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In the guaranteed estimation problems under uncertainty relative to disturbances and measure-
ment errors, the admissible sets of their possible values are determined. The solution is chosen due to
conditions of guaranteed bounded estimates optimization corresponding to the worst realization of
disturbances and measurement errors. The result of the guaranteed estimation is an unimprovable
bounded estimate (information set), which turns to be overly pessimistic (reinsurance) if a prior ad-
missible set of measurement errors is too large compared to their realized values. The admissible sets
of disturbances and measurement errors can turn to be only rough upper estimates on a short obser-
vation interval. The goal of research is the accuracy enhancement problem of guaranteed estimation
when measurement errors are not realized in the worst way, i.e. the environment in which the object
operates does not behave as aggressively as it is built in a priori data on the permissible set of error
values. Research design. The problem of adaptive guaranteed estimation of a constant signal from
noisy measurements is considered. The adaptive filtering problem is, according to the results of
measurement processing, from the whole set of possible realizations of errors, to choose the one that
would generate the measurement sequence. Results. An adaptive guaranteed estimation algorithm
is presented. The adaptive algorithm construction is based on a multi-alternative method based on
the Kalman filter bank. The method uses a set of filters, each of which is tuned to a specific hypothe-
sis about the measurement error model. Filter residuals are used to compute estimates of realized
measurement errors. The choice of the realization of possible errors is performed using a function
that has the meaning of the residual variance over a short time interval. Conclusion. The computa-
tional scheme of the adaptive algorithm, the numerical example, and comparative analysis of ob-
tained estimates are presented.

Keywords: constant signal estimation, guaranteed estimation, adaptive algorithm, bounded
estimate, measurement residual.

Introduction
The estimation problem of a constant signal x from noisy measurements is considered [1]
Vi=x+v, k=12,..,N, (D)

where x € R' is a constant value (useful signal), v, € R' are the measurement errors. Under natural con-

ditions, the values of measurement errors v, k =1, N, are unknown (uncontrolled). A priori information

about measurement errors is formalized by choosing a hypothesis about the properties of errors v .
The following hypotheses are traditional.

1. The measurement errors v, are random and given by probability density function with known
parameters.

2. The measurement errors v, are uncertain quantities: v, € /', where V' is a given convex set of
their possible values.

Acceptance of the hypothesis about the probabilistic nature of measurement errors makes it possible
to formulate the problem within the framework of the stochastic approach as the problem of finding
the optimal estimate in the mean square sense and to use statistical methods [2]. The most common is
the use of the least-squares method (LS) [1, 2], i.e. minimizing a function

N
J(x)= (3 —x)*, # =argminJ(x).
k=1 *
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Recurrent algorithms are most widely used in solving problems of processing noisy measurements
when an estimate of an unknown quantity is formed by the sequential processing of each available
measurement and the results obtained at the previous processing step. The recurrent LS-method is
the relations of the Kalman filter (KF) for the considered problem (1) [3, 4]. However, any inaccuracy in
the knowledge of the probabilistic characteristics of errors v, can cause divergence of the filtering pro-
cess [5-8].

However, in many situations, the application of stochastic estimation methods can be difficult: due
to the small number of available measurements, based on the results of which the search for the best
estimate is carried out, or the absence of probabilistic characteristics of measurement errors. Besides,
the assumption about the random nature of measurement errors is not always justified [5, 8]: often it is
only known that the measurement errors v, are bounded.

Given a set of possible values of measurement errors, it is possible to formulate the problem within
the guaranteed (set-membership approach) as the problem of finding the bounded set of possible values
of an unknown quantity [9-26]. In this case, the problem solution is selected from the condition of
the optimization of guaranteed bounded estimates corresponding to the worst realization of measurement
errors [8, 12, 18, 24]. The advantage of guaranteed estimation methods is the absence of random filtering
errors [10-15, 21, 23, 27]. However, the resulting bounded estimate (information set) may turn out to be
overly pessimistic (reinsurance) if the set of possible values of measurement errors is too wide [8, 17, 18].
The problem of adaptive algorithm development for guaranteed estimating becomes relevant [28].
The adaptive guaranteed estimation problem is, according to the results of measurement processing,
from the whole set of possible realizations of errors, to choose the one that would generate the sequence
of measurements [8].

