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SEMIPARAMETRIC IDENTIFICATION AND
UNCERTAINTY QUANTIFICATION OF
BENEFICIATION UNIT SEPARATION
CHARACTERISTICS

Identifying the separation characteristics of iron ore
beneficiation units from process data provides the model and uncertainty
information required for model predictive control. Parametric models,
including the Rosin—-Rammler and sigmoid models, have fixed analytical
forms that may not describe the characteristics of individual units with
sufficient accuracy. Point estimation without a dedicated statistical
procedure does not quantify predictive uncertainty, while purely
nonparametric estimates may be unstable when data are limited. This
study developed a unified semiparametric identification method in which a
physically motivated parametric prior mean function was augmented with
a correction estimated by Gaussian process regression from empirical
deviations of the observations. The same estimation procedure was used
for model fitting, cross-validation, and sensitivity analysis. A
semiparametric Nadaraya—-Watson estimator constructed from deviations
from the prior mean function served as a benchmark. Experimental
recovery was calculated using a common mass-balance definition. The
ratio between product mass flow rates was either obtained from
measurements or estimated from the size-by-size balance. For the
classifier, this ratio was well constrained by the data, with a 95% bootstrap
interval of [1.95, 2.42]. The proposed semiparametric model reduces the
within-sample root-mean-square error by approximately 82% relative to
the Rosin—Rammler model and outperforms the stand-alone Gaussian
process model in leave-one-out cross-validation, with coefficients of
determination of 0.970 and 0.945, respectively. The mass-flow-rate ratio
was re-estimated in every cross-validation iteration using only the training
size classes. For the hydrocyclone, the ratio was estimated with a 95%
bootstrap interval of [0.96, 2.56], and the proposed model retains the
highest leave-one-out coefficient of determination, approximately 0.81,
throughout this interval. Results for magnetic separators with measured
mass flow rates confirm that the argument of a separation characteristic
must reflect the physical separation mechanism. Negative leave-one-out
coefficients of determination obtained when the separation characteristic
was modelled as a function of particle size demonstrate that particle size
/s an unsuitable argument and justify representing the characteristic as a
function of iron content, which more directly reflects the magnetic
separation mechanism. Monte Carlo simulation under the specified noise
model was used to quantify sensitivity; for the classifier, the mean relative
width of the uncertainty band is approximately 14%.

Keywords: semiparametric identification; separation
characteristic; Gaussian process regression, kernel correction; mass
balance; cross-validation, uncertainty quantification, reproducibility; iron
ore beneficiation.

Problem statement

The performance of model predictive control (MPC) for
iron ore beneficiation processes depends substantially on the
accuracy of process-unit models. A key component of these
models is the separation characteristic (partition curve), which
gives the fraction of a given particle class reporting to a specified
product as a function of particle size d for classifiers and
hydrocyclones or iron content Fe for magnetic separators.
Separation characteristics are conventionally approximated using
parametric models with a fixed analytical form. Their use in
adaptive MPC, however, involves several limitations.

First, a fixed analytical form does not always represent
nonstandard characteristics: a parametric approximation may
yield a negative coefficient of determination for units with
recirculation and for magnetic separators operating in the
saturation region. Second, when the mineralogical and processing
properties of the feed change, complete least-squares re-
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identification of all unit parameters in a process line can be computationally demanding. If the models of numerous
units are re-identified sequentially, the total computation time may approach the interval between such changes. Third,
parametric point estimation without a dedicated statistical procedure does not quantify parameter or predictive
uncertainty. Conventional intervals may be unreliable for dependent, heteroskedastic, or small samples, although
parametric regression generally supports covariance, confidence, and prediction intervals. Robust MPC requires a
consistent quantitative measure of uncertainty in the identified separation characteristic. Fourth, strong autocorrelation
of regression residuals complicates identification from process time series. Under these conditions, standard-error
estimates computed under classical least-squares assumptions may be biased, and the corresponding confidence
intervals may not attain their nominal coverage.

