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DEVELOPMENT OF INFORMATION 

TECHNOLOGY OF OPERATOR-

ORIENTED DIGITAL SPECTRAL 

TWIN WITH TWO-CIRCUIT 

LEARNING FOR SELECTIVE 

SPECTRAL IDENTIFICATION

The object of research is spectral processes in plasma and multilayer optical structures.
The problem solved in the work is the insufficient accuracy of identification of physical parameters and the low resistance of classical 

spectral models to noise disturbances, model errors and technological uncertainties, which complicates the selective isolation of informa-
tive spectral components in real spectroscopic measurements.

The peculiarity of the obtained results is the introduction of a composite operator of a digital spectral twin, which combines a physical 
model, a spectral filter and a neurooperator, in a single mathematical structure. A two-loop hybrid model training algorithm has been 
developed, which provides consistent adaptation of both physical parameters and neurooperator parameters. The effectiveness of the 
developed training algorithm has been assessed and the adaptive properties of the model to external conditions have been investigated. 
The time dynamics of the model and the dependence of the parameter identification error on the noise level have been estimated. The 
model was tested on two typical synthetic films, for which the Root Mean Square Error (RMSE) was reduced by almost 6–7  times 
compared to the purely physical model (Transfer Matrix Method, TMM), and the parametric error was reduced by almost 3 times.

The testing of experimental data demonstrated selective identification of the dominant spectral lines of the electrode material against 
the background of contributions from impurity components. It was shown that the physical component of the model provides the cor-
rect localization and shape of the spectral lines of the electrodes, while the neurooperator compensates for residual spectral deviations. 
The practical significance of the results obtained lies in increasing the accuracy of spectral identification, automation of parametric 
synthesis, calibration of spectroscopic systems, and creation of adaptive digital twins in the tasks of diagnostics and design of optical 
and plasma systems.
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1. Introduction

The development of theoretical and practical features of a digital 
spectral twin is one of the key achievements of modern modeling, mon-
itoring and optimization of complex physical systems. In the field of 
spectroscopy and optics, digital twin models provide a virtual reproduc-
tion of the characteristics of multilayer structures and materials, based 
on their spectral characteristics. The above-mentioned models play 
a major role in the tasks of inverse parameter identification, paramet-
ric synthesis, optimization of technological processes and operational 
spectroscopic diagnostics. Classical models of digital spectral twins are 
based on physical models or machine learning methods. It should be 
noted that physical models are well consistent with the laws of physics 
and provide a clear interpretation of the results, but at the same time, 
they require significant computational resources and are often sensitive 
to errors and changes in parameters. Neural network models demon-
strate a high approximation ability, while losing stability and physical 

reliability and reliability in the presence of noise or incomplete data. 
In connection with the above, the development of hybrid physically-
informed and operator models that combine physical laws with neural 
architectures attracts considerable attention. However, in most modern 
scientific works, physical constraints are integrated into neural network 
architectures only at the level of loss functionals or point regularization, 
without forming a single operator environment for digital twins. The 
above-mentioned features of integration dictate the fact that the mathe-
matical foundations and properties of stability, as well as guarantees and 
convergence conditions of such systems, remain insufficiently studied. It 
should also be noted that the problem of explicitly introducing spectral 
information into the architecture of a digital spectral twin in the form 
of a separate functional operator has not been systematically studied. 
This, in turn, limits the interpretability, adaptability and possibilities of 
theoretical analysis of existing models.

Current research in the field of modeling multilayer optical struc-
tures is formed at the intersection of wave optics, the theory of inverse 
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spectroscopic problems, problems of parametric and structural synthe-
sis, as well as machine learning methods. The fundamental principles 
of electromagnetic wave propagation in layered media  [1,  2] laid the 
mathematical foundation for constructing forward models of the spec-
tral response of multilayer structures. The matrix formalism of thin-film 
optics developed in [3] provided an effective basis for calculating the 
reflection and transmission coefficients, which became the basis for 
numerical modeling of the interference characteristics of multilayer 
structures. However, the methods and models reviewed above have fun-
damental limitations due to their orientation mainly on solving direct 
spectroscopy problems and insufficient consideration of the incorrect 
nature of the problems of identifying parameters from experimental 
spectral data. For example, spectroscopic ellipsometry methods  [1] 
demonstrate high information content of measurements, however, re-
construction of parameters in such problems remains sensitive to noise, 
correlation of parameters and local minima of the residual functional. 
At the same time, classical physical models provide interpretability, 
but do not guarantee stability of the inverse recovery of parameters of 
a multilayer structure.

From a mathematical point of view, the problem of spectral iden-
tification of parameters of a multilayer structure belongs to the class of 
ill-posed inverse problems. Thus, in the fundamental work [4] the prin-
ciples of regularization were formulated as a way of stabilizing solutions 
of the inverse spectroscopic problem of identification of parameters, 
and in work [5] the features of correctness and stability of solutions of 
the above-mentioned problems, as well as methods of their regulariza-
tion, were examined in detail. In work [6] the features of discrete inverse 
problems of spectroscopy were analyzed in detail, in particular, the 
influence of numerical instability, approximation errors and the choice 
of algorithms of the appropriate accuracy of parameter recovery were 
investigated. In the research [7], inverse spectroscopy problems in the 
context of solving differential equations were considered, while the 
conditions for uniqueness and identifiability of solutions were estab-
lished, and their dependence on the structure of the initial data was 
studied in detail. At the same time, classical regularization methods are 
characterized by a statistical nature, i.e. the stabilization parameters 
are set a priori or selected heuristically, without taking into account the 
possibility of iterative retraining of the model on new data. For digital 
twins, this limitation is significant, since the concept of a spectral twin 
involves continuous adaptation to the measurement results.

