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Abstract

Dichromatic optical interferometry provides rich optical information for lubricant film-
thickness measurement. However, experimental data are typically limited to a small
number of discrete operating conditions, making it difficult to learn the nonlinear rela-
tionship among entrainment speed, dichromatic interference images, and lubricant film
thickness. To address this limitation, a Dual-Wavelength Physics-Guided Graph Neural
Network (DW-PG-GNN) is proposed for intermediate lubrication-state characterization
from sparse experimental observations. Rather than directly regressing film thickness from
interference images, the proposed framework learns the nonlinear relationship among
entrainment speed, dichromatic interference images, and lubricant film thickness through
a unified physics-guided learning framework. Specifically, graph representations capture
the structural continuity and cross-wavelength coupling characteristics of dichromatic
interference fringes, while a physics-guided residual learning strategy embeds analytical
film-thickness priors from classical elastohydrodynamic lubrication (EHL) theory into
an implicit neural representation for intermediate state prediction. A differentiable in-
terference renderer further constrains the consistency between predicted film thickness
and reconstructed dichromatic interference images, ensuring optical and physical consis-
tency throughout the learning process. Validation based on sparse experimental datasets
acquired from a ball-on-disc EHL rig demonstrates reliable average film-thickness predic-
tion and interference-image reconstruction under the investigated operating conditions.
The prediction errors remain within 2.2% for trained conditions and 8.67% for unseen
entrainment-speed interpolation conditions.

Keywords: dichromatic optical interferometry; graph neural network; physics-guided
learning; film thickness prediction; implicit neural representation

1. Introduction

Friction and wear are among the primary factors contributing to the failure of high-
end mechanical systems, such as gears, bearings, and hydraulic components, and have
long attracted significant attention in studies of mechanical reliability and service life. For
these critical tribological contacts, the service life and reliability largely depend on the
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formation and maintenance of an effective lubricant film, which is primarily governed
by elastohydrodynamic lubrication (EHL) [1-3]. Under EHL conditions, lubricant film
formation is governed by the coupled effects of hydrodynamic pressure, elastic deforma-
tion, and lubricant rheology [1,2]. As a critical indicator of lubrication performance, film
thickness directly reflects the load-carrying capability and lubrication state of tribological
contacts [3,4]. Therefore, accurate characterization of lubricant film thickness remains an
important topic in tribology and lubrication engineering.

To obtain film-thickness information within lubricated contacts, various measurement
techniques have been developed, including ultrasonic methods, electrical methods, and op-
tical interferometry [5-8], among which optical interferometry has become one of the most
widely adopted approaches for EHL film-thickness characterization due to its non-contact
measurement capability, high spatial resolution, and full-field observation ability [5,9].
Among optical approaches, dichromatic interferometry effectively resolves the fringe-order
ambiguity associated with conventional monochromatic interferometry by incorporating
interference information from multiple wavelengths, thereby significantly extending the
measurable film-thickness range [10,11]. In this work, following established practice in
EHL interferometry [11], a 532 nm green laser and a 650 nm red laser are employed, with
their interference signals directly recorded by the corresponding green and red channels of
a standard RGB camera. This configuration ensures efficient spectral separation while main-
taining compatibility with conventional color imaging systems, enabling stable acquisition
of dichromatic interference patterns [11]. Beyond film-thickness measurement, dichromatic
interference images also contain abundant optical and physical information related to
lubricant-film morphology, elastic deformation, and lubrication-state evolution [11-13].
Consequently, these images can be regarded not only as measurement outcomes but also as
rich physical representations of EHL states. Nevertheless, acquiring high-quality dichro-
matic interference images still requires complex experimental setups, rigorous calibration
procedures, and substantial post-processing efforts [11,14]. Moreover, due to limitations
in experimental cost, measurement efficiency, and equipment stability, experimental ob-
servations are generally available only at a finite number of discrete operating conditions,
whereas lubrication states evolve continuously with changing operating parameters [9,14].
Consequently, it remains difficult to directly characterize intermediate lubrication states
from experimental observations alone.