These considerations motivate a unified method for identifying separation characteristics that combines the
physical interpretability of parametric models with the flexibility of nonparametric estimators and quantifies
uncertainty in accordance with the structure of the available data.

Literature review

The parametric model for a separation characteristic is selected according to the physical separation
mechanism and the particle property that governs reporting to the corresponding product. For classifiers and
hydrocyclones, this property is particle size d: the proportion of material reporting to the overflow generally decreases
as particle size increases. Size-based partition curves and their application to the modelling of beneficiation, grinding,
and classification processes are discussed in [1, 2]. A decreasing Rosin—Rammler model is suitable as a physically
interpretable prior mean function for e(d) [3]. Its parameter ds, is the median cut size, whereas n characterizes
separation sharpness.

For magnetic separators, the determining factor is the magnetic susceptibility of particles, which is related to
their mineralogical composition and iron content [1]. The process outcome can therefore be described by the recovery
of iron to the magnetic product, n(Fe). Recovery increases with iron content and approaches a limiting level, which
supports the use of an increasing sigmoid function. In this model, 7,,, specifies the limiting recovery, Fes, is the iron
content at which recovery equals one-half of this limit, and k characterizes the rate of change in the transition region.

The Rosin—Rammler and sigmoid models are thus physically interpretable prior mean functions associated
with different separation mechanisms. Their fixed analytical forms represent the principal trend and physically
plausible limiting behaviour of the characteristic, although they may not capture local deviations caused by changes
in feed properties and equipment operating conditions with sufficient accuracy.

Addressing this limitation has motivated identification methods that infer relationships directly from data. A
systematic review of machine-learning applications in mineral processing is provided in [4], with primary emphasis
on flotation, machine vision, and process-equipment diagnostics. The identification of separation characteristics using
a physically motivated prior mean function together with consistent uncertainty quantification is not considered
separately in that review.

Nonparametric and kernel methods are promising for reconstructing nonlinear separation characteristics from
limited samples. These methods include Gaussian process regression (GPR) [S] and the Nadaraya—Watson (NW)
estimator [6, 7]. They adapt the shape of the estimated relationship to the structure of the observed data. Under the
corresponding modelling assumptions, GPR also provides a posterior uncertainty estimate. With limited observations,
however, nonparametric estimates may be unstable, and selecting the kernel bandwidth requires a dedicated
procedure [8]. Kernel estimators for identifying mineral-processing units have also been developed in the author’s
previous studies [9, 10].

Hybrid and semiparametric structures combine the physical interpretability of parametric models with the
flexibility of data-driven methods. In these structures, deviations of the observations from a prior mean function are
used to estimate a correction term. In [11], an additive GPR correction to the nominal dynamics was used to construct
probabilistic MPC constraints. Bootstrap methods are used to quantify parameter and predictive uncertainty [12],
while heteroskedasticity- and autocorrelation-consistent (HAC) covariance estimators [13] and the stationary block
bootstrap [14] are appropriate when process time series are autocorrelated.

The reviewed studies indicate that parametric separation characteristics, kernel correction methods, and
uncertainty-quantification procedures have mainly been developed as separate methodological components. Their
coordinated use for identifying the separation characteristics of mineral-processing units remains insufficiently
investigated. This gap defines the objective of the present study.

Research objective

The objective is to develop a unified method for the semiparametric identification of separation
characteristics in iron ore beneficiation. The method combines a physically motivated parametric prior mean function
with a nonparametric kernel correction estimated from empirical deviations of observations from that function,
quantifies uncertainty according to the structure of the available data, and empirically assesses its applicability and
limitations using data from different types of process units.

