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Abstract

In the intelligent operation and maintenance of core process equipment in semiconductor
manufacturing, the thickness and morphological parameters of sub-micron multilayer trans-
parent films on wafer surfaces are critical quality indicators that govern device performance
and yield. White Light Interferometry (WLI) enables the high-precision measurement of
thin-film thickness and topography parameters, and is widely deployed in high-precision
manufacturing fields such as semiconductors. However, when measuring sub-micron
multilayer transparent films, WLI faces challenges including low computational efficiency,
severe parameter coupling, and non-unique solutions, making it difficult to meet the de-
mands of high-throughput online inspection. To address these issues, this paper proposes
a deep learning-based method for decoupling and optimizing WLI signals through in-
verse modeling. The approach establishes an innovative hybrid intelligent framework:
first, a training dataset is generated based on interferometric system modeling and sim-
ulation; then, a classification model is employed to intelligently categorize the acquired
interference signals, decomposing the complex multimodal inversion problem into several
sub-problems with simpler patterns. Next, for each signal category, a specialized closed-
loop deep network model is designed and trained. This network integrates an inverse
prediction network with a forward reconstruction network in series. During training, both
prediction error and reconstruction error are jointly used as the loss function, ensuring
solution uniqueness and physical consistency, thereby enhancing inversion reliability and
robustness. This research provides an effective solution for high-precision online optical
measurement of complex thin-film structures, offering significant theoretical value and
broad industrial application prospects.

Keywords: intelligent fault perception; white light interferometry; deep learning; inverse
problems; cascaded networks; thin film measurement

1. Introduction

The long-term operational reliability of critical equipment such as deposition and
etching tools directly determines production efficiency and product yield in semiconductor
manufacturing. Issues including chamber temperature drift, airflow disturbances, and
precision degradation of mechanical components often manifest themselves sensitively
through structural anomalies of multilayer transparent films on wafer surfaces—such as
thickness deviations or morphological distortions. Consequently, online high-precision
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perception of film parameters is not only a prerequisite for process quality control, but also a
critical enabler for early degradation awareness and intelligent operation and maintenance
of core process equipment.

White light interferometry (WLI) is a high-precision, non-contact 3D surface topog-
raphy measurement technique [1]. It offers nanoscale vertical resolution and rapid full-
field imaging, making it widely used for quality control and process monitoring in ad-
vanced fields such as semiconductor manufacturing [2], micro-electromechanical systems
(MEMS) [3], and precision optical components [4]. However, as semiconductor processes
advance to smaller nodes and device structures become more complex, achieving rapid,
large-area, and high-precision online measurement of multilayer transparent thin films with
submicron thickness presents a critical technical bottleneck. When measuring such samples
using traditional WLI, the interference signals become extremely complex due to the su-
perposition of reflections from the film’s top surface, bottom interface, and internal layers.
Conventional peak extraction or phase analysis algorithms struggle to accurately separate
surface topography from film structural information. Furthermore, the diversity of film
structures across wafer surfaces makes a single model inadequate for area measurements,
severely limiting WLI’s application in advanced semiconductor process control.

To extract film parameters from complex interference signals, various methods have
been developed, yet each has inherent limitations. Template matching (Library Matching)
is a common approach [5]. It involves pre-building a large library of simulated signals
and comparing the measured signal against each template to find the best match. How-
ever, its computational and storage costs grow exponentially with parameter dimensions
and precision, hindering real-time application. More critically, the discrete nature of the
template library caps the achievable measurement accuracy. Severe parameter coupling is
another issue, as parameters like layer thickness and refractive index jointly determine the
optical path difference (OPD) and influence fringe features. This many-to-one mapping
makes parameter inversion difficult. Another category is iterative fitting based on physical
models [6], which optimizes parameters by minimizing residuals between measured and
model-predicted signals [7]. While physically interpretable, this method is computationally
intensive, prone to local minima, and unreliable for multilayer structures. These traditional
methods share a fundamental challenge inherent to the optical inverse problem: due to the
periodic nature of spectral responses, entirely different parameter combinations can pro-
duce nearly indistinguishable interference signals within noise tolerance. This one-to-many
mapping often causes traditional inversion algorithms to fail or yield ambiguous solutions.