One of the central issues of modern estimation theory [29-32] is the synthesis of adaptive filters
enabling of providing a sufficiently accurate estimate of the state vector in the absence of accurate a priori
information about disturbances and measurement errors is one of the. In [6, 7, 29, 32], various algo-
rithms for adaptive filtering of stochastic systems with unknown values of the noise covariance matrices
are discussed.

This article is focused on the problem of adaptive guaranteed estimation of a constant signal from
noisy measurements. The development of an adaptive estimation algorithm is based on a multi-
alternative method based on a Kalman filter bank, which was first proposed in [33] for estimating ran-
dom processes with unknown constant parameters [34, 35]. This method has found wide application in
problems with a multi-alternative description of a system state or process [36—38]. The work continues
research [39, 40].

Statement of the problem

Consider the estimation problem solution of unknown constant signal from a single realization of
measurements (1) in the framework of a guaranteed (set-membership) approach. A priori information
about the initial value x, of a variable and errors v, is represented in the form of admissible sets of

the corresponding quantities [9-12, 1620, 24, 26]
Xy € X, :[_xo, +xo], v, eV = [_v, +v], k=12,..,N, 2)

where _x, "x are respectively left and right bounds of the set X,,, _v, v are respectively left and
right bounds of the set V.

The result of guaranteed estimation is the construction of the information set X, that is guaranteed
to contain an unknown signal x [10-24].

xe)_(k:[ka, +xk], k=12,..,N. 3)
The information set is defined as follows [18, 23]:

X, =X, nX[y] Xo=Xy k=12,.,N, )
where X[y, ] is the measurement consistent set

X[yk]z{x|x=yk—v,veV}, k=12,...,N. ®)
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The presence of the estimate X « (4) is fundamentally important from determining the consistency
of a priori information (2) [23]. The algorithm efficiency mainly depends on a priori estimate J* which
is adequate to the realized errors v, :

1. Errors in the set V' definition, i.e. a failure of the assumptions (2) when v, ¢}, can lead to
the fact that the information set X , May be empty at some time step & : X « = . Errors in set X, defini-
tion can also lead to such a situation.

2. If the set V' is too wide, then the information set X « Will regularly within the measurement con-
sistent set X[y, ]: X, c X[»e] X, =X, . In this case, measurement processing is useless, i.e. it

does not lead to an increase in the estimation accuracy — a decrease in estimation errors.
Consider an algorithm for solving the guaranteed estimation problem for the case, when a prior

admissible set V' is too wide, as a result )?k_l = )_(k ,k=1,2,....

Adaptive algorithm of guaranteed estimation
By following the LS-method and the KF, consider the measurement residual formed as the diffe-
rence between the measured value and the estimate obtained at the previous step [4, 8, 9]

Wi = Vi = X1 X1 € )?k—l = |:—xk—1’ +xk—1:|’ ©)
.x;:71 :(7xk71++xk71)/2, kzl, 2,..., N.

Substituting the measurement equation (1) into this equation, we find that

W =€ +v,, k=L2,..,N, @)
where ¢, =x—x;_, is the estimation error of unknown signal x .

Thus, the residual p, (7) corresponding to the current moment of time £ is an estimate of the reali-
zed measurement error v, , and the estimation error of the measurement error is equal to the estimation

error of the signal x.
As for estimation error ¢ , it is known that

e e X{y =[xl x| k=120, N, (8)
where

X) =X, ,-x,,, k=12,..,N,
is the centered set symmetric about zero, 0 X}, .

The estimate (8) is guaranteed and means that the actual estimation error e, can take any value

from the set X, .
Taking into account the constraint (8) on the error value e, , the permissible set of measurement

errors v, can be represented as
Vi :{V|V:Hk _eaveEXl(c)—l} :{V|Hk — T SvSy - —xl(c)—l} =
== we- x| k=12, N, (9)
In the equation for the measurement residual (6) substitute the estimate x; given a priori for the es-

. . . . *
timate obtained at the previous time step x;_,

W=y, —xy=e+v,, k=1,2,.., N, (10)

x;eon[_xO, +x0], sz(_x0++xo)/2. (11)
The value

e=x-x, (12)

is the error of the initialization of x.
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The centered set
ee[_xo—x;, +x0—x:;} (13)
is the set of possible values of errors ¢ (12), symmetric about zero.