Achieving this objective requires defining physically interpretable prior mean functions, constructing the
kernel correction term, selecting uncertainty-quantification procedures, and evaluating the predictive performance of
the resulting models.
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Methods and results

Definition of a separation characteristic and parametric models

The separation characteristic of a size-separation unit specifies the mass fraction of feed material in size class
d that reports to the selected product. For classifiers and hydrocyclones, product 1 is defined as the overflow (fine
product): e(d) — 1 for fine particles (d = 0), whereas €(d) — 0 for coarse particles (d — o) reporting to the
underflow. In the general case, the experimental recovery of the ith size class to product 1 is determined from the
mass balance as

Q1V1,i

& = Qo Yf,i' (1)

where Qf is the solids mass flow rate in the feed; @ is the mass flow rate of the product for which recovery
is calculated; and y;; and y;; are the mass fractions of the ith size class in the feed and product 1, respectively. For
two-product separation, Q@ = @, + Q, where Q, is the mass flow rate of the second product stream and y,; is the
mass fraction of the ith size class in product 2; the recoveries of the ith class to the two products sum to unity. The
definition in (1), with € — 1 for fine classes reporting to the overflow, corresponds to the decreasing Rosin—Rammler
(R—R) model [3] written with the In2 factor:

n
e(d) = exp (—ln2 (L) ), )

dso
for which e(dsy) = 0.5. Thus, ds, is the actual cut size, that is, the median size at which the mass of the

class is divided equally between the overflow and underflow, and n is the separation-sharpness exponent. In the form
without In2, the parameter represents the characteristic scale d at which ¢ = e~1. The factor In2 gives ds, its median
interpretation, which is standard for hydrocyclones. The parameters (dgo, ) are re-estimated in every identification
procedure, including every cross-validation iteration.

For magnetic separators, the principal separation factor is magnetic susceptibility, which is correlated with
iron content. The recovery of iron to the magnetic product as a function of Fe content is therefore approximated by
the increasing sigmoid model [1]:

n(Fe) = o 3)

1+exp(—k (Fe—Fesq))’

where 1,,« 18 the maximum recovery, k is the selectivity parameter, and Feg is the iron content at which
recovery equals one-half of the maximum. Model (2) yields R? > 0.98 within the sample for the considered size-
separation units. The sigmoid model (3) reproduces the principal trend in the available magnetic-separator data (R? =
0.71). The empirical mean is used as the prior mean function when describing &(d) for the deslimer and magnetic
separators; for the magnetic separators, the characteristic n(Fe), whose argument is related to particle magnetic
properties, is also considered.

The accuracy of separation-characteristic identification for subsequent use in MPC is improved using a
semiparametric approach in which a physically interpretable prior mean function is augmented with a data-estimated
correction term.

Semiparametric model with kernel correction
A semiparametric model is proposed to combine the advantages of physically interpretable parametric
models and nonparametric estimators. Its prediction is the sum of a prior mean function m(§) and a nonparametric
kernel correction & (§) that describes the systematic component of the deviations of observed values from this function.
The prior mean function is a physically motivated baseline relationship that defines the expected shape of the
separation characteristic before refinement using observations. The resulting structure is
) =m()+06(5),  n=g-—m(S), (4)
where ¢ is the separation variable (¢ = d for size separation and ¢ = Fe for magnetic separation); m(§) is
given by the Rosin—Rammler model (2) for size separation, the sigmoid model (3) for magnetic separation by iron
content, or the empirical mean & for units operating in the saturation region; 7; is the regression residual, defined as
the empirical deviation of observation &; from the prior-function value m(¢§;); and §(¢) estimates the systematic
component of these deviations.
In the primary implementation, the correction §(§) is estimated using GPR. As a benchmark, the systematic
component of the same empirical deviations is estimated using the NW estimator [6]:
& I KnGE-EDTy
Onw(®) = T ey )
where K}, is a Gaussian kernel with bandwidth h. Normalization by the sum of the kernel weights makes this
estimate a locally weighted mean of the empirical deviations 7;, but it does not quantify uncertainty. The primary
implementation uses GPR [5] with a radial basis function kernel:
8epr(§") = k(§*, D)T[K(D, D) + 071177, (6)
where K (D, D) is the kernel Gram matrix at observation points D, 62 is the noise variance, and r is the vector
of regression residuals defined as empirical deviations from the prior mean function. The hyperparameters, namely
the length scale and o,,, are determined by maximizing the log marginal likelihood. The posterior mean in (6) has a
kernel-ridge form and therefore does not generally coincide with the NW estimator in (5). It also provides the posterior
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predictive variance used to construct uncertainty bands. The final prediction is constrained to the physical range & €
[0,1]. For the size-separation units, the same complete estimator—the Rosin—Rammler prior mean function with a
GPR correction estimated from 7;, with all parameters re-estimated—is used for full-sample estimation, cross-
validation, and Monte Carlo simulation.

