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In the precise characterization of microscopic surface morphology, phase unwrapping constitutes a 
critical step for achieving quantitative reconstruction in interferometric measurements. In lubricating 
oil-film contact imaging, phase unwrapping algorithms are frequently affected by noise interference, 
edge blurring, and dynamic operating conditions, which can lead to phase discontinuities and a 
limited effective unwrapping range. These issues consequently degrade the continuity and accuracy 
of the reconstructed results. To improve the robustness of phase unwrapping and the accuracy of 
oil-film thickness reconstruction, this study develops an improved unwrapping method based on the 
Sorting by Reliability following a Non-Continuous Path (SRNCP) framework for lubricating oil-film 
interferometric images. By combining phase gradients with local noise estimation to construct a 
composite quality map and integrating it into the non-continuous path-guided unwrapping process, 
the proposed method enhances phase unwrapping stability and reconstruction accuracy under 
complex interferometric conditions. Comparative experiments demonstrate that the improved 
algorithm achieves significantly enhanced performance in oil film thickness reconstruction compared 
to traditional methods. Finally, applying the improved unwrapping algorithm to practical lubricating 
oil film thickness detection further validates its engineering applicability under complex operating 
conditions.
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With the rapid advancement of intelligent manufacturing, energy systems, and information technologies, human 
understanding of microstructures, interfacial behaviors, and their dynamic evolution has been continuously 
extended to higher dimensions, thereby imposing increasingly stringent requirements on the precision, speed, 
and robustness of interferometric measurement techniques1. Owing to its inherent advantages, including high 
resolution, non-contact operation, and exceptional sensitivity, interferometric metrology based on optical 
coherence principles has become a cornerstone of multiscale precision measurement systems2. In particular, its 
sub-nanometer thickness resolution has demonstrated significant application potential in a wide range of fields, 
such as lubricating oil film thickness measurement, precision optical manufacturing, semiconductor device 
inspection, and high-accuracy surface morphology reconstruction3,4.

In the aforementioned measurement and imaging systems, phase information constitutes the core of 
quantitative inversion5,6. Phase unwrapping (PU), as a critical step for recovering continuous phase distributions, 
has been widely employed in a variety of phase measurement and quantitative imaging techniques7. Representative 
applications include phase-shifting interferometry (PSI)5, Fourier transform interferometry (FTI)8, and laser 
speckle interferometry (LSI) in optical interferometric metrology9; interferometric synthetic aperture radar 
(InSAR) in remote sensing and geoscience10; as well as magnetic resonance imaging (MRI) in medical imaging11. 
Furthermore, in fringe projection profilometry (FPP) for structured-light three-dimensional measurement, phase 
unwrapping likewise plays a pivotal role in surface reconstruction12. Typical implementations of FPP encompass 
Fourier transform profilometry (FTP)13, phase-shifting profilometry (PSP)14, moiré profilometry (MP)15, 
computer-generated moiré profilometry (CGMP)16, modulation measurement profilometry (MMP)17, phase-
differencing profilometry (PDP)18, as well as approaches based on empirical mode decomposition (EMD) and 
related techniques19. These cross-disciplinary applications collectively indicate that, under complex conditions 
such as noise contamination, fringe discontinuities, decorrelation, and large phase gradients, the accuracy and 
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robustness of phase unwrapping often directly determine the final inversion quality of key parameters, including 
thickness, displacement, and surface morphology.

However, owing to the inherent limitations of interferometric imaging mechanisms, the measured phase is 
typically defined only within a principal value interval of (−π,π] or (0,2π] and exhibits periodic wrapping behavior, 
leading to the well-known phenomenon of phase wrapping. This characteristic prevents the establishment of a 
direct and continuous correspondence between the measured phase and the underlying physical quantities. 
Consequently, phase unwrapping algorithms are required to recover the wrapped phase into a continuous 
phase distribution with clear physical significance20,21. In recent years, to further enhance unwrapping accuracy 
and robustness under complex imaging conditions, research efforts have primarily advanced along several 
directions, including spatial-domain strategies, optimization frameworks incorporating prior constraints, and 
spatiotemporal joint modeling approaches22,23.

Within the classical framework of spatial phase unwrapping (SPU), quality-map-guided path following 
remains the most widely adopted technical approach. A variety of quality metrics have been proposed and 
systematically compared in the literature, and the results indicate that frequency-domain-based quality maps 
often provide more reliable path guidance in regions with low-quality or severely degraded fringes22. Meanwhile, 
the residue- and branch-cut-based algorithmic family, exemplified by the work of Goldstein et al., has continued 
to evolve. By incorporating mechanisms such as residue classification, path selection, and network-flow 
optimization, these methods effectively alleviate the issues of excessively long branch cuts and error accumulation 
under high-noise conditions, thereby improving phase continuity in locally degraded regions24. Furthermore, 
optimization paradigms combined with prior constraints have been introduced into phase unwrapping models-
such as robust loss functions, residue consistency constraints, and global smoothness terms-to mitigate error 
propagation to a certain extent. Among them, sparse prior-based phase unwrapping (SPUP) achieves a favorable 
balance between smooth regions and sharp phase discontinuities through 𝐿0/𝐿1 regularization, demonstrating 
high fidelity across various phase recovery tasks23,25. In addition, iterative models that integrate nonlocal low-
rank constraints with the transport of intensity equation have also exhibited strong robustness under severe noise 
conditions. As interferometric measurement scenarios increasingly evolve toward dynamic and low-coherence 
regimes, conventional two-dimensional unwrapping strategies encounter limitations in simultaneously 
preserving temporal continuity and spatial consistency. Consequently, spatiotemporal joint phase unwrapping 
models have attracted growing research attention26. In fields such as InSAR, three-dimensional minimum-
cost-flow-based and extended spatiotemporal unwrapping approaches introduce deformation priors along the 
temporal dimension while incorporating closure-phase constraints in the spatial domain. This formulation 
elevates phase recovery from a planar solution to a spatiotemporal joint optimization framework, significantly 
enhancing reliability under challenging conditions including decorrelation, fringe discontinuities, and large 
phase gradients27.

In summary, although existing phase unwrapping methods have achieved significant progress in noise 
suppression and joint modeling, most approaches still rely, to varying degrees, on relatively ideal fringe quality 
and specific imaging modalities. As a result, their adaptability to common challenges in lubricated contact 
imaging-such as nonuniform illumination, fringe blurring, and local signal degradation-remains limited. In 
particular, for microscale oil film thickness measurement, frequent phase discontinuities, locally low signal-
to-noise ratios, and pronounced morphology variations induced by force coupling pose substantial challenges. 
These factors render conventional spatial phase unwrapping algorithms inadequate in terms of path consistency, 
reliability assessment in degraded regions, and overall engineering generalization capability.