Significant progress in solving high-dimensional nonlinear prob-
lems is due to the development of deep learning methods and the devel-
opment of corresponding neural network models. In particular, in [8] 
it is shown that artificial neural networks can be used for numerical 
solution of high-dimensional partial differential equations (PDE) with 
polynomial growth of complexity, which partially reduces the manifes-
tation of the "curse of dimensionality". At the same time, the specified 
method is aimed primarily at approximating a specific solution and does 
not provide the formation of a universal operator mapping between 
parameter spaces and the corresponding spectral characteristics. Further 
development of physically-informed neural network methods [9], in par-
ticular the Physics-Informed Neural Network (PINN) architecture [10], 
made it possible to integrate physical constraints directly into the loss 
function, which increased the physical consistency of the solutions. 
However, it should be noted that PINNs, due to the peculiarities of their 
architecture, remain local approximators, i. e., for each new parametric 
configuration, usually, separate training or appropriate adaptation of 
the model is required. In addition, their stability largely depends on 
the choice of weights of the physical and empirical components of the 
loss functional, which complicates their application in the problems of 
parametric identification of multilayer thin films. The idea of opera-
tor training, reviewed in [11, 12], provided the possibility of modeling 
nonlinear mappings between functional spaces, which is naturally con-
sistent with the formulation of the parametric synthesis problem of the 

following type – "structure parameters, spectral response". The main 
advantage of neurooperators is the ability to transfer generalization to 
new sets of parameters without a full cycle of retraining. However, most 
of the existing architectures are designed for abstract PDEs that do not 
take into account the features of spectral measurements, such as the cor-
relation of frequency components, multicollinearity of layer parameters 
and requirements for the physical interpretability of operator weights.  
In connection with the above, the problem of combining neuro-operator 
modeling of spectral processes with physically based models remains 
relevant. In [13], the combination of regularization methods with deep 
learning methods for solving parametric synthesis problems is investigat-
ed, which in general allows to increase the stability of models. It should 
be noted that at present there is no generalized scheme in which regular-
ization is an integral part of the structure of the compositional operator, 
and is not introduced as an external penalty term in the loss functional. 
The need for simultaneous coordination of physical parameters and 
weights of the neural network naturally leads to the formulation of two-
level optimization problems. In works on bi-level programming  [14], 
mathematical foundations for the description of nested problems have 
been formed, and modern examples of application in machine learn-
ing [15] demonstrate the effectiveness of the specified methodology for 
optimizing hyperparameters of parametric synthesis problems. It should 
be noted that the main emphasis in the works reviewed above is on algo-
rithmic procedures, while the issues of stability of composite operators 
combining physical models and neurooperator architectures in spectral 
identification problems remain insufficiently studied.

In addition, it is worth noting another area of research, which is 
associated with the construction of hybrid models of parametric syn-
thesis, which is based on the combination of a physical description of 
the propagation of electromagnetic waves in multilayer media with 
numerical methods for parameter optimization. The above-mentioned 
combined model allows to increase the practical efficiency of restoring 
the parameters of multilayer structures, but it does not fully solve the 
problem of a generalized operator description of the processes associ-
ated with the problem.

A hybrid model for the reconstruction of spectral characteristics of 
multilayer thin films was developed in  [16]. The implemented model 
combines physically based thin film interference methods with inverse 
parametric identification algorithms. The results of the research  [16] 
demonstrate an increase in the accuracy of the reconstruction of spectral 
response parameters due to the combined use of physical and computa-
tional components. It should be noted that the model developed in [16] 
is focused mainly on a specific, highly specialized task of parameter re-
construction, and at the same time does not consider the issue of integra-
tion with adaptive neural network components and, moreover, operator 
generalization.

The concept of a digital spectral twin developed in  [17] further 
emphasizes the need to integrate the physical model, experimental data, 
and algorithms for adapting the parameters of multilayer thin films for 
their effective reproduction. However, it should be noted that most of 
the existing practical implementations concern mechanical or produc-
tion objects, where the data being processed have low dimensionality. 
Real spectral measurements are usually described by functional de-
pendencies in the frequency space, which requires the use of precision 
stability analysis of the corresponding mappings and an operator ap-
proach. The analyzed literature allows to assert that modern research 
has provided a thorough research of individual components of the 
parametric synthesis problem. However, at present there is no coherent 
mathematically substantiated architecture of a digital spectral twin with 
a compositionally integrated physical block, an adaptive spectral filter, 
and a neurooperator, especially in combination with a two-loop train-
ing scheme. Also, the above-described parametric synthesis problem 
requires a detailed analysis of the stability and identifiability of para
meters. This determines its relevance and necessitates the development 
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of a hybrid operator model of a digital spectral twin, which combines 
physical interpretability, spectral informativeness and adaptive capabili-
ties of neurooperators.

This determines the relevance of developing a hybrid operator 
model of a digital spectral twin, which combines physical interpretabil-
ity, spectral informativeness and adaptive capabilities of neurooperators 
within a single mathematical method.

The object of research is spectral processes in plasma and multilayer 
optical structures.

The aim of research is to develop information technology for an 
operator-oriented digital spectral twin with two-loop learning to ensure 
selective spectral identification of parameters of complex optical and 
plasma structures.

To achieve the aim, it is necessary to solve the following tasks:
1) develop the structure of the operator model of the digital spectral 

twin, based on decomposition into a physical block, spectral filter and 
neurooperator, as well as implement it in software;

2) build a two-loop adaptive algorithm for training the model for 
coordinated optimization of physical and neurooperator parameters;

3) conduct numerical and experimental verification of the model, 
including testing on synthetic multilayer structures and spectra of 
a high-voltage nanosecond discharge with an assessment of selective 
identification of spectral lines;

4) establish the theoretical properties of the model, in particular 
the conditions of stability, convergence and identifiability, as well as 
investigate its time dynamics and efficiency at different noise levels.

2. Materials and Methods

2.1.  Research hypothesis. Assumptions and simplifications 
adopted

The paper proposes a hypothesis based on the representation of 
a digital spectral twin in the form of an operator composition contain-
ing physical, spectral filtering and neuro-operator blocks. It is assumed 
that two-loop adaptive learning allows for simultaneously increased 
accuracy of parameter identification, physical consistency of results, 
noise resistance and improved algorithm convergence compared to 
purely physical and purely neural methods. It is assumed that reducing 
the incorrectness of the inverse problem and increasing the identifi-
ability of model parameters is ensured by explicitly isolating the spec-
tral information operator and integrating it into the learning process.

Certain assumptions and simplifications are adopted within the 
framework of the research. The synthetic multilayer structures used in 
the paper are optically homogeneous in the layer plane and isotropic in 
their optical properties. In the spectral range considered in the work, 
the optical parameters of the materials are considered known or such 
that they can be correctly approximated based on reference data. The 
process of theoretical formation of spectra is described by a determin-
istic physical model with the addition of additive measurement noise. 
Additionally, the measurement noise has zero mathematical expecta-
tion, limited dispersion and stationary nature. The training sample is 
representative of the class of structures under study and covers the main 
modes of parameter changes. Nonlinear effects associated with high 
radiation intensity and nonlinear optics of materials are not taken into 
account. Temperature and mechanical deformations of the layers in the 
basic model are considered as insignificant perturbations. The effect of 
surface roughness is not explicitly considered, but is taken into account 
indirectly through the use of effective parameters. The training of the 
neurooperator is carried out in a limited parametric space defined by 
physical constraints.