The estimate in (4) interpolates between the parametric prior mean function and the nonparametric correction
according to the number n. of informative points in the transition region, defined by 0.02 < ¢; < 0.98 and d; >
10 um. When n,, is small, regularization through a large o,, and length scale limits the correction amplitude; the
estimate consequently remains close to the parametric model and retains its physically plausible limiting behaviour.
With sufficient n., the correction becomes more flexible and captures nonstandard shapes. The kernel bandwidth of
the semiparametric NW estimator is determined by leave-one-observation-out cross-validation; for &(d), each
observation represents one size class:

hopt = argmin, YL, (1; — 0;(§;; h))?. (7

At each iteration, the ith observation is temporarily removed, and the correction §_; is estimated from the
remaining n — 1 observations. The estimate at ; is compared with the empirical deviation ;. The optimal bandwidth
h minimizes the sum of squared prediction errors over all successively held-out observations; the initial value is
obtained using Silverman’s rule [8]. The GPR hyperparameters are re-estimated in each cross-validation iteration by
maximizing the marginal likelihood.

The proposed structure therefore combines a physically interpretable prior mean function with an adaptive
correction whose parameters are determined using a common estimation procedure. Quantitative measures of the
accuracy and uncertainty of the resulting estimate are obtained in accordance with the structure of the available data.

Data-specific uncertainty quantification

Uncertainty-quantification procedures are selected according to the structure of the available data because
no single procedure is equally suitable for all datasets.

The primary separation dataset was obtained from a single cross-sectional sieve-analysis survey conducted
during plant trials and comprises nine size classes measured at up to nineteen sieve-sampling points. For such data,
predictive performance is evaluated by leave-one-out cross-validation (7), while uncertainty in parametric-model
parameters, such as Feg, of the sigmoid, is evaluated by bootstrapping regression residuals [12]. Robustness to
measurement errors is analysed by Monte Carlo simulation, with replicates generated under a specified noise model.
The resulting band characterizes the sensitivity of the identified characteristic to the adopted noise model.

Process data from supervisory control and data acquisition (SCADA) systems are time series with strong
autocorrelation and require different tools: blocked (rolling-window) time-series cross-validation, the Newey—West
HAC covariance estimator [13], and the stationary block bootstrap [14] with a block length exceeding the
autocorrelation horizon. The HAC correction accounts for autocorrelation and heteroskedasticity when estimating the
covariance matrix; endogeneity, nonstationarity, and coefficient bias are assessed using separate diagnostic
procedures.

The resulting point estimates and measures of dispersion provide an interface for supplying model and
uncertainty information to local MPC optimization problems for constraint formulation and to a coordinator that
exchanges uncertainty estimates among agents. Closed-loop MPC experiments form a subsequent stage in the
quantitative evaluation of robustness and probabilistic-constraint satisfaction.

This set of procedures aligns the evaluation of predictive performance and uncertainty with the data type. It
is applied when identifying the separation characteristics of the investigated process units.

Identification results for process units

The performance of the proposed GPR-based semiparametric model (4) is evaluated using data from plant-
scale process tests at an ore beneficiation plant. It is compared with the Rosin—Rammler model, a stand-alone GPR
model without a physically motivated prior mean, and a semiparametric NW benchmark in which the correction to
the prior mean function is estimated from the empirical deviations r;. For every model, experimental recovery is
calculated using the common mass-balance definition in (1). For two-product separation, the product mass-flow-rate
ratio is 7y = /Q;; this ratio is invariant under common proportional scaling of both mass flow rates.

