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Abstract. The paper addresses the problem of enhancing the accuracy of differential
analysis of integral characteristics of semiconductor structures under conditions of
experimental noise. It is shown that standard measurement methods with a linear voltage
step lead to significant errors in calculating the dimensionless sensitivity, manifesting
themselves as non-physical oscillations that complicate the identification of charge
transport mechanisms. A comparative analysis of three data processing methods is
conducted: the optimal step method, polynomial approximation (Savitzky—Golay filter),
and adaptive filtering based on the Kalman algorithm. It is established that application of
the optimal step method based on logarithmic current sampling avoids differentiation
artifacts without introducing phase delays characteristic of smoothing methods. The
proposed approaches are tested on experimental current-voltage characteristics of OLED
structures, confirming their suitability for precise diagnostics of electrophysical parameters
of semiconductor devices.
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1. Introduction

Most experimental measurements in physics, particularly
in semiconductor physics, are integral in nature, as they
reflect the generalized response of a material or structure
to external stimuli. Integral characteristics serve as a
primary tool for investigating the electrical, optical,
and structural parameters of semiconductor systems.
In particular, measurements of current-voltage (/-~U)
characteristics enable determination of barrier height,
series resistance, charge transport mechanisms, and key
efficiency parameters of photovoltaic devices (V,., I,
FF, 1) [1]. The family of the integral characteristics also
includes frequency and impedance dependences, which
are employed to analyze dynamic processes in structures
and devices. Capacitance-voltage (C—U) characteristics
are used to determine charge carrier concentration, deple-
tion region width, barrier height, and defect states [2].

To resolve the fine features of the integral
characteristics, differential processing methods are
employed, enabling identification of local features and
hidden patterns in the behavior of semiconductor
structures. Recent studies demonstrate the effectiveness

of combined methods such as logarithmic trans-
formations (In 7/In U) for determining the ideality factor
and saturation current [2,3], derivative analysis for
determining the breakdown voltage [4], and equivalent
circuit modeling for analyzing capacitance steps in the
spectra of thin-film solar cells [5].

Among these methods, dimensionless sensitivity
(DS) occupies a special place: a = d(lgy)/d(lg x)
characterizes the slope of the function y(x) on a double-
logarithmic scale. This quantity finds application across
diverse scientific fields: in engineering as a quality
factor, in mechanics as relative velocity or acceleration,
and in climatology as Radiation Amplification Factor
(RAF) describing changes in biologically active UV
radiation due to ozone layer depletion. In the case of I-U
characteristics, DS can be expressed as the ratio of static
resistance R = U/I to differential resistance dR = dU/dI,
or as the ratio of differential conductance o = dl/dU to
static conductance o = I/U. However, due to the high DS
sensitivity, spurious oscillations often arise, which
hinders proper interpretation of obtained results.

To mitigate these artifacts, statistical processing and
smoothing techniques are required.
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The most common approaches include the moving
average method [6], the Savitzky—Golay filter [7],
spectral smoothing (Fourier filtering) [8, 9], and Kalman
filter-based algorithms [10]. Choice of a particular method
depends on the spectral characteristics of the signal and
the requirement to preserve the curve morphology.

The purpose of this study is to model accurancy in
determining dimensionless sensitivity, analyze the
origins of noise in its characteristics, and identify optimal
smoothing and filtering techniques to enhance the
informativeness of theoretical and experimental data
analysis.

2. Concept of dimensionless sensitivity

The concept of dimensionless sensitivity has been utilized
since the 1960s. Over time, interest in this approach has
steadily increased, driven by its universality and dimen-
sionless nature. The dimensionless-sensitivity approach
facilitates comparison of processes across varying ranges
of arguments and functions and enables identification of
parameters and functional form of non-periodic
dependences, whether of physical or other origins.

In the scientific literature, this quantity appears
under various designations depending on the specific
field of application: dimensionless coefficient, sensitivity
coefficient, differential slope, or power-law exponent.

The dimensionless sensitivity method is typically
employed when the argument or function varies over
several orders of magnitude, necessitating use of
logarithmic scales. In particular, this method is widely
applied in the analysis of [-U characteristics of
semiconductor materials and structures [11-17].

