressed using the Gauss–Newton optimization method [28, 29]. This iterative scheme is well-suited for non-

linear least-squares problems, as it minimizes the objective function by exploiting the gradient (Jacobian) of 

the error with respect to the optimization variables. In this case, the optimization variables are the rotation 

angle θ and the translation vector T, while the objective function is defined as the pixel-wise intensity 

difference between the reference image and the transformed (rotated and translated) image. The computation 

of the gradients required by the Gauss–Newton method is carried out in three main steps. Let Xr,1 and Xr,2 

denote the horizontal and vertical components of the rotated coordinates Xr, respectively, and let T1 and T2 be 

the corresponding components of the translation vector T. Moreover, define R1 and R2 as the first and second 

rows of the rotation matrix R introduced in Eq. 1. The derivatives of the rotated coordinates with respect to the 

optimization variables θ, T1 and T2 can then be expressed analytically as: 

∂𝑅1
∂𝜃

= [−sin(𝜃) −cos(𝜃)];⁡
∂𝑅2
∂𝜃

= [cos(𝜃) −sin(𝜃)] 

∂Xr,1
∂𝜃

=
∂𝑅1
∂𝜃

𝑋;⁡
∂Xr,2
∂𝜃

=
∂𝑅2
∂𝜃

𝑋 

∂Xr,1
∂T1

= 1;⁡
∂Xr,2
∂T1

= 0 

∂Xr,1
∂T2

= 0;⁡
∂Xr,2
∂T2

= 1 

(3) 

Since the gray-level values Iq are evaluated at the transformed coordinates Xr, their derivatives with respect to 

the spatial coordinates are given by 
∂𝐼q

∂𝑋r,1
⁡and 

∂𝐼q

∂𝑋r,2
. These spatial gradients can be computed using the 

formulation reported in [27] (Eq. 5), and are readily available from the bicubic interpolation scheme. The 

residual error to be minimized is defined as e = I0 - Iq. Since the reference image I0 does not vary with respect 

to the optimization parameters, its derivative is zero. Consequently, the complete derivative of the error e with 
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respect to θ and T depends solely on the derivatives of Iq. Applying the chain rule, the total derivatives can be 

expressed as: 

∂𝑒

∂𝜃
= −

∂𝐼q

∂𝜃
= −(

∂𝐼q

∂𝑋r,1

∂𝑋r,1
∂𝜃

+
∂𝐼q

∂𝑋r,2

∂𝑋r,2
∂𝜃

) 

∂𝑒

∂T1
= −

∂𝐼q

∂T1
= −(

∂𝐼q

∂𝑋r,1

∂𝑋r,1
∂T1

+
∂𝐼q

∂𝑋r,2

∂𝑋r,2
∂T1

) 

∂𝑒

∂T2
= −

∂𝐼q

∂T2
= −(

∂𝐼q

∂𝑋r,1

∂𝑋r,1
∂T2

+
∂𝐼q

∂𝑋r,2

∂𝑋r,2
∂T2

) 

(4) 

 

With these derivatives available, an iterative Gauss–Newton scheme can be employed to update the 

optimization parameters 𝑣 = [𝜃, 𝑇1, 𝑇2] at each iteration. The update rule at iteration i can be written in compact 

form as: 

𝐽 = [
∂𝐼q

∂𝜃

∂𝐼q

∂T1

∂𝐼q

∂T2
] 

𝑣𝑖+1 = 𝑣𝑖 + (𝐽
𝑇𝐽)−1𝐽𝑇𝑒 

(5) 

This expression defines the recursive procedure used to progressively refine the estimates of the rotation and 

translation parameters until convergence. A common convergence criterion is based on the stagnation of the 

optimization parameters, i.e., when the relative change in the parameter vector between successive iterations 

(𝜆) falls below a user-defined threshold 𝜀. This condition can be written as: 

where || . || denotes the norm of the argument. This criterion ensures that the iterative process terminates once 

further updates no longer produce significant improvements in the estimated parameters. 

