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Abstract

Broadband optical monitoring provides rich spectral information for the fabrication of
multilayer optical coatings, but conventional online characterization generally relies on
iterative thickness re-estimation, whose computational burden increases when informa-
tion from multiple deposition stages is incorporated. To address this issue, this work
proposes a neural-assisted triangulation framework that organizes multistage residual
spectra within a fixed-length historical observation window, thereby maintaining a fixed-
dimensional estimator input. The framework further reformulates conventional iterative
online thickness re-estimation as direct neural prediction of incremental thickness-state
corrections. A shared one-dimensional convolutional encoder extracts spectral features
from the residual history, which are then fused with the current pre-update thickness
state for thickness-state updating. The updated thickness estimates are subsequently
used to reconstruct the multilayer optical model and calculate the reference spectrum for
the next deposition stage. The estimator is trained offline using synthetic thickness-state
perturbations and a physics-guided objective that combines direct state supervision with
spectral-reconstruction and spectral-gradient constraints, while only neural inference is
required during online deposition. The proposed framework was implemented on an
ion-beam sputtering platform and evaluated through three consecutive fabrication runs of
an 82-layer long-wave-pass filter. All three fabricated filters satisfied the specified spectral
requirements, with average stopband transmittance ranging from 0.090% to 0.155% and
average passband transmittance ranging from 95.008% to 95.105%. The mean cutoff wave-
length was 712.461 nm, with a standard deviation of 0.278 nm and a maximum inter-run
difference of 0.555 nm. These results demonstrate the practical feasibility of the proposed
framework for broadband monitoring of high-layer-count optical coatings.

Keywords: broadband optical monitoring; neural-assisted triangulation; historical
observation window; thickness-state estimation; multilayer optical coatings; ion-beam
sputtering

1. Introduction
Broadband optical monitoring (BBOM) is an important technique for controlling layer

growth in multilayer optical coatings, particularly for high-layer-count interference filters
whose final spectral performance is sensitive to small thickness deviations accumulated
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during deposition. By acquiring spectrally resolved transmittance or reflectance mea-
surements, BBOM provides substantially richer information than monitoring based on a
single optical quantity and can support both layer termination and in situ characterization
of the growing coating [1–4]. A central challenge is therefore to determine the state of
the deposited multilayer structure from the measured spectra, which can be formulated
as an inverse identification problem in which one or more layer thicknesses are recon-
structed from the optical response [5]. In conventional sequential characterization, only the
most recently deposited layer is estimated while previous thickness estimates are retained.
Triangular characterization instead uses spectra acquired at different deposition stages to re-
estimate multiple previously deposited layers, thereby exploiting more of the information
accumulated during coating production [6]. Numerical studies have further shown that re-
defining the set of already-deposited layer thicknesses can improve broadband-monitoring
accuracy [7].

The use of additional historical information can improve multilayer-state estimation,
but it also increases the complexity of the online inverse problem. To reduce this burden,
Tikhonravov et al. proposed a modified triangular algorithm in which only selected
previously deposited layers are re-estimated, retaining accuracy close to that of the full
triangular approach while reducing the computational effort [8]. Related studies have
shown that the choice of reconstructed layers affects both thickness-estimation accuracy and
error accumulation [9], while more recent comparisons of thickness-fitting strategies have
emphasized the trade-off between improved termination prediction and the computational
cost of repeated fitting [10]. Historical information is also relevant because thickness errors
generated during optical monitoring are not necessarily independent. Direct broadband
monitoring can produce correlated errors and associated self-compensation effects, so the
final spectral performance depends not only on individual layer errors but also on how
these errors interact across successive deposition stages [11–13]. In addition, Sharov et
al. introduced a non-local broadband monitoring algorithm that uses multiple spectral
measurements acquired during layer deposition and showed numerically that additional
monitoring information can reduce thickness errors [14]. These studies collectively indicate
that spectral history contains useful information for coating-state reconstruction, while
motivating more efficient ways to exploit such information during online production.

Learning-based inverse models provide a possible route for reducing the dependence
on repeated numerical optimization, although most existing studies have focused on de-
sign or offline reconstruction rather than recursive online state estimation. Neural models
have been applied to multilayer thin-film inverse design using convolutional neural net-
works, differentiable neural-network-like optical models, conditional invertible networks,
gradient-based backpropagation, and Transformer-based generative architectures [15–20].
More directly related to fabrication-error reconstruction, Dai et al. applied a Transformer
model to optical-coating manufacturing-error inversion and reported rapid inference after
offline training [21]. These studies demonstrate the potential of learned or differentiable
models for accelerating thin-film inverse problems, but they generally address inverse de-
sign, post-fabrication reconstruction, or offline error inversion rather than multistage state
updating from broadband spectra acquired during ongoing deposition. In our previous
work, a broadband optical monitoring framework with an improved error-compensation
mechanism was developed for automatic coating production [22]. After each deposited
layer, optical-model parameters and layer thickness were updated through a constrained
random-search procedure, but the online correction still relied on iterative forward-model
evaluations and was primarily driven by the terminal spectrum of the latest deposition
stage. This motivates an online framework that can retain information from several re-
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cent broadband observations without introducing an expanding or repeatedly solved
optimization problem.