In practical EHL systems, variations in operating conditions continuously alter the
pressure distribution, lubricant flow, and film-thickness profile within the contact region,
leading to corresponding changes in interference-image characteristics [1,3]. As a result,
lubrication-state evolution can be viewed as a continuous nonlinear process linking op-
erating conditions, optical responses, and physical lubrication parameters. Although
conventional interpolation or empirical fitting methods can be employed to estimate in-
termediate states, such approaches often fail to capture the underlying physical evolution,
particularly under sparse sampling conditions [15]. Therefore, there is a need for data-
driven approaches capable of learning the relationship between operating conditions,
interference images, and representative film-thickness parameters from limited experimen-
tal observations [15].

In recent years, machine learning and deep learning techniques have been increasingly
applied to EHL and tribology problems. Supervised learning methods, including regression
models and convolutional neural networks, have been used to predict scalar film-thickness
values from optical or numerical data [16]. Surrogate modeling approaches have been
proposed to approximate simulation outputs, and neural networks have been employed to
estimate lubrication parameters from limited experimental datasets [15,17]. While these
methods demonstrate the potential of data-driven modeling, most studies have focused
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on either point-wise thickness prediction or mapping from simulation data rather than
experimental interference images [17,18]. Moreover, few studies have attempted to model
the continuous evolution of interference patterns or to capture the sequential relationship
among operating conditions, optical responses, and film-thickness characteristics under
small-sample constraints [19]. Therefore, relatively few studies have explored learning
the relationship between operating conditions and dichromatic interference images under
sparse experimental conditions.

Motivated by the above challenges, this study investigates the relationship between
entrainment velocity, dichromatic interference images, and average lubricant film thickness
under physically constrained EHL operating conditions. A physics-guided deep-learning
framework is proposed to investigate this relationship by establishing a sequential mapping
from entrainment velocity to dichromatic interference-image evolution and subsequently
to the corresponding average lubricant film thickness. The proposed framework provides
a data-driven approach for characterizing the relationship between operating conditions,
interference-image evolution, and representative film-thickness parameters using sparse
experimental observations.

2. Theoretical Background
2.1. Graph-Based Implicit Neural Representation

To capture non-Euclidean spatial features from discrete dual-wavelength fringe pat-
terns and map them to continuous domains, Graph Convolutional Network (GCN) [20]
and Sinusoidal Representation Network (SIREN) [21] are integrated. First, for a graph with
adjacency matrix A, GCN aggregates spatial and topological neighbor features through
spectral convolution [18]:

HO+D = 0(5’%25’%H(”W(”), 1)

where H(!) is the node feature matrix of the I-th layer; W(!) is the weight matrix; o(-) denotes
the nonlinear transformation function after graph convolution. In the proposed framework,
the Gaussian Error Linear Unit (GELU) activation is employed to introduce nonlinear
feature transformation during graph feature propagation; A = A + Iy (Iy is the identity
matrix); and D is the diagonal degree matrix with elements D; = Z/- gij.

Subsequently, to resolve the spectral bias of standard activation functions in high-
frequency coordinate mapping, SIREN employs periodic sine waves to represent continu-
ous fields [21]:

) = sin (wo (W(l>x(l) + b(l)) ), )

where x() and x(*1) represent the input and output vectors of the I-th layer, respectively;
W and b(") are the weights and biases; and wy represents the frequency scaling factor con-
trolling the bandwidth of the sinusoidal representation. In the proposed ResSIREN module,
wy is predefined as 5.0 and remains fixed during optimization, while the network weights
and biases are updated through the training process. This fixed frequency factor enables
the implicit representation to capture continuous variations in lubricant film thickness with
respect to spatial coordinates and operating conditions.