To address the aforementioned issues, this paper proposes an improved phase unwrapping strategy for 
lubricating oil film interference images based on the SRNCP framework. It should be noted that the contribution 
lies not in introducing gradient or noise-aware concepts perse, but in developing a composite quality map that 
integrates phase gradient and local noise characteristics. This map is then incorporated into the discontinuous-
path phase-unwrapping process of SRNCP to enhance reliability assessment and path ordering stability in 
low-quality regions. This approach constructs a composite quality map integrating phase gradient and local 
noise characteristics, then incorporates it into the discontinuous path phase unwrapping process of SRNCP. 
This enhances reliability assessment in low-quality regions and path ordering stability, thereby improving phase 
unwrapping performance and oil film thickness reconstruction capability under complex fringe backgrounds.

Method
To establish a theoretical framework and foundational key technologies for high-precision oil film thickness 
measurement. First, starting from the fundamental physical mechanisms of interferometric measurement, we 
elucidate the formation principles of interference fringes and their role in phase information acquisition; Second, 
an introduction to the principles of phase extraction and phase unwrapping. Building upon this foundation, 
the SRNCP phase unwrapping algorithm and its improvement strategies are analyzed in detail. An enhanced 
workflow is proposed, and a calibration mapping between phase and oil film thickness is established. Finally, 
the improved algorithm is applied to oil film thickness detection under elastohydrodynamic lubrication (EHL) 
conditions.

Principle of oil-film interferometry
Figure 1(a) illustrates the mechanism of oil-film interference formation in a three-layer structure consisting of a 
glass disk, an oil film, and a steel ball. When white light is incident on this structure, a portion of the incident light 
is reflected at the upper interface of the oil film (the glass disk/oil film interface). The remaining light transmits 
through the oil film, reaches the lower interface (the oil film/steel ball interface), and is reflected again back 
toward the incident direction. Since these two reflected beams originate from the same incident light, they can 
be regarded as coherent waves with identical frequencies and a stable phase relationship, thereby satisfying the 
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conditions for interference. Consequently, when the two reflected beams superpose in the outgoing direction, 
an interference effect is produced28.

Due to the different optical paths experienced by the two reflected beams during propagation, an optical path 
difference ΔL is generated, which correspondingly results in a phase difference Δφ. According to the geometric 
optics of thin-film interference, the optical path difference mainly arises from the round-trip propagation of the 
second beam within the oil film, which can be expressed as ΔL = 2d (where d is the oil-film thickness)29. The 
relationship among the phase difference Δφ, the optical path difference ΔL, and the wavelength λ is given in 
Eq. (1)30:

	
∆φ = 2π

λ
· ∆L� (1)

Here, Δφ represents the phase difference between the two beams, λ denotes the wavelength of the interfering 
light, and ΔL indicates the optical path difference. In optical interference images, the pixel color is determined 
by the interference intensity resulting from the superposition of the two coherent beams. The spatial distribution 
of color reflects variations in the interference intensity I, which is characterized by a cosine relationship with the 
phase difference Δφ between the two beams. The interference intensity I is expressed as Eq. (2)31:

	 I = I1 + I2 + 2
√

I1I2 cos(∆φ)� (2)

Here, I denotes the resultant interference intensity formed by the superposition of the two reflected beams, while 
I1 and I2 represent the reflected intensities from the upper and lower interfaces of the lubricant film, respectively. 
As illustrated in Fig. 1(b), the variation of the interference intensity I is governed by the phase difference Δφ. When 
Δφ = 2mπ (m is an integer), constructive interference occurs, yielding a maximum interference intensity, which 
corresponds to the bright fringes in the interferometric image. Conversely, when Δφ=(2 m + 1)π, destructive 
interference takes place, resulting in a minimum interference intensity and giving rise to the dark fringes. These 
conditions for constructive and destructive interference hold for any single monochromatic wavelength30.

In practical imaging, white-light illumination is employed. Since white light comprises a continuous 
broadband spectrum, different wavelength components λ correspond to distinct phase differences Δφ, thereby 
producing wavelength-dependent interference responses under the same film thickness. The interference 
contributions of all wavelength components are spectrally superimposed at the detector, ultimately forming 
a composite interferometric image containing wavelength-dependent information. As shown in Fig. 1(c), the 
superposition of multi-wavelength interference responses from broadband white light gives rise to a colored 
interferometric fringe pattern characterized by alternating bright and dark regions32.

Phase extraction and phase unwrapping of interferometric images
Wrapped phase extraction
Based on the fundamental principle of oil-film interference, the interference image obtained during the actual 
measurement of the oil film is shown in Fig. 2(a); therefore, the interference intensity can be regarded as known. 
As indicated by Eq. (2), the superposed interference intensity is only related to the cosine term of the phase 
difference between the two beams, cos(Δφ). However, due to the multivalued nature of the cosine function with 
respect to the phase difference, identical interference intensities are obtained when Δφ takes values of Δφ and 
-Δφ, or Δφ and Δφ + 2kπ (where k is an integer). Therefore, what is inverted from the interferometric image is 
not the uniquely determined phase difference Δφ, but rather its wrapped phase φ(𝑖,𝑗) in the sense of modulus 
2π, whose values are constrained within the interval (−π,π] or (0,2π].

To obtain phase features that can characterize the spatial variation of oil-film thickness, the wrapped phase 
is first extracted from the color interference images. Considering the imaging characteristics of white-light 
interference and the requirement for stable dynamic film-thickness measurements under EHL conditions, the 
hue (H) component in the HSV (Hue-Saturation-Value) color space is selected as a phase surrogate, enabling a 

Fig. 1.  Formation of oil film interference and its interference patterns: (a) Schematic diagram of constructive 
and destructive interference in two-beam interference; (b) Schematic illustration of constructive and 
destructive interference in two-beam interference; (c) Color interference fringes.
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robust mapping from color interference images to wrapped phase features. Compared with direct processing of 
the three RGB intensity channels, the HSV color space effectively decouples color information from luminance 
information. Specifically, the hue component primarily reflects variations in the dominant wavelength (color), 
whereas the saturation and value components are more susceptible to illumination nonuniformity, shadowing 
effects, and camera gain drift. Therefore, under white-light interference conditions, the use of the hue component 
is more effective in suppressing intensity disturbances and enhancing the robustness of phase feature extraction. 
Based on this concept, the color interference image is first converted from the RGB space to the HSV space, and 
the hue channel is extracted to obtain the hue-based phase feature grayscale image, as shown in Fig. 2(b).

The method of phase characterization based on the hue component in thin-film interference has been 
systematically investigated and reported in the existing literature33,34. For the convenience of subsequent 
algorithm implementation and performance evaluation, this section only presents the mathematical definitions 
and key implementation aspects that are directly related to phase acquisition. First, for the color interference 
images after linearized acquisition, white-balance correction, and dark-field correction, the intensities of the 
three channels are denoted as (𝑅,𝐺,𝐵)∈[0,1]. The image is then mapped into the HSV color space. In the 
calculation of the hue component, a four-quadrant inverse tangent function is employed to obtain a continuous 
angular representation, which is defined as shown in Eq. (3):

	
H = arctan 2

(2G − R − B

R − B

)
� (3)

Here, arctan2(⋅) denotes the four-quadrant inverse tangent function; G represents the green channel, R the red 
channel, and B the blue channel. The use of the four-quadrant inverse tangent ensures that correct angular 
quadrant information is preserved when crossing the boundary at (0,2π), thereby avoiding nonphysical phase 
jumps and numerical discontinuities caused by branch switching of the conventional arctangent function.