2.2. Formulation of the parameter identification problem
Let Λobs ∈ Λ be the experimental spectrum corresponding to the 

multilayer structure studied in the paper. P(θ) – the direct problem op-

erator mapping the parameter vector 


θ  into the spectral characteristics 
space. Let’s consider the parameter identification problem, the essence 
of which is to find such a vector 



θ  for which the model spectrum is as 
close as possible to the experimental one

 

� �
�

�

�
� �argmin ,( )

�
�P obs 2

	 (1)

where Θ – the admissible set of parameters, and ||⋅|| – the correspond-
ing norm in the spectral space. This type of problem belongs to the 
class of nonlinear inverse problems and, as a rule, is incorrectly posed, 
which is dictated by sensitivity to noise, multiextremality and possible 
non-identification of parameters.

Often, a regularized formulation of the problem is also used, which 
is characterized by increasing the stability of the solution and reducing 
the influence of noise disturbances. The parameter vector, in this case, 
is determined by the following formula

  

� � � �
� �

� � � �argmin ( ),( )H Robs�
2

	 (2)

where R( )


θ  – the regularization functional that takes into account 
a priori information about the parameters, and α > 0 is the regulariza-
tion parameter.

The regularization term allows to limit the search area to physically 
admissible values, reduce the instability of the solution and ensure its 
uniqueness. In this representation, regularization is integrated into 
a two-loop learning algorithm and implemented at two levels, namely 
at the level of physical parameters and the neural operator. As a result, 
such a formulation of the problem creates a mathematical basis for 
further analysis of the convergence, stability and identifiability of the 
hybrid digital spectral twin.

The choice of research methods is due to the specifics of the incor-
rectly posed inverse problem of spectral analysis and the need to ensure 
simultaneous physical interpretability, numerical stability and adapt-
ability of the model. The method of mathematical modeling is used to 
formalize the direct and inverse spectral problems in the form of an op-
erator mapping of physical parameters into the spectral response. The 
optimization method (minimization of the residual functional taking 
into account regularization) and the regularization method (Tikhonov) 
are used to stabilize the solution and reduce sensitivity to noise distur-
bances. Numerical optimization methods are used for consistent ad-
justment of the parameters of the physical model within the developed 
internal adaptation contour. Neural network methods are selected to 
approximate residual nonlinear deviations that cannot be adequately 
described by analytical physical methods and models. Spectral analysis 
methods for processing and filtering experimental data using the adap-
tive operator Rα. This implements parameterized smoothing of the 
spectrum and the selection of informative spectral components, while 
simultaneously preserving physically significant peaks. These methods 
are used in a complex manner. The mathematical modeling method 
forms the basis of the problem, optimization and regularization meth-
ods ensure its correct solution, and neural network methods implement 
adaptive compensation of errors of the physical model within the hy-
brid architecture of the digital spectral twin.

2.3. Mathematical foundations of the operator model of a digital 
spectral twin

Let’s introduce the spaces of parameters and spectral data. Let 
Θ ⊂ Rn be the space of physical parameters of the multilayer structure 
under investigation. The initial spectral region is defined as Λ0 ⊂ Rm, 
where each Λj ∈ Λ0 corresponds to a spectral value. After filtering, 
a subspace Λr ⊆ Λ0 is formed, and the corrected spectrum, in this case, 
belongs to the space Λ ⊂ Rm.
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The physical model of the direct spectral problem is given by a pa-
rameterized operator, which is described by the following formula

P�1 0: . � �� 	 (3)

This operator maps the parameter vector 


� ��  into the corre-
sponding spectral response.

Here, the parameter ω1 determines the configuration of the 
physical model and numerical algorithms, and the operator Pω1

 imple-
ments the approximation of the mapping according to the following  
formula 

�
�

�
θ θFphys( ) .

To extract the informative component of the spectrum, the op-
erator

R r� : ,� �0 � 	 (4)

which is an adaptive spectral filter is introduced. In general, this opera-
tor is defined as follows

R W r� �� �0� � � , 	 (5)

where Wα – the parameterized filtering 
matrix .

The compensation of model errors is car-
ried out by the spectrum correction neuro-
operator

N r�2
: , � �� 	 (6)

which is defined as a neural network approximation, according to 
the formula

� �� � �N r�2
. 	 (7)

The parameters ω2 correspond to the weights and biases of the 
neural network. The operator Nω2

 approximates the corrective map-
ping as follows

� � ��� �r , 	 (8)

where ΔΛ – the systematic error of the physical model.

3. Results and Discussion

3.1. Development of a hybrid structure of the operator model of 
a digital spectral twin and software implementation

Model development. Let’s introduce the structure of the operator of 
a digital spectral twin, which is described by a composition of operators 
of the form [12]

H N R P� � � ��
2 1
  , 	 (9)

where P�1 0:  � ��  – the parameterized physical operator of the 
direct spectral problem, Rα: Λ0 → Λr – the adaptive spectral filter 
N r�2

:  � ��  – the neurooperator of correction and compensation 
of model errors, ω =  (ω1, ω2, α) – the generalized vector of model 
parameters.

The corresponding mapping has the form

H S H� � �: , .  � �� � � � 	 (10)

The composition expansion is determined by the formula

S N R P� � �� �� �� � � �
2 1

. 	 (11)

Thus, this operator implements a sequential mapping

� � � �      � � �
P R

r

N� � �1 2

0 . 	 (12)

The physical component of the operator P� �
1
� �  is responsible for 

modeling the spectral response of a multilayer structure based on the 
physical laws of electromagnetic wave propagation. In general, it can 
be given as

P S� � � �
1 1� � � �� , , 	 (13)

where S – the spectral synthesis operator, implemented, for example, 
on the basis of TMM [18] or the method of Rigorous Coupled-Wave 
Analysis (RCWA) [19]. The inclusion of the parameters ω1 allows to 
take into account calibration errors, material constant inaccuracies, and 
experimental shifts.

Fig. 1 shows the developed operator structure of the digital spec-
tral twin.

The central element in this architecture is the adaptive spectral 
processing operator Rα, which performs the preliminary correction of 
the physically simulated signal. This adaptive spectral filter is defined 
as follows

R K� �� � � � � � �� �� � � � � �� � , ,d
�

	 (14)

where Kα – the parameterized filtering kernel. Integral operators of 
this type are widely used in spectral regularization and stabilization of 
inverse problems [5, 20].