Recently, deep learning, particularly Deep Neural Networks (DNNs), has emerged
as a new paradigm for solving complex optical inverse problems, leveraging its strong
nonlinear mapping and automatic feature extraction from vast datasets. However, directly
training an inverse network to map spectra to structural parameters faces convergence
issues due to the aforementioned one-to-many problem [8]. To overcome this core challenge,
this paper proposes a deep learning-based method for decoupling and optimizing WLI
signals via inverse modeling. We designed an innovative hybrid intelligent framework
following a “classify first, then specialize” strategy. First, a training dataset is generated via
interferometric system modeling and simulation. A classification model then intelligently
categorizes acquired interference signals, decomposing the complex multimodal inversion
problem into several simpler, well-defined sub-problems. Subsequently, for each signal
category, a specialized closed-loop deep network model is designed and trained. This
model cascades an inverse prediction network with a forward reconstruction network.
During training, a combined loss function incorporating both parameter prediction error
and signal reconstruction error is used. This approach circumvents the one-to-many
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training dilemma, ensuring solution uniqueness and physical consistency while enhancing
inversion robustness.

This study aims to fundamentally address the triple challenge of computational
efficiency, parameter coupling, and solution non-uniqueness faced by traditional techniques
when processing multilayer film interference signals. It provides a viable solution for
achieving high-precision online measurement with a surface step height accuracy of 3 nm.

2. Fundamental Theories and Methods
2.1. Physical Model of White Light Interferometry

White light interferometry operates on the principle of low-coherence interference.
As shown in Figure 1a, light from a broadband source (e.g., xenon lamp or white LED)
is directed into the microscope as a coaxial illuminator by a beam splitter. The beam
then travels through an aperture stop and enters the interferometric objective. Inside
this objective, a second beam splitter divides the light. One beam is directed toward a
reference mirror (reference arm), while the other is focused onto the surface of the test
sample (measurement arm). The two reflected beams recombine at the detector, generating
interference. By vertically scanning the sample along the Z-axis using a precise piezoelectric
transducer (PZT) or translation stage, the optical path difference between the two arms
is varied. The detector records a series of intensity values I(h) corresponding to different
scan positions h, forming the white-light interference signal for that point (also called the
interferogram, as shown in Figure 1b).
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Figure 1. Principle and Signal Model of white light interferometry. (a) Schematic Diagram of a White
Light Interferometer System; (b) Synthesis of Broad-Spectrum Interference Intensity.

In white light interferometry, the interference signal I(k) can be described by the
following integral model, taking into account factors such as the source spectral distribution
S(k) and the numerical aperture effect U(f) of the optical system [9]:

I(h) = / [lref + o + 21 e Tojcos (2Blk + 6(k)) | UL (B)S (k) pe ek (1)

In Equation (1), k denotes the wavenumber (k = 27t/A), B represents the incidence
angle, I,,r and I,;; are the intensities of the reference and object beams, respectively, and 6(k)
is the phase introduced by sample reflection. Within this model, the phase 6(k) serves as
the sole link connecting the measurable optical signal to the sample’s underlying physical
microstructure—specifically, the thickness d, refractive index 7, and extinction coefficient
k of each film layer. Consequently, the ultimate objective of all inversion algorithms is to
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accurately retrieve these physical structural parameters from the measured interference
signal I(h).

2.2. Transfer Matrix Method for Multilayer Film Reflection Spectrum (TMM)

To establish an accurate forward model that maps physical structural parameters to
spectral reflectivity r(k), we employ the Transfer Matrix Method (TMM). As a classical and
precise electromagnetic theory based on Maxwell’s equations, TMM is used for calculating
the optical response of planar-parallel multilayer film structures.

As illustrated in Figure 2, this method models an n-layer thin-film system as a sequence
of interfaces and layers. The system consists of the incident medium Ly, a series of Film
Layers Ly, Ly, ..., Ly, and the exit substrate Ly+1. The thickness of layer L is defined as
the air gap between the measurement surface and the reference plane. The propagation,
reflection, and transmission behavior of light waves within this system can be described
using two types of matrices: the boundary matrix P and the propagation matrix Q.

Py = lkl _H @
ikndy
Qu = [g . efﬁndn] )

Incident Reflected
wave wave

Lo: Air
L4: Layer1

i:j Q,
Po | P,
<« o
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L;: Layer3
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Figure 2. Schematic Diagram of the TMM for Calculating Multilayer Film Reflectivity.