It should be noted that the hue component is intrinsically an angular quantity modulo 2π; therefore, its spatial 
distribution naturally exhibits wrapped phase characteristics. When the angle crosses the (0,2π) boundary, the 
numerical value abruptly jumps from the maximum to the minimum, or vice versa. Such spatial discontinuities 
are mathematically consistent with the two-dimensional phase unwrapping problem. Accordingly, the hue 
component can be regarded as a wrapped phase signal, from which a continuous phase distribution can be 
recovered through subsequent two-dimensional phase unwrapping. For the convenience of data storage 
and visualization, the hue values are normalized to the range [0,1]; however, during phase computation and 
unwrapping, they are still processed in radians, with the interval [0,1] mapped back to (0,2π) to preserve 
phase-topological consistency. The final wrapped phase result is shown in Fig. 2(c), which presents the three-
dimensional distribution of the wrapped phase obtained from the color interference image via hue-channel 
extraction. This result fully illustrates the phase extraction workflow, progressing from the color interference 
image in Fig. 2(a), to the hue-based phase feature map in Fig. 2(b), and finally to the three-dimensional wrapped 
phase distribution in Fig. 2(c).

Phase unwrapping
Figure 3(a) shows the wrapped phase map. Although the wrapped phase can reflect local phase variations, 
it cannot describe the globally continuous phase and therefore cannot be directly used for surface profile 
reconstruction. To obtain a continuous oil-film thickness distribution, the wrapped phase must be converted 
into a continuous phase20,21. Figure  3(b) presents the corresponding continuous phase distribution. The 
transformation relationship from the wrapped phase to the continuous phase is given by Eq. (4)20:

	 ϕ(i, j) = φ(i, j) + 2π · k(i, j)� (4)

Here, ϕ(𝑖,𝑗) denotes the unwrapped phase, which reflects the actual physical quantity of interest. φ(𝑖,𝑗) represents 
the wrapped phase extracted from the interferometric image and is confined to the principal interval (0,2𝜋]. 

Fig. 2.  Flowchart for phase extraction from color interferometric images: (a) Color interferometric image; (b) 
Phase feature map of the Hue channel; (c) Three-dimensional distribution map of phase wrapping.
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The integer-valued function k(𝑖,𝑗) indicates the cumulative number of 2𝜋 phase jumps accumulated along the 
unwrapping path from a reference point to the location (𝑖,𝑗).

Principle of the SRNCP phase unwrapping algorithm
The SRNCP algorithm is a classic two-dimensional phase unwrapping method. Its core principle involves 
constructing a quality map to evaluate the credibility of each pixel’s phase structure. Based on this quality 
map, edge reliability values are calculated and ranked, enabling gradual phase unwrapping along the optimal 
discontinuous path. The processing flow of the SRNCP algorithm can be described as follows: Starting from 
the original wrapped phase, a reliability quality map is constructed by calculating phase gradients and second-
order differences. A global priority sorting is then performed based on edge reliability. Subsequently, phase 
unwrapping is implemented along the optimal discontinuous path to obtain a continuous phase distribution 
with global consistency. The algorithm primarily consists of two core steps in its processing flow: constructing 
the reliability quality map and performing discontinuous path unwrapping7.

Constructing a reliability quality map
The construction of a reliability quality map involves three steps: calculating phase gradient magnitudes, 
computing second-order differences, and generating the final quality map based on these second-order 
differences. By following these steps, the robustness of local phase structures can be effectively evaluated, thereby 
providing reliable guidance for the phase unwrapping process7. Taking a 3 × 3 neighborhood structure as an 
example, as shown in Fig. 4.

First, the magnitude of the phase gradient between adjacent pixels is calculated to assess the smoothness of 
local phase variations. To this end, horizontal and vertical gradients are defined to quantitatively describe the 
rate of phase change within local regions7. The horizontal gradient is expressed in Eq. (5), while the vertical 
gradient is given in Eq. (6).

	 H(i, j) = γ [φ(i − 1, j) − φ(i, j)] − γ [φ(i, j) − φ(i + 1, j)]� (5)

	 V (i, j) = γ [φ(i, j − 1) − φ(i, j)] − γ [φ(i, j) − φ(i, j + 1)]� (6)

Here, γ(ξ) is the normalizing function that maps any phase value ξ to the principal interval (-π,π]. φ(ξ) denotes 
the reflected phase obtained from the interference image, corresponding to the measured phase difference Δφ.

Fig. 4.  3 × 3 Pixel neighborhood structure diagram.

 

Fig. 3.  Illustration of phase wrapping and continuous phase: (a) Schematic of phase wrapping; (b) Schematic 
of continuous phase.
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After obtaining the phase gradient, to further characterize the smoothness of local phase variations, the 
gradients in the horizontal, vertical, and diagonal directions are combined to compute a second-order difference. 
This enhances sensitivity to changes in local phase structure. Consequently, the computational form of the 
second-order difference is expressed as shown in Eq. (7):

	 D(i, j) =
[
H2(i, j) + V 2(i, j) + D1

2(i, j) + D2
2(i, j)

] 1
2 � (7)

Here, the diagonal directional difference is shown in Eqs. (8) and (9)7:

	 D1(i, j) = γ [φ(i − 1, j − 1) − φ(i, j)] − γ [φ(i, j) − φ(i + 1, j + 1)]� (8)

	 D2(i, j) = γ [φ(i − 1, j + 1) − φ(i, j)] − γ [φ(i, j) − φ(i + 1, j − 1)]� (9)

Based on the local second-order difference value D(𝑖,𝑗), its reciprocal is taken as the evaluation criterion to 
construct a reliability quality map, thereby obtaining the reliability distribution of pixels7. The reliability is 
expressed as shown in Eq. (10):

	
R(i, j) = 1

D(i, j) � (10)

Here, D(𝑖,𝑗) represents the second-order difference value. A higher reliability value R(𝑖,𝑗) indicates smoother 
and more reliable local phase, whereas a lower reliability value suggests that the region is more susceptible to 
noise or edge abrupt changes.