Taking into account equations (10) and conditions (11), (13), represent the admissible set of meas-
urement errors in the form

v €V :{V|Hk —(+xo_x;)3"3uk _(Jfo—x;)} =
Z[Hk —(+xo_x8)’ uk—(_xo—x;)], k=1,2,...,N. (14)

Thus, the width of the permissible set V), (14) of measurement errors v, is determined by the width
of the permissible set of errors e in setting information about the actual value x (13).

Explain this choice. As shown above, if the admissible set =[7v, +v] of errors v, is a priori

given too wide, so that X, V', then the information set X « 1s within the measurement consistent set:
X < X[y] and X,_, =X, . According to the minimax principle, the estimation error ¢, =e=x-Xx,
(12) will be the minimum of the maximum possible (minimum in the worst case) at point x; (11). Be-

sides, its value does not depend on measurements y,,k =1, N and is constant over the entire considered

time interval. The admissible set (13) of the estimation error e can be represented as the sum of two
subsets

ee[_xo—x;, 0]+[0, +x0—x8]. (15)
The value and sign of the actual estimation error e are unknown. Therefore, we can talk about

accepting one of two hypotheses, a hypothesis H,: e<0,ec [ _Xp— x;, O] or a hypothesis H:
e>0,ec [O, X0 — xS] . The acceptance of the hypothesis /, with the fulfillment of conditions
ee |:7x0 - x;, O} leads to a guaranteed result

v eV, = {v|pk vy —(_xo —xg)} =|:|,lk, L —(_xo —x;)], k=1,2,..,N. (16)
The acceptance of the hypothesis H,,, while ee [0, Txo — x;} , leads to the fact that

Vi &V = {V“'lk SVS iy —(—xo —xS)} Z[Mka My —(—xo —x;)},

V, ={v|uk —(+x0—x;)SvSuk}=[uk —(+xo—x;), uk} k=1,2,..,N.

An error in setting the set V), (17) can lead to the fact that the information set X © at some time step

)

k may turn out to be empty: X, « =% . In this case, further construction of the sets using the filter equa-
tions (4), (5) becomes impossible. However, it may turn out that X 1 NX [ yk] #J, but the result of
the estimation is false x & X, .

In case of this situation, it is possible (given a priori information (15) about the possible values of
estimation errors e € [ _Xp —x;, O] — hypothesis H, and e [O, "X, —x;] — hypothesis H,) to solve
the guaranteed estimation problem using parallel computations considering the results of the algorithm
for different values V, (16), (17):

1. If, given a hypothesis H,/ H,, it turned out that v, ¢V, at some time step k, then the infor-
mation set obtained by time step k& becomes empty X, « =0 . Starting from a time step k +1, an alterna-
tive hypothesis is taken into account H, / H,,.

2. If, given a hypothesis H / H,, it turned out that v, ¢V, at some time step k but the presence of
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bounded set X, # @ does not allow to recognize this situation, then the criterion for choosing a set ¥

is the accuracy of the obtained estimates x; .

To characterize the actual quality of estimation, one can use a sequence of a posteriori residuals of
measurements [8, 9, 39, 40].

ykzyk—x;:, xZe)?kz[kaka], k=12,..,N, (18)

where x;: is the estimate of unknown signal x obtained by the time step & .

Of particular interest is to obtain the best (optimal) estimates x;:. These estimates can be obtained
by solving the problem of minimizing the function
N
> y¢ — min . (19)
k=1 XXy
Function (19), which is the sum of the squares of a posteriori residuals, carries information about
the estimated error of estimation [8, 9]. Therefore, the criterion for choosing the admissible set of reali-

zed measurement errors is the accuracy of the obtained point estimates xZ of the signal x for different
values of V, (16), (17). In this case, the algorithm accuracy for the selected set V) is estimated by

averaging over the considered measurement interval.

Thus, it is possible to specify the following guaranteed estimation algorithm, which is adaptive to
the realized measurement errors.