2.2. Physics-Guided Deep Learning Paradigm

Physics-guided deep learning integrates prior physical laws or analytical formulations
into neural network training to ensure physical consistency and improve generalization
under sparse observations [22,23]. In general, the integration of physical knowledge is
established at two fundamental levels:
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First, at the architectural level, an analytical physical prior f,;,(z) is coupled with

a neural network fy(x) in a hybrid or residual structure to predict a target physical state
y[22]:

Y = fphy(z) + fo(x), 3)

Second, at the optimization level, the network training is regularized by incorporating
physical governing laws, spatial gradients, or boundary constraints directly into a multi-
objective loss function [22]:

Liotal = WdataLdata + wphys‘cphyS/ “4)

where L,, is the standard data-driven discrepancy; L,y penalizes violations of physical
principles; and Wyata, Wphys are task-specific loss weights.

2.3. Thin-Film Dichromatic Optical Interferometry

Thin-film dichromatic optical interferometry resolves sub-micron film thicknesses
from dual-wavelength fringe patterns [10]. Incorporating the boundary phase shift and
spectral coherence decay under a finite source bandwidth, the rendered light intensity I(A)
is modeled as [24]:

I(A)zAA+BA-v~COS<M'Am+A¢>, ()
oo - <nAHOPL) ©)

T=ePp A2/In2 ’
OPL = nyj1 - h + nspacer - hspacer, )

where A) and B, are the background intensity and fringe contrast; -y is the coherence decay
factor; A¢ is the boundary phase shift; AA is the light source full-width at half-maximum,;
OPL is the single-pass optical path length of the layered media [25]; 11,; and 7spacer are
the refractive indices; h is the local film thickness; and hspacer is the spacer thickness.
For the optical configuration considered in this study, the spacer layer is a diamond-like
carbon (DLC) layer with a fixed thickness of 120.0 nm and a refractive index of 2.0. These
parameters are regarded as known optical constants in the interference model and are kept
fixed during model optimization.

3. Dual-Wavelength Physics-Guided Graph Neural Network (DW-PG-GNN)

The evolution of EHL states is inherently continuous, whereas experimental obser-
vations can only be obtained under a limited number of discrete operating conditions.
Consequently, conventional data-driven approaches that directly establish mappings be-
tween interference images and lubricant film thickness are unable to accurately characterize
unseen intermediate lubrication states. To overcome this limitation, a DW-PG-GNN is
developed by integrating graph representation learning, coordinate-based implicit neural
representation, and physics-guided optimization into a unified learning framework. Based
on sparse dual-wavelength interference observations, the proposed framework establishes
a physically consistent mapping among operating conditions, interference images, and
lubricant film thickness, thereby enabling intermediate lubrication-state reconstruction and
lubricant film thickness prediction under independent validation operating conditions.

3.1. DW-PG-GNN

Figure 1 illustrates the overall architecture of the proposed DW-PG-GNN framework.
The network consists of three major components: the Feature Extraction & Graph Represen-
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tation module, the Physics-guided Thickness—Renderer module, and the Multi-objective
Physics-guided Loss module.
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Figure 1. The structure of the DW-PG-GNN model.

Feature Extraction & Graph Representation Module: The experimentally acquired
dichromatic interference images I,.;; = {Ir + I} are first preprocessed and subsequently
input into the Feature Extraction & Graph Representation module. Compared with single-
wavelength observations, the dual-wavelength interference images preserve complemen-
tary optical responses from the red and green wavelengths, providing more comprehensive
physical information for characterizing lubricant film characteristics. To effectively exploit
this complementary information, each interference image is partitioned into multiple non-
overlapping 16 x 16 local patches, which are subsequently mapped into graph nodes. Each
patch from the red and green channels is treated as an individual node while preserving
the spatial correspondence between the two wavelength responses. Unlike conventional
graph representations constructed solely from image appearance, spatial adjacency edges
are established according to a 4-connected neighborhood criterion, where neighboring
patches within the same wavelength channel are connected and self-loops are introduced
to retain each node’s original representation during graph convolution. Meanwhile, cross-
wavelength connection edges are established between nodes with identical spatial locations
in the two wavelength channels. Since the two wavelength-dependent interference re-
sponses originate from the same lubricant film state, these cross-wavelength connections
enable the exchange of complementary optical information between corresponding nodes,
resulting in a dual-wavelength graph representation. Based on the constructed graph, the
Node Feature Extraction module computes a 16-dimensional physical attribute vector for
each node, including intensity statistics, gradient information, frequency-domain charac-
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teristics, dichromatic intensity relationships, and spatial position information, while the
Patch CNN extracts latent local texture and color variation features. These complementary
features are subsequently propagated through the GCN Encoder, where neighborhood
information is aggregated by graph convolution to generate the shared geometric repre-
sentation Zg,. By jointly exploiting the complementary optical information of the dual
wavelengths together with the topological relationships of interference fringes, this module
provides a unified and physically meaningful geometric representation for subsequent
intermediate lubrication-state learning. Subsequently, the shared geometric representation
Zqeo, together with the entrainment speed U and the spatial coordinates (x, y), is fed into the
implicit neural coordinate refinement network (ResSIREN), which treats the entrainment
speed as a continuous coordinate variable and learns the residual film thickness Ah to
compensate for the nonlinear lubrication characteristics that cannot be accurately captured
by the analytical model.