2.1. Theoretical basis

Fundamentally, the numerical value of the dimensionless
sensitivity

d\l; x d
a(x)=%=—-—y )

y dx
defines the power-law exponent in the expression
y(x) = x*. Consequently, the terms “differential slope”
and “exponent” are considered equivalent hereinafter.
Analogously, the quantity y(x)
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defines the exponent in the exponential expression

y(x) =exp(x*).  Transitioning  from infinitesimal

increments dy and dx in Egs. (1) and (2) to finite

differences Ay and Ax yields the following expressions:
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Fig. 1. Geometric definition of the dimensionless sensitivity for
a function y = f(x) at a point x.

2.2. Geometric interpretation

Geometrically, for each point x, the DS value a corres-
ponds to the exponent of the power function y = Cx*
passing through the coordinate origin and two adjacent
points of the data array y(x). Fig. 1 illustrates the geo-
metric interpretation of the dimensionless sensitivity for
the function y = f(x). Equivalently, o can be determined
as the tangent of the curve’s inclination angle in the
immediate vicinity of point x when the data are plotted in
double-logarithmic coordinates, 1g y = f(lg x) [14].

2.3. Measurement error and measurement step effect

It is conventionally assumed that reducing the measure-
ment step enhances the accuracy of numerical differen-
tiation. However, the results of differential analysis
indicate a contrary trend: an excessively small step leads
to a significant increase in the statistical error component
and the emergence of spurious oscillations in the a(U)
and y(U) characteristics [11, 14]. The uncertainty in
determining the differential slope is directly dependent
on the measurement errors of the argument x and the
function y(x). A qualitative representation of the error
dispersion is illustrated in Fig. 2.

Fig. 2 demonstrates that decreasing the measure-
ment step (x,+; —x,) increases the amplitude of oscilla-
tions in the calculated function o(x), whereas increasing
the step suppresses these oscillations. However, this
simultaneously compromises the resolution of the DS
representation.  Furthermore, lower measurement
precision induces a greater error in determining o.
Consequently, selecting the optimal step size is crucial.

y(z)

Tn Lo+l

Fig. 2. Qualitative view of the spread of the differential slope
error at two points (x, and x,4;) of an integral characteristic.
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Fig. 3. I-U characteristics () and dimensionless sensitivities o(x) (b) and y(x) (c¢) for three measurement step values: AU = 0.005 V,

AU=0.01 V,and AU=0.1V.

Analytical examination of power-law dependences
of the form 7= CU" indicates that minimization of the
total error is achieved when the data points are uniformly
distributed on a logarithmic scale, i.e., when the voltage
change follows a geometric progression. The
mathematical determination of the optimal measurement
step for integral characteristics to minimize the DS error
was presented in [11, 14]. The optimal-step approach
ensures a constant distance (equidistance) between points
on the log/ =f(logU) plot, which minimizes spurious
oscillations of the differential slope and enables
determination of the exponent a with high accuracy over
a wide range. The optimal step method is particularly
effective when analyzing /-U characteristics, where the
current varies by several orders of magnitude [11, 14].

3. Motivation and illustration

For exponential dependences typical of diode I-U
characteristics, the standard linear voltage step (AU =
const) proves ineffective [11, 14]. At low voltages,
current variations are negligible, whereas at high voltages
they span several orders of magnitude. Furthermore,
selection of the measurement step is a critical factor
determining stability of the differential analysis.

To demonstrate the impact of the measurement step
size on the accuracy of determining the dimensionless
sensitivity, an exponential relationship was employed to
simulate the theoretical /-U characteristic curve of a
semiconductor diode 7 = 5x10"* exp(0.08x V).

In the MATLAB environment, /~U characteristics
and the corresponding a(U) and y(U) dependences were
generated for three measurement step values:
AU=(0.005V, 0.01 V and 0.1 V). The values of a(U)
and y(U) were calculated according to Egs. (3) and (4).
The simulation results are presented in Fig. 3a—3c.

The obtained o(U) and 7y(U) dependences
demonstrate that decreasing the measurement step leads

to an increase in the amplitude of oscillations in a values,
thereby complicating interpretation of the DS
characteristic. While these oscillations may be less
apparent in the a(U) plot, they become significantly more
pronounced in the y(U) dependence.