1. The measurement interval £ =1,..., N is divided into equal / sub-intervals.

2. Two competing hypotheses /) and /, are accepted that the estimation errors e model given in
the form of a set of their possible values e e[fxo —x;, O] and ee [O, "X, —x;] respectively, rather

accurately describes the behavior of actual estimation errors on the measurement interval y;, ,,..., ;.

3. Following the accepted hypotheses, the admissible sets of measurement errors are calculated (16)
and (17), respectively. We will consider the results of the estimation algorithm for different admissible
sets of measurement errors.

4. The estimate of the signal x obtained on this measurement interval will be denoted x; and will

be found by the criterion of the minimum squared residuals (19), comparing the results of the algorithm
for different admissible sets of measurement errors.
5. For the next measurement interval y,,, ¥,,5,..., V;,; as a priori estimate of the signal x, we will

consider the estimate obtained from measurements at the last time steps /: x, =x,, X, = X .
The measurement processing on the interval k=/+1,/+/ is carried out in the same way as

the measurement processing on the interval & =1,/. The application of the algorithm does not require

storing / measurements, but only calculating and storing estimates with the width of the measurement
interval equal to /.

Represent a multi-alternative model of the algorithm in the following form.

Algorithm 1

Step 0. Determine the admissible sets x, € X, =[7x0, +xo] , e €V =[7v, +v] , k :1,_1, I<N.
Step 1. Define k =1.
Step 2. Calculate x; following (11). Accept the hypothesis H,, :e e [ Xy — x;, O] .

Step 3. Calculate p, following (10) and the admissible set of measurement errors v, following (16).
Step 4. Calculate X « following (4), (5).
Step 5.1f X =%, go to Step 2 of Algorithm 2. Otherwise, go to Step 6.

Step 6. Calculate y, following (18).
Step 7. Define k=k+1 goto Step 3. If k=1, go to Step 8.
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!
Step 8. Calculate Zyi .
k=1

! !
Step 9. If the value Zﬁ corresponding to Step 8 of Algorithm 1 is less than the value Zﬁ cor-

k=1

k=1

responding to Step 8 of Algorithm 2, define k=/+1, X, = X ; and go to Step 2. Otherwise, go to Step 2

of Algorithm 2.
Algorithm 2

Step 0. Determine the admissible sets x; € X, :[Jco, +x0} , v eV :[J, *v} , k =m, < N.

Step 1. Define k =1.

Step 2. Calculate x; following (11). Accept the hypothesis H, :e € [0, "Xy — xz] .

Step 3. Calculate n, following (10) and the admissible set of measurement errors v, following (17).

Step 4. Calculate X « following (4), (5).

Step 5. 1If )?k =(J, go to Step 2 of Algorithm 1. Otherwise, go to Step 6.

Step 6. Calculate v, following (18).

Step 7. Define k=k+1 goto Step 3. If k=1, go to Step 8.

!
Step 8. Calculate Zyi .
k=1

/ /
Step 9. If the value Zﬁ corresponding to Step 8 of Algorithm 2 is less than the value Zﬁ cor-

k=1

k=1

responding to Step 8 of Algorithm 1, define k=/+1, X, = X ; and go to Step 2. Otherwise, go to Step 2

of Algorithm 1.

Numerical simulations

The problem of constant signal estimation from noisy measurements is considered

Vi=x+v, k=1.,N.

(20)

The true value is x=0.5, the number of measurements is N =100. The noisy measurements y,

(20) and measurement errors v, are shown in Fig. 1. The measurement errors are assumed to be zero

mean Gaussian white noise sequence with standard deviation 6, =0.17. The prior admissible sets are

taken as follows:

XO:[_xO, +x0]:[—1, 1], V:[_v, +v}=[—3cv, 30V].

As Fig. 1b shows, the realization of measurement errors is such that |vk| <30

v

0 1 1 L 1 1 L 1 L L’
0 1o 20 30 40 50 10 20 30 40 50 60 0 80 90 100
k &
a) b)
Fig. 1. The processes considered in the example: a — noisy measurements y, ; b — measurement errors v,
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The measurement interval was divided into 5 equal sub-intervals. According to the results of measu-
rement processing, the information set of possible values of the signal x is obtained (Fig. 2)

xeXy=[0.4688, 0.5], x) =0.4844, k<[80, 100].
The information set of possible values of the signal x computed by “non-adaptive” filter is (Fig. 2)
xeXy= [0.343 1, 0.5779], x;, =0.4605, ke [92, 100].