To address this need, this paper proposes a neural-assisted triangulation framework
for broadband optical monitoring of multilayer coatings. The established triangulation
principle is retained, while the online thickness-reestimation step is reformulated as direct
neural prediction of incremental thickness-state corrections. After completion of the Nth
layer, residual spectra from a fixed number of recent deposition stages are assembled into
a historical observation window, and a shared one-dimensional convolutional encoder
extracts spectral features from each residual observation. These historical spectral features
are fused with the current pre-update thickness state and mapped to bounded incremental
state corrections. The updated thickness estimates are then used to reconstruct the mul-
tilayer optical model and calculate the reference spectrum for the next deposition stage.
The estimator is trained offline using synthetic thickness-state perturbations and a physics-
guided objective that combines direct state supervision with spectral-reconstruction and
spectral-gradient constraints. Because the observation window has a fixed length, the neu-
ral estimator maintains a fixed-dimensional input representation as the total number of
deposited layers increases. The main contributions of this study are summarized as follows:

1. A fixed-dimensional historical residual representation is developed for triangulation-
based broadband optical monitoring. Residual spectra from multiple recent deposition
stages are organized within a moving observation window, enabling multistage
spectral information to be utilized while keeping the estimator input dimension
independent of the total number of deposited layers.

2. A neural-assisted multilayer state estimator is developed to reformulate iterative
online thickness re-estimation as direct prediction of incremental thickness-state cor-
rections. A shared one-dimensional convolutional encoder, masked historical feature
fusion, and bounded state correction are integrated with a physics-guided training
objective that constrains the predicted state through the corresponding broadband
optical response.

3. The proposed framework is implemented on an ion-beam sputtering coating platform
and evaluated through three consecutive fabrication runs of an 82-layer long-wave-
pass filter. All three fabricated coatings satisfy the specified stopband and passband
requirements, while the cutoff wavelength shows limited run-to-run variation across
the three coating runs.

The remainder of this paper is organized as follows. Section 2 presents the proposed
history-assisted broadband monitoring framework, including the multilayer optical model,
historical state construction, neural multilayer state estimator, physics-guided training
procedure, and online update strategy. Section 3 describes the experimental validation
on the ion-beam sputtering platform and presents the fabrication results of the 82-layer
long-wave-pass filter. Finally, Section 4 summarizes the main conclusions of this work.

2. History-Assisted Broadband Monitoring Framework
The overall architecture of the proposed neural-assisted triangulation broadband opti-

cal monitoring framework is illustrated in Figure 1. During online deposition, the terminal
spectrum obtained after each completed layer is incorporated into a moving historical
observation window. The corresponding residual matrix EN and validity mask vN are then
constructed and, together with the pre-update thickness state x̂−N , supplied to the neural-
assisted triangulation estimator Fω. The estimator predicts an incremental thickness-state
correction, which is used to update the current multilayer state. The updated thickness
estimates are subsequently used to reconstruct the optical model M(N)(λ) and calculate
the reference transmittance spectrum for monitoring layer N + 1. The estimator parame-
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ters ω are obtained offline through physics-guided training using synthetic residual-state
samples generated from thickness perturbation simulations and the thin-film forward
model. Specifically, the predicted thickness-state corrections are first used to update the
thickness state, after which the corresponding broadband optical response is reconstructed
through the thin-film forward model. The training is then constrained by the spectral-
reconstruction and spectral-gradient losses together with direct state supervision. This
formulation follows the general concept of incorporating physical models and constraints
into data-driven learning [23]. Related studies include physics-guided neural-network
modeling and neural-network-based multilayer optical inverse-design approaches [24,25].

Online monitoring loop
Real-time

transmittance Breakpoint
Controller

Historical
Observation

Window

{ yq , …, yN }

Estimator Input 
Construction

Thickness-State
Update

Optical-Model
Reconstruction

Characteristic
matrix 

Reference 
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Figure 1. Overall architecture of the proposed neural-assisted triangulation broadband monitoring
framework.

2.1. Multilayer Optical Forward Model

For a multilayer stack containing j deposited layers, the broadband transmittance is
calculated using the characteristic-matrix formulation of thin-film optics under normal
incidence. For the ith layer, the characteristic matrix at wavelength λ is written as

Mi(λ) =

⎡⎣ cos δi
i sin δi

ηi
iηi sin δi cos δi

⎤⎦, δi =
2πnidi

λ
, (1)

where ni, ηi, and di denote the refractive index, optical admittance, and physical thickness
of the ith layer, respectively. Under normal incidence for nonmagnetic materials, ηi = ni.
The characteristic matrix of the deposited multilayer stack is obtained as

M(j)(λ) =
j

∏
i=1

Mi(λ), (2)

where the matrix product follows the physical order of the deposited layers.
Using the multilayer characteristic matrix together with the optical admittances of the

incident medium and substrate, the broadband transmittance spectrum after deposition of
the jth layer is represented compactly by

Tj
(︁
d1, d2, . . . , dj

)︁
=

[︂
Tmod

j (λ1; d1, . . . , dj), . . . , Tmod
j (λm; d1, . . . , dj)

]︂T
, (3)

where Tmod
j (λl ; d1, . . . , dj) denotes the modeled transmittance at wavelength λl , with l =

1, . . . , m. Here, Tj(·) represents the thin-film forward model, in which the calibrated optical
constants are fixed and only the layer thicknesses are treated as variable inputs.

2.2. History-Based Triangulation State Construction

During multilayer deposition, the spectrum measured after each layer contains the ac-
cumulated optical response of all previously deposited layers. Therefore, spectra acquired
at different deposition stages provide partially overlapping constraints on the thicknesses

https://doi.org/10.3390/coatings16111276

https://doi.org/10.3390/coatings16111276


Coatings 2026, 16, 1276 5 of 19

of the deposited layers. In this study, these successive observations are jointly utilized to es-
timate the thickness-state corrections of multiple recent layers, providing the measurement
basis for the neural-assisted triangulation estimator developed below.

Let
yj =

[︂
Tmeas

j (λ1), Tmeas
j (λ2), . . . , Tmeas

j (λm)
]︂T

(4)

denote the broadband transmittance spectrum of the deposited multilayer stack measured
after termination of the jth layer, where m is the number of wavelength samples. Af-
ter completion of the Nth layer, a moving historical observation window is constructed
as

HN =
{︁

yq, yq+1, . . . , yN
}︁

, q = max(1, N − K + 1), (5)

where K is the prescribed triangulation window length and q denotes the first valid
deposition-stage index in the current observation window. Thus, each state update uses
at most the K most recent terminal spectra. The thickness estimates of layers preceding
the current window are retained at their latest values and are not re-estimated during the
current update.