2.3. Informative pixel selection 

The error vector e in Eq. 5, in principle, can be computed on all pixels within a selected ROI to guide the 

optimization process and determine the optimal values of θ and T. Nevertheless, performing computations on 

the full set of pixels is highly inefficient, as it considerably increases the computational burden without 

providing additional benefits. In practice, only pixels located along the speckle edges are truly informative, 

λ =
||𝑣𝑖+1 − 𝑣𝑖||

||𝑣𝑖||
< ε (6) 
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since their gray-level intensity is strongly affected by displacements. By contrast, pixels belonging to 

uniformly dark or bright regions contribute little to the analysis, as their intensity remains nearly constant under 

translation or rotation, and it is mostly affected by image noise. To systematically identify the most relevant 

pixels, the derivatives of Iq with respect to the optimization variables (see Eq. 4) were evaluated at each pixel. 

Based on these derivatives, a sensitivity parameter Sd ranging from 0 to 1 was introduced to quantify the 

responsiveness of individual pixels to roto-translational transformations: 

𝑆d =
1

3

(

 
 

∂𝐼q
∂𝜃

2

max(
∂𝐼q
∂𝜃

2

)

+

∂𝐼q
∂T1

2

max(
𝜕𝐼q
𝜕𝑇1

2

)

+

∂𝐼q
∂T2

2

max(
𝜕𝐼q
𝜕𝑇2

2

)
)

 
 

 (7) 

Pixels with larger Sd values are expected to provide more discriminative information, thereby playing a crucial 

role in the optimization procedure. In the present work, all the pixels having a value of Sd greater than the mean 

value of Sd were selected, which allowed for the extraction of the most informative pixels while discarding the 

redundant ones. The effect of this procedure is exemplified in Fig. 3. Figure 3(a) shows the value of Sd in the 

whole considered ROI with a color scale. The blade region depicted with a box in Fig. 3(a) was zoomed in 

Fig. 3(b), to highlight that the informative pixels are indeed the ones corresponding to the speckles’ edge. As 

illustrated in Fig. 3, this strategy effectively reduces the dataset to approximately 30 % of the original number 

of pixels in the ROI. Such a reduction leads to a substantial decrease in computational cost, while enhancing 

the accuracy and robustness of the optimization results. 

 

 

(a) (b) 

Figure 3 – Selection of informative points: (a) distribution of the parameter Sd and (b) zoomed view of the 

region of the blade highlighted by the orange box. 
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2.4. Optimization space exploration 

To gain further insight into the optimization problem, the rotating fan illustrated in Fig. 1 was analyzed. The 

fan was imaged at three different rotation angles with respect to a reference configuration, and the described 

procedure was applied by imposing tentative values of the optimization parameters and computing the 

corresponding residuals e. To represent the optimization function as a 3D surface, the scalar 𝑒𝑛 = ||𝑒||/√𝑛e 

was introduced, where nₑ denotes the number of elements in e. In this case, the optimal roto-translation 

parameters were identified through a trial-and-error strategy, repeating the optimization procedure with 

different initial guesses. A three-step process was adopted: (i) a tentative center of rotation was manually 

selected in the image; (ii) a for-loop search over the range 0–360° was performed with a step size of 0.5°, and 

the angle corresponding to the minimum eₙ was selected; (iii) the optimization algorithm was then executed 

starting from this estimate to refine the solution and reach the global minimum. Although this procedure 

required significant computational effort (approximately 60 minutes per image), it enabled the determination 

of the optimal parameter 𝑣o = [𝜃o, 𝑇1,o, 𝑇2,o] for each of the three images. It was then possible to graphically 

represent the trends of eₙ with respect to the optimization parameters. To reduce the dimensionality of the 

representation, the translation vector T was replaced by a scalar parameter ρ, defined as the distance between 

the tentative translation Tᵢ at the i-th iteration and the optimal solution Tₒ = [T₁,ₒ, T₂,ₒ]. Furthermore, the two-

dimensional translation space was explored only along the direction aligned with θₒ, according to the following 

relation: 

𝑇𝑖 = [𝑇1,𝑖, 𝑇2,𝑖] = 𝑇𝑜 + 𝜌[sin(𝜃o), cos(𝜃o)] (8) 

This allowed to reduce the three-dimensional optimization space to a two-dimensional one, which can be easily 

visualized in a 3D plot as shown in Fig. 4(a). Subsequently, a fine grid of investigation points was defined to 

explore the selected range of the optimization variables (reduced to θ and ρ), and the corresponding values of 

eₙ,ᵢ were computed for each point. The results obtained for the first image are presented in Fig. 4(a). 
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(a) (b) 

  

(c) (d) 

Figure 4 – Exploration of the optimization space: (a) optimization surface for 𝜃o = 8.4°, (b) zoomed view 

of the surface for increasing values of 𝜃o, (c) cross section of the surface with a plane at 𝜃o, (d) cross 

section of the surface with a plane at 𝜌o. 

