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ABSTRACT

The relevance of the study is due to the increasing complexity of inverse spectroscopy problems arising in materials science,
optoelectronics and related fields, as well as the limitations of classical methods of spectral synthesis of parameters, which are based on
the use of the full spectrum. This leads to high computational costs, reduced numerical stability and deterioration of the identifiability of
parameters in the presence of noise. In this regard, it is relevant to develop methods that provide a controlled reduction in the
dimensionality of spectral data without losing the physical correctness and accuracy of parameter synthesis. The aim of the work is to
develop a method of controlled spectral synthesis of parameters, in which the inverse spectral problem is solved on an adaptively formed
informative subset of the spectrum. To achieve the set goal, the following tasks were solved: the concept of spectral informativeness was
formalized based on the sensitivity analysis of parameters; a mechanism for adaptive formation of an informative spectral subset was
developed; A controlled computational cycle of parameter synthesis using a physically based model was constructed; criteria for stability
and stopping the synthesis process were determined. The work applied methods of mathematical modeling of spectral characteristics,
variational optimization methods, sensitivity analysis, regularization of inverse problems, and principles of controlled computational
processes. In the developed method, spectral synthesis of parameters is considered not as a one-time optimization procedure, but as a
closed controlled cycle with dynamic adaptation of the spectral region of analysis. The results obtained demonstrate that the use of an
adaptive informative subset of the spectrum allows to significantly reduce the amount of spectral data while maintaining an admissibly
small relative error in parameter estimation. It is shown that in the process of iterative controlled synthesis, weakly informative spectral
sections are automatically excluded, for which the sensitivity of the model to parameter variations is low or degenerate, which directly
leads to an improvement in the conditionality of the inverse problem. The reduction of spectral redundancy and the concentration of
analysis on informative areas ensure the reduction of the influence of noise disturbances on the identification results and the stabilization
of the functional minimization process. As a result of numerical testing, the existence of a compromise between the accuracy of
parameter synthesis and the volume of spectral information used was confirmed, which within the framework of the developed method is
implemented in a controlled, reproducible and without loss of physical interpretability of the results. The method was tested on
experimental spectral data of a nanosecond discharge plasma, which confirmed its suitability for the identification of Zn, N2 and N Il
concentrations. The practical significance of the results obtained lies in the possibility of increasing the efficiency and stability of inverse
spectroscopic calculations in applied information systems.
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INTRODUCTION calculations and worsens the convergence of the
algorithms synthesis of parameters, as a rule, is
formulated as a problem of minimizing the
functional of the discrepancy between the model and
experimental spectra over the entire available
spectral region, which has a number of limitations.
The use of the full spectrum leads to excessive
computational costs, reduced numerical stability in
noise conditions and poor identifiability of
individual parameters, the spectral sensitivity of
which is localized or insignificant. As a result, part
of the spectral information actually does not
participate in the synthesis process, but at the same

Inverse spectroscopy problems play a key role
in modern research on materials, optoelectronics,
nanophotonics and related fields, as they allow to
restore the physical and structural parameters of
objects from their spectral characteristics. In most
practical cases, such problems are incorrectly posed,
sensitive to measurement noise and are characterized
by high computational complexity. This necessitates
the use of specialized numerical and regularization
methods and to ensure the stability and physical
correctness of the results. Traditional spectral the

: : time complicates.
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Recent research in the field of inverse
problems, sensitivity analysis and physically based
modeling shows that the informativeness of spectral
data is wuneven along the wavelength and
significantly depends on the desired parameters.
This opens up the possibility of transitioning from
global use of the spectrum to localized analysis of
those spectral regions that contain maximum
information about the parameters of the object. At
the same time, most of the existing methods for
selecting spectral ranges are heuristic in nature and
are not integrated into the general structure of the
synthesis process. In this regard, the development of
information technologies is relevant, within which
spectral synthesis of parameters is considered not as
a one-time optimization procedure, but as a
controlled computational process with dynamic
adaptation of the spectral region of analysis,
stopping criteria and regularization parameters. This
allows combining the physical correctness of the

model, numerical stability and computational
efficiency.
In this paper, a method of controlled spectral

synthesis of parameters using an adaptive
informative subset of the spectrum is developed. The
main idea is to form and dynamically update the
spectral domain of analysis based on the assessment
of the sensitivity of the parameters, the stability of
the synthesis process and the conditionality of the
inverse problem. This allows to significantly reduce
the dimensionality of the problem without losing the
accuracy of parameter recovery and to ensure
controlled convergence of the computational
process.

Purpose and objectives. The purpose of the
work is to develop a method for controlled spectral
synthesis of parameters using an adaptive
informative subset of spectral data, which allows for
effective and stable solution of inverse spectral
problems, reducing the amount of calculations
without losing the physical correctness of the results.

The objectives of the work are as follows:

1) to theoretically substantiate the concept of
controlled spectral synthesis as a closed loop with
dynamic selection of the spectral region and
stopping criteria;

2) to develop an algorithm for forming an
adaptive informative subset of spectral data based on
the analysis of the spectral sensitivity of the
parameters and the assessment of the conditionality
of the inverse problem;

3) to integrate the physical model of the object
into the computational cycle to ensure the physical
correctness of the synthesis results;

4) to determine the criteria for stability and
error control of the synthesized parameters for the
controlled cycle;

5) to compare the effectiveness of the
developed method with classical synthesis methods
through numerical experiments and error analysis.

The paper is structured as follows: Section 2
presents the theoretical foundations of controlled
spectral parameter synthesis and formulates the
concept of an adaptive informative spectral subset.
Section 3 describes the developed architecture of the
controlled  computational cycle and the
corresponding mathematical models and criteria.
Section 4 reports the results of numerical
experiments and comparative analysis with the
classical spectral synthesis methods. The final
section summarizes the main conclusions and
outlines directions for future research.

RELATED WORKS

Traditional methods for solving inverse
problems are based on the minimization of
regularized variational functionals and iterative
smoothing schemes. The current state of this theory
is described in the book [1], which presents in detail
the theory of regularization, operator methods and
numerical algorithms for ill-posed problems. This
theory is widely used to stabilize spectral inversion,
but it significantly depends on the choice of the
regularization parameter and scales poorly in high-
dimensional parameter spaces. In [2], an in-depth
interpretation of Tikhonov regularization s
developed through the concept of approximate
source conditions, which refines the convergence
properties, but does not eliminate the sensitivity to
noise and the difficulties of discrete implementation
in practical spectroscopic problems. An alternative
class of traditional methods is iterative regularizers,
in particular the Landweber method and its
modifications [3], which are characterized by
simplicity of implementation, but require empirical
selection of the stopping criterion and are
characterized by low computational efficiency for
problems with a large number of parameters.
Separately, modern studies of the Backus—Gilbert
method [4] should be highlighted, which include its
probabilistic and Bayesian generalizations, and
extend its classical variation to multiparameter
inverse problems, while providing the possibility of

integrating a priori information. In general,
traditional methods are limited by high
computational cost, sensitivity to noise and

regularization parameters, as well as insufficient
physical interpretability of solutions, which
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necessitates the transition to adaptive and physically
informed methods of spectral synthesis.