For each spectrum in HN , the corresponding pre-update modeled spectrum is calcu-
lated from the current thickness estimates through the forward model as

ŷ−
j = Tj

(︂
d̂−1 , d̂−2 , . . . , d̂−j

)︂
, (6)

where d̂−i denotes the latest estimate of the ith-layer thickness immediately before the
current state update. The corresponding spectral residual is then defined as

ej = yj − ŷ−
j . (7)

Because the spectrum measured after the jth layer depends on the optical response
of all layers deposited up to that stage, successive residual spectra provide partially over-
lapping information for updating the thickness states of the layers within the current
observation window. Joint use of these residuals therefore enables multiple layer states to
be updated simultaneously rather than correcting only the most recently deposited layer.

To maintain a fixed input dimension for the neural estimator, the residual spectra are
arranged according to their deposition order as

EN =

⎡⎢⎢⎢⎢⎣
eT

N−K+1
eT

N−K+2
...

eT
N

⎤⎥⎥⎥⎥⎦ ∈ RK×m. (8)

A binary validity mask is defined as

vN = [vN−K+1, vN−K+2, . . . , vN ]
T ∈ {0, 1}K, (9)

where vj = 1 for valid deposition stages (j ≥ 1) and vj = 0 otherwise. For notational
convenience, residual and state entries associated with unavailable deposition stages (j < 1)
are understood to be zero-padded throughout. Once the observation window is fully
populated, it moves forward with the deposition process and retains only the K most recent
residual spectra.

The residual matrix EN and validity mask vN provide the fixed-dimensional historical
input to the neural estimator. They are subsequently combined with the pre-update
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thickness-state vector x̂−N defined in the following subsection. Since K is fixed, the estimator
input dimensions remain independent of the total number of deposited layers.

Remark 1. Triangular algorithms have previously been used in broadband optical monitoring to
exploit measurement spectra acquired at multiple deposition stages for re-estimating deposited-layer
thicknesses [6]. Subsequent variants reduce the number of thickness variables involved in the online
optimization, including modified and hybrid triangular strategies that restrict the set of re-estimated
layers [8,10]. The present framework follows the same multi-stage characterization principle but
reformulates the online estimation step as direct neural prediction of incremental thickness-state
corrections from a fixed-dimensional residual-state representation.

2.3. Neural Multilayer State Estimator

The layer-dependent state considered in this study is the relative deviation of the
deposited thickness from its design value. Since the actual deposited thickness is not
directly available during online monitoring, this state is represented by its current estimate.
Thickness deviations modify the accumulated optical phase and consequently affect the
broadband spectra measured at subsequent deposition stages.

The normalized pre-update thickness state of the jth layer is defined as

x̂−j =
d̂−j − ddes

j

ddes
j

, (10)

where ddes
j denotes the design thickness of the jth layer. Thus, x̂−j represents the dimen-

sionless relative deviation of the current thickness estimate from the design value.
The pre-update state vector corresponding to the current observation window is

constructed in the same window order as

x̂−N =
[︁
x̂−N−K+1, x̂−N−K+2, . . . , x̂−N

]︁T ∈ RK. (11)

The ordering of x̂−N is aligned with that of the residual matrix EN and the validity mask
vN , such that each valid state component corresponds to the residual spectrum acquired at
the same deposition stage, while unavailable positions are zero-padded.

Rather than directly predicting the absolute layer thicknesses, the proposed estimator
predicts an incremental correction conditioned on the spectral residual history and the
current normalized thickness state,

∆x̂N = Fω
(︁
EN , vN , x̂−N

)︁
∈ RK, (12)

where Fω(·) denotes the neural estimator with trainable parameters ω. The inclusion of x̂−N
provides the estimator with the current pre-update thickness state, while EN characterizes
the spectral mismatch associated with the current model estimates. The components of
∆x̂N follow the same window ordering as x̂−N and vN , and correspond to the rows of EN

associated with the same deposition stages.
The state is subsequently updated according to

x̂+N = clip
(︁
x̂−N + vN ⊙ ∆x̂N ,−cd, cd

)︁
, (13)

where ⊙ denotes element-wise multiplication and clip(z,−cd, cd) limits each element of z
to the interval [−cd, cd]. The parameter cd > 0 therefore specifies the admissible range of
the normalized thickness state, such that −cd ≤ x̂+j ≤ cd.

https://doi.org/10.3390/coatings16111276

https://doi.org/10.3390/coatings16111276


Coatings 2026, 16, 1276 7 of 19

For each valid layer within the current observation window, the updated thickness
estimate is recovered from the normalized state as

d̂+j = ddes
j

(︂
1 + x̂+j

)︂
, (14)

where x̂+j denotes the component of x̂+N associated with the jth layer. The thickness
estimates of previously deposited layers preceding the current observation window retain
their latest values. Thus, the estimator performs residual-guided incremental refinement of
the current thickness-state estimates.

2.3.1. Spectral Feature Extraction and Fusion

The architecture of the proposed neural-assisted triangulation estimator is illustrated
in Figure 2. For clarity, in Figure 2, 1D-CNN denotes a one-dimensional convolutional
neural network, FC denotes a fully connected layer, and ReLU denotes the rectified linear
unit activation function. The estimator combines residual-spectrum features extracted from
the historical observation window with the current pre-update thickness state to predict an
incremental thickness-state correction.
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Encoder

Shared spectral encoder G

1D-CNN 
Encoder

1D-CNN 
Encoder

Historical 
feature fusion

4N z

Kp
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FC FCReLU
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State update
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Figure 2. Architecture of the proposed neural-assisted triangulation estimator. The residual input
window contains K ordered residual spectra sampled along wavelength; K = 5 is illustrated here.
Each residual spectrum ej is encoded by the shared spectral encoder Gθ , and the resulting feature
Gθ(ej) is multiplied by the corresponding validity mask vj to obtain zj before historical feature fusion.