As shown in Fig. 4(a), the optimization surface exhibits seven local minima along the angular coordinate. This 

behavior is due to the periodic geometry of the fan: whenever the angle crosses an integer multiple of 360/Nb 

(with Nb denoting the number of blades), a reasonably good correlation is obtained for any value of ρ. However, 

a global minimum is clearly observed at θ = θₒ, particularly when ρ approaches ρₒ = 0. At the optimal location 

[θₒ, ρₒ], the global minimum is reached, characterized by a very sharp trend. To better illustrate this feature, 

Fig. 4(b) reports the optimization surface for different rotation angles. In Fig. 4, the θ-axis has been shifted so 

that θₒ corresponds to 0° for ease of comparison. As the rotation angle increases, the final residual error eₙ also 

increases, and the global minimum becomes progressively sharper, requiring a more accurate initial guess to 

ensure successful optimization. The shape of the global minimum was further investigated through cross-

sections of the optimization surface along the planes θ = θₒ and ρ = ρₒ, shown in Fig. 4(c) and Fig. 4(d), 

respectively. A zoomed view of the sharp minimum is provided in Fig. 4(d) (black box). The plots highlight 

that the global minimum is relatively broad along ρ, but extremely sharp along θ. Moreover, the comparison 

of the three curves in both Figs. 4(c) and (d) confirms that the peak becomes narrower along both ρ and θ as 

the rotation angle increases. This analysis underlines the necessity of a reliable and robust procedure for 

selecting the first guess in the optimization. The current three-step approach relies on manual selection of a 

tentative center of rotation and a computationally expensive for-loop search over θ. Two main drawbacks arise: 

(i) as shown in Fig. 4(c), the optimization surface becomes sharper in the ρ domain as the rotation angle 

increases, requiring a more precise first guess of the center of rotation, that can be difficult to achieve manually; 

(ii) the for-loop search is too slow to be applied to every image, especially when multiple repetitions are needed 

 1 
 2 
 3 
 4 
 5 
 6 
 7 
 8 
 9 
10 
11 
12 
13 
14 
15 
16 
17 
18 
19 
20 
21 
22 
23 
24 
25 
26 
27 
28 
29 
30 
31 
32 
33 
34 
35 
36 
37 
38 
39 
40 
41 
42 
43 
44 
45 
46 
47 
48 
49 
50 
51 
52 
53 
54 
55 
56 
57 
58 
59 
60 
61 
62 
63 
64 
65 



 
 

11 

 

to refine the initial center estimate. For these reasons, this work introduces a procedure that replaces the 

unreliable and computationally expensive for-loop search. 

2.5. Image unwrapping algorithm 

To overcome the limitations of the for-loop approach and drastically reduce computational time, the circular 

motion of the rotating object is exploited. Assuming that the center of rotation is known, image unwrapping 

can be performed to convert the annular region of the fan into a rectangular image. A grid of points is then 

defined in polar coordinates, with the radial range extending from a minimum and a maximum (i.e. Rₘ and 

Rᴍ, respectively) and the angular range spanning 0–360°. Given an arbitrary radial grid step sᵣ, the 

corresponding angular step sθ is expressed in radians such that the arc length at the maximum radius equals sᵣ: 

𝑠θ =
𝑠r
𝑅M

 (9) 

It should be noted that the spatial resolution of the grid is finer near the center of rotation and becomes coarser 

as the radius approaches RM, since the same number of points are placed on each circumference regardless of 

radius. However, the resolution of the final unwrapped image can be controlled by selecting the radial step sᵣ. 

Figure 5(a) illustrates an example of a point grid obtained with a coarse resolution (sᵣ = 100) for improved 

readability. 

 

 

(b) 

 

(c) 

 

(a) (d) 

Figure 5 – Image unwrapping example: (a) definition of the polar point grid. Unwrapped image setting: (b) 

𝑠r = 1 (c) 𝑠r = 5 (d) 𝑠r = 50. 