Non-contiguous path phase unwrapping
Assume the quality map obtained by calculating reliability is shown in Fig. 5(a), which is used to evaluate the 
reliability of each pixel. The SRNCP algorithm constructs paths based on edge reliability values, as illustrated 
in Fig. 5(b). Each pair of adjacent pixels in the image is connected by an edge, primarily comprising horizontal 
(light orange) and vertical (blue) edges. The reliability of each edge is defined as the sum of the reliability values 
of its two end pixels. This approach constructs a reliability array encompassing all edges. Subsequently, all edge 
reliability arrays are sorted in descending order by magnitude. Pixel pairs connected by high-reliability edges are 
prioritized, progressively constructing multiple non-overlapping connected regions. This path strategy, which 
gradually expands from high-quality to low-quality regions, effectively suppresses error propagation caused 
by low-credibility areas (such as noise and jump points), significantly enhancing the overall robustness and 
accuracy of unwrapping7.

The SRNCP algorithm achieves path search by constructing local connectivity relationships during phase 
unwrapping, making it highly sensitive to the accuracy of reliability evaluation. When images exhibit edge 
blurring, localized high noise, or pronounced phase discontinuities, reliability metrics based on edge consistency 
may yield biased results, thereby compromising the stability of pixel grouping and path ordering.

Principles of the improved phase unwrapping algorithm
To enhance the adaptability and robustness of the SRNCP algorithm under complex interference image 
conditions, this paper addresses the issue of reliability assessment distortion under local fringe degradation 
and noise contamination by improving the original reliability quality map. Specifically, this paper constructs a 
composite reliability representation by integrating local phase gradient and noise estimation information. This 
representation is then incorporated into the discontinuous path phase unwrapping framework of SRNCP to 
enhance path guidance stability and phase unwrapping consistency in complex interferometric images35,36.

Fig. 5.  Pixel and edge reliability ranking: (a) Pixel reliability ranking; (b) Edge reliability ranking.
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Adaptive noise-weighted reliability function
In traditional SRNCP algorithms, reliability is estimated based on local phase gradient variations. However, 
in actual interferometric images, gradient changes originate not only from genuine phase jumps but are also 
affected by noise perturbations. Based on this, this paper constructs a quality factor that jointly weights local 
noise levels and phase gradients37, as shown in Eq. (11). This design does not aim to propose a novel theoretical 
model independent of existing quality map concepts. Instead, it enhances the reliability assessment within 
SRNCP by incorporating locally degraded features commonly observed in EHL interference images, thereby 
tailoring the approach to specific application scenarios.

It should be noted that a 3 × 3 neighborhood structure is adopted for local noise estimation in this paper. This 
setting maintains consistency with the neighborhood scale used in the original SRNCP reliability assessment, 
ensuring uniformity between the improved strategy and the original method at the local analysis scale. 
Furthermore, the 3 × 3 neighborhood strikes a balance between locality constraints and noise statistical stability. 
It avoids excessive smoothing of edges and phase jump regions caused by overly large neighborhoods while 
providing relatively stable local statistical features, thereby more reasonably characterizing the noise level within 
the pixel neighborhood.

	 Q(i, j) = g(i, j) · α(i, j)� (11)

Here, g(𝑖,𝑗) denotes the magnitude of the phase gradient, while α(𝑖,𝑗) represents the local noise intensity 
adjustment coefficient. The phase gradient is composed of horizontal and vertical components, as shown in 
Eq. (12):

	
g(i, j) =

[
(∂φ

∂x
)

2
+ (∂φ

∂y
)

2
] 1

2
� (12)

Here, ∂φ/∂x and ∂φ/∂y represent the phase gradient variation magnitudes in the horizontal and vertical directions, 
respectively, used to quantify the degree of local phase changes. To characterize local texture perturbations and 
noise intensity, this paper employs a 3 × 3 neighborhood structure (as shown in Fig. 4) and calculates the standard 
deviation as the noise estimation value. The local standard deviation σ(𝑖,𝑗) is defined as shown in Eq. (13):

	
σ(i, j) =

[
1
N

N∑
k=1

(Ik − Ȳ )

] 1
2

� (13)

Here, Ik denotes the kth pixel value within the 3 × 3 neighborhood centered at pixel (𝑖,𝑗). Y  represents the average 
of all Ik values within the 3 × 3 neighborhood, and N denotes the total number of pixels in the neighborhood 
(for a 3 × 3 window, N = 9). Subsequently, the local noise estimate undergoes normalization to obtain the noise 
suppression factor α(𝑖,𝑗), as shown in Eq. (14):

	
α(i, j) = 1 − σ(i, j)

max(σ) � (14)

Here, max(σ) denotes the maximum value of all local mean squares. After normalization, the values of α(𝑖,𝑗) are 
constrained within the range [0,1], where higher values indicate lower local noise levels and higher reliability 
of the corresponding pixels. It also facilitates consistent integration with gradient terms and enhances the 
comparability of reliability modulation under different imaging conditions.

In summary, this paper proposes an improved reliability function that simultaneously considers phase 
gradient magnitude and local noise intensity, enabling more accurate assessment of pixel phase credibility. The 
reliability function is expressed as shown in Eq. (15):

	
R(i, j) = 1

D(i, j) · Q(i, j)� (15)

Here, D(𝑖,𝑗) denotes the second-order difference value at pixel location (𝑖,𝑗).

Overall process for improving the algorithm
First, extract the hue channel from the interferometric image to obtain an initial wrapped phase map. Next, 
calculate the raw edge reliability and reweight it using a noise estimation factor. Sort the reweighted edge 
reliability array and iteratively connect pixel groups to construct more robust phase unwrapping paths. 
Ultimately, the algorithm performs phase unwrapping along these highly reliable and discontinuous paths, 
yielding a continuous phase map that provides precise input for the quantitative reconstruction of lubricant film 
thickness. The overall workflow of the improved algorithm is illustrated in Fig. 6.

Phase-to-film-thickness mapping
After obtaining the unwrapped continuous phase distribution, it is necessary to convert the phase value of 
each pixel into the corresponding lubricating oil film thickness, thereby enabling quantitative analysis of the 
interference image. According to classical interference theory, the relationship between phase and oil-film 
thickness is given by Eq. (16)38:
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h(i, j) = λ

4πn
· ϕ(i, j) + h0� (16)

Here, λ denotes the central wavelength of the interference light source, n represents the refractive index of the 
medium, ϕ(𝑖,𝑗) signifies the unfolded phase at the pixel location, and h0 indicates the thickness zero-point offset 
used to calibrate the relative phase thickness against the actual geometric thickness of the contact interface.

To obtain absolute oil film thickness information, it is necessary to further utilize Hertzian contact theory to 
establish an elastic contact model between the steel ball and glass disc. This model describes the theoretical film 
thickness distribution at any radial position r, as shown in Eq. (17)39:

	
h = r2

2R
− πa

2E∗ + p0

2aE∗

[(
2a2 − r2)

sin−1(a

r
) + r2(a

r
)
] √

1 + (a

r
)2� (17)

Here, r denotes the radial distance from the contact center point, R represents the curvature radius of the steel 
ball, a indicates the contact radius, E* signifies the equivalent elastic modulus, and P0 denotes the Hertzian 
contact peak pressure.