Each residual spectrum in the observation window is treated as a one-dimensional
sequence sampled along wavelength. A shared one-dimensional convolutional encoder Gθ :
Rm → Rp maps each residual spectrum to a p-dimensional learned spectral representation,

zj = vjGθ

(︁
ej
)︁
∈ Rp, j = N − K + 1, . . . , N, (15)

where θ denotes the trainable parameters of the shared spectral encoder. Multiplication
by vj suppresses the encoded features associated with padded positions. The resulting
spectral features are assembled in deposition order to form the historical representation

zhist
N =

[︂
zT

N−K+1, zT
N−K+2, . . . , zT

N

]︂T
∈ RKp. (16)

To account for the current thickness state, this historical representation is combined
with the pre-update thickness-state vector to form

hN =

[︄
zhist

N
x̂−N

]︄
∈ RKp+K, (17)

where hN denotes the joint residual-state representation supplied to the regression head.
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A fully connected regression head maps hN to an unconstrained raw correction vector,

uN = Rϕ(hN) ∈ RK, (18)

where Rϕ(·) denotes the regression head parameterized by the trainable parameters
ϕ. The incremental thickness-state correction is then obtained through an element-wise
bounded activation,

∆x̂N = c∆ tanh(uN), (19)

where c∆ > 0 bounds the magnitude of the normalized correction produced in a single
state update. The complete trainable parameter set is ω = {θ, ϕ}.

Since the observation-window length K, the wavelength sampling grid, and the
encoded feature dimension p are fixed, the architecture and computational cost of the
neural estimator remain independent of the total number of deposited layers.

2.3.2. Synthetic Training Sample Generation

The neural estimator is trained offline using synthetic multilayer deposition sam-
ples generated from controlled thickness perturbations and the thin-film forward model.
For each synthetic sample, the deposited thickness of the ith layer is generated by perturb-
ing the corresponding design thickness,

dsyn
i = ddes

i (1 + ξi), ξi ∼ Dd, (20)

where dsyn
i denotes the synthetically generated thickness of the ith layer, ξi is the normalized

deposition-thickness perturbation, and Dd denotes its prescribed distribution.
To emulate the pre-update thickness estimates encountered during online estimation,

a synthetic realization of d̂−i is generated relative to dsyn
i as

d̂−i = dsyn
i − ddes

i δi, δi ∼ Dp, (21)

where δi denotes the normalized deviation of the pre-update estimate from the correspond-
ing synthetic thickness, and Dp denotes its prescribed distribution. This construction
provides synthetic realizations of the same pre-update quantity used during online estima-
tion, rather than reproducing the recursive estimation history explicitly.

The target incremental thickness-state correction is therefore known directly as

∆xtar
i =

dsyn
i − d̂−i

ddes
i

= δi. (22)

The distributions Dd and Dp are bounded and zero-centered, with their ranges selected
to represent the expected fabrication and pre-update estimation deviations. The generated
samples are restricted to satisfy |ξi| ≤ cd, |ξi − δi| ≤ cd, and |δi| ≤ c∆.

For each simulated deposition stage j, the synthetic observation spectrum is generated
from the corresponding synthetic thicknesses using the thin-film forward model,

ysyn
j = Tj

(︂
dsyn

1 , dsyn
2 , . . . , dsyn

j

)︂
∈ Rm. (23)

Here, ysyn
j is the synthetic counterpart of the measured spectrum yj used during online

deposition. Using the corresponding synthetic pre-update thickness estimates, the modeled
spectrum ŷ−

j is calculated according to Equation (6). The synthetic residual spectrum is
then defined as

esyn
j = ysyn

j − ŷ−
j . (24)
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For a training sample corresponding to deposition stage N, the valid synthetic residual
spectra are those associated with stages j = q, . . . , N, where q is defined in Equation (5).
The residual matrix Esyn

N is assembled from esyn
j , j = q, . . . , N, using the same ordering

and zero-padding strategy as the online residual matrix EN . The validity mask vN and the
pre-update thickness-state vector x̂−N are constructed using the same window representation
as in online estimation.

The target correction vector ∆xtar
N ∈ RK is assembled using the same window ordering,

with entries corresponding to unavailable deposition stages (j < 1) set to zero. Thus, each
synthetic training sample consists of the estimator input

(︂
Esyn

N , vN , x̂−N
)︂

, the corresponding

target correction ∆xtar
N , and the synthetic spectra ysyn

j required for the physics-guided
spectral losses. Samples with N < K are retained so that the estimator is also trained under
the zero-padded conditions encountered during the initial deposition stages.

2.3.3. Physics-Guided Training Objective

The training objective combines direct supervision in the thickness-state space with
physics-based consistency constraints in the spectral domain. The supervised state loss is
defined as

Lstate =

⃦⃦
vN ⊙

(︁
∆x̂N − ∆xtar

N
)︁⃦⃦

1
∥vN∥1

, (25)

where the validity mask excludes padded positions from the state supervision.
For the current observation window, the post-update thickness state x̂+N is obtained

from Equation (13). For layers within the current window, the corresponding post-update
physical thicknesses are obtained from the thickness-state relation defined above. Layers
preceding the current window retain their latest estimates, such that d̂+i = d̂−i for i < q.