Once the grid is defined, bicubic spline interpolation is used to compute the gray-level values of the original 

image at the grid locations. The synthetic image is then unwrapped by interpreting the radial coordinate as the 

row index and the angular coordinate as the column index, yielding the image IS. Due to this transformation, 
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the rotational displacement of the original image is transformed into a horizontal translational displacement in 

IS. Figure 5(b-d) shows three examples of this procedure using sᵣ = 1, sᵣ = 5, and sᵣ = 50. As expected, 

computational time increases with the number of grid points: the tested resolutions required t1 = 8.77 s, t5 = 

1.24 s, and t50 = 0.74 s, respectively. Although the computational cost remains acceptable even for the finest 

grid, a trade-off between image resolution and processing time must be achieved, since the unwrapping is 

embedded in an iterative optimization algorithm. In the following, a value of sᵣ = 5 was adopted as a suitable 

compromise. 

2.6. Spatial-domain-FFT based DIC 

As anticipated in the previous section, once the image is unwrapped, the rotational displacement is transformed 

into a translational displacement along the horizontal axis. Owing to the cyclic nature of the unwrapping, the 

image exhibits a wraparound effect, whereby a point leaving one side of the image reappears on the opposite 

side. This property is fully consistent with the assumptions of spatial-domain FFT-based Digital Image 

Correlation (DIC) algorithms, which rely on the circular convolution theorem [30]. This approach is typically 

embedded in local DIC algorithms and applied to image subsets, since the cross-correlation between two 

signals u and w can be efficiently computed from their Fast Fourier Transforms U and W as: 

𝐶fd =
ifft(𝑈∗ ∙ 𝑊)

√max⁡(ifft(𝑈∗ ∙ 𝑈))max⁡(ifft(𝑊∗ ∙ 𝑊))
 (10) 

where the function ifft( · ) denotes the inverse Fast Fourier Transform, and the operator ( · )* denotes the 

complex conjugate of the argument. This approach was originally applied to image subsets to define a local 

DIC algorithm in [31]: given an n × n subset, an n × n correlation map can be obtained using Eq. 10. The actual 

displacement is then identified as the location of the maximum in the correlation map. The main limitation of 

such algorithms is that, at the local level, subsets do not strictly satisfy the periodic boundary conditions, 

thereby introducing measurement errors, especially for large displacements. Conversely, when the same 

approach is applied to the entire unwrapped image as described earlier, the periodicity assumption is fulfilled. 

As a result, the computation remains accurate even in the presence of large horizontal displacements 

(corresponding to large rotational displacements in the original image). Within this framework, the correlation 

map is computed between the unwrapped reference image I0s and the unwrapped rotated image I1s. The column 

of the correlation map associated with the maximum (dM) is then used to rearrange I1s. Specifically, the array 

is split into two parts: P1 includes the columns from 1 to dM, while P2 includes the columns from dM + 1 to the 

end. The rearranged image I1s,r is then obtained as: 
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𝐼1s = [𝑃1 𝑃2] 

𝐼1s,r = [𝑃2 𝑃1] 
(11) 

The procedure is illustrated in Fig. 6. The first row of the figure shows I0s, with a schematic example on the 

left and the actual rotating fan on the right. The second row shows I1s in both cases, highlighting the horizontal 

shift with respect to I0s, which represents the horizontal displacement. The third row shows I1s,r, demonstrating 

that the described procedure successfully realigns I1s,r with I0s. Finally, since each column of I1s,r corresponds 

to a different angle (depending on the choice of sθ), the rotation angle between I0s and I1s,r can be directly 

obtained as θ = sθ · dM. 

 

 

 

 

Figure 6 – Unwrapped images elaboration: schematic example (left) and rotating fan example (right). 

The described procedure is highly effective in determining the rotation angle once the center of rotation is 

known. To evaluate the sensitivity of the method with respect to the translation parameter T, the procedure 

was repeated on the same image pair by exploring a grid of T1 and T2 values within ±200 pixels around the 

optimal solution Tₒ, and computing eₙ for each grid point. This analysis provides insight into the feasibility of 

embedding the proposed procedure (i.e., image unwrapping combined with spatial-domain FFT displacement 

computation) within an optimization algorithm to identify the center of rotation. In this framework, the 

objective function en,uw is defined as: 
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𝑒uw = 𝐼0s − 𝐼1s,r 

𝑒n,uw =
|𝑒uw|

√𝑛𝑒uw
 

(12) 

Where 𝑛𝑒uw denotes the number of elements of 𝑒uw. The results are shown in Fig. 7, indicating that the 

optimization function is nearly insensitive to T when far from the optimal location (i.e., beyond approximately 

±50 pixels from the minimum), while exhibiting a very sharp peak in the proximity of the optimum. 