Adaptive and reduced spectral methods are
aimed at overcoming the limitations of classical
regularizations by reducing the dimensionality of the
search space. In [5], [6], the Adaptive Spectral
Inversion (ASI) method was developed, in which the
inverse problem is solved in an adaptive spectral
subspace with a dynamically changing basis of
eigenfunctions, which allows implementing implicit
regularization without introducing penalty terms and
significantly reducing computational costs. At the
same time, such methods are closely related to a
specific direct operator and require specialized
tuning, which limits their versatility. Bayesian
adaptive methods, in particular inversion using
Polynomial Chaos Kriging [7], implement active
selection of informative sections of the parameter
space and provide effective approximation of
posterior distributions with a limited number of calls
to the direct model. However, without explicit
integration of the physical model, such methods may
lose physical interpretability and complicate stability
analysis. Additionally, recent works demonstrate the
development of adaptive and modified classical
numerical methods to improve the stability and
accuracy of spectral inversion. In [8], a method for
solving inverse spectral problems with incomplete
data was developed, which allows for correct
reconstruction of spectral characteristics even with
limited information. A similar idea of adaptive
optimization was implemented through a
modification of the classical Levenberg—Marquardt
algorithm  [9], which  provides increased
convergence and stability when inverting spectra
with noise and complex spectral structures. It is also
worth mentioning the method developed in [10],
which effectively selects representative subsets, but
is focused on classification problems and requires
physical adaptation for spectral inversion, which
limits its universality. Adaptive selection of subsets
from LUT databases [11] allows for reducing
computational costs and increasing the accuracy of
inversion, but depends on the density and
representativeness of the table, which also limits its
capabilities without physical regularization. This
emphasizes the need to combine LUT methods with
physical models and adaptive selection of
informative subsets. In general, adaptive spectral
methods reduce the computational complexity of
inverse problems, but are characterized by limited
universality, dependence on the specific formulation,
and increased methodological complexity.

Further development of adaptive methods is
represented by hybrid methods that combine
physical models with machine learning methods for
solving inverse spectral problems. In [12], a
physically oriented model based on a regularized
recurrent inference network was developed, where
physical constraints are integrated directly into the
learning and inversion process, which provides
increased noise resistance and reduced need for
training data. A similar in ideology, but less
physically rigorous strategy is presented in [13],
where the reconstruction of spectral functions is
carried out through automatic differentiation, and
regularization is implemented implicitly through the
architecture of the neural network; at the same time,
the lack of explicit physical priors may limit the
interpretability of the solution.

Significant progress in physically informed
machine learning is associated with the development
of adaptive PINN-like architectures. In [14], [15],
[16], [17], various adaptation mechanisms have been
developed, from guided tuning of kernels and
hyperparameters to  spectral and  residual
architectures aimed at overcoming spectral bias, loss
balancing problems, and unstable derivative
optimization. They demonstrate increased accuracy
and efficiency in problems with sharp gradients or
complex spectral structures, but are accompanied by
an increase in architectural and algorithmic
complexity. The application of physically informed
neural networks to inverse problems in materials
science and multiphysics systems is considered in
[18], where the possibility of reliable inversion of
anisotropic parameters and physically significant
characteristics is shown. In [19], a hybrid model of
inverse spectral analysis of multilayer structures was
developed, combining pre-trained deep neural
networks with classical iterative algorithms,
providing increased accuracy, noise resistance, and
reduced iterations, which confirms the effectiveness
of integrating physical models and machine learning.
The importance of choosing informative regions of
the spectrum was investigated in [20], where the
example of plasma physics shows which spectral
components critically affect the accuracy of
parameter determination. The results obtained
emphasize the need to integrate knowledge about
spectral relevance into computational algorithms and
adaptive methods. General trends in spectral
methods are summarized in [21], which considers a
wide range of methods for solving nonlinear
problems, their strengths and weaknesses, and the
possibilities of integration with modern ML- and
physically-informed methods. The paper [22]
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demonstrates the modern development of methods
for spectral decomposition of hyperspectral data,
where, along with classical geometric, statistical and
sparsity-oriented methods, modern deep learning
and hybrid methods for analyzing spectral mixtures
are also considered. A vivid example of adaptive
reduction of the spectral space is the paper [23],
where the effectiveness of representative learning by
selecting relevant bands is demonstrated. However,
the method does not contain an explicit physical
interpretation of spectral parameters, which may
complicate its application in spectroscopy, where the
physical consistency of the solution is critical.
Modern parameter-efficient methods, in particular
[24], demonstrate significant capabilities for fine-
tuning models using only an information-significant
subset of parameters, which reduces computational
costs and the risk of overtraining, but requires a
reliable assessment of the information significance
of the selected parameters to preserve the physical
consistency of the model.

In general, ML- and physics-informed methods
and models open up new opportunities for solving
complex inverse spectral problems, but their
application is limited by the dependence on the
quality of training data, the risk of overfitting and
spectral biases of neural networks, which makes the
development of hybrid adaptive methods with
explicit consideration of the physical structure of the
problem relevant. Similar variations of increasing
the efficiency of neural network models by
optimizing training procedures and controlling the
dynamics of gradient descent are considered in [25],
where the possibility of accelerating and stabilizing
the training of neural networks in applied
information systems is demonstrated. The practical
application of the ML model to the analysis of
spectral characteristics is also demonstrated in [26],
where a combined machine learning model for
interpreting spectral data of gas mixtures is
developed, which confirms the effectiveness of
integrating machine learning algorithms with
physically based spectral analysis models.

Thus, the review confirms the trend towards
adaptive dimensionality reduction and selection of
informative subsets as a means of improving the
efficiency of inversion problems. Their strengths are
the reduction of computational costs and
improvement of data representativeness. At the same
time, the existing limitations are the lack of explicit
physical interpretability and dependence on the
specificity of the data. This is consistent with the
position of this article that for spectral synthesis it is
necessary to integrate adaptive algorithms with

physically based models and mechanisms for
selecting informative components.