The provenance of each 1, value is recorded in a machine-readable artifact. For the classifier and
hydrocyclone, product 1 is the overflow and product 2 is the underflow. When a feed sieve analysis is available, 7, is
estimated by least squares from the size-by-size balance (1 +7,)ys; = ¥4, + 7gV2,;. For magnetic separators,
product 1 is the magnetic product and product 2 is the nonmagnetic product, and 7, is calculated from their measured
mass flow rates. The classifier estimate r, = 2.08 is well constrained, with a 95 % bootstrap interval of [1.95, 2.42],
a size-by-size mass-balance root-mean-square residual of 0.55 percentage points, and negligible sensitivity to the
omission of any single size class.

For the classifier, where 1y is well constrained and the transition region contains ny, = 7 points, the proposed
GPR-based semiparametric model yields within-sample values of R? = 0.999 and RMSE = 0.008. Its RMSE is
approximately 82 % lower than that of the Rosin—-Rammler model (0.043; Fig. 1). The stand-alone GPR model and
the semiparametric NW benchmark reproduce the within-sample data more closely, with RMSE values of 0.005 and
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0.004, respectively. The within-sample evaluation is supplemented by leave-one-out cross-validation of predictive
performance. The proposed model then outperforms the stand-alone GPR model (Roo = 0.970 versus 0.945;
Table 1), indicating that the physically motivated prior mean benefits generalization.

The semiparametric NW benchmark constructed from the same deviations 7; yields a similar RZo, = 0.976.
Given the available sample size, the gain in predictive performance is appropriately attributed to the combination of
the prior mean function and the nonparametric correction. A larger sample would enable the performance gains
attributable to the GPR and NW corrections to be distinguished statistically. GPR is selected as the primary
implementation because it provides a posterior variance under the modelling assumptions.

For the hydrocyclone, 1, is estimated with a 95 % bootstrap interval of [0.96, 2.56]. At n,,. = 4, the proposed
GPR-based semiparametric model achieves the best predictive performance among the compared models: Rfo =
0.81, compared with 0.69 for Rosin—Rammler and 0.76 for the stand-alone GPR model. Sensitivity analysis shows
that this advantage is maintained throughout the identified range of 1, supporting the robustness of the comparative
result to uncertainty in the mass-flow-rate ratio. The resulting ds, range of approximately 16-30 um quantifies the
sensitivity of this parameter estimate to 7.

Results for magnetic separators with measured mass flow rates confirm the importance of selecting the
argument of the separation characteristic according to the physical separation mechanism. For £(d), leave-one-out
cross-validation gives a negative R despite a close within-sample representation (R? ~ 0.91). This result supports
the use of n(Fe) in (3), whose argument is directly related to particle magnetic properties.

Table 1.

Comparison of within-sample accuracy and predictive performance of the separation-characteristic models
Unit r, provenance | n R-R GPR Semiparametric

¢ v RY Rfoo R} Rfoo R}, Rfoo
Classifier size-by-size 7 0.981 0.967 1.000 0.945 0.999 0.970

balance
Hydrocyclone size-by-size 4 0.983 0.690 0.988 0.762 0.984 0.809

balance
Magnetic measured flow | 7 - - 0914 <0 0914 <0
separator, £(d) rates

14 95% GPR posterior band
R-R (dso=116 um, n=0.83)
----- Stand-alone GPR
084 ....... o —— Semiparametric (R-R + GPR)
/ f—-\"”.\ ® Measurements
®,

13
o
o
1

N

04 — L] ®

101 102 103
d, um

Fig. 1. Classifier separation characteristic

The calculations show that, for the classifier, the stand-alone GPR model and the semiparametric
implementations with GPR and NW corrections yield RMSE values of 0.004—0.008, compared with 0.043 for the
Rosin—Rammler model. For the hydrocyclone, the RMSE values of the compared models are 0.019-0.023 (Fig. 2).

The joint analysis of within-sample accuracy and cross-validation results therefore supports combining a
physically motivated prior mean function with a kernel correction term. Cross-validation and measurement-error
simulation further characterize model generalization and the robustness of the resulting estimates.