The relationship between the fields in adjacent layers is given by:

=Py l”"“] @)

bn+l

an

PnQn [b

For a system composed of N thin-film layers, the overall transfer matrix M can be
obtained by multiplying the interface matrices and propagation matrices of each individ-

ual layer.
ao Ayl M1 M| |41
=M = 5
lbo] [bnﬂl [le Mzz] bn+1] ©
N
M=Qy'R (H FiQy 1Pf1> P ©
=1

From the elements of this overall transfer matrix M, Based on the boundary condition
that there is no backward-propagating wave in the exit substrate b;,,1 = 0, the field ampli-
tudes at the incident interface are related to the transmitted amplitude a9 = My14,41 and

https:/ /doi.org/10.3390/signals7050096


https://doi.org/10.3390/signals7050096

Signals 2026, 7, 96

50f 14

by = Mp1a,41. Consequently, the complex reflection coefficient r(k) of the entire multilayer
film system can be precisely calculated.

by My

r()—%—m ()

The thickness of each film layer is ultimately determined using the TMM. Figure 3
presents the simulated interference results for multilayer films with different thicknesses.
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Figure 3. Interference Schematic of Multilayer Films with Different Thicknesses.

The accuracy and computational efficiency of TMM make it an ideal tool for gener-
ating high-quality simulation data. By performing large-scale sampling within a given
parameter space and utilizing TMM, vast amounts of “parameter-spectrum” data pairs
can be calculated. This forms an indispensable foundation for training and validating
subsequent deep learning models. The accuracy of the forward model directly determines
the performance upper limit of the inverse solving algorithm.

2.3. Deep Learning-Based Inverse Decoupling and Optimization Method

Inferring structural parameters from measurement signals is an inverse problem
that poses significant challenges due to its ill-posed nature. Measurement noise and
interferometric system aberrations further blur the distinctions between similar signals.
Owing to the periodic nature of spectral responses, different combinations of thin-film
structural parameters can produce spectra that are nearly indistinguishable within the
measurement noise tolerance, leading to a “one-to-many” mapping ambiguity. To address
this fundamental difficulty, we have designed a hybrid intelligent framework based on a
“classify first, then specialize” strategy.

2.3.1. Deep Learning-Based Intelligent Signal Classification

Intelligent signal classification forms the foundational step of this framework. Its
primary objective is to automatically decompose complex white light interferometry signal
sets, which contain multiple structural types, into several subsets with single-mode patterns.
This provides efficient input for subsequent parameter inversion. This process is achieved
through network training on simulated datasets, ensuring both accuracy and computational
efficiency in classification.

In the spectral domain, the white light interference signals F(k) can be expressed as:

F(k) = C(k)S(k)r(k)e~2kh+6(k) (8)

The complex reflection coefficient of the sample r(k)e®® carries the structural infor-
mation, such as film thickness and refractive index encoded in the interference fringes.
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The e~ links the topography height / of the measurement point to the spectral phase
modulation. S(k) represents the source spectrum, and C(k) denotes the complex chro-
matic dispersion function determined by the hardware configuration, such as light source,
objective lens and camera. These define the envelope and the phase gap of the signal.

In practical measurements, the system-specific terms S(k) and C(k) act as a transfer
function that must be calibrated out to isolate the sample information. A standard sample
(e.g., a silicon wafer with known properties) is used to calibrate the system function. The
measured interference spectrum of the standard silicon wafer is given by

Fsi(k) = C(k)S(k)rsi(k)e ™ 2si 05 ©)
Consequently, the calibrated system function H(k) is obtained as
H(K) = CHRS(H) = —Fith (10

rsi (k)efl'Zkhsﬁ*Gsl' (k)

This calibration process effectively converts raw optical intensity data into a standard-
ized digital representation, removing hardware dependencies and allowing the neural
network to focus purely on learning the structural features of the interference patterns.
As illustrated in Figure 4, in the raw detected signal, dispersion imbalance between the
reference and measurement arms induces a phase error, causing a misalignment between
the interference phase and envelope signals (e.g., the Si substrate envelope peak no longer
coincides with the phase peak in Figure 4b). After correction, both the envelope and phase
peak profiles are restored, enabling subsequent matching with model-simulated signals.
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Figure 4. Comparison of detected and calibrated signals for different samples: (a) SiO; film; (b) Si

substrate.