RESEARCH METHODOLOGY

Research  hypothesis.  Assumptions and
simplifications adopted. The research hypothesis is
that the developed method of controlled spectral
synthesis of parameters, which uses an adaptive
informative subset of spectral data, allows to achieve
comparable or higher accuracy of parameter
recovery compared to classical synthesis over the
full spectrum, while simultaneously reducing the
amount of calculations and ensuring controlled
stability of the synthesis process.

Certain assumptions and simplifications are
adopted in the work. The spectrum of the object is
considered as a linear superposition of modal
components, which allows estimating the sensitivity
of parameters locally within the selected subset of
the spectrum. The structure of the object and the
basic physical properties of materials are considered
known and do not change during the synthesis of
parameters. Spectral measurements contain additive
noise with known statistical characteristics, which
does not depend on the parameters. A limited finite
number of parameters is synthesized, which provides
the possibility of using normalized error metrics.
Changes in the spectral subset A, occur gradually,
according to the sensitivity assessment, to avoid
sharp jumps in errors and ensure the stability of the
controlled cycle.

Conceptual formulation of the problem. Let a
physical object be described by a vector of
parameters

P=(PpP2.-- PN ), 1)

and its spectral characteristic is formed by a direct
physical model

Smaa (4, 0): A>R, )

where A€ A=[Amin, Amax] is @ full spectral region.
Experimentally measured spectrum:

Sexp(i)zstrue(i)‘l'g(i), (3)

where (1) is an additive measurement noise [27].

Classical inverse problem (constraints).
Traditionally, spectral synthesis of parameters is
formulated as the minimization of a functional over
the entire spectral domain:

P =arg mgn IA‘Smod (4, P) = Sew (/1)‘2‘” . 4
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where p° is a parameter estimation. Despite its

formal universality, this problem is characterized by
a high dimensionality of the parameter space and, as
a result, significant computational costs. In addition,
integration over the entire spectral region leads to
excessive calculations in areas that are poorly
informative about the desired parameters, reduces
the robustness of the problem to experimental noise,
and complicates the identification of individual
parameters whose contribution to the spectrum is
local or correlated with others.

In such a formulation, the structure of the
inverse problem is considered fixed throughout the
synthesis process, which makes it impossible to
adapt it to local spectral properties and the current
state of parameter identification.

Adaptive informative subset of the spectrum.
To overcome these limitations, a mechanism for
guantifying the local informativeness of the
spectrum is introduced, which is subsequently used
as a control signal.

Definition of information content. To assess the
impact of each parameter on the spectrum, a spectral
information content function is introduced:

OSmod (4, P)
op;

N

(4 P)=2 o

i=1

: (®)

where @ is are the parameter weights, and the
derivatives describe the sensitivity of the spectrum
to parameter changes. If 0Smod/Opi=0, the parameter
pi is practically not identified in this region of the
spectrum [28], [29].

Formation of the informative region. Expansion
or narrowing of the informative region is carried out
based on changes in the functional and local spectral
informativeness:

AR UAA, if o0 —kD <z

A = . (6
! A\ AA, i |<(Jgkl))>kmax ©

The informative spectral subset is defined as the
set of wavelengths for which the informativeness
measure exceeds a given adaptive threshold:

Ay ={AeA|I(A4P) >}, @

where 7 is an adaptive information threshold.

In this formulation, the informative region Al is
a proper subset of the full spectral region A, and its
dimension is significantly smaller compared to A.
This allows us to focus computational resources only
on the most informative parts of the spectrum,
eliminating the need to process the full spectral

range and increasing the efficiency and robustness of
the algorithm. Thus, the use of the full spectral range
is not necessary for effective parameter
identification.

Controlled spectral synthesis of parameters.
The control rules C determine how and when the
inverse problem statement itself changes in the
process of spectral synthesis of parameters. The
formation and adaptation of the informative spectral
region within the controlled synthesis is carried out
in accordance with definitions (5)-(7) and is
considered as one of the controlled mechanisms for
restructuring the inverse problem. The basic state
variables are the current estimate of the parameters

of the physical model at the k-th iteration p(*)

A9 — the current informative spectral region

formed on the basis of the analysis of the sensitivity
of the spectrum to the parameters, the value of the
residual functional ®® and the numerical
characteristics of the conditionality of the inverse
problem. The control rules analyze the dynamics of
these quantities and form decisions regarding the
further restructuring of the synthesis process.
Controlled computational cycle. Formally,
controlled spectral synthesis is described as a
controlled computational system given by a tuple

7=(s9.a0 m.C), ®)

where M is a parameterized physical model of
spectral characteristic formation, C is a set of
governing rules that determine the mechanisms for
adapting the synthesis process, which is introduced
by the authors.

Within the framework of this algorithm, each
iteration of the synthesis process not only specifies

the values of the parameters f)(k), but is also

accompanied by an analysis of the informativeness
of the spectral data, an assessment of the stability of
the inverse problem and, if necessary, a correction of
the spectral domain of analysis. Thus, spectral
synthesis acquires the properties of a controlled
process, in which not only the sought solution
changes, but also the structure of the problem itself.

The control rules C implement the decision
logic for expanding or narrowing the informative
spectral region, changing the spectral discretization
resolution, correcting the regularization parameters,
and switching between different optimization
modes. This allows for a consistent combination of
accuracy, computational efficiency, and numerical
stability of the synthesis process.
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The control rules C are given as a set of
decision operators that act on the state of the
computational process at the k-th iteration.

S(k) _ (ﬁ(k),Ask)ﬂ)(k),J[(\kl)) , 9)

where ®% is the value of the functional; J, is the
sensitivity matrix (Jacobian) calculated on the
current informative spectral subset A{¥.

Rules for forming an informative region. The
above mechanism for forming an informative
spectral subset within the framework of controlled
synthesis is implemented in the form of formal
control rules that operate at each iteration of the
process and are implemented according to formulas
(6-7).

The adaptation regularization rules are
adjusted based on the assessment of the
conditionality of the tasks:

(k)
Ve KIIA, )> Kiax
L0 _ ) ( ! )

k 1
- k(\],(\l))<kmin ( 0)
y.>1 y_<1.
As the number of conditions increases,

regularization is strengthened to stabilize the
solution, while as the conditions improve the value
of a decrease, which increases the accuracy of
parameter synthesis. This allows stabilizing the
synthesis in areas of poor parameter identifiability.

The rules for selecting the optimization mode
are determined by the value of the gradient of the
functional:

global search, HVpd)(k)H > 6
M ® = local refinement, &, < “qu)(k)“ <¢ .(11)
stabilization, HV pCD(")H <6,

The developed mechanism for controlled
formation and adaptation of an informative spectral
subset, as well as a system of governing rules for
making decisions regarding the structure of the
computational process is the author's development
and has no direct analogues in known works on
classical spectral synthesis of parameters.