In discrete form, it is described by the formula

� �r
m mR R R� � �

� �0 , . 	 (15)

The Rα operator, introduced by the authors, performs noise sup-
pression, spectral shift compensation, amplification of informative 
parts of the spectrum, and local signal normalization. Unlike classical 
methods, the paper proposes for the first time the introduction of fil-
tering as a separate operator block, integrated directly into the digital 
twin training process, which provides consistent processing of noise 
and structural distortions at the level of the physical-information 
model. Thus, α ∈ ω and min

ω
L , i. e. the filter is trained together with 

the model.
The correction neural operator Nω2

 is designed to compensate for 
systematic errors of the physical model and take into account effects 
that cannot be accurately described analytically. It is implemented in 
the form of a neural operator approximation

N T�2
� , 	 (16)

where T – an unknown nonlinear operator. For construction Nω2
, it 

is proposed to use architectures such as Fourier Neural Operator or 
DeepONet [12].

The developed structure uses the principle of error decomposition. 
That is, this structure allows to decompose the total modeling error in 
the form [21]

� � � �� � �P R N . 	 (17)

 

Physical
operator

Pω1

Adaptive
spectral filter

Rα

Neurocorrelation
operator Nω2

Final
spectrum

ΛΛ0 Λr

Hω

Physical
parameters

Fig. 1. Operator structure of a digital spectral twin
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3.2.  Development of a dual-loop adaptive model training al-
gorithm

Adaptive dual-loop algorithm for training a digital spectral twin. This 
paper develops a dual-loop adaptive training algorithm for a hybrid 
digital spectral twin operator, which combines physically based para-
metric identification and neuro-operator optimization.

The general idea of dual-loop adaptation is based on dividing the 
training process into two interconnected cycles  [14, 22], namely the 
inner and outer. The inner cycle is responsible for adapting physical 
parameters, and the outer cycle is for training the neuro-operator and 
spectral filter. Such a division allows to maintain the physical interpret-
ability of the model, reduce the dimensionality of optimization, and 
increase the stability of training.

Schematically, the algorithm looks like

Physics ⇒ Correction ⇒ Neural network.

The training of a digital twin is formulated as a problem of mini-
mizing a functional [23]

J H F Fobs
phys reg� � � � � ��1 2

2
, , ( ) ,� � � � � �� 	 (18)

or

J N R P

F F

obs

phys reg

� � � �

� � � � � �
� � �1 2

2

1 2 1

2 1
, , ( ( ( )))

, , ,

� �
� �

� � �

� �

�

�� �, ,2� � 	 (19)

where Λobs – the experimental spectrum, Fphys – the functional of physi-
cal constraints, Freg – the regularization term, β, γ > 0 – the weight-
ing factors.

The first term in (19) corresponds to the minimization of the dis-
crepancy between the simulated and experimental spectra, while the 
second and third terms ensure the physical consistency and stability 
of the solution, respectively. In the absence of regularization terms, 
the functional reduces to the classical problem of minimizing the ap-
proximation error. This functional also demonstrates that the problem 
is ill-posed and is compensated by the introduction of stabilization 
mechanisms. Accordingly, such a statement requires the development 
of a mathematical basis for studying the stability, convergence, robust-
ness and identifiability of the method, without which the construction 
of a full-fledged theory is practically impossible.

The optimal parameters, in turn, are defined as

� �
�

� � argmin ( ).J 	 (20)

Fig. 2, a shows the developed scheme of the adaptive learning algo-
rithm of the hybrid operator of the digital spectral twin.

Internal and external cycles of adaptation of the hybrid operator.  
A hybrid model training algorithm has been developed, based on a 
two-loop optimization scheme, within which a coordinated adaptation 
of the physical and neuro-operator components of the digital spectral 
twin is carried out.

On the inner cycle at fixed values of α(k) and ω2
( )k , physical para

meters are identified by solving the following synthesis problem

� � � �

�

�

� � �

1
1

1 2
1

2 1

( ) ( ) ( )argmin , ,

( ( ( )))( ) ( )

k k kJ

N R Pk k

� �

�

� � �
� �obbs

2
. 	 (21)

This stage implements the adaptation of the physical model to the 
experiment and is interpreted as a regularized inversion of the spectral 
problem. From a practical point of view, it can be implemented using 
gradient or quasi-Newton schemes. Thus, at each iteration, the physical 

block is "adjusted" to the current neural network approximation. Also, it 
should be noted that the physical adaptation is integrated directly into 
the neurooperator circuit, and is not performed separately.

  

Λobs

Hω(θ)(k)

COMPUTE
LOSS J(k)

PHYSICS
UPDATE ω1

(k+1)

k=k+1

(k+1) (k+1)NEURAL UPDATE ω2   , α

|J(k)-J(k-1)|<ε

ω*

INPUT PARAMETERS
OF THE STRUCTURE

ADAPTIVE FILTER
Rα

CORRECTION
NEUROOPERATOR Nω2

Λmodel

J(Λmodel, Λobs)

∂J
∂ω1

∂J
∂α

∂J
∂ω2

∂J
     ∂Λmodel

a b

Fig. 2. Architecture of training and operator model:  

a – scheme of two-loop adaptive training algorithm; b – differential operator 

system with end-to-end gradient propagation through the physical model

After that, the optimization of the parameters of the neuroopera-
tor ω2 and the filter α is performed on the outer loop

� � � � �
� �2

1 1
1

1
2

2

( ) ( )

,

( ), argmin , , .k k kJ� � �� � � � � 	 (22)

In practice, the optimization is implemented by gradient learning 
methods using the error backpropagation algorithm, which implements 
the differentiation of the composite operator composition Hω

� �
�
�

�
�

�
�

�

�
�

�

�
� � � �� �� � �� � �

J J J J J DH
1 2

, , , ,*or model obs� � 	 (23)

where DHω – the differential of the composite operator, and the gradi-
ents of the functional are defined as follows:

�
�

�
�
�

�
�

�
�

�
�

�
�
�

�
�

�
�

�
�
�

�
�

J J
P

P

J J
H

H

J J
H

H

� �

� �

� �

�

�

�

�

1 1

2 2

�
� ,

,

. 	 (24)

In this representation, the gradients ∂J/∂ω2 and ∂J/∂α are calcu-
lated using the chain rule, taking into account the differentiability of 
the physical operator Pω1

 and the filter Rα. The result of this process 
is the backpropagation of the error, which is carried out through the 
physical block of the model. Additionally, a coordinated optimization 
of the neural and physical components is also provided. It should also 
be noted that the above-formed architecture corresponds to the concept 
of Physics-Informed Learning [9]. Fig. 2, b shows the architecture of the 
developed differential operator system with end-to-end gradient propa-
gation, which is implemented through the physical model. When nu-
merically implementing the model, it is recommended to use stochastic 
optimization methods Stochastic Gradient Descent (SGD), Adam [24] 
or Root Mean Square Propagation (RMSProp), which allow to ensure 
stable convergence in the presence of a large amount of spectral data 
and a significant dimension of the parameter space. It should be noted 
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that the fundamental feature of the outer loop is the improved process 
of updating the neurooperator, which is carried out with respect to 
the physically interpreted representation of the signal formed by the 
operator Pω1

, and not with respect to abstract features. A feature of the 
developed architecture of the outer loop is the process of training the 
neural network on an operator mapping consistent with physical laws, 
and not on an arbitrarily formed approximation. Such an implementa-
tion provides physically informed training, in which the neurooperator 
adapts taking into account the structure of the direct spectral problem 
and reduces the risk of overtraining, additionally increasing the mod-
el’s resistance to noise. Within the framework of the two-loop scheme 
implemented in the article, the outer loop plays the role of a global 
adaptive mechanism that compensates for model inaccuracies of the 
physical description and provides effective approximation of complex 
nonlinear dependencies that are inaccessible to analytical modeling.