Based on the structure of the sample under test, simulation datasets D1 and D2 are
generated, corresponding to labels L1 and L2 respectively. Each sample in the datasets
is constructed by discretizing the complex spectrum F(k) into a two-channel input tensor
of length, where the channels correspond to magnitude and phase part. A classification
network, whose architecture is shown in Figure 5, is established. The network takes a
multi-channel input tensor of size 2 x L;,. The network employs a multi-scale convolutional
design: three parallel branches with kernel sizes of 3, 5, and 7 are used to capture high-
frequency details, mid-frequency oscillations, and low-frequency trends in the spectral
signal, respectively. This multi-scale structure enables the network to effectively recognize
interference patterns across different spectral scales. Each branch outputs 8 feature channels,
which are concatenated into a 24-channel feature map. These features are subsequently
fused and refined through two 1D convolutional layers (reducing to 16 channels) with
BatchNorm, ReLU activation, and a dropout rate of 0.3. Finally, the refined features are
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aggregated via global pooling and passed through a classification head with a hidden
layer, producing the final output logits. This multi-scale structure enables the network to
effectively recognize interference patterns across different spectral scales.

4

. | High Freq
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= l:
L
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y |\ [ MidFreq

J Refinement

i

(AT

a

Input S Fusion

Low

Fully
Connected

Multi-Scale Conv

Figure 5. Classification Network Model.

By using a predefined dataset, the structural parameters within the independent
dataset vary within a defined range. This approach avoids the issue of multiple solutions
introduced by different thin-film microstructures.

2.3.2. Parameter Inversion via Jointly Trained Cascaded DNNs

Traditional parameter regression for inverse solving relies on unidirectional neural
networks. Directly regressing structural parameters (such as layer thickness and refrac-
tive index) from interference spectra is a highly nonlinear and ill-posed inverse problem.
Although traditional end-to-end regression models can fit training data, they often lack
physical consistency, leading to poor generalization on out-of-distribution samples [10]. To
incorporate physical priors and enhance model robustness, this paper proposes a bidirec-
tional cascaded training framework, as illustrated in Figure 6. The architecture consists of
two modules: the Inverse Network and the Forward Network.

Residual

¢ \H
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L L L - -
=4 L] MO ™ 2 |
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, . L = - -
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Input Inverse Net Outputs Forward Net Reconstruction

Figure 6. Schematic of Bidirectional Cascaded Network Architecture.

The inverse network takes the spectral input and adopts a multi-branch dilated convo-
lutional architecture to capture spectral features at multiple scales. The network takes the
spectral input x = [A, 0] € R>*! (representing the magnitude and phase components of
the complex spectrum). Three parallel branches with a fixed kernel size of 3 and dilation
rates of 2, 4, 6 (yielding equivalent receptive fields of 5, 9 and 13) are utilized to extract
high-frequency, mid-frequency, and low-frequency features, respectively. Each branch
produces 16 channels, which are concatenated into a 48-channel feature map. This feature
map is then refined by two 1D convolutional layers with BatchNorm, ReLU activation and
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a dropout rate of 0.3. After flattening, a two-layer fully connected regressor generates the
estimated structural parameter vector p = f(x) € R”, thereby performing signal inversion.
The forward network takes the parameters p as input and outputs the corresponding
complex amplitude components [A, 8] = ¢(p) € R**L. This network implicitly learns the
mapping from the parameter space to the phase space, serving as an approximation of the
true physical forward model based on the Transfer Matrix Method (TMM).
The joint optimization objective for the cascaded network is defined as:

'Ctotal = Hﬁ_p”2+/\Hé_9”2 (11)

Here, A > 0 controls the strength of the physical constraint. This loss function updates
both f(x) and g(p) simultaneously through backpropagation, ensuring that the inversion
results not only fit the labels but also satisfy reconstructability—i.e., the predicted param-
eters must be able to generate phase signals consistent with the measurements via the
forward model. Under this training mechanism, the inverse network is compelled to learn
a mapping whose output parameters, when reconstructed through the physical model
(forward network), must match the original spectrum. This eliminates ambiguous solutions
during training and ensures the network converges to a physically consistent, unique
solution. This architecture significantly enhances the stability and accuracy of the inverse
solution and complements the aforementioned classification model, thereby strengthening
the overall robustness of the framework.