Controlled synthesis functional. In a controlled
computational cycle, the local residual functional is
minimized, defined not on the full spectral domain,
but only on its informative subset:

O (B) = [ g0 [Sros (2 )~ Sew W[ di+aR(p), (12)

where Smoq is @ spectrum obtained from the physical
model M; Sep is an experimentally measured
spectrum, R is a regularization functional reflecting
a priori constraints on the model parameters [30], a
is an adaptive regularization coefficient.

The main feature of this computational cycle is

that the functional ®®)(p) changes during the
synthesis process together with the informative
spectral region A{¢). This means that at each

iteration a different local inverse problem is solved,
optimally matched to the current state of the
parameters and the properties of the spectrum. The
adaptive coefficient a provides a balance between
the accuracy of the approximation of the
experimental data and the stability of the restored
parameters. Its value is adjusted based on the
analysis of the convergence of the process, the
sensitivity of the spectrum to the parameters and the
conditionality of the corresponding sensitivity
matrix. Due to this, the controlled spectral synthesis
of the parameters allows avoiding re-adaptation to
measurement noise, automatically detecting regions
with low informativeness and providing physically
correct and numerically stable solutions to the
inverse spectral problem.

Stopping criteria as a control element.
Synthesis stops not only based on error, but on a set
of criteria:

<
HAsku) —Aﬁk’H<€A |

k(jA, ) < Kmax

(13)

where k is a the conditionality number [31]. This set
of criteria is the author's addition to the classical
formulation of the Dirichlet problem and allows us
to control the stability and accuracy of parameter
synthesis in the process of a controlled cycle. As a
result, we have a stop for the stability of the process,
not just the result.

RESULTS AND DISCUSSION

Algorithm and architecture. Fig. 1 shows the
developed architecture of controlled spectral
synthesis of parameters with a closed feedback loop,
in which the parameters of the physical model and
the informative spectral region are adaptively
updated until stability criteria are achieved.
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Algorithm of controlled spectral synthesis of
parameters. Let us dwell in detail on the main steps
of the developed algorithm.

Step 1. Initialization. Initial estimates of the

object parameters p(®, the initial spectral region
A® <A, as well as the initial control settings are

given: regularization coefficient @, spectral
resolution AA® and stopping criteria.
Step 2. Physical modeling. Based on the current

parameters p®) within the informative region A{¥
, the model spectrum

5™ (2,5%), 2e Al

is calculated using the physical model M.

Step 3. Controlled spectral synthesis of
parameters. The inverse problem is solved by
minimizing the local functional (12), resulting in an

updated parameter estimate p**.

Step 4. Analysis of convergence and
informativeness (control module). Based on the
iteration results, the convergence of the parameters

H pkD — “ , the sensitivity of the spectrum to the

parameters, and the conditionality of the inverse
problem in the current domain A{) are estimated.

The control module generates control rules for the
next iteration.

INPUT
PARAMETERS

1

> UPDATE pf¥

Y

MODELING
MODULE M

1

UPDATE A*

Y

ADAPTIVE
MODULE 4,

A

1

1

PARAMETER
OPTIMIZATION
MODULE

- OPTIMIZATION |
| CONTROL. a®*+9, 1%+ |

!

CONTROL
MODULE C

!

UPDATE
RULES 4,64, a

1

Are the stability

and informativeness

criteria met?

SYNTHESIZED
SPECTRUM

Fig. 1. Architecture of controlled spectral synthesis of parameters with closed feedback loop

Source: compiled by the authors
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Step 5. Adaptation of the computational
strategy. According to the governing rules, the

informative spectral region A Ak s

adjusted, the spectral resolution AZ**Y is changed,
and the regularization coefficient oV is adapted.
Step 6. Checking the stopping criteria. The
stability and informativeness conditions (13) are
checked. If the conditions are met, the algorithm

ends with the final estimates p . If not, then the

transition to the next iteration k<—k+1 is made.

Thus, parameter synthesis is implemented as a
closed-loop controlled loop in which the adaptation
of the spectral domain and computational parameters
is based on convergence, sensitivity, and
conditionality analysis, rather than following a fixed
or heuristic scheme.

Numerical testing and accuracy analysis. To
demonstrate the performance of the developed
method of controlled spectral synthesis of
parameters, synthetic spectral data were used,
formed according to a generalized physically
interpreted model in the form of a sum of two
Gaussian components that simulate individual
spectral contributions without being tied to specific
chemical elements or materials. This allows us to
investigate the properties of controlled spectral
synthesis in a universal setting, independent of the
specifics of a particular object.

The full spectral range A covers the region of
400-800 nm, which contains both informative and
weakly sensitive regions. To analyze the
effectiveness of adaptive spectral reduction, several
informative subsets of A, of different widths were
considered, concentrated in regions of increased
spectral sensitivity to model parameters. This choice
allows us to investigate the influence of the size and
localization of Al on the accuracy of synthesis and
computational efficiency.

Regarding the analysis of  spectral
approximations, Fig. 2 is constructed, which shows a
comparison of the experimental (noise) spectrum
with the results of classical parameter synthesis
performed using the full spectral range A. We see
that involving the entire spectrum does not guarantee
optimal agreement with experimental data, since
weakly informative regions of the spectrum
negatively affect the stability of the inverse problem.

Fig. 3 illustrates the results of the developed
controlled parameter synthesis for several variants of
informative subsets A,. Despite the significant
reduction in the spectral range, the model spectra
demonstrate high agreement with the experimental
data precisely in the informative regions. This

Intensity

confirms the feasibility of the transition from the full
spectrum to an adaptively formed subset.

—— Experimental
1.2 Classical (full)

Intensity
o o o =
= (=] =] (=]
|

o
¥
4
4
=
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e
=]
|

1

e
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Fig. 2. Classical synthesis (full spectrum)
Source: compiled by the authors
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b
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Fig. 4 shows the relative error of parameter
estimation for different variants of A,. The obtained
results indicate that reducing the spectral range does
not lead to a significant deterioration in the accuracy
of the synthesis. On the contrary, for some
informative subsets, more stable and more
reproducible parameter estimation is observed,
which is explained by the improvement of the
conditionality of the inverse problem.

Fig. 5 shows the ratio |AIl/IAl, which
characterizes the fraction of the used spectrum
relative to the full range. We see that in the
considered scenarios only 30-60 % of the spectral
points are used, which directly reduces the
computational costs and the amount of processed
data.
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It should be noted that spectral dependences in
this article are used not as the ultimate goal of
analysis, but as an information carrier for solving the
problem of model parameter synthesis. The obtained
spectra serve as a means of verifying the correctness
of the identified parameters, while the main criterion
for the effectiveness of the developed method is the
accuracy of the estimation of the object parameters.