 

Figure 7 – Optimization surface for the unwrapping / spatial-domain-FFT procedure. 

2.7. Center of rotation rough estimation 

The proposed algorithm, based on spatial-domain FFT, proves to be highly reliable in estimating the rotation 

angle, provided that the center of rotation is accurately determined. To obtain such an estimate, a preliminary 

optimization is performed. The underlying assumption of this procedure is that the unwrapped images exhibit 

periodicity along the horizontal coordinate, which should hold for every row of the unwrapped image. 

However, this is true only if the unwrapping is carried out using the correct center of rotation. If the center is 

misestimated, the resulting unwrapped image loses its periodic nature. This phenomenon is illustrated in Fig. 

8: Fig. 8(a) shows a zoomed view of Fig. 5(c), while Fig. 8(b) presents the corresponding unwrapped image 

where an error of 300 pixels was intentionally introduced along the vertical coordinate of the center. As can 

be observed, the misestimated center causes the fan blades to appear distorted, thereby highlighting the loss of 

periodicity. To quantify image periodicity, the FFT of each row of the unwrapped image is computed, after 

subtracting the mean value of the row to eliminate the amplitude of the zeroth harmonic. Since the number of 

blades is Nb, a peak in the FFT at Nb is expected, together with its integer multiples. For improved clarity, the 
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value Am is defined by averaging the amplitudes of each harmonic component of the FFT along the rows. This 

amplitude is then normalized with respect to the sum of the amplitudes across all harmonics. The results are 

reported in Fig. 8(c) for the cases shown in Fig. 8(a) and Fig. 8(b). The blue curve corresponds to the ideal 

case of the exact center location (i.e., elaboration of Fig. 8(a)), while the orange curve refers to the case with 

a significant error in the center estimate (i.e., elaboration of Fig. 8(b)). 

Unwrapping performed with the correct center

 

(a) 

Unwrapping performed with a wrong center (300 pxl error)

 

(b) 

 

(c) 

Figure 8 – Row-wise FFT computation: (a) unwrapping with correct center, (b) unwrapping with wrong 

center (300 pxl error), (c) comparison of the corresponding row-wise FFTs. 

The figure shows that the peak of the orange curve is significantly lower than that of the blue curve. In the blue 

curve, the Nb-th harmonic clearly dominates, together with several of its integer multiples. By contrast, the 

orange curve exhibits a peak at a frequency different from Nb, with the spectral energy distributed more 

uniformly across the harmonic indexes and without any dominant peaks. To capture this behavior, a periodicity 

metric was defined as the sum of the amplitudes of the first ten integer multiples of Nb. Higher values of this 
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metric indicate stronger periodicity, whereas lower values correspond to a loss of periodicity. To reformulate 

the problem as a minimization, the sign of this metric was reversed and labeled as A, so that the objective 

function is always negative and the optimization seeks its minimum. The resulting optimization surface is 

presented in Fig. 9(a). For comparison, the plot was rescaled to match the scale of the optimization surface 

shown in Fig. 7, which is also included in blue. The newly defined optimization surface exhibits a monotonic 

trend within the range ±200 pxl, with significant gradients throughout the analyzed region, whereas the blue 

surface shows almost no gradient outside the ±50 pxl interval. This indicates that the optimization is likely to 

converge to the true minimum from any initial guess within the ±200 pxl range. Importantly, the comparison 

of the two surfaces confirms that their minima coincide, thereby validating the use of the proposed periodicity 

metric for a robust optimization of the center of rotation. To provide a graphical illustration of the performance 

of the two approaches (i.e. spatial-domain FFT vs row-wise FFT), Fig. 9(b) presents a zoomed view of the 

blisk, where markers indicate the actual center of rotation (blue dot) and the confidence regions corresponding 

to ±50 pxl (orange rectangle, spatial-domain FFT) and ±200 pxl (green rectangle, row-wise FFT). Since the 

green area is relatively large, a suitable first guess can be obtained in various ways, for example by manually 

selecting a point in the image or by automatically computing the centroid of the white region corresponding to 

the blades. 

  

(a) (b) 

Figure 9 – Row-wise FFT procedure: (a) optimization surface and (b) confidence boxes. 