3. Experimental Verification

To systematically validate the effectiveness of the proposed method and comprehen-
sively evaluate its performance, we selected an etched silicon oxide on silicon wafer as the
test sample. The measured area of this sample contains two material surfaces (SiO, and
Si) along with transparent SiO; film layers ranging from 100 nm to 1000 nm in thickness.
Based on this sample structure, we constructed forward physical models for interference
reflection corresponding to the S5iO, surface and the Si surface, using the Transfer Matrix
Method and interferometric system simulation, respectively. By incorporating actual sys-
tem parameters such as the light source spectrum and incidence angles, we generated over
200,000 sets of “structural parameter—reflection spectrum” data pairs through extensive
random sampling. This dataset was used for subsequent model training. After splitting
it into training and test sets in an 8:2 ratio, we trained the DNN described in Section 2.3,
ultimately obtaining a deep learning model capable of material classification and film
thickness inversion.

To improve the robustness of the model against measurements noise, gaussian white
noise was added to the input interference spectra during training. The signal-to-noise ratio
(SNR) is defined in Equation (12) as

SNR = 10log, (%g’f‘”> (12)
noise
where Pg;q and Pypi5 denote the average power of the clean spectral signal and the added
noise, respectively. The root-mean-square error (RMSE) between the predicted and ground-
true values is used to quantitatively evaluate the inversion accuracy. In the noiseless case,
the predicted residual is below 1 nm, as shown in Figure 7a. Under a test condition of
SNR = 30 dB, the proposed method achieves a height or thickness regression RMSE of less
than 2 nm, as shown in Figure 7b. Figure 7c shows the bias between predicted and true
thickness values over a wide thickness range from 50 nm to 1300 nm, The errors remain
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essentially zero throughout the entire range, confirming the high accuracy and negligible
systematic bias of the proposed method.

RMSE = (13)
Predicted Error Distribution Predicted RMSE vs SNR Thickness Error vs True
1.0 B Si Height IO] 011 —e— Si Height 4 +  SiO; Film Thickness
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Figure 7. Analysis of the predicted error. (a) Distribution histograms of the predicted errors for height
and thickness. (b) Predicted RMSE as a function of SNR. (c) Predicted error of the true film thickness.

In the experimental measurement, we used a Skyverse CYPRESSIFM-U960 3D sur-
face profiling metrology equipment (Skyverse Technology Co., Ltd., Shenzhen, China) to
perform vertical scanning on the sample to detect its interference signals, which were then
converted into spectral signals. To validate the metrological performance, a NIST-traceable
film standard featuring nominal with SiO, thicknesses of 100 nm and 1000 nm was utilized.
Figure 8 shows the white light interferometry image of the test sample and its correspond-
ing scanned interference signal. Figure 8a displays the surface topography image of the
sample, clearly marking the silicon substrate region (Si) and the silicon oxide film regions.
Figure 8b presents the vertical scanning interference signal acquired along the red dashed
line position indicated above. Its horizontal axis strictly corresponds to the scan position in
Figure 8a, while the vertical axis represents the scanning height. The colored fringes in the
figure reflect the periodic variation in light intensity with the optical path difference at each
pixel point. Different material and film thickness regions exhibit distinctly characteristic
interference fringe patterns in the interferogram.

WLI Image
Interferogram

[=2)

1800 -
£
<4
1600 g —
= T
8 — j—
| | 1400 = 2
<
A
1200 0
0 1000 1500
1000 1500 2000 X [um]
X [um)]
(@) (b)

Figure 8. Test Sample. (a) Test Sample Image; (b) Scanned Interference Signal of the Test Sample.

The spectral signals are input into the classification model to predict the class label
for each pixel within the region. The corresponding optical models are then applied to
different film layer categories. Figure 9 displays the classification label map predicted by
the trained DNN classification model. Figure 9a presents the output of the trained DNN
model classifying the spectral signal at each pixel in the measured area. Two distinct regions
are clearly delineated: gray corresponds to the “SiO, /Si” multilayer structure area, and
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black corresponds to the exposed “Si” substrate area. The spatial boundary between the
two regions is sharp and aligns with the designed sample structure, effectively validating
the model’s capability for pixel-level automatic classification of heterogeneous thin-film
materials. This provides the mask basis for subsequent parameter inversion by category.
Based on the classification result from Figure 7a, Figure 9b applies the respective optical
models to the interference signals from different category regions for thickness inversion,
thereby reconstructing the three-dimensional topography of the sample surface. A higher
5i0, step platform and a lower Si substrate platform are visible, separated by a distinct
height discontinuity boundary. This result quantitatively presents the sample’s topographic
features in three-dimensional space, fully demonstrating the proposed “classify first, then
invert” method’s capability for automatic identification and nanoscale 3D measurement of
complex heterogeneous structures.