Fig. 6 shows the results obtained to illustrate
the influence of the size of the informative spectral
region on the accuracy of parameter recovery and to
quantitatively confirm the effectiveness of guided
spectral synthesis under the conditions of stepwise
reduction of spectral information. Four informative

spectral  regions AT > AZ > A} > A7 are
displayed on the X axis.

These spectral regions A{*) are selected as
follows:

~ A% =[450,750] nm, A{’| =300 nm — wide

region, almost classical synthesis;

Relative parameter error &,

A}‘]J .‘\}‘2] .‘\}‘33 /\}"”

Informative spectral subset

Fig. 6. Four informative spectral regions to

demonstrate controlled parameter synthesis
Source: compiled by the authors

— A} =[500,700] nm,‘A(,z)‘ =200 nm — middle
region, weakly informative edges of the spectrum
are eliminated,;

~ A} =[550,650] nm, [A{)|=100 nm -
narrow region,
sensitivity;

~ A} =[580,620] nm, [A{?|=40nm -

zone of maximum parametric

minimum area, critical minimum information.
The ordering is performed by the width of the

spectral area as follows ‘AH>‘AH>‘A?‘>‘A”

(300>200>100>40). That is, there is more spectral
information on the left, and less on the right.

The Y axis shows the relative error of parameter
estimation:
H p* - pref ‘

&, =0

p .
” pref "

The increase in the relative error & with a
decrease in the size of the informative spectral
region A, is expected and is due to a decrease in the
amount of available information. At the same time,
the results demonstrate that the developed controlled
spectral synthesis provides a stably acceptable
accuracy of parameter recovery even with a
significant spectral reduction, which indicates the
information efficiency of the method. We see that
there is a compromise between the accuracy of
parameter synthesis and the amount of spectral
information used. Even with a significant reduction
in the spectrum, when |A|<|Al, the relative error &
remains acceptably small. The developed method
operates in a controlled manner under conditions of
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incomplete information, and does not “fall”
chaotically.

The horizontal red line corresponds to the
permissible error ecit, which is defined as the
maximum permissible deviation of the synthesized
parameters from their reference values. The value
ecrit =0.05 (5 %) was chosen as representative for the
demonstration problem, which meets the typical
requirements for synthesis accuracy in spectral
modeling of such systems. It shows that with a
relative error of less than 5 %, the parameters are
considered to be adequately restored, which allows
us to clearly compare the efficiency of controlled
synthesis for different informative regions A,. As we
can see, for the first two, wider spectral regions
ep<ecrit, Which indicates a high accuracy of parameter
synthesis. For narrower regions, the error increases
and exceeds &qit, demonstrating the expected
compromise between the amount of spectral
information and the accuracy of parameter
restoration. The obtained result confirms the
effectiveness of the developed method, i.e. even
with partial spectral reduction, the accuracy remains
acceptable for the most informative ranges.

Therefore, the presented results clearly
demonstrate that the adaptive informative subset of
the spectrum A, allows to significantly reduce the
amount of spectral data without loss of
informativeness, the accuracy of parameter synthesis
remains stable or even improves due to
conditionality  control, and the developed
architecture implements not just optimization, but a
controlled method of spectral parameter synthesis,
where spectral reduction is a systemic element of the
algorithm.

Comparison with classical synthesis. Table 1
presents a comparative analysis of the developed
parameter synthesis method with classical synthesis.
Classical synthesis is a one-time optimization of the
functional, without assessing the sensitivity or
stability of the parameters, while the developed
method implements a closed controlled loop with

dynamic adaptation of the parameters and the
spectral domain. The stopping criteria in controlled
synthesis include not only minimizing the
functional, but also checking stability and
sensitivity, which increases noise resistance and
ensures the physical correctness of the restored
parameters through the integration of the physical
model into the loop. The flexibility of the system is
also significantly higher, due to the fact that the
method allows you to automatically change the
resolution of the spectrum and focus on informative
areas, which is not available to classical synthesis.
Spectral identification of gas mixtures. In
experimental works [32], [33], [34], a study of
overvoltage nanosecond discharges in air, nitrogen
and metal wvapors 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 justification. Therefore, to
demonstrate the capabilities of the developed
method, the task of spectral identification of plasma
components of an overvoltage nanosecond discharge
between zinc electrodes in a nitrogen atmosphere
was chosen [32]. In the experiment, Zn | / Zn 11 lines
(zinc vapor), the N2 Second Positive System system,
N 11 lines and a weak background and measurement
noise are observed. The task is to determine the
concentration contributions of the components
C={Zn, N, N} from the measured emission
spectrum.

A model spectrum in the range of 200-600 nm
was formed based on informative lines (subset A)).
Zn: 206.20, 213.85, 330.25, 334.50, 472.21 nm; Na:
315.93, 337.13, 357.69 nm; N II: 399.49, 462.13,
500.52, 567.60 nm were selected. The peak
amplitudes were taken proportional to the relative
intensities given in the experimental article. The
lines were modeled by Gaussian profiles (6=0.25
nm).

Table 1. Comparison with classical synthesis

Characteristics Classical synthesis Controlled adaptive synthesis
Spectrum usage Full spectrum Adaptive informative subset
Process type One-shot optimization Closed controlled loop

. o Functional s - e
Stopping criteria S Minimization + stability + sensitivity
minimization only

Computational cost High Less due to spectrum reduction
Noise resistance Medium Higher, due to sensitivity analysis
Physical correctness Partially Preserved, due to model integration into the loop
Flexibility Low High, dynamic control of parameters and spectrum area

Source: compiled by the authors
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Fig. 7 shows the simulated experimental
spectrum of plasma emission from an overvoltage
nanosecond discharge between zinc electrodes in a
nitrogen atmosphere. The blue signal displays the
full measured spectrum including all registered lines,
background component and detection noise, which
corresponds to the real experimental situation. On
this background, only those spectral components that
were used in the concentration identification task are
highlighted in color.

The yellow color reproduces the contribution of
atomic and ionized zinc (Zn), which corresponds to
a fraction of 0.25 and characterizes the electrode
material. The green color indicates molecular
nitrogen N, (Second Positive System) with a
dominant fraction of 0.65, which determines the
main volume of the plasma. The red color shows the
lines of ionized nitrogen N Il with a fraction of 0.10,
which reflect the degree of ionization of the
discharge medium. Other weak lines (O II, Ar Il, N
I) remain in the background spectrum and are not
involved in the parametric identification procedure.
These values correspond to the physical picture of
the process, namely, nitrogen dominates, and zinc
vapors from the electrodes and an ionized
component are present. Such visualization
demonstrates the localization of the informative part
of the spectrum within the general measured signal,
which justifies the use of the adaptive informative
subset A; for a stable assessment of the
concentrations of the plasma mixture components.