2.8. Algorithm overview 

Due to the nature of the studied optimization problem, the analysis was divided into sub-steps to ensure 

successful convergence. The main stages of the developed algorithm can be summarized as follows: 

±200 pxl box 

Center 

location 
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1. Image acquisition and initialization: the image is acquired and all derivatives required for bicubic 

interpolation are computed. 

2. First-guess definition: the center of rotation C0 is manually selected, or alternatively estimated using 

approximate algorithms (e.g., blade centroid). 

3. Row-wise FFT optimization: the row-wise FFT procedure is applied to refine the estimate of the center 

of rotation, yielding C1 starting from C0, and to compute the corresponding translation T1 (Eq. 2). 

4. Image unwrapping and spatial-domain FFT: a single unwrapping operation around C1 is performed, 

followed by the spatial-domain FFT procedure, to provide an accurate first estimate of the rotation 

angle θ0. 

5. Gauss–Newton optimization: planar roto-translation optimization (Eq. 5) is carried out, starting from 

T1 and θ0, to obtain the final translation Tf (and the corresponding center of rotation Cf) and the final 

optimal rotation angle θf. 

As previously discussed, the row-wise FFT procedure is significantly more robust to the initial guess of the 

center location than the image unwrapping procedure. To verify this, the algorithm was executed multiple 

times with different initial values of C0. In the first case, the image unwrapping procedure was applied, while 

in the second case the row-wise FFT procedure was used. The final results Tf and θf were compared against 

the known ground-truth parameters TO and θO (i.e. the minima of the plots in Fig. 4(b), known in these 

preliminary examples). A performance metric (MO) was defined as the norm of the difference between the 

three-element vectors [Tf  θf ] and [TO θO ], normalized by the image size (for translation) and 2π (for rotation). 

In addition, the residual error en at the end of the optimization was evaluated to further quantify the agreement 

between reference and rotated points. The results are reported in Fig. 10, where the color scale represents the 

performance metric. The top row shows the distribution of MO, while the bottom row refers to en. The plots on 

the left correspond to the spatial-domain FFT optimization, whereas those on the right correspond to the row-

wise FFT procedure. A common color scale was used to directly compare the performance of the two 

approaches. The results show that the spatial-domain FFT method yields reliable outcomes only when the first 

guess of the center of rotation lies within ±50 pxl from the optimal value, as already observed in Section 2.6. 

In this range, both MO and en reach low values, while for larger deviations, performance rapidly deteriorates. 

Conversely, the row-wise FFT procedure consistently provides low values of both performance metrics across 

the entire tested range of ±200 pixels.  
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Figure 10 – Performance metrics for the tested algorithms. 

To further demonstrate the robustness of the row-wise FFT method to the choice of initial center location, Tab. 

B reports the mean value (µ) and standard deviation (σ) of both performance metrics obtained with the two 

algorithms. 

Table B – Performance metrics for the considered algorithms 

Algorithm 

MO en 

µ σ µ σ 

Spatial-domain FFT 7.703 × 10-1 5.9 × 10-1 44.3 10.9 

Row-wise FFT 4.1 × 10-3 1.0 × 10-7 29.9 3.1 × 10-7 

Inspection of column µ shows that the row-wise FFT approach yields much lower values for both performance 

metrics. Furthermore, column σ indicates that the row-wise procedure produces nearly identical optimization 

results for any initial guess of the center location within the tested range, confirming the findings reported in 

Fig. 10. This analysis demonstrates that the row-wise procedure is the most robust approach for determining 

the first guess of the center of rotation. Nevertheless, once the center of rotation has been reliably identified 
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by the row-wise FFT procedure, the spatial-domain FFT algorithm can still be effectively employed to refine 

the initial guess of the rotation angle.  

3. Experimental validation 

The proposed procedure was validated using a dataset acquired from a rotating PC fan. A complete revolution 

was recorded in order to evaluate the performance of the method at increasing rotation angles. 

3.1. Measurement setup 

A dedicated test bench was designed to carry out the measurements. A steel plate served as the base structure, 

securely holding the PC fan with a 3D-printed bracket. Several holes were drilled into the plate to allow 

positioning of a digital camera (Optomotive Smilodon, 5120 × 5120 pxl, 1.1”, 150 fps) at different distances 

using a custom support. A Computar 05-VL6Z1626UC-MPYIR varifocal lens was mounted on the camera to 

precisely define the field of view, while a ring light was attached to the lens to ensure uniform illumination of 

the fan during rotation. An overview of the experimental setup is provided in Fig. 11(a). 