Physics-guided Thickness-Renderer Module: The operating parameter (U, 6) cor-
responding to I,,;; = {Ir + I} are fed into the Bias Calibration Network to learn the
calibration coefficient B(U) under different operating conditions. Rather than directly
predicting lubricant film thickness from experimental data alone, the proposed framework
introduces a physics-based prior derived from classical EHL theory. Specifically, the ana-
lytical base film thickness hy,q, is calculated using the Hamrock—Dowson film-thickness
correlation with the corresponding operating parameters. Since ideal EHL correlations
cannot fully capture deviations caused by practical lubricant properties and experimental
conditions, the learned calibration coefficient S(U) is employed to calibrate the theoretical
film-thickness estimation under the corresponding operating conditions. The resulting
calibrated thickness provides a corrected physical prior for subsequent residual refine-
ment. The coefficient is optimized jointly with the entire framework through the proposed
multi-objective loss function to adapt the theoretical prior to experimental observations.
Subsequently, the analytical base film thickness /s, and the residual film thickness Ah are
combined to obtain the final predicted film thickness % ;. Instead of using the predicted
thickness only for numerical supervision, the predicted film thickness is further fed into
the Differentiable Interferometric Renderer to reconstruct the corresponding dichromatic
interference image according to the optical interference principle. By establishing the phys-
ical correspondence between lubricant film thickness and optical interference responses,
the reconstructed image provides an additional physics-guided constraint for network
optimization. Through the collaborative learning of analytical modeling, nonlinear resid-
ual refinement, and differentiable optical rendering, this module establishes a physically
consistent interpolation mapping from operating conditions to lubricant film thickness and
dual-wavelength interference responses.

Multi-objective Physics-guided Loss Module: Finally, the outputs generated by the
previous two modules are jointly delivered to the Multi-objective Physics-guided Loss mod-
ule for end-to-end optimization. To ensure that the reconstructed lubrication states are not
only consistent with the experimental observations but also satisfy the underlying physical
principles of EHL, multiple supervisory signals are jointly incorporated into the network
optimization. Specifically, the task loss Ly, supervises the lubricant film thickness predic-
tion, enabling the network to learn the mapping between interference images, operating
conditions, and film-thickness characteristics. The optical consistency 10ss Ly e, constrains
the reconstructed interference image to remain consistent with the experimentally observed
image, thereby preserving the physical correspondence between lubricant film thickness
and optical interference responses. The physics consistency 10ss Lpysics further regularizes
the prediction according to the analytical film-thickness prior. Specifically, the thickness
anchor constraint is employed to anchor the analytical prior to experimental measurements,
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while additional regularization terms are incorporated to maintain physically reasonable
thickness variations during intermediate state reconstruction. By jointly optimizing these
complementary objectives, the proposed frame-work enables graph representation learn-
ing, coordinate-based implicit representation, and physics-guided lubricant film thickness
prediction to be collaboratively optimized in a unified end-to-end manner.