Additionally, a comparison of minimization
functionals was performed to demonstrate the
impact of the full spectral range and the adaptive
informative subset A, on the stability of Zn

concentration estimation. Here, the problem of Zn
concentration estimation with other components
fixed is modeled.

The graph in Fig. 8 shows that the functional
constructed over the entire spectrum has additional
local minimum regions due to the influence of noise
and background. The functional limited to the subset
Ay has a more pronounced global minimum near the
true concentration value, which demonstrates
increased stability and reduced sensitivity to
parasitic effects.

Thus, the experimental testing showed that the
informative part of the spectrum is localized in
narrow areas associated with the characteristic lines
Zn, Nz and N II, while the full spectral range
contains a significant background and noise
contribution. The use of the adaptive subset A,
ensures a reduction in the dimensionality of the
problem and the formation of a more pronounced
global minimum of the functional, which increases
the stability of concentration identification. The
results obtained confirm the feasibility of using the
developed method for problems of spectral analysis
of gas mixtures in plasma environments.

To demonstrate the advantages of the
developed method, the problem of the dependence
of the error in the identification of spectral
parameters on the noise level was considered. The
study was conducted on the basis of inverse analysis
of the emission spectrum using two methods,
namely classical inversion (on the full spectrum) and
the developed method (on an adaptively formed
subset of informative spectral lines). The obtained
results of the identification of the Zn concentration
are shown in Fig. 9.
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Fig. 7. Simulated emission spectrum with component contributions
Source: compiled by the authors
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Analysis of the graph shows that with
increasing noise level from 0 to 20 %, the error in
identifying Zn concentration for both methods
increases, however, the method based on the
adaptive subset of informative lines demonstrates
consistently lower RMSE values. At low noise, the
error is ~0.002-0.003 and decreases to ~0.010 at
20% noise, while for the full spectrum the error
increases from ~0.005 to =~0.018-0.020. This
indicates increased resistance of the method to noise
distortions and better localization of the global
minimum of the optimization functional.

Discussion. The obtained results of numerical
testing confirm the feasibility of transitioning from
the classical full-spectrum formulation of the inverse
problem to the controlled spectral synthesis of
parameters, formally described by equations (1)-(4).
As shown in the article, minimization of the residual
functional over the entire spectral domain leads to
excessive participation of weakly informative
regions of the spectrum, which negatively affects the
conditionality of the problem and increases
sensitivity to noise. Similar limitations of classical

methods are also noted in works [1], [2], [3], [4].
where a fixed spectral region is used without taking
into account parametric sensitivity.

The mechanism for forming an informative
spectral  subset developed in the work,
mathematically substantiated in formulas (5)-(8) and
illustrated in Fig. 2 and Fig. 3, allows focusing the
synthesis process on those regions of the spectrum
that carry the maximum information about the
sought parameters. Unlike the heuristic methods for
selecting spectral intervals considered in [5], [6], [7],
[8], in this work, spectrum reduction is carried out
based on sensitivity analysis and properties of the
inverse problem, which ensures the formalized and
reproducible nature of the procedure.

An important result is the improvement of the
conditionality of the parameter identification
process, which follows from the analysis given in
formulas (9)-(11). As shown in the results of
numerical experiments, a decrease in the number of
spectral variables is accompanied by a decrease in
the correlation between the parameters and
stabilization of the minimization process. In
traditional spectral synthesis methods described in
[2], [6], [9], such a problem often leads to the non-
identification of some parameters or the appearance
of multiple solutions.

The reduction in the noise effect recorded in the
work is explained by the fact that the adaptively
formed subset of the spectrum does not include areas
with a low signal-to-noise ratio and weak
dependence on the parameters, which is consistent
with analytical considerations. Unlike full-spectrum
methods [3], [4], [13], where noise components
directly affect the functionality, in the developed
method their effect is significantly limited at the
stage of controlling the synthesis process.

It should also be noted that the analysis of the
relative error of parameter estimation (Fig. 4) shows
that the reduction of the spectral domain does not
lead to a proportional deterioration in accuracy. For
informative subsets of medium and large width, the
relative error of parameters remains below the
permissible level &i=0.05, which indicates the
preservation of parametric informativeness even
with  significant  spectral  reduction.  The
improvement of stability for individual A, is
explained by the decrease in the conditionality
number of the sensitivity matrix, which is consistent
with the stopping criteria (see formula (13)). The
results shown in Fig. 5 quantitatively confirm the
effectiveness of spectral reduction: in the considered
scenarios, only 30-60 % of spectral points from the
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full range of A are used. This directly reduces the
computational costs and makes the synthesis process
more suitable for integration into real-time or quasi-
real-time information systems. Thus, resource
savings are achieved not at the expense of accuracy
loss, but due to the controlled selection of
informative data. Analysis of four informative
spectral regions of different widths (Fig. 6) clearly
demonstrates the compromise between the amount
of spectral information and the accuracy of
parameter recovery. With excessive narrowing of Ay,
a controlled increase in error is observed, but even in
this case the algorithm remains stable and does not
enter the incorrect identification mode. This
fundamentally  distinguishes  the  developed
technology from classical methods [7], [13], [14],
[15], where spectrum reduction usually leads to
uncontrolled degradation of the solution.

The results of testing on experimental data
demonstrate that the use of an adaptive informative
subset of spectral lines provides a clearer
localization of the global minimum of the
optimization functional compared to the analysis of
the full spectral range (Fig. 8). When the noise level
increases to 20 %, the error in identifying the Zn
concentration for the developed method is about
0.010, while for the classical one, on the full
spectrum, it increases almost twice (Fig. 9), which
indicates the increased resistance of the method to
noise distortions. The localization of informative
spectral sections within the characteristic lines of
Zn, N2 and N Il (Fig. 7) allows reducing the
influence of background components and
overlapping of spectral lines characteristic of the
plasma of overvoltage nanosecond discharges. Thus,
the adaptive formation of the subset A, actually
implements a physically justified reduction in the
dimension of the inversion problem, which increases
the stability and accuracy of estimating the
concentrations of the components of the plasma
mixture.