Classification

| sio2ssi

LI

1400

1200

1000

500

1000 1500 2000
X [um]

() (b)

Figure 9. Material Classification and 3D Topography Reconstruction Results of the Sample. (a) Classi-
fication Label Map; (b) 3D Topography Map.

Figure 10 presents the inversion verification results for three typical structures: a
100 nm SiO; layer, a 1000 nm SiO; layer, and a bare Si surface. In each subplot, the red
dashed line represents the theoretical interference signal (target curve) calculated from
the forward physical model, while the blue solid line denotes the curve fitted from the
measured signal using the inversion method proposed in this study. The horizontal axis
indicates the scan position, and the vertical axis shows the normalized intensity.

The comparison reveals that, under varying film thicknesses (100 nm and 1000 nm
5i0,) and different materials (SiO; and Si), the fitted curves (blue lines) exhibit high agree-
ment with the target curves (red lines) in terms of the period, phase, and amplitude of
the interference oscillations. This result quantitatively validates that the described inver-
sion model possesses accurate signal reconstruction capability and good generalizability
across different materials and film thicknesses. It provides reliable methodological sup-
port for the precise extraction of nanoscale thin-film parameters based on white-light
interference spectra.

The reference site of this standard was certified at 95.2 £ 1.4 nm (expanded uncertainty,
95% confidence level), the mean thickness obtained from measurements was 96.3 nm, which
falls within the certified uncertainty interval. The step height of this 100 nm and 1000 nm
region was independently measured using a commercial stylus profiler with an uncertainty
specification of 0.5 nm + 0.4%H, yielding a value of 964.8 nm. In comparison, the height
determined by our proposed interferometric method was 967.7 nm, which falls well within
the expanded uncertainty of stylus profiler. Moreover, the repeatability, expressed as the
standard deviation (o = 0.7 nm) from repeated dynamic scanning measurements.

This chapter systematically validates the effectiveness of the “classify first, then in-
vert” method by generating a large-scale “structure-spectrum” training dataset through a
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transfer matrix forward model and utilizing experimental data from scanning white light
interferometry. The process achieves high-precision classification and three-dimensional
topography reconstruction of heterogeneous samples containing SiO, layers of varying
thicknesses on Si substrates. The core inversion algorithm demonstrates excellent accuracy
in signal comparisons of typical structures, providing a reliable technical pathway for the
quantitative measurement of transparent thin-film structures.
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Figure 10. Signal Inversion Verification. Schemes follow another format. (a) Typical Structure—
100 nm SiOy; (b) Typical Structure—1000 nm SiO»; (c) Typical Structure—Pure Si Surface.

4. Discussion and Outlook

The deep learning-based framework for inverse decoupling and optimization of white
light interferometry signals, proposed in this study, has yielded promising results in sim-
ulations, offering a powerful tool to address long-standing challenges in semiconductor
thin-film measurement. By combining unsupervised sparse dictionary classification with
supervised cascaded network solving, this method not only demonstrates significant po-
tential to surpass traditional algorithms in measurement accuracy and speed, but more
importantly, provides an effective paradigm for tackling the pervasive and challenging
non-unique inverse problem in optical metrology. Its core advantage lies in its “data-driven”
nature, which enables automatic learning and decoupling of highly nonlinear, interdepen-
dent physical parameters from massive datasets. This eliminates the need for complex
and time-consuming manual feature engineering and model design, greatly enhancing
the algorithm’s robustness and automation level. For industrial applications requiring
high-throughput, high-precision online inspection, such as semiconductor manufacturing,
this technology signifies a substantial advancement. It compresses the time for full-field,
array-based measurement tasks from several minutes or longer to the order of seconds.
This makes real-time process control for each full wafer possible, holding immeasurable
value for improving chip yield and shortening development cycles.