Consequently, an excessively small step size, com-
mensurate with the measurement uncertainty, results in
amplification of random errors and instability of the
results. In summary, the uncertainty in determining the
dimensionless sensitivity increases at excessively small
measurement intervals and decreases as the step size
increases. At this, however, an overly large step leads to
a loss of resolution. Therefore, in cases where spurious
oscillations in o(x) and y(x) hinder the analysis, applica-
tion of data smoothing techniques is recommended.

4. Filtering techniques

To mitigate noise effects and enhance the precision of
experimental data  processing, various filtering,
smoothing and approximation techniques are employed.
Selection of a specific approach is governed by the
spectral characteristics of the signal, the nature of the
dependence under study and the requirements for
preserving the curve morphology.

4.1. Time-domain smoothing methods

One of the most fundamental and effective processing
techniques is the Moving Average (MA) method. This
approach involves sequential averaging of a group of
adjacent data points, which effectively suppresses high-
frequency noise. For a discrete signal y; with a window
size N, the smoothed value is defined as

1 H-ZN/Z
Yi=— Yk -
Nk:i—N/Z
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The advantage of this method lies in its simplicity
of implementation. However, a significant drawback is
potential distortion of peaks and shifting of extrema,
which can be critical when analyzing fine features of
characteristics.

A more advanced approach is the Savitzky—Golay
filter [18, 19], which performs smoothing through local
polynomial approximation of the data. Unlike the moving
average technique, this method preserves the signal
morphology and amplitude and also facilitates
calculation of derivatives [20]. In its general form, it
involves determining polynomial coefficients that
minimize the error between the experimental and
approximated points within a local window. The
Savitzky—Golay method is frequently employed in the
analysis of /-U, capacitance, and spectral characteristics,
where preserving local features of the curve is essential.

4.2. Spectral filtering methods

In cases where noise exhibits a periodic or harmonic
structure, application of spectral methods is advisable.
Fourier filtering relies on the Fast Fourier Transform
(FFT) to convert the signal into the frequency domain,
suppress high-frequency components, and then apply an
inverse transform to recover the filtered signal. This
technique enables precise separation of noise components
from the underlying trend; however, it requires careful
selection of the cut-off frequency to prevent loss of
useful information.

4.3. Statistical and adaptive methods

Statistical methods include median filtering, a technique
that effectively eliminates impulse (peak) noise without
distorting the shape of smooth curve segments.

A prominent example of adaptive approaches is the
Kalman filter [21]. This method estimates the current
state of the signal based on the statistical properties of
prior measurements and noise, while accounting for the
anticipated dynamic characteristics of the signal evolu-
tion [22, 23]. This approach proves particularly effective
in processing continuous experimental data, for instance,
during real-time /-U characteristic measurements.

Consequently, application of filtering and
smoothing techniques enables a substantial reduction in
errors during calculation of dimensionless sensitivity and
other differential parameters. Combination of local and
adaptive approaches yields more stable and physically
reliable results, particularly in the analysis of
experimental /~U and C-U characteristics of
semiconductor structures.

5.  Filtering of noisy experimental data

Quality diagnostics of semiconductor structures rely on

analysis of integral characteristics (current-voltage,
capacitance-voltage, spectral etc.). However,
fundamental electrophysical parameters are often

concealed within fine features of these curves, which
become apparent only upon differentiation.

A critically important parameter is the DS, which
enables identification of charge carrier transport regimes.
The primary challenge lies in the fact that during
differentiation of experimental data, negligible measure-
ment noise, which is imperceptible on the integral curve,
is transformed into significant spurious oscillations on
the differential plots. This phenomenon considerably
complicates physical interpretation. Solution of this
problem involves application of signal filtering
techniques.

This article compares three approaches to process
noisy experimental data: the optimal step method,
polynomial approximation (Savitzky-Golay filter), and
the Kalman filter. All the approaches involve post-
processing of “raw” data obtained with a standard linear
measurement step.