In this study, the theoretical gap height at the contact center can be precisely calculated using the Hertzian 
contact theory model Eq. (16). The maximum phase in the contact center region is selected as the reference 
phase point. Using Eq. (17), the gap height at this point is determined to obtain the true thickness at the contact 
center. Subsequently, this true thickness is compared with the thickness calculated at the same position using 
Eq. (16). The offset h0 of the thickness zero point is then determined by back-calculation. After calibrating h0 
substituting it into Eq. (16), accurately converts the two-dimensional phase field into a three-dimensional oil 
film thickness field. Based on the calibrated oil film thickness distribution, a reliable quantitative foundation is 
provided for lubrication state identification, contact performance evaluation, and surface functionality analysis.

Calculation process and implementation for high-precision extraction of EHL oil film 
thickness
To achieve high-precision extraction of EHL oil film thickness, this paper proposes a comprehensive measurement 
workflow illustrated in Fig. 7. First, an interferometric image is acquired, and its Hue channel is extracted as the 
carrier of modulated phase information. This hue image is then converted into an initial phase envelope map. An 
improved algorithm processes the phase envelope map to obtain continuous phase data. Finally, the thickness 
zero-point offset h0 is calculated based on the Hertzian contact theory model. Using this as a reference, the 
unwrapped phase map is precisely converted into the lubricant film thickness distribution, enabling the accurate 
reconstruction of the EHL oil film profile within the contact region.

Fig. 6.  Overall Flowchart for Algorithm Improvement.
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Experimental apparatus
All interferometric images used in this study were acquired using a self-built microscopic interferometry 
platform. The overall system structure is shown in Fig.  8, while a schematic of the experimental setup is 
depicted in Fig. 9. This platform primarily consists of a broadband white light source, a long-working-distance 
microscope, a CMOS industrial camera, a controllable loading steel ball-glass plate contact structure, and a 
computer system for image acquisition and post-processing. It provides the essential hardware foundation for 
subsequent acquisition and analysis of EHL oil film interferometric images.

The experiment employs a typical elastic point contact structure consisting of a steel ball and a glass plate. By 
applying static or dynamic normal loads between the two contact bodies via a loading device, a stable lubrication 
state is established, maintaining a thin oil film between their surfaces. This experimental configuration can 
effectively reproduce the operating conditions of an EHL oil film, providing reliable conditions for oil-film 
thickness measurement. The geometric and material parameters of the two contacting bodies are listed in Table 1.

Fig. 7.  Flowchart for calculating EHL oil film thickness distribution using an improved algorithm.
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Experiment
To comprehensively validate the effectiveness and applicability of the improved phase unwrapping algorithm 
proposed in this paper for measuring EHL oil film thickness, this chapter establishes a systematic testing plan 
across different experimental scenarios. Specifically, it includes: phase reconstruction comparison experiments 
of interferometric images under simulated conditions; phase reconstruction comparison experiments of 
interferometric images under actual conditions; comprehensive validation experiments on oil film thickness 
reconstruction accuracy; and application experiments of the improved phase unwrapping algorithm in EHL oil 
film thickness measurement.

In various experiments, this chapter selects representative phase unwrapping methods, including the Branch-
Cut method by Goldstein et al.40, the Transport of Intensity Equation (TIE)-based algorithm41, the network-
flow (N-F)-based phase unwrapping method introduced by Costantini24, and the edge reliability-guided SRNCP 

Geometric and material parameters Contact body 1 (Steel Ball) Contact body 2 (glass disk)

Geometry Radius = 9.525 mm Flat

Elastic Modulus [GPa] 205 74

Poisson’s Ratio 0.28 0.21

Table 1.  Geometric and material parameters table for steel ball and glass disc contact elements.

 

Fig. 9.  EHL oil film thickness measurement system experimental setup diagram.

 

Fig. 8.  EHL oil film thickness measurement system design drawing.
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algorithm7. These methods represent different phase-unwrapping strategies rather than algorithms requiring 
specific tunable parameter configurations. Their implementations mainly follow the algorithmic procedures 
described in the original references. The detailed algorithmic descriptions and parameter settings can be found 
in the corresponding literature. These methods are systematically evaluated and compared with the improved 
algorithm proposed in this chapter.

Computational efficiency evaluation
Computational efficiency serves as a key metric for evaluating the engineering applicability of phase unwrapping 
algorithms. To ensure a fair comparison of computational performance across different algorithms, this section 
tests each algorithm under identical hardware and software configurations, as detailed in Table 2:

To comprehensively evaluate the computational efficiency of different algorithms under varying 
interferometric conditions, simulated and real interferograms were selected as test data, as shown in Fig. 10. 
Figure 10(a) depicts a simulated interferogram with regular and continuous fringe patterns; Fig. 10(b) presents 
an actual acquired interferometric image, incorporating real-world measurement characteristics such as noise 
and intensity inhomogeneity, thereby more closely approximating real-world engineering scenarios. Both 
images are high-resolution interferometric images with a resolution of 4k×4k pixels.

The runtime statistics for different algorithms are shown in Fig. 11, where Fig. 11(a) depicts the runtime 
distribution under simulated interferometric data, and Fig.  11 (b) shows the runtime distribution under 
actual interferometric data. As evidenced by Fig. 11, the proposed improved algorithm demonstrates superior 
computational efficiency under both data conditions. On simulated data, its average runtime is approximately 
6.351 s; on actual interferometric data, the average runtime is approximately 6.314 s, both significantly lower 
than the traditional algorithm.

Comparative analysis of phase reconstruction in interference images under simulated 
conditions
To evaluate the robustness of various phase unwrapping algorithms under localized strong-interference 
conditions, this section constructs a synthetic lubricating oil film interferogram with a resolution of 1024 × 1024 
pixels. Considering that practical interferometric measurements are often affected by local fringe degradation, 
noise contamination, and reduced phase continuity, Gaussian noise was deliberately introduced into a 200 × 200 

Fig. 10.  Simulated and actual interference patterns: (a) Simulated interferogram; (b) Actual interference 
pattern.

 

Item Configuration

CPU Intel® Core™ i7-12700 K @ 3.60 GHz (12 C/20T)

Memory 32 GB DDR4

OS Windows 11

MATLAB MATLAB R2023b

Table 2.  Runtime testing environment.
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pixel region in the upper-left corner to create a representative locally degraded scenario, as shown in Fig. 12(a). 
The noise standard deviation was set to 0.8 rad so as to generate a sufficiently strong perturbation capable of 
markedly disrupting the continuity of the wrapped phase and the reliability ordering, thereby providing a 
stringent test for comparing the anti-interference performance of different algorithms in adverse local regions. It 
should be noted that this noise level was not intended to represent a precisely calibrated physical noise condition 
for a specific experimental case, but rather to serve as a representative strong-noise stress-testing parameter for 
emulating severe local degradation that may occur in real interferometric images. The corresponding unwrapped 
phase distribution is shown in Fig. 12(b), which serves as the baseline input for the subsequent comparative 
evaluation of algorithm performance.