Validation of predictive performance and robustness
Predictive performance is evaluated by leave-one-out cross-validation using the same GPR-based
semiparametric estimator, which combines the Rosin—Rammler prior mean function with a GPR correction estimated
from r;. At every iteration, the prior-mean parameters, GPR hyperparameters, and mass-flow-rate ratio r, are re-
estimated using only the training size classes. Because ¢; depends on 1y, estimating r, from the complete sample
would indirectly leak information about the held-out size class into its target value. Re-estimating 7, at every iteration
excludes the held-out class from this calculation.
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For the classifier, Rfyo = 0.970 at RMSE, o = 0.054; without re-estimating 1, Rf o is slightly inflated to
0.974. Comparison with the within-sample value RMSE = 0.008 reveals a substantial difference between within-
sample and cross-validation errors. For magnetic separators with measured mass flow rates described by &(d), cross-
validation yields a negative R?qq, supporting the use of 7(Fe) in (3). Leave-one-sample-out cross-validation is a
logical next step in extending the predictive-performance evaluation of n(Fe) for magnetic separators.

71 Rosin-Rammler Il Semiparametric (R-R + GPR)
EEE Stand-alone GPR [ Semiparametric NW

e

o

=
1

;\\\\\\\\\\\s

Within-sample RMSE
o
w

=4

o

—_
1

0]
Classifier Hydrocyclone
Fig. 2. Comparison of within-sample model RMSE for size-separation units with an identified mass-flow-rate ratio

The robustness of identification to measurement errors is evaluated by Monte Carlo simulation. A total of
N = 500 replicates (seed = 42) are generated with additive noise under the specified model, whose standard deviation
is 0 = max(0.02, 0.05 &). The complete identification procedure is applied to every replicate (Fig. 3). The resulting
bands, defined by the 2.5th and 97.5th percentiles across replicates, characterize the sensitivity of the identified
characteristic to the adopted noise model. For the classifier, the mean relative band width is approximately 14 % of
the mean curve value; it increases to approximately 21 % for units with fewer data points. The median RMSE between
a replicate and the baseline curve does not exceed 0.03.

Thus, cross-validation characterizes the model’s ability to generalize, while Monte Carlo simulation
quantifies the sensitivity of the identified characteristic to the adopted measurement-error model. Together, these
results characterize the predictive performance and robustness of the proposed method.

14 95% sensitivity band, 2.5th-97.5th percentiles (=14%)
—— Baseline GPR fit
® Measurements
.*-—-_-—\

L
\.

2
o]
1

o
[@)]
1
{

€ (overflow)
o (=]
o =~

(=]
1

102 103
d, yum

Fig. 3. Monte Carlo simulation

Conclusions
A semiparametric method has been developed for identifying the separation characteristics of iron ore
beneficiation processes. The method combines a physically motivated prior mean—the decreasing Rosin—Rammler
model with the In2 factor for size-class recovery to the overflow, the increasing sigmoid model for magnetic separation
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as a function of iron content, or an empirical-mean baseline for units operating in the saturation region—with a
nonparametric correction term estimated by GPR from empirical deviations of observations from this function. In the
Rosin—Rammler model, ds, is the median cut size. Depending on the amount of informative data, the estimate
interpolates between the prior mean and the correction without discrete switching between methods. The same
estimator is used for full-sample estimation, cross-validation, and Monte Carlo analysis; a semiparametric NW
estimator constructed from the deviations r; serves as a benchmark. Experimental recovery is defined consistently for
all models using the same mass-balance equation.

The provenance of the mass-flow-rate ratios 7, used in the mass-balance definition of € is documented. The
principal quantitative result is obtained for the classifier, for which 7, = 2.08 is well constrained by the measured
feed data, with a 95 % bootstrap interval of [1.95, 2.42]. The proposed GPR-based semiparametric model reduces
within-sample RMSE by approximately 82 % relative to the Rosin—Rammler model and shows better predictive
performance than the stand-alone GPR model under leave-one-out cross-validation: R, = 0.970 versus 0.945. The
ratio 7, is re-estimated in every cross-validation iteration without using data from the held-out size class.