To visually demonstrate the results and facilitate
comparative analysis, experimental /-U characteristics of
organic light-emitting diode (OLED) structures are uti-
lized (Fig. 4a). Specifically, we employed a comercially
available yellow-emitting thermally activated delayed
fluorescence (TADF) emitter, N-(4-tert-butylphenyl)1,8-
naphthalimide-9,9-dimethyl-9,10-dihydroacridine (NAI-
DMAC). The optimized device architecture for the
yellow-emitting OLED was as follows: ITO (120 nm)/
TAPC doped with 20 wt.% MoO3 (10 nm)/TAPC
(35 nm)/TCTA (5 nm)/TCTA:CN-T2T (1:1) doped with
1 wt% NAI-DMAC (20 nm)/CN-T2T (50 nm)/LiF
(1.2 nm)/Al (120 nm), where ITO is indium tin oxide
(transparent anode), TAPC and TCTA are hole-transport
materials, CN-T2T is the electron-transport/host material,
and the LiF/Al bilayer forms the low-work-function
cathode. [24, 25] The experimental dataset consisted of
300 data points within an applied voltage range of 0 to
5 V. It is noteworthy that fluctuations in the /-U charac-
teristics may appear negligible or invisible to the naked
eye. However, upon calculating the dimensionless sensi-
tivity, even the smallest noise components can induce
oscillations in the a(U) dependence, as observed in Fig. 4b.

5.1. Optimal step method

Previous studies [11] have demonstrated that
minimization of noise impact on the results of differential
analysis must be incorporated as early as the
experimental design phase. The theoretically grounded
“optimal step” method is based on selecting
measurement points in such a manner as to ensure their
uniform distribution on a logarithmic current scale. This
approach enables minimization of errors in calculating
differential parameters without the necessity for
additional mathematical filtering.

For exponential dependences typical of the /-U
characteristics of diode structures, use of a standard
linear voltage step (AU = const) proves ineffective for the
reasons discussed above. The sampling density is
therefore a critical parameter: as the simulations in
Section 6 indicate, an excessively small step leads to an
increase in the statistical error component, manifesting
itself as spurious oscillations in the dimensionless
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Fig. 4. (a) experimental /-U characteristic and (b) dimensionless sensitivity of OLED structure.
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Fig. 5. I-U characteristic (@) and dimensionless sensitivity (b) with optimal step method.

sensitivity plots [11, 14], whereas an insufficient number

of points results in a loss of resolution and smoothing of

local features of the I-U characteristic.

5.1.1. Practical implementation of the method

Within this research framework, an optimal step method
is proposed for post-processing of existing experimental
datasets. The implementation algorithm follows the
methodology outlined in [14] to compute theoretically
optimal step size, subsequently resampling (decimating)
an initial high-density data array. Only the values
corresponding to the calculated logarithmic voltage grid
are selected from the experimental data.

A key advantage of this approach lies in the fact
that it exclusively processes original experimental data
points unlike smoothing techniques that generate new
values through approximation. This characteristic ensures
elimination of smoothing artifacts such as peak displace-
ment or blurring of sharp transitions, which is crucial for
accurate identification of charge transport mechanisms.

Furthermore, unlike filtering methods that may
introduce phase delays, the optimal step method
guarantees zero phase lag fully preserving precise voltage
positions of physical features.

Based on the resampled dataset obtained via the
optimal step method, the dimensionless sensitivity value
a(U) was recalculated. Comparative analysis of the
results (Fig. 5) reveals a significant reduction in the level
of high-frequency fluctuations. This enables clear
identification of charge transport mechanisms within the
structure such as transitions between conduction regimes,
trap filling, and carrier injection phenomena. In the
original noisy characteristics, these features were
obscured by fluctuations, preventing precise deter-
mination of electrophysical parameters.

As demonstrated by the comparative results pre-
sented below (Fig. 8, Table 1), the optimal step method is
not only conceptually valid for measurement design but
also serves as an effective data filtering tool, enhancing
the information content of differential analysis.
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Fig. 6. I-U characteristic (@) and dimensionless sensitivity (b) with the Savitzky—Golay filter.

5.2. Polynomial approximation method

Beyond approximation and modeling tasks, polynomial
methods have been widely adopted in experimental data
processing, specifically as a tool for extracting the signal
of interest and mitigating noise [26]. In many practical
cases, an experimental signal does not exhibit pro-
nounced fluctuations. However, presence of even a weak
noise component can significantly impact the results of
subsequent mathematical processing, particularly when
applying differential analysis methods. Polynomial
approximation enables replacement of a discrete set of
noisy data with a smooth analytical function that reflects
the general trend of the signal behavior.