Figure 13 presents a visual comparison of three-dimensional phase reconstruction results from five 
representative phase unwrapping algorithms: Goldstein et al.‘s branch-cutting method, the TIE algorithm, the 
N-F algorithm, the SRNCP algorithm, and the improved algorithm proposed in this paper. Figure 13(e1) and 
Fig. 13(e2) specifically demonstrate the reconstruction achieved by the improved algorithm. As evident from 
the figure, even when affected regions exhibit strong noise interference, the improved algorithm successfully 
restores a smooth and continuous phase surface overall, fully demonstrating its robustness and stability under 
locally degraded conditions. To better visualize local recovery differences under strong noise, we further provide 
zoom-in views of the contaminated region in Fig. 13.

The quantitative comparison results are presented in Table  3. For all evaluation metrics, lower values 
correspond to better performance. Among them, the Gradient Magnitude Similarity Deviation (GMSD)42, 
quantifies the local gradient deviation of the reconstructed phase map, thereby reflecting phase continuity, 
smoothness, and local distortion. The proposed method achieves the lowest GMSD, indicating superior phase 

Fig. 12.  Simulated interference image and corresponding wrapped phase map: (a) Simulated interferogram; 
(b) Phase envelope diagram.

 

Fig. 11.  Runtime of different algorithms on simulated and experimental data: (a) Runtime on simulation; (b) 
Runtime on experimental-like.
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Fig. 13.  Five phase unwrapping algorithms for 3D reconstruction of noised phase maps: (a1) Goldstein 
algorithm (global 3D phase surface); (a2) Goldstein algorithm (local enlarged 3D reconstruction). (b1) 
TIE algorithm (global 3D phase surface); (b2) TIE algorithm (local enlarged 3D reconstruction). (c1) N-F 
algorithm (global 3D phase surface); (c2) N-F algorithm (local enlarged 3D reconstruction). (d1) SRNCP 
algorithm (global 3D phase surface); (d2) SRNCP algorithm (local enlarged 3D reconstruction). (e1) Improved 
algorithm (global 3D phase surface); (e2) Improved algorithm (local enlarged 3D reconstruction).
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smoothness and reconstruction quality. The metric of unwrapping errors in noisy regions counts the number 
of incorrectly unwrapped pixels and is used to evaluate robustness under severe noise interference. In this 
respect, the improved algorithm yields only 25 phase-jump errors, significantly outperforming the competing 
methods. Moreover, noise sensitivity, measured by the local gradient standard deviation, characterizes the 
fluctuation of local phase gradients; a lower value indicates weaker noise sensitivity and better local stability. The 
proposed method again achieves the best result, demonstrating clear advantages over existing methods in both 
reconstruction accuracy and stability.

Comparative analysis of phase reconstruction in interference images under actual operating 
conditions
To comprehensively evaluate the effectiveness and robustness of the improved phase unwrapping algorithm 
under practical operating conditions, this section designed a comparative experiment for phase reconstruction 
of transient interferometric images. In the experimental setup, a glass disc and steel ball rotated synchronously at 
10 r/min while subjected to an external load of 1 N. The ambient temperature was maintained at a constant 20 °C. 
A high-resolution transient interferometric image with a resolution of 2000 × 2000 pixels was captured using a 
microscopic interferometry system. Figure  14 displays three consecutive frames of transient interferometric 
images.

Phase unwrapping is performed separately on the three transient interference images, and the reconstruction 
results of the five algorithms are systematically compared. Figure 15 shows the reconstructed phase distributions 
obtained by each algorithm for the three frames. By comparing the performance of different algorithms in 
terms of effective unwrapping area, phase smoothness, and the number of error regions, the applicability and 
performance advantages of the improved algorithm under complex interference-fringe conditions can be further 
verified.

According to the quantitative results of the three-frame interferometric images under the five phase 
unwrapping algorithms presented in Table 4, clear differences can be observed among the methods in terms 
of effective unwrapped area, phase smoothness, and the number of unwrapping error regions. Overall, the 
improved algorithm achieves the best performance across all experimental frames, demonstrating excellent 
robustness and stability.

Specifically, the effective unwrapped area represents the ratio of successfully recovered continuous phase area 
and reflects the valid coverage of phase reconstruction in complex or degraded regions; for this metric, higher 
values indicate better performance. The improved algorithm attains coverage rates of 98.642%, 98.906%, and 
98.951% for the three frames, respectively, which are the highest among the five methods, indicating its superior 
unwrapping capability even under complex phase structures and strong noise interference.

Fig. 14.  Acquire three consecutive frames of transient interference images: (a) First frame; (b) Second frame; 
(c) Third frame.

 

Algorithm Phase smoothness (GMSD) Unwrapping errors in noisy region (pixel) Noise sensitivity (local gradient Std. Dev.)

Goldstein Method 3.0579 4466 1.4948

TIE Method 0.2299 2677 0.6993

N-F Method 0.1796 1320 0.4850

SRNCP Method 0.1579 600 0.4503

Improved Method 0.1177 25 0.2894

Table 3.  Quantitative performance comparison of five phase-unwrapping algorithms across different 
evaluation metrics.
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In terms of phase smoothness, the improved algorithm yields values of 0.0902, 0.0735, and 0.0991, 
respectively, which are the lowest among all methods with only slight numerical variation, demonstrating better 
phase continuity and stronger noise suppression ability.

In addition, the number of unwrapping error regions counts the pixels or regions with phase discontinuities 
or abnormal jumps, thereby reflecting local distortion and error propagation; for this metric, lower values 
correspond to better performance. The improved algorithm produces only 451, 1007, and 1606 error regions, 
respectively, which are significantly fewer than those of the other methods. Its advantage is particularly evident 
compared with the Goldstein method, which exhibits the highest error concentration. These results further 
verify that the improved algorithm has stronger fault tolerance and robustness when dealing with phase jumps, 
high-gradient areas, and locally discontinuous regions.

In summary, the improved algorithm demonstrates optimal performance across all three core evaluation 
metrics, fully confirming its high precision and robustness in phase unwrapping.

Accuracy verification and evaluation in oil-film thickness reconstruction
After obtaining the continuous phase map, this section conducts a systematic evaluation of the improved 
algorithm’s film-thickness reconstruction accuracy and engineering applicability under EHL conditions. The 

Fig. 15.  Comparison of phase-distribution results obtained using five phase-unwrapping algorithms on 
three-frame transient interferometric images: Columns 1, 2, and 3 correspond to phase reconstruction results 
for frames 1, 2, and 3, respectively; Rows (a), (b), (c), (d), and (e) show the unfolded results from different 
algorithms: (a1), (a2), (a3) represent the Goldstein algorithm; (b1), (b2), (b3) represent the TIE algorithm; 
(c1), (c2), (c3) represent the N-F algorithm; (d1), (d2), (d3) represent the SRNCP algorithm; (e1), (e2), (e3) 
represent the improved algorithm.
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assessment is carried out through targeted experiments and quantitative metrics in three aspects: the consistency 
between the reconstructed oil-film thickness and the theoretical model, the profile reconstruction accuracy in 
the central contact region, and the algorithm’s ability to recover the maximum oil-film thickness under dynamic 
conditions39,43,44.