For each valid deposition stage, the corresponding post-update modeled spectrum is
reconstructed as

ŷ+
j = Tj

(︂
d̂+1 , d̂+2 , . . . , d̂+j

)︂
, j = q, . . . , N. (26)

Let KN = N − q + 1 = ∥vN∥1 denote the number of valid deposition stages in the
current observation window. The spectral reconstruction loss is then defined as

Lrec =
1

KNm

N

∑
j=q

⃦⃦⃦
ysyn

j − ŷ+
j

⃦⃦⃦
1
. (27)

This term constrains the predicted thickness correction according to the broadband
optical response produced by the multilayer forward model.

To additionally account for local spectral variation, a discrete wavelength-difference
operator Dλ : Rm → Rm−1 is defined for an arbitrary spectrum a = [a1, . . . , am]T as

[Dλa]r =
ar+1 − ar

λr+1 − λr
, r = 1, . . . , m − 1. (28)

The spectral-gradient loss is defined as

Lgrad =
1

KN(m − 1)

N

∑
j=q

⃦⃦⃦
Dλysyn

j − Dλŷ+
j

⃦⃦⃦
1
. (29)

The overall training objective is

L = αLstate + βLrec + γLgrad, (30)
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where α, β, and γ are weighting coefficients used to balance the numerical scales and
relative contributions of the three loss terms. The three loss terms impose complementary
constraints: Lstate directly supervises the normalized thickness-state correction, whereas
Lrec and Lgrad constrain the corresponding optical response in terms of spectral magnitude
and local spectral variation, respectively.

Remark 2. During online monitoring, the updated thickness estimates obtained after deposition
stage N are used to reconstruct the optical model and calculate the reference transmittance spectrum
for the next layer. For N < Ntotal,

yref
N+1 = TN+1

(︂
d̂+1 , . . . , d̂+N , ddes

N+1

)︂
, (31)

where ddes
N+1 is the design thickness of the next layer. The resulting reference spectrum is then

used for broadband breakpoint control of layer N + 1. The complete online update procedure is
summarized in Algorithm 1.

Algorithm 1: Online neural-assisted triangulation update
Input: Design multilayer structure, trained estimator Fω, window length K
Output: Updated multilayer thickness estimates

1 Initialize the thickness estimates using the design values;
2 Initialize the historical spectrum buffer H;
3 Calculate the initial reference spectrum for layer 1;
4 for N = 1 to Ntotal do
5 Deposit layer N under broadband breakpoint control;
6 Acquire the terminal spectrum yN and update H;
7 Determine q = max(1, N − K + 1);
8 Construct EN , vN , and x̂−N ;
9 Estimate ∆x̂N = Fω(EN , vN , x̂−N);

10 Update the thickness state according to Equation (13);
11 Recover and store the updated physical thickness estimates;
12 Reconstruct M(N)(λ) using the latest thickness estimates;
13 if N < Ntotal then
14 Calculate yref

N+1 for monitoring layer N + 1;

3. Experimental Validation
To evaluate the practical performance of the proposed neural-assisted triangulation

broadband monitoring method, an 82-layer long-wave-pass filter design was fabricated
in three consecutive coating runs using an ion-beam sputtering coating system. The
experiments were conducted directly on the production-scale ion-beam sputtering coat-
ing platform shown in Figure 3 to evaluate the practical effectiveness and run-to-run
repeatability of the proposed monitoring strategy under actual deposition conditions.

3.1. Experimental Platform and Coating Task

The structure of the production-scale ion-beam sputtering coating platform used for
multilayer coating fabrication is shown in Figure 3. The platform mainly consists of a
vacuum chamber, an ion-beam sputtering source, an auxiliary ion source, a rotating sub-
strate holder, and a broadband optical monitoring system. The broadband transmittance
during deposition was acquired using an optical monitoring system (model: IBD-MNOMS;
IBD Technology Co., Ltd., Zhongshan, China). The substrates were mounted on a rotating
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holder, and the rotation speed during optical monitoring was set to 20 revolutions per
minute (rpm).

Figure 3. Structure of the production-scale ion-beam sputtering coating platform used for broadband
optical monitoring and multilayer coating fabrication.

The coating stack was fabricated using Ta2O5 and SiO2 as separate dielectric layer
materials on a K9 glass substrate; they were not deposited as a mixed Ta2O5–SiO2 nan-
ocluster or composite layer. No dedicated crystallographic characterization was performed
in this study, and therefore the crystal phase of the deposited films was not determined.
The deposition process was performed at a substrate temperature of approximately 100 ◦C
and a base pressure of approximately 2.0 × 10−4 Pa. Under the selected process condi-
tions, the nominal deposition rates of Ta2O5 and SiO2 were approximately 1.987 Å/s and
1.527 Å/s, respectively.

In the present multilayer coating, Ta2O5 is used as a transition-metal-oxide dielectric
layer rather than as a metallic transition-metal layer. Its primary optical role is to provide
refractive-index contrast with SiO2, thereby contributing to the optical phase accumulation
and interference behavior of the multilayer stack. Variations in composition, stoichiom-
etry, or oxidation state may affect the complex refractive index and optical absorption
of transition-metal oxides; these effects were not separately characterized in the present
study.

3.2. Spectral Performance of the 82-Layer Filter

The test coating was an 82-layer long-wave-pass filter designed for the spectral range
of 400–1200 nm. The specified optical performance required an average transmittance
below 0.5% in the 400–700 nm stopband and an average transmittance above 95% in the
715–1200 nm passband.

During each coating run, the proposed neural-assisted triangulation monitoring frame-
work was executed online throughout the multilayer deposition process. After termination
of each layer, the newly acquired broadband spectrum was incorporated into the fixed
observation window, and the trained neural estimator was used to update the thickness
states of the corresponding layers. The reconstructed multilayer state was subsequently
used to calculate the reference spectrum for the next deposition stage. The neural es-
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timator was trained offline, and only forward inference was performed during online
coating production.