3.2. DW-PG-GNN-Based Film Thickness Prediction and Reconstruction Method

Based on the proposed DW-PG-GNN, a complete workflow for lubricant film thickness
prediction and dichromatic interference image reconstruction is established. As illustrated
in Figure 2, the proposed method consists of four successive stages, namely the Data
Preparing Stage, Training Stage, Prediction Stage, and Inversion Stage.

Data preparing Stage

Condition & Label Data

Image Data
Operating Conditions
Dual-wavelength Fringe Images (U, Physical Parameters)
R, G) Truth Thickness
(Label)

Image Preprocessing Y
Condition Encoding

Graph Construction

! 3

Training Stage

Feature Learning

(Graph & Condition Features)

| 4

Physics-guided Training

(Thickness Estimation & Fringe Reconstruction)

! 5

Multi-task Optimization

(Joint Loss Optimization)

| 6

Film thickness prediction stage

Input Speed Trained DW-PG-GNN Predicted(:ilm ;[hickness

pred

9 Image rendering
Inversion Stage

( ) 10 ( ) 11 Reconstructed Thickness ‘

Rendered Fringe Image —> Trained DW-PG-GNN —> (hyecon)

ect

J

Figure 2. Flowchart of the proposed DW-PG-GNN-based continuous lubrication-state learning
method.
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The experimentally acquired dichromatic interference images are first preprocessed
through contact-region alignment, contrast enhancement, and noise suppression to improve
the quality and consistency of the input data. Subsequently, the processed images are
transformed into graph representations, while the corresponding operating conditions and
ground-truth lubricant film thicknesses are encoded as condition vectors, providing unified
input information for subsequent network learning.

The graph representations together with the encoded condition information are fed
into the proposed DW-PG-GNN for feature learning and physics-guided training. The
network predicts the lubricant film thickness under the given operating conditions and
reconstructs the corresponding dichromatic interference image using the Differentiable
Interferometric Renderer. During training, the network parameters are iteratively optimized
by jointly minimizing the discrepancy between the reconstructed interference image and the
experimentally observed image, together with the lubricant film thickness prediction error,
enabling data-driven learning and physical constraints to be collaboratively incorporated
into the optimization process.

After the network has been trained, the proposed DW-PG-GNN directly predicts the
corresponding lubricant film thickness, denoted as /1,4, for an arbitrary entrainment speed
within the learned operating range. The predicted lubricant film thickness is subsequently
converted into the corresponding dichromatic interference image through the Differentiable
Interferometric Renderer. The predicted lubricant film thickness is further compared with
the experimental measurement to evaluate the prediction accuracy and generalization
capability of the proposed method under independent validation operating conditions.

To further demonstrate the inversion capability of the proposed framework, the
rendered dichromatic interference image generated from the predicted lubricant film
thickness is re-input into the trained DW-PG-GNN to obtain a reconstructed lubricant film
thickness, denoted as hyecon. By comparing hpred with hyecon, the consistency between the
forward prediction and inverse reconstruction processes is evaluated, thereby validating the
physical consistency and closed-loop reconstruction capability of the proposed framework.

4. Experiments, Results and Discussions
4.1. Experimental Platform

To acquire dichromatic interference images under EHL conditions, experiments were
conducted using a ball-on-disc EHL test rig based on the principle of dichromatic optical
interferometry, as shown in Figure 3. The experimental apparatus mainly consists of
a ball-on-disc contact module, a driving system, a loading mechanism, and a lubricant
supply system, enabling stable ball-on-disc EHL experiments and reliable acquisition of
dichromatic interference images.

Figure 3. Ball-on-disc EHL experimental setup.
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Using the experimental apparatus, ball-on-disc EHL experiments were conducted at
five discrete entrainment speeds of 100, 105, 110, 150, and 200 mm/s. The entrainment
speed was selected as the only varying operating parameter, while the applied normal load,
lubricant type (PAO4 with 1.0% DNS), ambient temperature, and material properties of the
contact pair remained unchanged. Representative dichromatic RGB interference images
acquired at different entrainment speeds are shown in Figure 4, and the corresponding aver-
age lubricant film thickness along the contact diameter was extracted from the interference
images through numerical analysis and used as the representative film-thickness parameter
in this study. The selection of average film thickness is consistent with the objective of
characterizing the relationship between entrainment-speed-induced interference-image
evolution and representative lubrication-state variation under controlled EHL conditions.
The operating conditions and corresponding film thicknesses are summarized in Table 1.