The developed method is most effective for
spectral identification problems of multicomponent
systems with partially overlapping lines, the
presence of a background component and
measurement noise — in particular for emission
spectra of plasma, gas discharges, laser-induced
plasma, as well as for optical spectra with localized
informative maxima. The greatest effect of using an
adaptive subset is achieved in cases where the
spectrum contains a limited number of physically
interpreted informative sections, while the rest of the
range forms a noise or weakly informative

component, which generates parasitic local minima
of the functional. Under such conditions, the
reduction of the minimization space increases the
identifiability of parameters and the stability of the
solution. On the other hand, the advantages of the
method are leveled for smooth nonlinear spectra
(broadband absorption curves without clear
localization ~of maxima), for  high-signal
measurements with insignificant noise, and also in
cases where the entire spectral range is uniformly
informative. In such problems, using the full
functional does not lead to the appearance of
parasitic minima, and adaptive reduction does not
provide a significant gain.

In general, the analysis of the results confirms
that the developed architecture of the guided spectral
synthesis  implements not  just  parameter
optimization, but a guided computational process in
which spectral reduction, regularization adaptation
and stopping criteria work in concert to ensure
stability, accuracy and computational efficiency.

The uniqueness of the work lies in the treatment
of spectral synthesis of parameters as a guided
method with adaptive reduction of spectral data,
where the process of parameter identification is
guided on the basis of sensitivity analysis,
conditionality and stability of the inverse problem.
Unlike existing methods, the adaptation of the
spectral domain is integrated directly into a closed
computational loop and has a formalized, rather than
heuristic, nature.

The limitations and disadvantages of the
developed method include the fact that the efficiency
of controlled spectral synthesis significantly depends
on the adequacy of the selected physical model and
the correctness of the estimation of the spectral
sensitivity of the parameters; in the case of model
errors or an inaccurately specified object structure,
the advantages of adaptive spectrum reduction may
decrease. The developed method is focused on
problems with a relatively limited number of
parameters, for which sensitivity and conditionality
analysis is computationally acceptable; with a
significant increase in the dimensionality of the
parameter space, control costs may increase. The use
of adaptive information thresholds and control
criteria requires preliminary tuning, which may
affect the universality of the method for different
classes of spectral problems. In addition, the method
requires the calculation of derivatives or their
numerical approximations, which may be limiting
for extremely complex models.
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The scientific novelty of the work lies in the
development of a new paradigm for solving inverse
spectral problems, within which spectral synthesis of
parameters is implemented as a controlled method,
and not as a one-time optimization procedure.
Unlike classical methods, the developed architecture
provides for dynamic adaptation of the spectral
domain of analysis, the structure of the
computational process and stopping criteria in
accordance with the current state of the problem. For
the first time, adaptive spectral reduction is
implemented based on the sensitivity analysis of
parameters, the conditionality of the inverse problem
and the control of the stability of the synthesis,
which allows to significantly reduce the
dimensionality of the problem without losing the
physical correctness of the results. The obtained
results formalize spectral synthesis of parameters as
an intelligently controlled computational process
that combines physically based modeling and
adaptive processing of spectral data.

Further research should be directed at
expanding the method of controlled spectral
synthesis of parameters to more complex physical
models, in particular multiparameter and nonlinear
spectrum-forming systems with a large number of
interconnected parameters. It is promising to
generalize the mechanisms for forming an
informative  spectral subset for cases of
multidimensional spectral data, as well as for
problems with spatial-spectral or temporal-spectral
dependence. Of particular interest is the integration
with machine learning methods for automated
prediction of informative spectral regions and
adaptation of control rules based on accumulated
data. This will allow us to move from fixed control
criteria to self-consistent intelligent strategies of
spectral  synthesis. A practical direction of
development is the implementation of the method in
the form of a software package or service for use in
applied information systems of spectroscopic
analysis, in particular in conditions of limited
computing resources or real time. It is also
promising to study the impact of various types of
noise and measurement errors on the stability of
controlled synthesis and formalize adaptive
strategies for compensating for such effects. In
general, further development of the developed
method opens up opportunities for creating
intelligent controlled systems for solving inverse

computational  efficiency depending on the
application conditions.

CONCLUSIONS

Theoretical analysis of the developed method
allowed substantiating a number of fundamental
advantages of controlled spectral synthesis of
parameters. It is shown that the use of an adaptive
informative subset of the spectrum leads to a
reduction in the dimensionality of the inverse
problem without loss of parametric informativeness.
By excluding weakly informative spectral regions,
the conditionality of the synthesis problem is
improved and the sensitivity of the results to
measurement noise is reduced. Spectral sensitivity
analysis allows detecting and excluding from the
synthesis process parameters that are not identified
in the current spectral region, which increases the
stability and physical interpretability of the solution.
The combination of these effects provides a
significant saving of computational resources and
increases the efficiency of the numerical
implementation of the inverse spectral problem.

The paper develops and tests a method of
controlled spectral synthesis of parameters, in which
the inverse spectral problem is solved on an
adaptively formed informative subset of the
spectrum. The developed method implements a
controlled closed computational cycle with dynamic
adaptation of the spectral region of analysis and
synthesis parameters.

Within the framework of numerical testing, a
comparison of classical spectral synthesis and
controlled synthesis was performed for different
informative regions, ordered by decreasing their
width. It is shown that the transition from the full
spectrum to adaptive spectral subsets allows to
significantly reducing the number of used spectral
points by several times. At the same time, for wide
and medium informative regions, the relative error
of parameter synthesis remains lower than the
specified permissible value &;i=0.05, which
indicates the preservation of high accuracy of
parametric identification. The obtained graphical
results demonstrate that even with a significant
reduction of the spectral region, controlled synthesis
provides a close reproduction of the experimental
spectrum and a stable estimation of parameters. At
the same time, for excessively narrow informative
regions, a controlled increase in the relative error of

spectral problems, capable of automatically the parameters was recorded, which confirms the
balancing between accuracy, stability and existence of a compromise between the accuracy of

the synthesis and the amount of spectral information.
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It is important that within the framework of this
method this compromise is not implemented
chaotically, but predictably and controlled.

Testing on experimental spectra showed that
the developed method provides correct and stable
identification of plasma gas mixture components in
the presence of background and noise. Quantitative
comparison with the classical optimization method
over the full spectrum showed that the use of the
adaptive subset Al allows reducing the parameter
identification error in the presence of noise and

reducing the sensitivity of the solution to
uninformative spectral regions.