The triangulation window length was set to K = 5. The maximum normalized
correction allowed in a single state update was set to c∆ = 0.05, while the admissible
relative thickness-state range was set to cd = 0.10. Consequently, the thickness correction
predicted in each update was limited to ±5% of the corresponding design thickness, and the
updated thickness state was constrained within ±10% of the design value. These bounds
limit excessively large state corrections while preserving a practical correction range for
online thickness-state updating.

Three consecutive coating runs were performed using the same film design and nomi-
nal process conditions. Figure 4 compares the measured transmittance spectrum of each
coating run with the design reference spectrum. Panels (a)–(c) of Figure 4 correspond to
Run 1, Run 2, and Run 3, respectively. All three measured spectra exhibit the expected
long-wave-pass characteristics, including a low-transmittance stopband, a well-defined
transition edge, and a high-transmittance passband. The spectra are displayed over an
extended wavelength range to illustrate the overall spectral behavior, whereas the quantita-
tive performance evaluation is restricted to the specified 400–1200 nm range.
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Figure 4. Comparison between the design reference spectrum and the measured transmittance
spectra of the 82-layer long-wave-pass filter obtained from three consecutive coating runs: (a) Run 1;
(b) Run 2; and (c) Run 3.

As shown in Figure 4, the measured spectra from all three coating runs closely follow
the overall spectral profile of the design reference. For quantitative evaluation, the av-
erage transmittance was calculated separately over the 400–700 nm stopband and the
715–1200 nm passband. The stopband average transmittances of Runs 1–3 were 0.092%,
0.090%, and 0.155%, respectively, while the corresponding passband average transmittances
were 95.059%, 95.008%, and 95.105%. Therefore, all three fabricated filters satisfied the
specified requirements of Tave < 0.5% in the stopband and Tave > 95% in the passband.
The small variation among the three runs also indicates consistent band-averaged spectral
performance under repeated coating conditions.

To further evaluate the spectral-edge control performance, the transition regions of the
three measured spectra are compared in Figure 5a. The cutoff wavelength λ50 is defined
as the wavelength at which the transmittance reaches 50%. As shown by the enlarged
region, the transition edges obtained from the three consecutive coating runs remain
closely distributed.

The cutoff wavelengths of Runs 1–3 were 712.454, 712.187, and 712.742 nm, respectively.
The mean cutoff wavelength was 712.461 nm, and the maximum difference among the three
runs was only 0.555 nm. These results indicate good run-to-run stability of the spectral-edge
position during the 82-layer coating process.
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To further examine the deviation of the transition edge from the design reference,
the wavelength-dependent transmittance deviation is defined as

∆Tr(λ) = Tmeas
r (λ)− Tdes(λ), r = 1, 2, 3, (32)

where Tdes(λ) denotes the design transmittance spectrum.
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Figure 5. Spectral-edge characteristics of the 82-layer long-wave-pass filter obtained from three con-
secutive coating runs. The colored curves represent the three independent coating runs. (a) Enlarged
transition regions of the measured transmittance spectra. The horizontal dashed line at T = 50%
serves as the reference for identifying the cutoff wavelength λ50 and comparing the run-to-run
consistency near the spectral edge; the inset highlights the cutoff region. (b) Wavelength-dependent
transmittance deviations between the measured spectra and the design reference. The horizontal
dashed line at ∆T = 0 denotes zero transmittance deviation and provides a reference for comparing
the wavelength-dependent deviations among the three coating runs.

As shown in Figure 5b, the deviations remain relatively small on the short-wavelength
side of the transition region and increase substantially near the steep spectral edge.
The three deviation curves exhibit similar wavelength-dependent trends, with the largest
differences occurring around the region of maximum spectral slope. This behavior is ex-
pected because a small displacement of a steep transition edge can produce a comparatively
large transmittance difference at the same wavelength.

The transition width is further defined as

W10−90 = λ90 − λ10, (33)

where λ10 and λ90 denote the wavelengths at which the measured transmittance reaches
10% and 90%, respectively.

3.3. Repeatability of Consecutive Coating Runs

The run-to-run repeatability of the proposed monitoring method was further evalu-
ated using the three consecutive coating experiments. The mean measured transmittance
spectrum is defined as

T̄(λ) =
1
3

3

∑
r=1

Tr(λ), (34)

and the corresponding wavelength-dependent standard deviation is calculated as

σT(λ) =

⌜⃓⃓⎷1
2

3

∑
r=1

[Tr(λ)− T̄(λ)]2. (35)
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Figure 6a shows the mean transmittance spectrum of the three consecutive coating
runs, with the shaded region representing one standard deviation. SD denotes standard
deviation. The relatively narrow deviation band over most of the stopband and passband
indicates good run-to-run consistency of the fabricated filters. Larger deviations are mainly
observed in spectral regions with rapid transmittance variation, particularly near the
transition edge and the long-wavelength roll-off region. Figure 6b further presents the
wavelength-dependent standard deviation of the measured transmittance. The standard
deviation remains small over most of the relatively flat stopband and passband regions,
whereas a pronounced peak appears near the transition edge. This behavior is consistent
with the increased spectral sensitivity in regions where the transmittance changes rapidly
with wavelength. A relatively large variation is also observed near the short-wavelength
measurement boundary below approximately 400 nm. This variation may be influenced by
the lower signal level and increased measurement sensitivity near the lower spectral limit
of the monitoring system.
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Figure 6. Run-to-run repeatability of the 82-layer long-wave-pass filter over three consecutive coating
runs. (a) Mean measured transmittance spectrum, with the shaded region denoting one standard
deviation among the three runs. (b) Wavelength-dependent standard deviation of the measured
transmittance.