(a) 100 mm/s (b) 105 mm/s

(c) 110 mm/s

(d) 150 mm/s

(e) 200 mm/s

Figure 4. Representative dichromatic interference images at different entrainment speeds.
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Table 1. Experimental conditions and corresponding average lubricant film thicknesses.
Lubricant DNS (%) Speed (mm/s) Average Film Thickness (nm)
PAO4 1.0%DNS 100 35
PAO4 1.0%DNS 105 27
PAO4 1.0%DNS 110 18
PAO4 1.0%DNS 150 23
PAO4 1.0%DNS 200 20

It can be observed from Table 1 that the measured average film thickness does not
strictly follow the monotonic increasing trend predicted by classical isothermal EHL the-
ory. This difference may be associated with the specific lubricant formulation used in
this study. The employed lubricant (PAO4 with 1.0% DNS polar additive) may intro-
duce additional interfacial contributions to the measured film thickness, indicating that
the obtained value represents the combined effects of hydrodynamic film formation and
lubricant-surface interactions rather than a purely hydrodynamic EHL film thickness. Un-
der such additive-containing lubrication conditions, variations in entrainment speed may
influence both hydrodynamic film formation and lubricant-surface interactions, resulting
in a non-monotonic evolution of the measured film thickness within the investigated speed
range. Therefore, the observed variation should be understood as the combined response
of the specific lubricant system rather than evaluated solely according to the classical
velocity-dependent EHL scaling relationship.

4.2. Film Thickness Prediction Under Different Operating Conditions

Building upon the experimental dataset established in Section 4.1, the proposed model
is trained using interference images collected under three discrete entrainment-speed
conditions, while two additional independent validation conditions are introduced to
evaluate its capability of predicting unseen intermediate lubrication states between discrete
experimental conditions.

As summarized in Table 2, the training dataset consists of interference images collected
at 100, 150, and 200 mm/s, corresponding to different lubricant film thickness states. Two
additional conditions (105 and 110 mm/s) are not involved in model training and are used
as independent validation conditions for evaluating the model’s prediction performance
under the same lubricant, loading, temperature, and material conditions.

Table 2. Training dataset composition for film thickness prediction.

Speed (mm/s) Sample Numbers Label (Thickness/nm)
100 22 35
150 17 23
200 12 20

After model training, the proposed framework was applied to predict lubricant film
thickness under different operating conditions. Table 3 summarizes the comparison be-
tween the predicted thickness values and experimental measurements. For the known
operating conditions (100, 150, and 200 mm/s), the prediction errors remain below 2.20%.
For the independent validation conditions (105 and 110 mm/s), the prediction errors are
maintained within 9%.
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Table 3. Comparison between predicted and measured film thickness.

Speed (mm/s) Training Coverage Measured (nm) hyreq (nm) Prediction Error (%)
100 Included 35 35.77 2.20
150 Included 23 23.30 1.30
200 Included 20 20.20 1.00
105 Excluded 27 25.49 5.59
110 Excluded 18 19.56 8.67

4.3. Interference Pattern Reconstruction

Based on the predicted film thickness obtained from the proposed framework, the cor-
responding dichromatic interference images were reconstructed through forward rendering
using the optical model. As shown in Figures 5-9, the reconstructed interference images
preserve the main fringe structures, radial distribution characteristics, and color variation
trends observed in the experimental images. The reconstruction results are qualitatively
examined based on the consistency of these principal optical features.

a) Experimental interference image (b) Reconstructed interference image

— R

—

ij 11— |
) LR /|

T T T T
0.0 0.2 0.4 ‘ 0.6 0.8 1.0 0.0 0.2 0.4 0.6 0.8 1.0
Normalized Spatial Coordinate Normalized Spatial Goordinate

(c) R/G intensity profile of experimental image  (d) R/G intensity profile of reconstructed image

o
o
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S
o

Figure 5. Interference response reconstruction at 100 mm/s operating condition.
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(a) Experimental interference image b) Reconstructed interference image
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(c) R/G intensity profile of experimental image  (d) R/G intensity profile of reconstructed image

Figure 6. Interference response reconstruction at 150 mm/s operating condition.