Algorithm of two-loop hybrid learning. The generalized algorithm 
is iterative in nature. The input data are experimental spectra Λobs and 
initial parameters ω0. At the output it is possible to obtain the optimal 
parameters ω*.

Step 1. Initialization. For the initial values ( ), ,( ) ( ) ( )� � �1
0

2
0 0 , the inner 

and outer optimization steps are sequentially performed.
Step 2. Repeat for all k = 0, 1,… the inner (25) and outer (26) cycles.
Step 3. Stopping check. The process stops if the criterion is met

J Jk k( ) ( ) ,� � �1 �

which corresponds to achieving a stationary regime.
The key feature of the algorithm is the mechanism of coordinated 

adaptation of parameters, which can be formally presented as a rela-
tionship

� � �1
1

2
1 1( ) ( ) ( ), .k k k� � ��� �

The physical and neural network blocks are not optimized inde-
pendently, but mutually correct each other at each iteration. Each cycle 
uses the results of the other, which ensures a balance between physical 
interpretability and approximation ability of the model, avoidance of 
overtraining and stable convergence.

Regarding the hardware and software used in this research, numer-
ous experiments were conducted on a personal computer with an Intel 
Core i7 processor, 16 GB of RAM under the control of the Windows 11 
operating system. The software implementation of information technol-
ogy tools was performed in Python 3.11 using the NumPy, SciPy and 
scikit-learn libraries to implement a neurooperator based on a multi-
layer perceptron, as well as Matplotlib for visualization of the results.

The research methodology consisted of several stages. At the  
first stage, the numerical verification of the model was performed on 
two synthetic multilayer structures corresponding to the interference 
filter and the anti-reflective coating. For each structure, model spectra 
were formed with the addition of controlled noise perturbations. At the 
second stage, the calibration of the physical model (TMM), training 
of the neural network model (MLP) and adaptation of the developed 
hybrid model with a two-loop optimization scheme were carried out.  
In the developed hybrid model, the inner loop optimized the param-
eters of the physical operator, while the outer loop adjusted the param-
eters of the spectral filter and the neurooperator. At the third stage, the 
dynamics of the convergence of the error functional, the time adaptive 
properties of the model and the dependence of the identification accu-
racy on the noise level were studied. At the fourth stage, a comparative 
analysis of the accuracy of the models was carried out in terms of the 
root mean square error RMSE, the correlation coefficient R and the 
parametric error εθ. At the final stage, the model was tested on the ex-
perimental spectrum of a high-voltage nanosecond discharge between 
zinc electrodes in air at a pressure of 13.3 kPa. The model’s ability to 

selectively identify the dominant spectral lines of the electrode material 
against the background of impurity components was assessed.

3.3. Numerical and experimental verification of the model with 
evaluation of selective identification of spectral lines

Numerical verification on synthetic data. Numerical verification of 
the developed model was tested on two synthetic structures, namely 
Glass/TiO2/SiO2/TiO2/Air and Glass/SiO2/HfO2/SiO2/Air, for which 
experimental spectra are well known  [25, 26]. The first structure is 
usually used as an interference filter, and the second is widely used in 
optoelectronics and laser systems as an anti-reflective coating. Typical 
geometric parameters were selected for these structures and are given 
in Table 1.

Table 1

Geometric parameters

Layer
Struc-

ture 1

Thickness 

(nm)

Refractive 

index n

Struc-

ture 2

Thickness 

(nm)

Refractive 

index n

1 Glass ∞ 1.52 Glass ∞ 1.52

2 TiO2 80 2.35 SiO2 95 1.46

3 SiO2 110 1.46 HfO2 60 2.00

4 TiO2 75 2.35 SiO2 120 1.46

5 Air ∞ 1.00 Air ∞ 1.00

The first structure provides pronounced interference maxima in 
the visible range (420 nm, 560 nm and 710 nm), and its transmission 
spectrum is given for Λ  ∈  [400, 800]  nm. This interference trans-
mission distribution determines the color and optical properties of 
this structure. Experimental data on the reflectance coefficient for the  
second structure are given for Λ ∈  [350, 900]  nm, and it should be 
noted that this coefficient is more sensitive to errors than the transmit-
tance coefficient.

Fig. 3 shows a comparison of the experimental transmittance spec-
trum, in a configuration with two transmittance maxima, with the re-
sults of numerical simulation for the first structure. And Fig. 4 shows the 
experimental and simulated reflectance spectra for the second structure.

From Fig. 3 it is possible to see that the main maxima of the experi-
mental spectrum are located approximately at 420 and 560 nm. Thus, in 
the physical model, the peaks are shifted to the long-wavelength region 
by an average of 15 nm, while in the artificial neural network, a shift of 
up to 10–15 nm and smoothing of the extrema is observed. The hybrid 
model reproduces the position of the maxima with an error of no more 
than 1–2 nm. Analysis of Fig. 4 reflects that the classical TMM model 
demonstrates an underestimated depth of the antireflection minimum 
and a shift of its spectral position. The developed digital spectral twin 
provides almost complete reproduction of both amplitude and phase 
characteristics of the spectrum, and the maximum relative error does 
not exceed 0.8% over the entire studied range.

For numerical evaluation of the model, the root mean square error 
RMSE and the correlation coefficient R were used. The results obtained 
for both synthetic structures are given in Table 2.