 

 

(a) (b) 

Figure 11 – Experimental setup: (a) placement of the digital camera and (b) zoomed view of the marks on 

the blisk. 

The fan employed in the experimental setup consists of seven blades with a maximum diameter of 

approximately 110 mm. It is powered via a standard USB connection, which allows the selection of three 

discrete rotational speeds: 1000, 1250, and 1500 revolutions per minute (rpm). Two concentric annular marks 
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are present near the fan center, which are convenient to manually click for a rough estimation of the center of 

rotation. An additional circular mark is present on the hub, which was used to identify blade number one (see 

Fig. 11(b)). To ensure that the entire rotor remained within the field of view during operation, the distance 

between the fan and the optical system was carefully adjusted. The final configuration resulted in a field of 

view of about 130 × 130 mm², sufficiently wide to capture all blades throughout the full 360° rotation. Since 

the original blade surface was nearly uniform and dark, a surface preparation procedure was performed to 

improve optical measurement accuracy. Specifically, the blisk was first coated with a homogeneous white 

background layer, followed by the application of a high-contrast random speckle pattern using black spray 

paint. This treatment ensured sufficient texture for digital image correlation and enabled reliable tracking of 

blade motion. 

3.2. Measurement results 

The fan was imaged at different angular positions during rotation. It should be noted that no encoder was used 

in this study to record the rotation angle and that the fan’s rotational speed was not precisely controlled. 

Consequently, images could only be acquired at approximate angular positions rather than at exact values. The 

reference image was selected when blade number one was nearly vertical in its upper position. Eight additional 

images were then acquired, approximately evenly spaced over the 360° revolution, i.e., close to 45°, 90°, 135°, 

180°, 225°, 270°, 315°, and 360°. If the acquisition angle could have been set precisely, the last image would 

coincide with the reference image. However, due to the lack of synchronization between the camera and the 

fan, the final image is expected to display a small angular offset relative to the reference. Table A reports the 

corresponding results, including the initialization parameters (i.e., tentative center location C0, manually 

selected on the reference image) and the optimized values of the center location (Cf) and rotation angle (θf). 

additionally, the total optimization time tt is reported in the last column of the table, to provide an estimate of 

the overall computational effort (which drastically reduce with respect to the 60 min for each picture mentioned 

in Section 2.4). 

Table A – Optimization results for different rotation angles 

Image # C0, pxl Cf, pxl θf, ° θf,r, ° en, pxl 𝑒̅, pxl tt, s 

1 

[2511    2407] 

    [2509.1    2410.6] 48.98 48.98 8.98 7.00 34.9 

2     [2507.8    2410.8] 84.18 84.18 12.28 9.49 22.1 

3     [2508.0    2410.9] 132.52 132.52 16.25 12.80 30.4 

4     [2508.0    2410.2] 176.97 176.97 18.41 14.78 30.2 

5     [2507.1    2409.6] 215.14 -144.86 19.76 16.08 40.4 

6     [2505.2    2408.8] 268.52 -91.48 19.14 15.40 45.0 

7     [2503.0    2409.4] 303.98 -56.02 14.21 11.28 30.9 

8     [2482.9    2410.2] 351.16 -8.84 3.71 2.95 20.4 

Additionally, the value θf,r was defined by rearranging the values of θf as follows: 
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{
𝜃f,r = 𝜃f⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡ if⁡𝜃f ≤ 180°

𝜃f,r = 𝜃f − 360° ⁡if⁡𝜃f > 180°
 (13) 

This procedure was adopted to avoid ambiguities between positive and negative rotation angles when sorting 

them in ascending order. For example, a rotation angle of 350° may appear larger than a rotation angle of 170°, 

while in practice it corresponds to a small negative rotation of −10°. To further assess the optimization 

performance, additional metrics were computed from the error vector e defined in Section 2.1. Specifically, 

the scalar en (as defined in Section 2.4) and the mean absolute error 𝑒̅ = ∑|𝑒| /𝑛e  (the operator | . | represents 

the absolute value of the argument, while ne again represents the number of elements in e) were evaluated for 

each rotation angle. As expected, Table A indicates that the estimated center of rotation Cf remains stable 

across frames, with only minor variations on the order of 5 pixels. Considering the field of view and camera 

resolution, these oscillations correspond to approximately 0.12 mm and can be attributed to small vibrations 

of the measurement system and of the hub itself. To better illustrate the correlation between the rotation angle 

and the optimization results, the last two columns of Table A are plotted in Fig. 12 against θf,r. 