The quantitative spectral characteristics of the three consecutive coating runs are
summarized in Table 1. The mean stopband transmittance was only 0.112%, while the
mean passband transmittance reached 95.057%, confirming that all three fabricated filters
satisfied the specified spectral requirements. In addition, the cutoff wavelength showed
a mean value of 712.461 nm with a standard deviation of only 0.278 nm, indicating good
run-to-run stability of the spectral-edge position.

Table 1. Spectral performance and repeatability of three consecutive coating runs.

Metric Run 1 Run 2 Run 3 Mean ± SD

Tstop
ave (%) 0.092 0.090 0.155 0.112 ± 0.037

Tpass
ave (%) 95.059 95.008 95.105 95.057 ± 0.049

λ50 (nm) 712.454 712.187 712.742 712.461 ± 0.278
W10−90 (nm) 20.653 16.353 10.268 15.758 ± 5.218

The transition width W10–90 exhibited a comparatively larger run-to-run variation,
with values of 20.653, 16.353, and 10.268 nm for Runs 1–3, respectively, corresponding to a
mean of 15.758 nm and a standard deviation of 5.218 nm. In contrast, the cutoff wavelength
remained highly repeatable (712.461 ± 0.278 nm). Since a smaller W10–90 corresponds to
a steeper transition edge, these results indicate that the cutoff position remained stable,
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whereas the transition-edge steepness varied more noticeably among the three coating runs.
This difference can be partly understood from the constraints of the proposed monitoring
framework. The neural-assisted triangulation method performs bounded thickness-state
corrections based on historical spectral residuals. Although the spectral-gradient loss Lgrad

encourages local spectral-gradient consistency during offline training, the transition width
is not explicitly imposed as a hard constraint. Therefore, the framework does not guarantee
identical transition-edge steepness across independent fabrication runs.

Residual thickness deviations in edge-sensitive layers and small variations in the
optical properties of deposited films may contribute to the observed differences. However,
complete layer-resolved thickness-estimation histories were not recorded for the three
fabrication runs, and independent measurements of process-induced optical-property
variations were not performed. Consequently, the observed variation cannot be reliably
attributed to specific layers or a single physical mechanism. Furthermore, the correction
bound c∆ = 0.05 limits the magnitude of each normalized thickness-state update but does
not directly constrain the transition width. Increasing the spectral-gradient loss weight
γ may strengthen local spectral-gradient consistency, but its effect on transition-width
repeatability requires dedicated sensitivity analysis.

Overall, the three consecutive coating experiments demonstrate that the proposed
neural-assisted triangulation monitoring framework can achieve the specified stopband
and passband transmittance requirements while maintaining high repeatability of the cutoff
wavelength. The wavelength-resolved repeatability analysis further shows that spectral
variation remains limited over most of the working spectral range, with larger deviations
mainly concentrated in regions of rapid spectral change.

3.4. Hyperparameter Sensitivity Analysis

To investigate the influence of the historical window length and the correction bound,
additional numerical sensitivity analyses were conducted using the 82-layer coating design.
As shown in Table 2, the proposed configuration (K = 5, c∆ = 0.05) achieves a favorable bal-
ance between spectral reconstruction accuracy and the complexity of historical information
processing.

Table 2. Sensitivity analysis of the historical window length and correction bound under relatively
large initial thickness-estimation errors.

Historical Window K Correction Bound c∆ Thickness-State MAE (%) Spectral MAE (pp)

1 0.02 2.2342 2.7326
1 0.05 1.3234 2.5995
1 0.10 1.4896 2.6534

3 0.02 2.2281 2.6483
3 0.05 1.3199 2.4998
3 0.10 1.5008 2.5732

5 0.02 2.2233 2.5438
5 0.05 1.3184 2.4163
5 0.10 1.4964 2.4649

8 0.02 2.2201 2.4369
8 0.05 1.3153 2.3156
8 0.10 1.4896 2.3795

Note: All results correspond to the same held-out test conditions with initial normalized thickness-estimation
errors |δ| ≤ 0.06. Thickness-state MAE represents the current-layer normalized thickness estimation error,
and spectral MAE represents the post-update spectral reconstruction error in transmittance percentage points
(pp). Bold values indicate the adopted parameter configuration.

The historical window length and single-step correction bound were systematically
evaluated using 12 parameter combinations, with K = 1, 3, 5, 8 and c∆ = 0.02, 0.05, 0.10,
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while cd = 0.10 was kept constant. As shown in Table 2, increasing the historical window
length generally improved spectral reconstruction accuracy under relatively large initial
thickness-estimation errors. For c∆ = 0.05, the post-update spectral MAEs decreased from
2.5995 to 2.4998, 2.4163, and 2.3156 percentage points as K increased from 1 to 3, 5, and 8,
respectively. Compared with K = 1, the K = 5 configuration reduced the spectral error by
approximately 7.0%. Although K = 8 achieved a further reduction in spectral reconstruc-
tion error, increasing K from 5 to 8 required processing 60% more historical observations,
thereby increasing the input and state-update dimensions. Therefore, K = 5 was selected as
a practical balance between spectral reconstruction accuracy and computational complexity.

Regarding the correction bound, c∆ = 0.05 consistently achieved the lowest thickness-
state and spectral MAEs across all four historical window lengths under the tested large-
error conditions. For K = 5, the thickness-state MAE was 1.3184%, representing reductions
of approximately 40.7% and 11.9% compared with c∆ = 0.02 and c∆ = 0.10, respectively.
The corresponding spectral MAE was also the lowest among the three correction bounds,
reaching 2.4163 percentage points. Furthermore, the thickness-state MAE decreased from
3.0416% before correction to 1.3184% after correction, corresponding to an improvement
of approximately 56.7%. These results demonstrate that c∆ = 0.05 provides an effective
balance between correction magnitude and compensation accuracy, supporting its selection
for the proposed monitoring framework.