Thus, the testing results confirm the hypothesis
of the study about the possibility of achieving high
accuracy of parameter synthesis with a significantly
smaller amount of spectral data. The developed
method demonstrates increased computational
efficiency and stability compared to classical
synthesis, which makes it promising for use in
information systems of spectral analysis and solving
inverse problems.
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AHOTALIA

AKTYAJIBHICTh JIOCITI/KCHHSI 3YMOBJICHA 3POCTAIOYOI0 CKIIAHICTIO OOCpHEHMX 3a[ad CIEKTPOCKOMii, 1[0 BHHHKAIOTH Y
MAaTepiaio3HABCTBI, ONTOCNICKTPOHIL Ta CyMDKHHX Taly3siX, a TaKOK OOMEXKEHHSIMHU KIACHYHHX METOMIB CICKTPaJbHOTO CHHTE3Y
rmapameTpiB, siki 0a3yrOTbCS HAa BHKOPHCTaHHI MOBHOro crekTpa. Lle mpu3BOAMTH A0 BHCOKHX OOYHCITIOBAJIbHHX BHUTPAT, 3HMIKCHHS
YHCIIOBOI CTIHKOCTI Ta MOTIPIICHHS 1eHTH()IKOBAHOCTI MapaMeTpiB y MPUCYTHOCTI mIyMy. Y 3B’S3Ky 3 LIUM aKTYaIbHAM € PO3pOOKa
METO/iB, IO 3a0e3MeYyI0Th KEPOBaHEe 3MEHILCHHsI PO3MIPHOCTI CIIEKTPaJIbHHUX JaHHX 0e3 BTpaTé (i3MYHOI KOPEKTHOCTI Ta TOYHOCTI
cuHTE3y mapamerpiB. Merol poOoTH € po3poOka METOAy KEpOBAaHOTO CIEKTPAIBHOIO CHHTE3y MapaMerTpiB, y sKOMY OOepHeHa
CIIEKTpalbHa 3a/1a4a PO3B’A3yEThCs HA aIanTHBHO copMoBaHiil iHpOpMaTHBHIM MiAMHOXKKHI criekTpa. [Jisi JOCATHEHHS OCTABICHOI
METH PO3B’S13aHO TaKi 3aBJaHHs: (JOPMai30BaHO MOHSITTS CIEKTPAIbHOI iHHOPMATHBHOCTI HA OCHOBI aHANI3y YYTJIMBOCTI MapaMeTpiB;
pO3pobNeHO MexaHi3M  amanTuBHOrO (opMyBaHHS iH)OPMATHBHOI CHEKTPATBHOI MMIMHOKHHK, MOOYIOBAaHO KEpOBAHHI
OOYHUCITIOBATGHUI IIUKIT CHHTE3Y MapaMeTpiB i3 BUKOPUCTAHHM (i3n4HO-00TPYHTOBAHOI MOJIENTi; BU3HAUSHO KpHTEpil CTabiIbHOCTI Ta
3YITHUHKH TPOIeCy CUHTE3y. Y pobOTi 3aCTOCOBAHO METOM MATEMATHYHOIO MOJICIIFOBAHHS CIIEKTPATbHUX XapaKTePUCTHK, BapialliiHi
METOM ONTHMI3allii, aHaJi3 YyTJIMBOCTI, PEryAPH3allii0 00EPHEHNX 3134 Ta MPUHIMINA KEPOBAHUX OOYKCITIOBAIBHUX MPOLECiB. Y
PpO3pO0IeHOMY METOM, CIEKTPAIbHUII CHHTE3 MapaMeTpiB pO3IJIAAAEThCS HE sSK OIHOpa30Ba ONTHMI3alliffiHa Mpouexypa, a sk
3aMKHEHUI KEPOBAaHUH LUK i3 AWMHAMIYHOIO afalTaIli€lo CIeKTpalbHOI obnmacTi aHamizy. OTpuMaHi pe3yJibTaTH JEMOHCTPYIOTb, IO
BHUKOPHCTAHHS aJalTHBHOI iHQOPMATUBHOI MiJMHOXHHH CIIEKTPa JIO3BOJISIE ICTOTHO 3MEHIIMTH OOCST CHEKTPAIGHUX IaHUX HpPH
30epeXKeHHI JOMYCTUMO MaJIoi BiIHOCHOI MOXMOKU OLHKK MapameTpiB. [loka3aHo, 0 B MPOIECi iTepaliifHOro KepoBaHOIO CHHTE3Y
BiIOyBa€ThCA aBTOMAaTHYHE BUKIIOYCHHS CIAOKOIHPOPMATUBHUX CHEKTPAIBHUX AUISHOK, IS SKHX YyTJIMBICTH MOZEINI IO Bapiamiid
MapaMeTpiB € HHU3BKOIO a00 BUPOKEHOI, MI0 0e3MOCepeHhO MPUBOAWTH IO TOKPAICHHS OOYMOBICHOCTI OOEpHEHOI 3ajadi.
3MCHIICHHS CHEKTPaJbHOI HA/UTHIIKOBOCTI Ta KOHLICHTpALlisl aHAI3y Ha iH)OPMAaTHBHUX AULTHKAX 3a0€3MEUyIOTh 3HWKCHHS BIUIMBY
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IIyMOBHUX 30ypeHb Ha pe3ydbTaTH ifeHTH(IKamii Ta crabimizaiiio Imporecy MiHiMi3amii (yHKIiOHATY. Y pe3yabraTi YHcelIbHOL
anpoOamii MiATBEpHKCHO iCHYBaHHS KOMIIPOMICY MDK TOYHICTIO CHHTE3y IapaMeTpiB i 00CATOM BHKOPHCTaHO! CHEKTPaTbHOL
iH}opmarti, kI y Mekax po3poOIeHOro METOy pealli3yeThesi KepoBaHO, BIATBOPIOBAHO Ta Oe3 BTpaTh (i3WYHOI iHTEpIPEeTOBaHOCTI
pe3yabTatiB. MeTon anpoOOBaHO HA €KCIEPHMEHTAIBHUX CHEKTPATPHHUX JAHMX IUIA3MH HAHOCEKYHIHOTO PO3pSAY, IO MiATBEPINIIO
Woro mpuiaTHICTh WiA ineHTH(iKaii koHueHrpamii Zn, N2 ta N II. IlpakrudHe 3HAYeHHS OTPUMAHHX PE3YJIbTATIB IOJISTAE Y
MOXKJIMBOCT] TIJBHUIICHHS €(EeKTHBHOCTI Ta CTIHKOCTI OOEpHEHMX CIIEKTPOCKOMIYHHX OOYHCIEHb y NPHKIAJHHX 1H(pOpMAIiiHIX
cHcTeMax.

KirouoBi ciioBa: kepoBaHMI CHHTE3; CHEKTpAJIbHMI aHaI3; OOepHEHi 3aJadi; KepOBaHMI METOJ; aJalTHBHA IiJMHOXUHA;
YYTIIMBICT ITapaMeTpiB
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