(a) Experimental interference image b) Reconstructed interference image

Figure 7. Cont.
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Figure 7. Interference response reconstruction at 200 mm/s operating condition.
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Figure 8. Interference response reconstruction at 105 mm/s operating condition.
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Figure 9. Interference response reconstruction at 110 mm/s operating condition.

To further examine the consistency of the main interference characteristics between the
experimental and reconstructed images, the relative R/G channel intensity profiles along
the radial direction were extracted from both images. Since the experimental interference
images were acquired under practical optical conditions, the original intensity profiles
inevitably contain small fluctuations caused by camera noise, illumination variation, and
optical instability. Therefore, the extracted profiles were normalized to facilitate the com-
parison of interference features among different cases. This normalization only adjusts the
intensity scale of the profiles while preserving the relative spatial distribution characteris-
tics of the interference features, without altering the characteristic fringe evolution. The
R/G intensity profiles between the experimental and reconstructed images were compared
under the same operating condition. The reconstructed profiles show comparable peak and
valley locations and similar variation trends, fringe variation trends, and intensity gradient
distributions with the experimental profiles. Furthermore, comparisons among different
operating conditions reveal that both experimental and reconstructed images exhibit cor-
responding variations in the central flat-region intensity response and fringe distribution
characteristics with changes in operating speed and lubrication state. The model preserves
the differences in optical responses associated with different lubrication conditions, sup-
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porting the consistency between the predicted film thickness and the corresponding optical
interference characteristics.

For the validation conditions not involved in model training (105 and 110 mm/s), the
reconstructed images still maintain the major interference structures and optical variation
characteristics. Compared with the local random fluctuations observed in the experimental
profiles, the reconstructed profiles exhibit smoother variation trends, suggesting that the
model captures the stable characteristics of the interference response while reducing the
influence of experimental disturbances.

4.4. Consistency Analysis of Predicted Film Thickness

To further examine the physical consistency of the proposed prediction framework, a
closed-loop validation process was established. In this study, the purpose of interference-
image reconstruction is not to achieve pixel-level reproduction of the experimentally
acquired intensity distribution, but to preserve the optical response characteristics corre-
sponding to the predicted representative film-thickness state. Specifically, the predicted
film thickness h,.y was converted into a synthetic interference image I;¢4., through the
differentiable optical renderer. The generated image was subsequently re-input into the
trained network to obtain a secondary prediction /irecon. The consistency error between h,q4
and hyecon Was calculated to quantify the deviation introduced during the forward—inverse
transformation. As summarized in Table 4, the closed-loop consistency was evaluated
under both known and independent validation conditions. For the known conditions, the
consistency errors remained within 5%, indicating that the predicted film thickness could
be stably maintained after optical rendering and re-prediction process. For the independent
validation conditions, the deviation remained below 10%. These results demonstrate that
the proposed framework preserves a consistent mapping relationship among operating
conditions, film thickness states, and optical interference responses during the closed-loop
transformation process.

Table 4. Comparison between predicted and re-predicted film thickness.

Speed (mm/s) hyreq (nm) Rrecon (Nm) Consistency Error (%)
100 35.77 34.98 2.21
150 23.30 22.30 4.29
200 20.20 21.18 4.85
105 25.49 24.77 2.82
110 19.56 20.47 4.65

Compared with the initial prediction results in Table 3, the secondary prediction hyecon
exhibits slightly larger deviations, which are attributed to the additional rendering and
re-prediction process introduced in the closed-loop pathway. This deviation is consistent
with the error accumulation characteristics of the forward-inverse transformation.