Global polynomial approximation is employed to
estimate the trend of experimental dependences in cases
where the primary objective is qualitative analysis of the
variable’s behavior rather than reproduction of local
fluctuations [27]. Nevertheless, the efficiency of
polynomial approximation heavily relies on selection of
the polynomial order, as an excessively high degree may
lead to emergence of spurious oscillations unrelated to
the physical nature of the process.

Unlike global polynomial approximation, which is
based on the least squares method, the method developed
by Savitzky and Golay (1964) relies on local polynomial
regression within a moving window. It ensures effective
suppression of high-frequency noise with minimal distor-
tion of peaks, inflection points and other local features.
Consequently, the Savitzky—Golay filter remains a stan-
dard tool for application to real spectra (IR, Raman, UV-
Vis), chromatograms, geoelectric signals and ECG/EEG
data, where preserving amplitude-temporal characteristics
of the useful component is critical [10, 28, 29].

In the experimental analysis of the I-U
characteristics of semiconductor structures, particularly
solar cells, Schottky diodes and heterojunctions, the
Savitzky—Golay method is extensively used for
smoothing noisy data to accurately separate the useful
signal from the noise component. The method ensures

preservation of the curve morphology, peak heights (e.g.,
the maximum power point in the solar cells) and
curvature in inflection regions, while significantly
enhancing the Signal-to-Noise Ratio (SNR) [18, 19].

5.2.1. Practical implementation

To implement this approach, a MATLAB environment
and its built-in digital signal processing algorithms
(specifically sgolayfilt) were employed in this study.
Application of the Savitzky-Golay filter to the
experimental /-U characteristics of the OLED structure
enabled data smoothing without distorting the underlying
physical nature of the signal.

A critical stage in the processing involved selection
of optimal filtering parameters: the polynomial order (k)
and the smoothing window width (frame size). For the
investigated /-U characteristics, a low-order polynomial
(typically 2nd or 3rd order) and an adaptive window
width were selected. This configuration -effectively
suppressed oscillations while preserving the steepness of
the characteristic’s slope.

Fig. 6 presents a comparison between the DS
obtained by direct differentiation of the raw (unfiltered)
data and the result obtained after applying the Savitzky—
Golay filter. As can be seen from this figure, the
Savitzky—Golay filter completely eliminated non-
physical spurious oscillations in the o(U) plots, which
were evident during direct differentiation. The resulting
“clean” trend curve clearly visualizes transitions between
conductivity regimes and enables reliable identification
of the structure’s electrophysical parameters without
need for repeated or more complex measurements.

5.3. Adaptive Kalman filtering method

An alternative approach to experimental data smoothing,
which is fundamentally distinct from local polynomial
approximation methods, involves use of recursive
estimation algorithms, with the Kalman filter being the
most prominent one. Whereas the Savitzky—Golay
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Fig. 7. I-U characteristic (¢) and dimensionless sensitivity (b) with the Kalman filtering.
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method operates on a fixed data window treating the data
as a static set of points, the Kalman filter treats the
analysis of the /-U characteristic as a dynamic process
that evolves with changing voltage. The foundations of
the method were established in the seminal work by
R.E. Kalman [10], who proposed a recursive solution of
the discrete linear filtering problem. The core principle of
the algorithm lies in optimal estimation of the system’s
state vector based on noisy measurements by minimizing
the mean squared error.
The filtering process proceeds in two stages:

e Prediction: The algorithm extrapolates the state value
to the subsequent step based on the previous estimate
and the known physical model of the process.

e Update: The incoming measurement is utilized to
correct the predicted value, incorporating a
weighting coefficient (the Kalman Gain), which is
determined by the ratio of the model uncertainty to
the measurement noise [30].

In the context of semiconductor physics and I-U
characteristic analysis, application of the Kalman filter
enables effective separation of the signal of interest
(actual conduction current) from the additive noise of the
measurement instrumentation. A key advantage of the
method is that it does not require storing the entire mea-
surement history, rendering it computationally efficient.
Furthermore, unlike simple low-pass filters, which may
introduce phase delays and smooth out sharp physical
features (e.g., the breakdown region or abrupt changes in
the conduction mechanism), a properly tuned Kalman
filter is capable of rapid adaptation to trend changes [21].