However, we must also clearly recognize the challenges and limitations for the suc-
cessful application of this data-driven method. First, model performance is highly depen-
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dent on the quality and comprehensiveness of the training dataset. The upper limit of
model accuracy is constrained by the precision of the forward physical model (e.g., TMM).
Any discrepancies between the physical model and the real world—such as inaccuracies
in material dispersion models, or unmodeled factors like interfacial transition layers or
roughness—may be “learned” by the neural network, leading to systematic measurement
errors. Second, the model’s generalization capability is another critical challenge. A model
trained on a specific material system (e.g., SiO, on Si) within a certain parameter range
may exhibit significantly degraded performance when applied directly to entirely new
materials (e.g., Si3Ny) or structures outside the training range (e.g., thicker or thinner films).
Enhancing model generalization, enabling it to “infer broadly from one instance,” is a
necessary hurdle to overcome for moving from the laboratory to industrial application.
Finally, the “black-box” nature of deep learning models results in a certain lack of physical
interpretability. While they can provide accurate predictions, they struggle to intuitively
offer confidence intervals for solutions, reveal intrinsic physical relationships between
parameters, or assess measurement uncertainty like traditional fitting methods can. This
may become a drawback in scenarios requiring high-reliability verification.

Looking forward, to build more robust and intelligent optical measurement systems,
this research can be further deepened and expanded in the following directions. First, the
application of Physics-Informed Neural Networks (PINNs) can be explored. Embedding
the Maxwell equations governing light propagation in multilayer films, or their simplified
forms (e.g., the TMM formulation), as regularization terms into the loss function would
introduce physical constraints during training. This approach not only holds promise
for reducing dependency on large-scale labeled data but also fundamentally ensures the
physical self-consistency of the network’s output, significantly enhancing the model’s
generalization capability and credibility. Second, hybrid modeling strategies combining
deep learning with probabilistic models (e.g., Bayesian Neural Networks or Gaussian
Process Regression) can be investigated. This would allow the model to provide confidence
intervals or probability distributions for predictions alongside high-precision point esti-
mates, enabling quantitative assessment of measurement uncertainty and providing critical
support for industrial decision-making. Furthermore, efforts should be directed towards
promoting the application of transfer learning and domain adaptation methods. By com-
bining massive simulation data with limited amounts of high-quality experimental data,
models can effectively transfer general knowledge acquired in simulation environments to
real-world scenarios, rapidly adapting to various non-ideal factors in actual measurements
(such as systematic errors and environmental noise drift). This would ultimately lead to the
realization of intelligent measurement systems that can be robustly deployed on industrial
production lines.

5. Conclusions

This study systematically proposes and investigates a novel deep learning-based
inverse decoupling and optimization method to address the core challenges of low compu-
tational efficiency, severe parameter coupling, and solution non-uniqueness faced by white
light interferometry when measuring sub-micron multilayer transparent films. The innova-
tion lies in constructing a “classify first, then specialize” hybrid intelligent framework. This
framework first employs a DNN to automatically classify complex interference signals,
thereby decomposing the challenging multimodal inverse problem into a series of simpler,
single-mode sub-problems. Subsequently, for each specific signal category, a cascaded
neural network architecture is utilized for parameter inversion. This architecture effectively
overcomes the inherent “one-to-many” mapping difficulty in optical inverse problems by
cascading an inverse prediction network with a pre-trained and fixed forward physical
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model network, and by using spectral reconstruction error as part of the loss function. This
fundamentally ensures the convergence of the solving process and the uniqueness and
physical consistency of the final solution.

Through systematic experimental measurement and analysis, the effectiveness of this
method has been comprehensively validated across multiple dimensions. In classification,
the model accurately distinguishes different material surfaces and film thickness regions,
providing reliable classification masks for subsequent 3D topography reconstruction. Re-
garding parameter inversion accuracy, for various interference signals, the spectral curves
reconstructed by this method show high agreement with theoretical signals, significantly
improving analytical reliability and efficiency. This confirms the powerful capability of the
proposed hybrid framework in decoupling complex parameters.

In summary, the deep learning method proposed in this study successfully provides a
viable path to break through the technical bottlenecks of traditional white light interferom-
etry signal inversion. By deeply integrating the powerful data-driven capability of deep
learning with the prior knowledge of optical physical models, it achieves high-precision,
highly robust inverse solving of structural parameters and 3D topography reconstruction
for sub-micron multilayer transparent films. This research holds significant theoretical
value and offers an intelligent solution with broad application prospects for online process
control and intelligent quality inspection in high-precision fields such as semiconductor
manufacturing.
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