Analysis of Table 2 demonstrates the fact that for the first structure, 
the classical TMM does not take into account technological errors, and 
the optimization of thicknesses partially compensates for them. The 
developed model, in turn, corrects the physical one, ensuring the best 
match. It is possible to observe a decrease in RMSE by approximately 
3  times compared to the neural model, and 7  times compared to the 
physical model, which confirms the effectiveness of the digital twin. For 
the second structure, it is possible to that the TMM does not reproduce 
the depth of the reflection minimum, and calibration partially reduces 
the shift. The digital twin almost completely restores the spectral profile, 
and the reduction in the error by almost 3 times compared to the neural 
model confirms the scalability of the model.
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Testing on experimental spectra and research on the ability to 
selectively identify spectral lines. In experimental works  [27–29], 
a research of overvoltage nanosecond discharges in air, nitrogen, and 
metal vapors was conducted, with the registration of emission spectra 
of plasma emitted in a wide spectral range. The spectra obtained in 
these works contain line overlaps, noise components, and a complex 
multicomponent structure, which in turn requires theoretical justifica-
tion. Therefore, these experimental data are suitable for testing the de-
veloped hybrid model of spectral identification. The model was tested 
on experimental data obtained in [27]. Here, the identification of the 
experimentally obtained plasma spectrum of a nanosecond discharge 
between zinc electrodes at a pressure of 13.3 kPa was carried out, which 
is shown in Fig. 5 [27]. In the decoded spectrum, 49 spectral lines in 
the range 206.2–595.4  nm were recorded. These lines correspond to 
the transitions of Zn I, Zn II, N II, O II, Ar II and molecular bands of 
the N2 system. The maximum recorded intensity in the spectrum is 
25.40 conventional units, and the minimum is ≈0.3.

 
Fig. 5. Experimental spectrum of the studied structure [27]

To conduct a theoretical experiment, a physical operator was 
programmed to simulate the dominant atomic components (Zn I 
and Zn II are the electrode material), and the rest of the compo-
nents are approximated by a neural network. The following formula 
was used to simulate the spectrum

S(Λ) = SZn(Λ,ω1) + Nω2(Rα(Λ)),

that is, using a physical model, it is possible to describe the main 
contribution, and the neural network compensates for additional 
complex plasma-chemical effects.

To form a non-continuous spectrum, discretization was used in 
the wavelength range of 200–600 nm from 4000 points. The zinc lines 
were approximated by a Gaussian profile with a physically reasonable 
width σtrue  =  0.6  nm, which corresponds to the total Doppler and 
shock broadening (in addition, the lines are compared to the NIST 
base). Also, additive noise with a standard deviation of 0.5 was added 
to the spectrum, which is ≈2–5% of the signal maximum. The results 
of the work, regarding spectral reconstruction, are illustrated in Fig. 6.

The graph in Fig. 6 demonstrates the fact that the physical model, 
which is parameterized only by Zn lines, correctly reproduces the 
position and shape of the dominant peaks (in particular, in the re-
gion of 330–470  nm), which is confirmed by the estimate of the 
width σest ≈ 0.6 nm. At the same time, the root mean square error of 
the physical model remains relatively high (RMSEphys ∼  0.94), which 
is due to the absence of contributions from N, O, Ar and N2 molecular 
bands in the model. A purely neural network model, formally, provides 
a smaller RMSENN ∼  0.52. For MLP, this is a complex function with  

 
Fig. 3. Comparison of experimental and simulated transmission spectra for the first structure

Fig. 4. Comparison of experimental and simulated reflection spectra  

for the second structure

 

Table 2

Comparison of model errors

Modeling method
Structure 1 Structure 2

RMSE R RMSE R

Physical model (TMM) 0.07 0.94 0.06 0.95

Neural model (MLP) 0.04 0.97 0.03 0.975

Developed hybrid model 0.01 0.994 0.01 0.996
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very narrow peaks, sharp gradients, a significant spectral range and 
noise. Thus, the neural model does not have time to learn the peaks, 
minimizes the error due to smooth regression and, in fact, finds a "linear 
trend" (weak growth). Thus, it learns the average signal level, and not the 
spectrum structure. The hybrid model partially compensates for these 
deviations (RMSEhyb ∼ 0.41), however, clear identification is preserved 
mainly for Zn lines. This is due to the fact that the less intense peaks of 
other elements remain smoothed, due to the limited ability of the neural 
network to reproduce narrow high-frequency structures. In general, in 
this configuration, the physical component is responsible for the correct 
identification of the electrode material, as evidenced by Fig. 6, while the 
neural part performs only a generalized compensation of the residual 
spectral components. The obtained results of testing the developed model 
on experimental data indicate a decrease in RMSE by ∼56%, compared 
to the classical physical model and, at the same time, confirm its effective-
ness for the tasks of spectral identification of plasma systems.

Therefore, in this configuration, the model demonstrates the great-
est identification sensitivity to the electrode material, and the contribu-
tions of impurity components are mainly compensated by the neuro-
operator, and do not receive full physical parameterization. Therefore, 
this configuration of the model is only a diagnostic tool for electrode 
erosion processes, and is not a universal spectral analyzer of the plasma 
composition. However, if in the future, a complete library of experimen-
tal spectrum elements is included in the physical operator, the model is 
able to decompose the spectrum into component contributions, esti-
mate impurity concentrations, determine the share of electrode erosion 
and isolate the contribution of air plasma.

3.4. Model properties, dynamics and efficiency in noise
Theoretical justification. The theoretical justification of the algo-

rithm is based on the properties of stepwise optimization.
Lemma 1. For fixed ω2 and α, the inner loop reduces the value of 

the functional J, since it implements minimization with respect to the 
variable ω1.

Lemma 2. Similarly, for fixed ω1, the outer loop reduces J relative 
to (ω2, α).

Monotonicity theorem. From this, it directly follows that the se-
quence J(k) is non-decreasing [30]

J Jk k( ) ( ) ,� �1

which guarantees the stability of the iterative process and the absence 
of algorithm divergence.

As a result, the developed two-loop learning algorithm provides 
decomposition of a complex inverse problem into two interconnected 
subproblems of lower dimension, increases noise resistance, preserves 
the physical interpretability of the parameters and accelerates conver-
gence. The novelty of the algorithm lies in the integration of physical 
inversion directly into the neuro-operator learning loop and in the 
theoretically justified mechanism of coordinated parameter updating.

Time dynamics of the digital twin model. Regarding the formaliza-
tion of the digital spectral twin in the dynamic mode, it is described 
as a system

D(t) = {Hω(t), θ(t)},

where the evolution of the parameters is determined by a two-loop 
adaptation procedure. Fig.  7 shows the scheme of adaptation of the 
dynamic spectral twin model in time.

 

ERROR/J(t)

ω(t+1)=Dual
loop update

Λobs(t)

θ(t)

Hω(t)

 Ʌmodel(t)

Fig. 7. Dynamic model of a digital twin in time

Let’s dwell in detail on the operation of the 
temporal adaptation mechanism. At time t, the 
system parameters θ(t) are fed to the compo-
sition operator Hω(t), which in turn forms the 
model spectrum Λmodel(t). 