5.3.1. Practical implementation

Practical implementation of the method for processing
the /-U characteristic in this study utilizes a linear model,
where the system “state” comprises the current value and
its derivative. This yields a reconstructed /(U) depen-
dence with a significantly reduced noise level, suitable
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Table 1. Qualitative comparison between the methods under consideration.

Method Complexity Phase shift Uses real points Parametrization
Optimal step Low None v 1 (number of points)
Savitzky—Golay Medium None X (approximation) 2 (window, order)
Kalman High Yes X (stochastic) 2(Q,R)

for subsequent differentiation and calculation of the
dimensionless sensitivity o(U) without emergence of non-
physical oscillations characteristic of raw experimental
data. Fig. 7 presents a comparison between the dimen-
sionless sensitivity obtained by direct differentiation of
the raw data of the dimensionless sensitivity and the
result obtained after applying Kalman filtering.

Fig. 8 clearly demonstrates the effectiveness of the
proposed approach by comparing the performance of
various processing techniques. The optimal step method
is renowned for its direct adaptation to the underlying
physical characteristics of the process. Unlike smoothing
techniques, it fully preserves the original values of the
experimental data points without modification. This is
evident in the /-U characteristic (Fig. 8a), where the data
are not “blurred” by filtering windows. Consequently, the
positions and sequences of the peaks and inflection
points on the graph precisely correspond to the actual
voltage values. At the same time, the data edges exhibit
no distortions typical of polynomial approximation
methods. This is particularly evident when calculating
DS, where significant oscillation artifacts are present in
the raw data (Fig. 8b, black line). While conventional
filters such as Savitzky—Golay or Kalman smooth these
oscillations, they may introduce slight shifts or suppress
fine details. In contrast, the uniform step on logarithmic
scales provides mathematical robustness for dimension-
less sensitivity calculations without these drawbacks. The

(a) I-U characteristics

3|‘,b) Dimensionless sensitivity «

algorithm does not require complex parameter settings
(e.g. Q and R values for Kalman filtering or window size
for Savitzky—Golay filtering), making it highly suitable
for automated measurement applications. The key
advantages and limitations of the considered methods, as
illustrated by these results, are summarized in Table 1.

6. Experimental implementation of the optimal step
method

The efficacy of the optimal step method is best evaluated
based on actual experimentally measured current-voltage
(I=U) curves. The application of the DS method for
characterizing electrophysical properties of semicon-
ductor diodes was proposed in [11]. In this study, an
organic-inorganic hybrid structure was used as a
laboratory sample to investigate the structure photo-
response and to identify specific charge transport and
recombination mechanisms. (100)-oriented n-type struc-
tured silicon substrates with a resistivity of 2.7 Q-cm
were employed as the base. A carbazole derivative
(DB74) deposited by spin coating served as the organic
layer. The overall device structure was configured as
follows: Aluminum contact / Silicon / DB74 / Contact
(Silver paste). I-U characteristics in the dark and under
illumination (30 mW/cm?) were acquired using a
standard automated Keithley measurement system with a
measurement error of approximately 0.25% [31]. The
system was pre-programmed to execute optimal voltage
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Fig. 9. I-U characteristic (a) and dimensionless sensitivity (b—e) of hybrid structure.
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stepping in accordance with the theoretical specifications
outlined in [11]. A dataset of 50 experimental points was
obtained within an applied voltage range of 0.01 to 5 V.
Subsequently, the data were analyzed based on the
dimensionless sensitivity values.

Fig. 9a presents the initial /~U curve of the inves-
tigated structure plotted on a log-log scale. The dimen-
sionless sensitivity value was calculated based on Eq. (3),
yielding the a(U) dependence shown in Fig. 5b—5¢ on a
semi-log scale.

The resulting o(U) curve is devoid of spurious
oscillations indicating correctness of the measurement
step selection and successful minimization of error. This
characteristic facilitates reliable analysis of physical pro-
cesses in the investigated structure specifically enabling
identification of characteristic regions of recombination,
rectification, and other charge transport mechanisms.