 

Figure 12 – Correlation between rotation angle and optimization outcomes 

The plot shows a similar trend for both en and 𝑒̅, with larger errors observed at higher rotation angles, and a 

minimum reached near 0°. This behavior can be explained by optical distortions caused by unavoidable 

misalignments between the camera and the fan: when the sensor plane is not perfectly aligned with the rotor 

plane, a perfect circle is perceived as an ellipse during rotation, while the rotation model defined in Eq. 1 only 

accounts for a rigid body rotation. To validate this observation, the point grid used for the optimization was 

roto-translated by Tf and θf and superimposed on the corresponding image. For a clearer comparison across 
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different rotation angles, the resulting images were de-rotated so that blade number one always appeared in 

the same position as in the reference image. Two zoomed regions were then analyzed: one close to the blade 

root and the other close to the blade tip. Since only the informative pixel at the speckle edges were retained in 

the optimization (as described in Section 2.3), these plots allow direct assessment of whether the rotated point 

grid aligns correctly with the corresponding rotated speckles. The results of this comparison are reported in 

Fig. 13. The top image corresponds to the reference configuration, with a blue box indicating the zoomed view 

of a speckle near the blade root and an orange box showing a speckle near the blade tip. The bottom-left image 

presents the results for θf,r = 8.84°, where the rotated point grid aligns well with the speckle edges in both the 

root and tip regions. By contrast, the bottom-right image refers to θf,r = −144.86°, showing good agreement 

between the point grid and the speckle edge in the region near the root, but a noticeable misalignment at the 

blade tip. These observations demonstrate that, at large rotation angles, optical distortions of the fan hinder the 

ability of the optimization procedure to accurately match all speckles, leading to higher residual errors. It 

should be noted, however, that this effect does not compromise the optimization process itself, since the 

resulting solution still provides a valid representation of the fan’s roto-translation. Nonetheless, such 

distortions could potentially be mitigated by employing a stereo-camera system, which would exploit 3D 

information to compensate for perspective effects. 

 

Figure 13 – Alignment of the rotated point grid with the speckle pattern at selected angles (reference, 𝜃𝑓,r 

= 8.84°, 𝜃𝑓,r = -144.86°); zoomed views at blade root and tip 

Reference image: θ
f,r

 = 0° 

θ
f,r

 = 8.84° θ
f,r

 = -144.86° 
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4. Conclusions 

This work presents a novel global Digital Image Correlation (DIC) algorithm tailored for tracking the rigid-

body motion of rotating objects. By combining circular image unwrapping, spatial-domain FFT analysis, and 

row-wise FFT optimization, the proposed method transforms rotational displacements into linear shifts, 

enabling a robust initial estimation of rotation parameters. A Gauss–Newton optimization scheme is then 

employed to refine these estimates by minimizing pixel-wise intensity errors across selected regions of interest. 

To improve computational efficiency, a sensitivity-based pixel selection strategy is adopted, retaining only the 

most informative pixels along speckle edges while discarding those in uniform regions. This approach 

significantly reduces the dataset size and accelerates convergence, further enhancing the accuracy. 

Experimental validation on a rotating PC fan demonstrated the method’s ability to track full 360° rotations 

with high precision. After image unwrapping, the center of rotation was reliably estimated using a row-wise 

FFT periodicity metric, which proved high robustness even under large angular displacements. The first guess 

for the rotation angle was then obtained using a spatial-domain FFT algorithm, before final refinement through 

Gauss–Newton optimization based on an analytical roto-translation model. 

Overall, the proposed method provides a computationally efficient and accurate solution for full-field optical 

measurement of rotating structures (the overall computational time is in the range 30-40 s for each image), 

with promising applications in vibration analysis, modal testing, and condition monitoring. Some limitations 

remain: optical distortions due to misalignment between the camera and rotor plane may reduce matching 

performance at large rotation angles, and the current implementation assumes rigid-body motion, neglecting 

out-of-plane deformations or perspective effects. These issues could be mitigated in future work by integrating 

stereo-camera systems or extending the model to account for non-rigid transformations induced by vibrations 

or optical distortions. 
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