Consistency between oil film thickness and theoretical model thickness
To evaluate the accuracy of different phase unwrapping algorithms in reconstructing lubrication film thickness, 
this section utilizes interferometric measurement data collected under a 1 N load and 10 r/min rotational speed. 
The thickness distributions reconstructed by each algorithm are compared with those derived from the Hertz 
contact theory model. According to Hertz’s theory, the contact gap between the steel ball and the glass plate 
can be calculated using an analytical formula39. However, since the model assumes an ideal abrupt transition at 
the contact boundary, whereas actual interference patterns typically exhibit smoother phase variations in this 
region, the theoretical curve shows local deviations from experimental results at the edge positions.

Figure 16(b) shows the comparison between the center-line film-thickness profiles reconstructed by different 
algorithms and the theoretical curve. It can be seen that the reconstructed curves of all algorithms exhibit high 

Fig. 16.  Interference fringe pattern and comparison of reconstructed film thickness with theoretical model: (a) 
Interference fringe pattern and centerline position schematic; (b) Comparison of film thickness distributions 
reconstructed by five phase unwrapping algorithms with the Hertz theory model.

 

Algorithm Image frame number Effective unwrapped Area (%) Phase smoothness (GMSD) Number of unwrapping error regions (pixel)

Goldstein Method

1 97.254 0.4647 10,287

2 97.295 0.9947 20,305

3 97.197 0.6447 22,694

TIE Method

1 97.631 0.0938 826

2 98.100 0.1517 3345

3 97.971 0.1812 5329

N-F Method

1 97.521 0.1415 3096

2 97.987 0.1759 5631

3 97.886 0.1875 6490

SRNCP Method

1 97.641 0.0923 798

2 98.203 0.1077 1880

3 98.150 0.1229 2716

Improved Method

1 98.642 0.0902 451

2 98.906 0.0735 1007

3 98.951 0.0991 1606

Table 4.  Quantitative performance comparison of five phase-unwrapping algorithms across different 
evaluation metrics.
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consistency with the Hertz model in the central contact region, while certain deviations appear in the boundary 
transition region due to the idealized assumptions of the theoretical model and imaging errors. In comparison, 
the improved algorithm is able to recover a more continuous and physically reasonable film-thickness variation 
in the edge region, and its reconstruction results show higher consistency with the interference-fringe patterns 
in Fig. 16(a).

To assess the reconstruction accuracy of each algorithm in practical film-thickness measurement, Root Mean 
Square Error (RMSE) and the coefficient of determination (R²) are employed as quantitative evaluation metrics, 
as summarized in Table 5. RMSE characterizes the overall deviation of the reconstructed thickness from the 
reference result and reflects the global reconstruction error, with lower values indicating better performance. 
By contrast, R² evaluates the agreement between the reconstructed and reference results, thereby reflecting the 
goodness of fit of the thickness trend, where higher values correspond to better performance. The proposed 
method achieves the lowest RMSE (16.8805 nm) and the highest R² (0.9758), demonstrating that it yields the 
smallest reconstruction error and the best fitting consistency among all compared algorithms. This confirms 
the superiority of the improved algorithm in terms of both reconstruction accuracy and trend fidelity in film-
thickness reconstruction.

Accuracy of the profile in the contact center area
To further verify the morphology reconstruction capability of the improved phase-unwrapping algorithm under 
dynamic conditions, this section uses transient interference images collected under a relative rotation of 30 r/
min between the steel ball and glass disk, an experimental temperature of 20 °C, and a load of 15 N as the test 
samples. The algorithm’s profile reconstruction accuracy in the central region of the oil film under transient 
conditions is then evaluated. Figure  17(a) shows the transient interference image acquired experimentally. 
Figure 17(b) displays the wrapped phase map extracted from it.

Figure 18 displays the 3D thickness profiles reconstructed for the central EHL oil film region under dynamic 
operating conditions using the Goldstein, TIE, N-F, SRNCP, and improved algorithms. It can be observed that 
the Goldstein and TIE algorithms exhibit significant thickness elevation and morphological distortion near 
the boundary regions, with poor axial symmetry. This indicates that their reconstruction results are affected 
by phase jump errors. The original SRNCP algorithm preserves relatively complete morphological features in 

Fig. 17.  Transient interference image and corresponding wrapped phase map: (a) Transient interference image 
(b) Wrapped phase map.

 

Algorithm RMSE (nm) R2

Goldstein Method 21.8891 0.9568

TIE Method 22.0177 0.9563

N-F Method 32.2131 0.9022

SRNCP Method 21.7940 0.9570

Improved Method 16.8805 0.9758

Table 5.  Comparison table of five phase unwrapping algorithms with hertz model in EHL film thickness 
reconstruction.
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the central region, but local undulations persist at transition boundaries, compromising overall continuity. In 
comparison, the improved algorithm achieves a smoother, more symmetrical reconstruction of the central film 
profile, with no visible anomalies at the edges.

To quantify performance metrics, this study selected the thickness range within each reconstruction result as 
the comparative indicator. Table 6 summarizes the minimum and maximum film thickness values obtained by 
each algorithm in the central region under specified operating conditions. The results show that the minimum 
thickness reconstructed by the improved algorithm is 76.59  nm, with a maximum thickness of 127.76  nm. 
Its thickness range is more convergent compared to other algorithms, reflecting a more stable and physically 
reasonable film thickness recovery capability.

Algorithm Minimum central thickness (nm) Maximum central thickness (nm) Thickness range (nm)

Goldstein Method 80.82 133.32 52.50

TIE Method 80.41 132.96 52.55

N-F Method 81.40 133.69 52.55

SRNCP Method 78.66 131.16 52.55

Improved Method 76.59 127.76 51.17

Table 6.  Comparison of extreme values in lubricating oil film thickness at the center region under five phase-
unwrapping algorithms.

 

Fig. 18.  Profile thickness maps of the oil-film central contact region reconstructed by five phase-unwrapping 
algorithms: (a) Goldstein algorithm; (b) TIE algorithm; (c) N-F algorithm; (d) SRNCP algorithm; (e) Improved 
algorithm.
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For a more intuitive comparison of these extreme values and their variation trends, Fig. 19 visualizes the data 
in Table 6 using a line plot.

Maximum oil film thickness recovery capacity assessment
To further validate the enhanced phase unwrapping algorithm’s capability to recover maximum oil film thickness 
under dynamic operating conditions, this section evaluates the algorithm’s film thickness reconstruction 
performance during transient states. Transient interferometric images collected from a steel ball rotating relative 
to a glass disc at 10 r/min, with an experimental temperature of 20 °C and a load of 5 N, were selected as test 
subjects. Figure 20 shows the experimentally acquired transient interference image. Figure 20(b) displays the 
phase unwrapping map extracted from it.