Next, the calculated spectrum is compared with the experimental 
Λobs(t), after which the error functional J(t) is calculated. Based on the 
value of the functional, the parameters of the composition operator are 
updated using a two-loop mechanism, which is determined by the formula:

ω(t + 1) = Dual-loop update, or ω(t + 1) = ω(t) – η∇ωJ(t).

Thus, the operator structure of the model is preserved. Along with 
this, the model parameters evolve in time, thereby ensuring adaptation 
to new measurements. This allows to implement a mode of continuous 
coordination of the physical and neural components and, in addition, 
to maintain the relevance of the spectral twin when the data changes.

Evaluation of the effectiveness of the learning algorithm, study of 
the adaptability of the model and the dependence of the parameter 
identification error on the noise level. To evaluate the effectiveness of 
the developed adaptive two-loop learning algorithm, a comparative 
experiment was conducted with a physical model without a neural 
network block , a purely neural model without physical constraints 
and a hybrid model. For both of the synthetic multilayer structures 
described above, the dependences of RMSE on the number of train-
ing epochs were analyzed. The obtained graphical results are shown  
in Fig. 8 and Fig. 9.

First of all, the obtained graphical results clearly demonstrate the 
stable inequality RMSEhybrid < RMSENN < RMSEphys, which confirms 
the advantage of integrated physical-neural adaptation. Secondly, the 
hybrid model also provides a significant reduction in the parametric 
error εθ, which indicates improved model identifiability.

 
Fig. 6. Reconstructed spectrum based on simulation results
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Fig. 8. Comparison of RMSE values of physical, neural network  

and hybrid models for the first structure

 
Fig. 9. Comparison of RMSE values of physical, neural network  

and hybrid models for the second structure

To characterize the accuracy of restoring the physical parameters 
of the model, the parametric error εθ was chosen, since RMSE and R 
assess only the quality of the spectral profile reproduction. It is possible 
to note that reducing the RMSE does not guarantee minimizing εθ, 
which in turn necessitates a comprehensive analysis of both spectral 
and parametric accuracy. The obtained identification results by the 
parametric error for the first structure indicate that the hybrid model 
provides the value εθ(hybrid) = 0.012 compared to 0.031 for the neural 
network and 0.048 for the physical models. For the second structure, 
these values are εθ(hybrid) = 0.013, 0.027 and 0.041, respectively. This 
indicates a significant increase in the identifiability of the parameters 
by the developed model. At the same time, the training time satisfies 
the ratio tphys < tNN < thybrid. Along with this, the additional computa-
tional costs are compensated by the increase in accuracy, stability and 
reproducibility of the results. Despite the increase in training time, the 
achieved accuracy and stability make the training algorithm suitable for 
high-precision spectral digital twins.

Research of model adaptability. To evaluate the adaptive properties 
of the digital spectral twin, a series of numerical experiments with 
variable external conditions was conducted. These conditions can be 
dictated by the variation of layer thicknesses, temperature-induced 
perturbations of optical constants or linear degradation of films. Dur-
ing the modeling process, the structure parameters changed in time, 
after which the hybrid model was retrained online using a two-loop 
algorithm. The dynamics of adaptation was analyzed using the time 
dependences �J t J t J� � � �� � *  and �� � �t t� � � �� � * , where J* and 
θ* correspond to the stationary regime after adaptation. The decrease 

in these time dependences, after each perturbation, indicates the 
ability of the model to maintain the correctness of the identification 
of parameters and, accordingly, restore consistency with the experi-
mental data. Fig. 10 and Fig. 11 show the obtained research results for 
both synthetic structures.

 
Fig. 10. Dynamics of the residual functional ΔJ(t) in the process  

of model adaptation for multilayer structures

 
Fig. 11. Dynamics of the parametric error Δθ(t) in the process  

of model adaptation for multilayer structures

The graphs show sharp increases in the time dependences ΔJ(t), 
Δθ(t), corresponding to the moments of external disturbances associ-
ated with changes in thickness, temperature, and material degradation. 
Further exponential reduction in errors indicates effective parameter 
readjustment within the two-loop algorithm. From the figures, it is 
possible to see that both structures are characterized by stable repeti-
tive adaptation after each disturbance, which additionally confirms the 
robustness and online adaptability of the developed model. In general, 
the results obtained confirm the efficiency of the two-loop adaptation 
mechanism, including under non-stationary conditions.

Research of the dependence of the parameter identification error 
on the noise level. A numerical experiment was conducted that dem-
onstrates the dependence of the parameter identification error on the 
noise level, the results of which are shown in Fig. 12.

To implement spectral noise for synthetic spectra, the following 
formula �syn P� �� �� �  was chosen. For different noise levels η, the 
identification error norm  � �* �  was estimated. The graph shown in 
Fig. 12 demonstrates a quasi-linear increase in the error with increasing 
noise. Additionally, the error remains limited, which in turn confirms 
the identifiability of the parameters. The numerical experiment per-
formed is optimal for formal confirmation of identifiability, since it is 
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based on fully controlled data and does not depend on experimental 
measurement errors.

 
Fig. 12. Parameter identification error depending on the noise level

3.5. Discussion of the results
Unlike classical methods of regularization of inverse problems [4–6], 

where stabilization parameters are set a priori or determined heuristi-
cally, in this research a two-loop mechanism of their coordinated adap-
tation in the process of training a digital spectral twin is implemented. 
Unlike neural network methods of spectral approximation [8], as well 
as physically informed neural networks [9, 10], the developed model, 
within the framework of information technology, is not limited to the 
approximation of the solution, but implements a composite operator ar-
chitecture with an explicit separation of the physical operator, adaptive 
spectral filter and correction neurooperator. Compared with operator 
neural network models of the DeepONet type [12], the developed in-
formation technology is focused on selective spectral identification and 
preservation of the physical interpretability of parameters. Its practical 
advantage is confirmed in the part of numerical verification (Table 2, 
Fig.  8,  9), where the inequality RMSEhybrid  <  RMSENN  <  RMSEphys  
is fulfilled, as well as in experimental testing (Fig.  6), which demon-
strated the selective localization of the dominant spectral lines of the 
electrode material against the background of impurity components. 
The obtained results of dynamic verification additionally confirm the 
adaptability of the model to changes in parameters over time. The main 
difference of information technology based on an operator-oriented 
model is that it combines interpretability and adaptability within 
a single operator structure. The article formalizes for the first time the 
integral operator structure of a digital spectral twin with the introduc-
tion of a spectral information operator and theoretical conditions of 
identifiability and convergence, which distinguishes the developed 
information technology from existing ones, where such aspects were 
not systematically considered.