The finite historical window maintains a fixed state-update dimension throughout the
deposition process, enabling efficient local thickness-state correction without expanding
the estimation problem as the number of deposited layers increases. To further evaluate
the correction of early-layer estimation errors, sequential numerical simulations were
performed by introducing initial thickness-state deviations of +3% and +8% at the third
layer. For K = 5, the corresponding residual estimation errors when this layer exited the
active window were 2.773% and 7.773%, respectively. These results illustrate the bounded
correction behavior of the finite-window strategy, in which earlier-layer estimates are
retained after leaving the active observation window.

To assess the effect of zero-padding during the initial deposition stages, the thickness-
state estimation errors were compared between the early padded stages (N < 5) and fully
populated observation windows (N ≥ 5). For K = 5 and c∆ = 0.05, the window-averaged
MAEs were 1.2207% and 1.3533% under small initial estimation errors, and 1.2804% and
1.3623% under larger initial errors, respectively. At the current-layer level, the correspond-
ing MAEs were 1.1380% and 1.2883% under small initial errors, and 1.2393% and 1.3353%
under larger initial errors. Two-sample Kolmogorov–Smirnov tests yielded p = 0.1150 and
p = 0.4039, indicating no statistically significant differences in the overall error distributions
at the 5% significance level. Additionally, permutation tests showed a significantly lower
early-stage mean error under the small-error condition (p = 0.0408), while no significant
mean difference was observed under the larger-error condition (p = 0.2876). The slightly
lower errors during the initial stages may be associated with the relatively simpler optical
response of the partially deposited multilayer structure. These results indicate that, despite
the reduced number of available historical observations, the validity-mask-assisted zero-
padding strategy maintained favorable thickness-estimation accuracy during the initial
deposition stages.

3.5. Computational Efficiency Comparison

To quantitatively evaluate the online computational efficiency of the proposed frame-
work, a numerical benchmark was conducted using the same 82-layer coating design and
24 common synthetic test cases. The proposed neural-assisted method was compared
with conventional Levenberg–Marquardt (LM) optimization and a random-search-based
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optimization baseline. All methods were evaluated using the same initial thickness states,
spectral data, and correction constraints. The benchmark was performed in MATLAB
R2025b on a workstation equipped with an Intel Core Ultra 7 265KF CPU (3.90 GHz) and
32 GB of RAM. All computations were executed on the CPU without GPU acceleration.
Online computation time, thickness-state estimation error, spectral reconstruction error,
and forward-model evaluation counts were recorded.

As shown in Table 3, the proposed method achieved a median online CPU inference
time of 2.0808 ms per layer, compared with 55.9323 ms for LM optimization and 47.8447 ms
for random search, corresponding to computational speedups of approximately 26.9 and
23.0 times, respectively. Furthermore, the proposed method achieved the lowest thickness-
state MAE of 1.8322%, compared with 3.9394% and 3.6661% for the two optimization-based
methods, while maintaining comparable spectral reconstruction accuracy. Unlike the itera-
tive baselines, which required a median of 752.5 forward-model evaluations, the proposed
framework generated thickness-state corrections through direct neural inference. These
results demonstrate the substantial reduction in online computational burden achieved by
the proposed framework.

Table 3. Comparison of online computational efficiency and reconstruction accuracy among the
proposed method, LM optimization, and random search.

Method Online Time
(ms/Layer)

Spectral
MAE (pp)

Thickness
MAE (%)

TMM
Calls

Proposed Method 2.0808 3.1571 1.8322 0
LM Optimization 55.9323 3.0231 3.9394 752.5
Random Search 47.8447 3.0268 3.6661 752.5

Note: Results were obtained from 24 common synthetic test cases using the same 82-layer coating design. Online
computation times and TMM evaluation counts are reported as medians, whereas estimation errors are reported
as means. Random search was evaluated using three random seeds. The timing excludes offline training, spectral
acquisition, and deposition. The proposed method employed K = 5 and c∆ = 0.05.

4. Conclusions
This work presents a neural-assisted triangulation framework for broadband optical

monitoring of multilayer optical coatings. By introducing a fixed historical observation
window, the framework jointly utilizes residual spectra from multiple recent deposition
stages and reformulates the online thickness-estimation step as direct neural prediction
of incremental thickness-state corrections. A physics-guided training strategy further con-
strains the estimated corrections through the corresponding broadband optical response.
The proposed framework was implemented on an ion-beam sputtering platform and
evaluated through three consecutive fabrication runs of an 82-layer long-wave-pass filter.
All three fabricated filters satisfied the specified stopband and passband transmittance
requirements. The mean stopband and passband transmittances were 0.112% and 95.057%,
respectively, while the cutoff wavelength was 712.461 ± 0.278 nm. These results demon-
strate the practical feasibility of the proposed monitoring framework and show limited
run-to-run variation in the cutoff position across the three consecutive coating runs. Al-
though the proposed framework uses physics-guided spectral losses to promote consistency
with the nominal forward model, it assumes fixed refractive-index profiles during training
and online estimation. In practical deposition, variations in film composition and refractive
index may introduce model mismatch and affect thickness-state estimation. Incorporating
optical-constant uncertainty into the framework will be considered in future work.

Future work will focus on extending the framework to multilayer optical coating sys-
tems with increased structural and material complexity, such as structures involving more
layers, multiple dielectric material combinations, and stronger material dispersion, while
also incorporating additional physical variables, such as incidence angle and polarization,
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into the monitoring model. For transition-metal-containing multilayer systems, variations
in composition, stoichiometry, or oxidation state may modify the complex refractive index
and introduce significant optical absorption. Therefore, for multilayer systems contain-
ing strongly absorbing or metallic materials, the present transmittance-based monitoring
framework would require further extension to account for absorption and reflection effects.
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