Figure 21 presents the 3D thickness reconstruction results obtained by each algorithm. It can be seen that the 
improved algorithm produces a clear oil-film profile with good axial symmetry and smooth thickness transitions, 
which is highly consistent with the expected trend of Hertzian contact theory. In contrast, the Goldstein, TIE, 
and N-F algorithms exhibit significant phase-jump errors and cumulative thickness distortions in the boundary 

Fig. 20.  Transient interference image and corresponding wrapped phase map: (a) Transient interference image 
(b) Wrapped phase map.

 

Fig. 19.  Comparison of center film thickness extremes among five phase unwrapping algorithms.
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regions, resulting in noticeable deformation of the overall morphology. Although the original SRNCP algorithm 
shows improved structural fidelity compared with these methods, it still falls short of the improved algorithm in 
terms of edge continuity and transition smoothness.

To quantify performance metrics, this study selected the maximum lubricating oil film thickness from each 
reconstruction result as the comparative indicator. Since the glass plate serves as the reference surface, the 
measured film thickness values are expressed as negative values, with their absolute values corresponding to the 
actual oil film thickness. Relevant results are detailed in Table 7. It can be observed that the improved algorithm 
achieved the highest reconstruction accuracy, with a maximum oil film thickness reaching 647.53 nm.

Algorithm Maximum film thickness (nm)

Goldstein Method 635.37

TIE Method 604.38

N-F Method 604.56

SRNCP Method 604.19

Improved Method 647.53

Table 7.  Comparison of the maximum lubricating oil-film thickness achieved by the five phase-unwrapping 
algorithms.

 

Fig. 21.  Comparative map of the maximum oil-film thickness distributions reconstructed by the five phase-
unwrapping algorithms: (a) Goldstein algorithm; (b) TIE algorithm; (c) N-F algorithm; (d) SRNCP algorithm; 
(e) Improved algorithm.

 

Scientific Reports |        (2026) 16:10745 20| https://doi.org/10.1038/s41598-026-44783-z

www.nature.com/scientificreports/

http://www.nature.com/scientificreports


To facilitate an intuitive comparison of the maximum lubricating oil-film thickness achieved by different 
algorithms and their differences, Fig. 22 visualizes the data in Table 7 using a line plot.

Application of an improved phase unwrapping algorithm in EHL oil film thickness 
measurement
To validate the practical application effectiveness of the improved phase unwrapping algorithm in EHL oil film 
thickness measurement, transient interference images of the oil film were acquired under conditions of a constant 
normal load of 15 N and an ambient temperature of 20 °C. During the experiment, the relative rotational speed 
between the steel ball and glass disc was set to four operating conditions: 5, 10, 30 and 45 r/min, to evaluate the 
algorithm’s reconstruction performance under different dynamic conditions.

As shown in Fig. 23, with increasing rotational speed, motion blur in the contact area progressively intensifies, 
and the contrast of interference fringes noticeably diminishes. This places higher demands on phase unwrapping 
and oil film thickness reconstruction. The improved phase unwrapping algorithm consistently achieves stable 
phase unwrapping under all the aforementioned operating conditions, yielding continuous, smooth three-
dimensional oil film thickness distributions that align with contact characteristics. Figure 23 presents interference 

Fig. 23.  Interference patterns at different rotational speeds and corresponding EHL film thickness 
distributions: (a) Interference pattern at 5 r/min; (b) Corresponding film thickness distribution; (c) 
Interference pattern at 10 r/min; (d) Corresponding film thickness distribution; (e) Interference pattern at 30 
r/min; (f) Corresponding film thickness distribution; (g) Interference pattern at 45 r/min; (h) Corresponding 
film thickness distribution.

 

Fig. 22.  Comparison of the maximum lubricating oil-film thickness.
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images (a, c, e, g) acquired at different rotational speeds and their corresponding three-dimensional oil film 
thickness reconstructions (b, d, f, h). It can be observed that at 45 r/min, the reconstructed surface maintains a 
clear and coherent morphological structure, demonstrating the algorithm’s robust performance against motion 
blur and reduced imaging contrast under dynamic EHL conditions.

Discussion on limitations
Under certain extreme conditions, this method may experience performance degradation or even failure. For 
instance: when fringe visibility is extremely low, hue phase extraction may become distorted; under severe 
undersampling conditions, insufficient spatial sampling density may cause the true phase increment between 
adjacent pixels to exceed the unique recovery threshold permitted by the principal value range (i.e., the absolute 
value of adjacent phase differences no longer remains less than 𝜋). In such cases, the observed unwrapped 
phase difference cannot be uniquely mapped back to the true phase difference. Consequently, the algorithm 
cannot correctly determine the number of 2𝜋 cycles to compensate, ultimately introducing unrecoverable 
phase ambiguity and causing unwrapping failure. Additionally, under conditions of excessive speckle noise or 
significant motion blur, local noise estimation and reliability assessment may also produce deviations, thereby 
affecting the stability and accuracy of the final unwrapping results.

Conclusion
This study addresses the issue that the SRNCP algorithm’s reliability assessment in complex lubricating oil 
film interference images is susceptible to degradation from local noise and fringe degradation. It proposes an 
improved two-dimensional phase unwrapping method tailored for EHL measurement scenarios. By integrating 
phase gradient analysis with local noise estimation, this method enhances the reliability map construction and 
path guidance process within the SRNCP framework. Consequently, it improves phase unwrapping stability 
and oil film thickness reconstruction accuracy under complex operating conditions. Experimental evaluations 
using multiple sets of transient interference images demonstrate that the improved algorithm outperforms 
typical methods such as Goldstein, TIE, network flow, and the original SRNCP in terms of phase smoothness, 
error suppression capability, effective unwrapping region coverage, and thickness reconstruction accuracy. 
Particularly under EHL conditions, this method achieves high-precision reconstruction of the complete 
three-dimensional oil film morphology and reliably captures peak film thickness at the contact center region. 
Comparative analysis with Hertzian contact theory further validates its outstanding physical consistency and 
numerical accuracy. Furthermore, experimental results demonstrate that the algorithm maintains excellent 
robustness under dynamic conditions. Even when fringe visibility decreases and imaging quality degrades, it 
consistently outputs stable, continuous, and symmetrical film thickness reconstruction results, highlighting its 
outstanding adaptability and application potential in complex operational environments.

Future research will focus on extending this algorithm to measurement scenarios involving non-ideal 
lubrication systems, high-speed contact interfaces, and complex surface topographies, thereby broadening its 
application potential in engineering metrology, interfacial tribology research, and in situ diagnostic fields.

Data availability
The datasets used and analysed during the current study are available from the corresponding author on rea-
sonable request.
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