The practical significance of the results obtained lies in the possibil-
ity of their application for high-precision identification of parameters 
of multilayer structures, optimization of optical coatings and creation 
of adaptive digital spectral twins in real time. The developed model is 
also suitable for tasks of spectral identification of plasma systems and 
for diagnostics of erosion processes of electrodes. Due to the possibility 
of online adaptation, it can be used in monitoring and control systems 
of technological processes, where its continuous coordination with 
experimental data is necessary.

The features of the obtained results are the development of a holis-
tic operator model of a digital spectral twin, which is built on the basis 
of the decomposition of the process of forming a spectral response.  
A two-loop hybrid learning algorithm has been developed, which pro-
vides separate but consistent optimization of the physical and neural 
parameters of the model. An important component is the introduction 

of the spectral informativeness operator as a separate parameterized 
block of the model being trained. This block allows formalizing the 
contribution of informative spectral components to the process of iden-
tifying parameters. Theoretical conditions for identifiability, stability 
and convergence have been developed for the class of hybrid operator 
models of digital twins, which provides an analytical justification for 
the correctness of the developed information technology. A variational 
formulation of the problem of adapting a digital twin is proposed, tak-
ing into account physical constraints and regularization mechanisms, 
which increases the stability of solving incorrect inverse problems.

The uniqueness of the research lies in the fact that the digital 
spectral twin is considered as a single hybrid operator in functional 
spaces with an internal adaptation structure, and not as a separate 
physical or purely neural model. Unlike existing methods and mod-
els, the work is not limited to imposing physical constraints on the 
residual functional, but an architecture is formed in which physical 
laws and spectral informativeness are the constituent elements of the 
operator being trained. The balance between physical correctness 
and the approximation ability of the neural network is ensured by 
the implemented mechanism of consistent two-loop parameter up-
date. Within the framework of the research of digital twins, the article 
combines the rigorous mathematical apparatus of operator theory in 
combination with modern methods of neural network training. The 
advantages of the work are that the developed model allows ensuring 
the physical consistency of the results and, at the same time, excludes 
non-physical solutions that are characteristic of purely neural network 
models. Due to the implemented decomposition of the parametric syn-
thesis problem, the dimensionality of the optimization is reduced and 
its conditionality is improved. The implemented two-loop learning 
mechanism increases the resistance to noise and model perturbations. 
The developed model architecture has high interpretability, since each 
of its blocks corresponds to a specific physical process. Additionally, 
stable convergence of the algorithm is ensured even with limited data 
volumes. The developed model is scalable and can be adapted to dif-
ferent types of spectroscopic systems.

The limitations of the applicability of the developed information 
technology include the fact that its effectiveness significantly depends 
on the correctness of the physical model of the object and the accu-
racy of parameterization. Its effectiveness also depends on the quality 
and representativeness of the training sample, which at this stage was 
formed mainly on the basis of synthetic data, which in turn imposes 
restrictions on the degree of generalization of the obtained results for 
the conditions of real technological processes, in particular in cases of 
significant noise.

The internal shortcomings of the developed model include in-
creased computational complexity compared to classical numerical 
methods, which is due to the presence of a two-loop optimization pro-
cedure and the need for coordinated tuning of physical and neural 
network parameters. In addition, at the current stage of implementa-
tion, the developed model does not fully take into account the complex 
nonlinear and non-stationary effects of real technological processes, 
which may limit the accuracy of reproducing the object’s behavior.

The research was carried out under martial law in Ukraine. At the 
same time, it should be noted that the region of its conduct is Trans-
carpathia, namely the city of Uzhhorod, which is characterized by 
a relatively more stable security situation compared to most regions 
of Ukraine. This made it possible to ensure the continuity of the edu-
cational process and scientific activity. Of course, air alarms and or-
ganizational restrictions took place, but their intensity did not lead to 
a systematic cessation of research. Despite the nationwide restrictions of 
the war period, the results obtained in the work confirm the possibility 
of conducting systematic scientific research in our region, provided that 
the process is adaptively organized and digital technologies are effec-
tively used. Further research may be aimed at experimental verification 
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of the model in the context of industrial facilities. Its application for 
multi-physical processes is promising, taking into account thermal, 
mechanical and chemical factors. It is also advisable to develop adap-
tive strategies for automatic selection of the neurooperator structure 
and regularization parameters. Researches of stochastic and Bayesian 
versions of the digital twin are of considerable interest, including for 
quantitative assessment of uncertainties. Also, a promising direction is 
the integration of the model into real-time process control systems and 
its extension to other types of inverse problems in photonics, materials 
science and nanotechnology.

4. Conclusions

1.	 The work developed a hybrid physical-neural operator model 
of a digital spectral twin with an explicit decomposition into a physi-
cal block, a spectral filter and a neurooperator, which allowed to form 
a holistic mathematical architecture of the model.

2.	 A two-loop adaptive learning algorithm was constructed, which 
provides coordinated optimization of physical and neurooperator pa-
rameters within a single error functional. Theoretical conditions for 
stability, convergence and identifiability of the hybrid model were ob-
tained, and the approximation error was estimated, which for synthetic 
structures does not exceed 0.01, which creates a formal basis for analyz-
ing the correctness of solving inverse spectral problems. The algorithm 
was implemented programmatically and numerical verification was 
carried out on two synthetic multilayer structures.

3.	 Numerical verification of the hybrid model was carried out on 
synthetic multilayer structures. It is found that for the first structure, RMSE 
decreases from 0.07 (TMM) to 0.04 (MLP) and to 0.01 in the hybrid 
model, however, with a simultaneous increase in R from 0.94 to 0.97 and 
to 0.994. For the second structure, RMSE decreases from 0.06 (TMM)  
to 0.03 (MLP) and to 0.01 within the hybrid architecture, while R in-
creases from 0.95 to 0.975 and to 0.996. The results clearly confirm the 
stable advantage of the hybrid model, both in terms of spectral accuracy 
and consistency of the shape of the reproduced dependencies.

4.	 The effectiveness of the learning algorithm is assessed and the 
adaptability of the model is investigated. It is shown that the hybrid ar-
chitecture provides a stable reduction in error (up to RMSE ≈ 0.1) and an 
increase in the consistency of spectral dependencies (R ≈ 0.994–0.996),  
which indicates its effectiveness and robustness to variations in  
input data.

The model was also tested on experimental spectra of high-voltage 
nanosecond discharge with zinc electrodes. The results confirmed its 
ability to selectively identify spectral components in complex multi-
line spectra.

The practical value of the results of the work lies in the possibility 
of using the developed digital twin model and its training algorithm for 
highly accurate identification of parameters of multilayer structures, 
optimization of optical coatings, and construction of adaptive digital 
twins in real time.
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