For the hydrocyclone, 7, is estimated with a 95 % bootstrap interval of [0.96, 2.56]. The proposed model
yields the highest R35o = 0.81 among the compared models throughout this range of 7o, while the corresponding ds
range of approximately 16—30 um quantifies the sensitivity of this parameter estimate to the mass-flow-rate ratio.
Results for magnetic separators with measured mass flow rates confirm the importance of selecting the argument of
the separation characteristic according to the physical separation mechanism: RZ,o < 0 for £(d) supports the use of
n(Fe). All reported numerical values can be reproduced using a single script with a fixed pseudorandom-number
generator state and are stored in machine-readable artifacts containing the metrics, curves, flow-data provenance, and
sensitivity analysis.

The method provides the model and uncertainty information required for model predictive control: point
estimates and uncertainty measures can be supplied to local MPC optimization problems and to a coordinator that
exchanges uncertainty estimates among agents. Further development includes cross-validation of n(Fe), closed-loop
MPC experiments to assess the effect of uncertainty on control guarantees, and online adaptation of the identified
characteristics when feed mineralogy and processing properties change.
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Biraniit TPOHb

KpuBopi3bkuii HallioHaTbHHUN yHIBEpCHTET

HAIIBHIAPAMETPUYHA ITEHTU®IKALIA TA KIJIBKICHE OHIHIOBAHHS
HEBU3HAYEHOCTI CEITAPAHINHUX XAPAKTEPUCTHUK 3bAT'AYYBAJIbBHUX
AITAPATIB