7. Conclusions

This study presents a comparative analysis of three
approaches to mitigate noise artifacts in the differential
analysis of semiconductor /-U characteristics: the
optimal step method, polynomial approximation
(Savitzky—Golay), and adaptive Kalman filtering.

The results demonstrate that while the Kalman filter
provides effective noise suppression through stochastic
estimation, it requires careful tuning of the covariance
matrices Q and R noted in Table 1. Similarly, the
Savitzky—Golay filter is sensitive to the window-size and
polynomial-order selection discussed in Section 8.1. In
contrast, the optimal step method exhibits a unique
combination of precision and computational simplicity.

Unlike recursive algorithms or convolution-based
filters, the optimal step method is deterministic and does
not require complex parameter tuning. Its implementa-
tion reduces to a simple algebraic selection of data points
based on a logarithmic criterion.

The novelty of this work lies in demonstrating that
the optimal step method can be effectively applied not only
at the experimental design stage but also as a powerful
post-processing tool for pre-existing experimental data-
sets. This approach combines high efficiency with a clear
experimental process, ensuring high-quality data acquisi-
tion and eliminating the need for further filtering and
post-processing. Consequently, the optimal step method is
recommended as the primary strategy for enhancing the
reliability of dimensionless sensitivity analysis, providing
a robust solution for the diagnostics of semiconductor
structures without the risk of data distortion.
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IinBuIIEHHS TOYHOCTi BU3HAYEHHS AU (epeHniaTbHUX napaMeTpiB i3 3alIyMJIeHnX BUMIPIOBAJIbLHUX JaHHX
J.A. Ky3HenoBa

AHoTanigs. Y poOoTi po3rismacTbcs mpobiieMa MiABHMINCHHS TOYHOCTI JAM(EpeHLIAIbHONO aHali3y IHTEerpaJbHUX
XapaKTEePUCTHK HAIIBIPOBITHUKOBUX CTPYKTYp B YMOBaX eKCIHEPHMEHTAIBHUX IIyMiB. IIoka3zaHoO, IO CTaHAapTHI METORU
BUMIpPIOBaHHS 3 JIHITHUM KPOKOM HAIPYTH NPHBOJIATH 0 3HAYHMX IIOXHOOK IIPH OOUYHCIICHH] 0e3p03MipHOT Ty TIMBOCTI, SIKi
MPOSIBISIFOTHCST Y BHIUIAAI HEe(DI3UYHMX OCIIALIN, IO YCKIAJHIOTH iNCHTU(IKAIO MEXaHi3MIB IMEPEHOCY 3apsiy.
IIpoBeneHO MOPIBHANBHMI aHaNi3 TPHOX METOAIB OOPOOKH MaHUX: METOAY ONTHMAIBHOIO KpPOKY, MHOJIIHOMIaTbHOT
anpokcumarii (pimeTp CaBurpkoro—I'ones) Ta aganTuBHOI GinbTpanii Ha ocHOBI anroputMmy Kanmana. BeraHoBieHo, 1o
3aCTOCYBaHHS METOIY ONTHMAJIBHOTO KPOKY, OCHOBAHOTO Ha JIOTapU(MIuHiil BHOIpI CTpyMy, IO3BOJISE YHHKHYTH
apredakTiB nudepeHiitoBaHHs 0e3 BHECEHHS (a30BUX 3aTPUMOK, XapaKTEPHUX Ul METOJIIB 3TJI1a/XKyBaHHs. 3alipONOHOBaH1
niaxoau Oynau TMepeBipeHi Ha eKCIEPUMEHTAIBHUX BOJIbT-aMIiepHuX xapakrepuctukax OLED-cTpykTyp, 110 miaTBepanio
TXHIO MPUIATHICTH JUIS MPEUU3IHHOT JIarHOCTHKH €JIeKTPOQI3UYHUX MapaMeTpiB HAMIBIPOBITHUKOBUX MPUIIAIIB.

KoarouoBi cjioBa: BoJNbT-aMIepHa XapaKTepHCTHKa, Oe3po3MipHa YYDIHBICTh, IU(EPESHIIANBHUA aHaJi3, MeTOJ
ONTHMAIEHOTO KpoKy, GinsTp Casirpkoro—I ones, ¢pinsTp Kanmana, HamiBIpoBiTHEKOBA CTPYKTYpA.
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