4.5. Comparison with Baseline and Ablation Analysis

To further evaluate the effectiveness of the proposed DW-PG-GNN framework, com-
parisons with a conventional interpolation method and an ablation baseline were conducted
on the blind test speeds (105 mm/s and 110 mm/s). The cubic spline interpolation method
was selected as a representative numerical interpolation approach, while the ablation base-
line was constructed by removing the neural refinement and optical consistency constraints
while retaining the basic physics-based prior. The comparison results are summarized in
Table 5.
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Table 5. Comparison of different methods for unseen entrainment-speed state prediction.
Method Category Specific Approach 105 mm/s 110 mm/s  Mean Relative Error (%)
Numerical interpolation method Cubic spline interpolation 33.40 nm 31.88 nm 50.41
Ablation baseline Physics-based prior without 2828nm  2588nm 24.26

Proposed framework

refinement and optical constraints
Full DW-PG-GNN 25.49 nm 19.56 nm 7.13

(Note: The ground-truth film thickness values are 27.00 nm and 18.00 nm for 105 mm/s and 110 mm/s,
respectively.).

As shown in Table 5, the cubic spline interpolation method predicted film thicknesses
of 33.40 nm and 31.88 nm at 105 mm/s and 110 mm/s, respectively, resulting in a mean
relative error of 50.41%. This indicates that direct numerical interpolation based only
on discrete speed-thickness relationships has limited capability for predicting unseen
lubrication states under the investigated conditions.

The ablation baseline achieved a mean relative error of 24.26%, but its prediction
accuracy was lower than that of the complete framework, particularly at 110 mm/s. In
comparison, the complete DW-PG-GNN framework achieved a lower mean relative error
of 7.13% by integrating neural refinement and optical consistency constraints. These results
demonstrate the effectiveness of the proposed physics-guided framework for intermediate
lubrication-state prediction from sparse experimental data.

4.6. Limitations and Practical Considerations

Although the proposed DW-PG-GNN framework demonstrates the feasibility of contin-
uous lubrication-state learning from sparse dichromatic interference data, several limitations
should be acknowledged. The integration of graph representation learning, implicit neural
representation, differentiable optical rendering, and physics-guided optimization introduces
additional computational complexity compared with conventional data-driven approaches.
However, this increased computational burden mainly occurs during offline training, while
the trained model can perform lubrication-state prediction through forward inference with
reduced computational requirements compared with the training stage.

Similar to other deep learning-based frameworks, the proposed method may exhibit
certain sensitivity to network initialization and hyperparameter selection. The introduced
physical priors and consistency constraints provide additional regularization and help
improve model stability, although further systematic investigations are still required. In
addition, the present study focuses on controlled EHL conditions with entrainment speed
as the only varying parameter. Therefore, further validation under broader operating
conditions and optimization of computational efficiency are necessary to facilitate future
deployment in real-time tribological monitoring applications.

5. Conclusions

To address the limitation of conventional dichromatic optical interferometry, which
typically relies on discrete experimental measurements and therefore makes characterizing
unseen intermediate lubrication states difficult, this study proposed a DW-PG-GNN frame-
work for interpolation-based lubrication-state prediction from sparse discrete experimental
data. Under fixed operating and material conditions, with entrainment speed treated as the
only varying parameter, the proposed framework learned the interpolation relationship
among entrainment speed, dichromatic interference images, and the average lubricant
film thickness along the contact diameter, thereby enabling intermediate lubrication-state
learning, dichromatic interference image reconstruction, and average lubricant film thick-
ness prediction.
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Comprehensive experimental validation under both known and independent vali-
dation operating conditions demonstrates that the proposed DW-PG-GNN framework
achieves accurate average film-thickness prediction under the investigated conditions, reli-
able prediction capability for untrained entrainment-speed states, and physical consistency
under controlled EHL conditions, thereby enabling interference-image reconstruction and
average lubricant film thickness prediction at untrained operating conditions within the
investigated range. The demonstrated interpolation capability is established under the
present controlled parameter setting, while the effects of coupled variations in other EHL
parameters remain to be further investigated.
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