Igentughikauia cenapaviviiux XapakTepUCTUK anapartiB 36arayeHHs 3a/i3Hoi pyau 33 BUPOBHWYUMU [aHUMU DOPMYE
[H@OPMALitO PO MOJESb | HEBUIHAYEHICTL, HEOOXIAHY V1S MOAE/IbHO-IPOrHO3HOIO KEPYBAaHHS. llapameTpuyHi MOZEsT, 30KpeMa
mogesib PosiHa—Pammiagpa 1a curMoigHa Mogesis, MaroTe (IKCOBaHI aHa/IiTUYHI @popMu, SKi MOXKYTb HELOCTATHLO TOYHO OIMUCYBAaTH
XapakTEPUCTUKYN OKpeMuX anaparis. ToykoBa [AEHTu@IKaLla 6€3 OKPeMOi CTatuCTMYHOI NPpoUEypH HE AAE KifIbKICHOI OLiHKY
HEBU3HAYEHOCTI TMPOrHo3y, To4l AK CYyTO HENapaMeTPUYHI OLIIHKM MOXYTb 6yTu HECTIMKUMK 3@ OBMEXeHuX fAanux. Y poboTi
PO3POGJIEHO YHIGIKOBAHMI METOL HAarliBNapamMeTpuyHoi [eHTugikalii, y KoMy @izM4YHO O06IPYyHTOBaHYy NapaMmeTpudHy @yHKLIO
anpiopHoro CepeaHbOro AOMOBHEHO KOPUIryBaJ/IbHOK CK/GL0BOK, OLIHEHOK pPErpecielo rayccoBux [PoUECB 3a eMITipuyHumMmu
BIAXWIEHHAMYU CIIOCTEPEXYBAHUX 3HAYEHb. [/19 OLIIHIOBaHHS MOLENT, KPOC-Basjigalii 1a aHasi3y 4YyT/MBOCTI 3aCTOCOBaHO €EANHY
npouYeLypy. HariBrnapameTpudHmi oLiHoBay Hagapai-YoTcoHa, nobyAoBaHmy 3a BiXWIEHHSMH Bi QYHKLII arpiopHOro CepeqHboro,
BUKOPHCTAHO SIK IOPIBHA/IbHY MOAE/b. EKCrIEpUMEHTA/IbHE BUITYHEHHST OOYUCIIEHO 338 EANHUM MAaCOBO-0a/laHCOBUM O3HAYEHHSIM.
Cr1iBBIHOLLIEHHS MaCOBUX BATPAT MPOAYKTIB BU3HAYEHO 3a PE3Y/IbTATaMU BUMIPIOBAaHL ab0 OLIHEHO 3a IOK/IaCoBUM 6a/IaHCOM. [l15
Knacnugikatopa Le CriiBBIAHOWEHHS HAAIMHO BU3HAYEHO 33 fAaHumu, a voro 95% 6yTcTpern-iHTepBan craHosuts [1,95; 2,42].
3arporioHoBaHa HariBrapamMeTpuyHa MOLETb SHUXKYE BHYTPILLHbOBUOIDKOBY CEDEAHBOKBAAPATUYHY MOXUOKY rpubrin3Ho Ha 82%
M1OPIBHSAIHO 3 MOAE/NIIO Po3iHa—PamMmiepa 1a NepeBEPLLYE OKPEMY MOZE/b PEMPECIi rayccoBux rMpoLECB 3a pPe3y/ibTatamu Kpoc-
Ba/lifaLlii 3 BUKITIOYEHHSM O4HOI0 K/1acy KPYImHOCTI: KOEQILIIEHTV AETEPMIHALII CTaHOB/ATL BiAnosiaHo 0,970 i 0,945. CriBBIAHOLEHHS
MacoBux BUTPAT MEPEOLIHIOBASIN HA KOXHIV ITEPALII KpOC-BanAaLlii 3 BUKOPUCTAHHSIM JIMLLIE HABYA/IbHUX K/ACIB KPYITHOCTI. [Jns
riapoLUmKIoHa 95% 6yTCTpeErn-iHTEPBa/ LIbOro CriiBBIAHOLWEHHS CTaHOBUTE [0,96; 2,56], a 3arporoHoBaHa MOAE b 36epirac HaviBuLLmi
KoeQiLieHT feTepMiHaLli’ 3a Kpoc-Basigalieto — 6m3bko 0,81 — y BCbOMYy IHTEDBA/. Pe3ysibTatv 4719 MarHiTHUX cernaparopis i3
BUMIPSHUMY MACOBUMU BUTPATaMU [TIATBEDMXKYIOTb, O aPryMEHT CEnapaLiiiHoi XapakTepucTuky Mac BIAMOBIAaTU Di3n4YHOMY
MEXAHI3MY PO3AINEHHS. Bifl €MHI KOe@iLlieHTV AETEPMIHALY, OTPUMAHI 1i4 YaC MOAE/TIOBAHHS CENAapaLiiviHOI XapaKTEPUCTIKM K QyHKLIIT
KPYITHOCTI YaCTUHOK, CBIAYaTh PO HEMPUAATHICTb KPYITHOCTI 5K iT apryMeHTy Ta oOrpyHTOBYIOTb 104AHHS LIET XapaKTepucTuku K
QYHKLIT BMICTY 3a/1i38, 1O 6E3MI0CEPEAHILLIE BIJOOPAXKAE MEXAHI3M MArHiTHOro po3gineHHs. MogenosarHs MoHTe-Kapsio 3a 3a4aHo0
MOQE/IO LWYMYy 3aCTOCOBaHO /15 KifIbKICHOMO OLHIOBAHHS YYT/IMBOCTI; A/ KAACU@PIKATOPa CEpEAHS BIAHOCHA LUMPUHAE CMYri
HEBU3HaYeHOCTi CTaHOBUTb pubIsin3Ho 14 %.

KIo40BI ¢/10Ba: HAIMIBNapamMeTpuyHa [AeHTUiKaLlis, cernaparivina XapakTeEpUCTVKE, PEMPECIS rayccoBuX MpPoLECIB; AEPHA
KOPEKLIS; MaTepIasibHm BaNIaHC; KpoC-BaslifaLis; OLiHIOBAHHS HEBU3HAYEHOCTI, BiTBOPIOBAHICTL, 36aradyeHHs 3a/1i3Hoi pyaun.
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