A

1
\
A
0.9 L
0.8 LS
0.7+ 3
1
\

0.6 e LR EEE R EEEEEEEEEEEE P

0 10 20 30 40 50 60 70 80 90 100

Fig. 2. Bounded estimates of the signal x: 1, 2 — respectively the upper and lower

bounds of the information set computed by the adaptive guaranteed algorithm;

3, 4 — respectively the upper and lower bounds of the information set computed
by “non-adaptive” algorithm

The maximum possible error of the adaptive filter is mgx|x—c|=0.0312, and that of “non-
ceXy

adaptive” filter becomes mgx|x—c|=0.1569. As a quantitative characteristic of the efficiency of
ceXy

the proposed adaptive estimation algorithm, consider the ratio &, =%-100% of intervals
0

XN:[*XN’ +)CN:| and onl:ixO, +x0:|.

The quantity 6 shows what part of the prior uncertainty is the information set [41]. The information
set computed by the adaptive guaranteed algorithm does not exceed 2% (8 = 1.56) of the prior uncer-
tainty value, while the information set computed by the “non-adaptive” guaranteed algorithm exceeds
11% (8=11.74) of the prior uncertainty value.

Application of the Kalman Filter
Recurrence equations of LSE [3, §]

=%+ o (v —%el)s k=12, N, 21

_ e
pe=(pch+r') (22)

As mentioned above, equations (21), (22) are the KF equations for the considered problem (20).
The variance of measurement errors is known: r =c?. Initial conditions for the KF are: x e N (0, py),

- 1
X =0, py Ty

From a comparison of the results of the adaptive guaranteed estimation and the KF (Fig. 3, Table 1),
it follows that the implementation of the adaptive guaranteed estimation algorithm made it possible to
reduce the initial uncertainty in the knowledge of the signal x by 64 times, and the use of the Kalman

filter — by 20 times.
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Fig. 3. Bounded estimates of the signal x: 1, 2 — respectively the upper and lower
bounds of the information set; 3, 4 — respectively the upper +3c and lower —3c
bounds of the confidence set computed by the KF

Table 1
Characteristics of bounded estimates
Adaptive guaranteed algorithm The Kalman Filter

k max|x — max x-c

ce)?);j |x C| 8k ce|:—3\/ﬁ,3 Dk ]| | Sk
20 0.5 25 0.1330 11.33
40 0.25 12.5 0.0928 8.04
60 0.125 6.25 0.0726 6.57
80 0.0625 3.125 0.0643 5.7
100 0.0312 1.56 0.0620 5.09

For the relative errors of the Kalman estimate X and the estimate x;, of the adaptive guaranteed
algorithm, respectively, we have (Fig. 4, Table 2)

x*
xX—Xx X—x
e |
-100% =17.74%, -100% = 50%.
max |x—c| max |x —c|
ce|:—31/pN 3 pN:I ceXy
A
0.6-_,“,-_/__3
0551 A S A o Bk SR iadetebdeintohde
u;.-:i'h’xf'g,a_,;:lu";”h' g g e o e A
X,
14 kg . 7/_______,“_ ,,,,,, o
04;—\ pr— R T R -
T
0.4 f
J
0351
2
03F
025
1 1 1 1 1 1 #
40 50 60 70 80 90 100
k

Fig. 4. Point estimates of the signal x: 1, 2 — respectively the upper and lower
bounds of the information set; 3, 4 — respectively the upper +3c and lower —3c
bounds of the confidence set computed by the KF
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Table 2
Characteristics of point estimates
The Kalman filter Adaptive gl aranteed Mean type method
algorithm
k estimation error . estimation error | 1 & estimation error
Yk |x— % Yk ‘x—x;: Yk ZE;% ‘x—x;:
20 0.5197 0.0197 0.25 0.25 0.5265 0.0265
40 0.5124 0.0124 0.375 0.125 0.5157 0.0157
60 0.5090 0.0090 0.4375 0.0625 0.5112 0.0112
80 0.5074 0.0074 0.4688 0.0312 0.5090 0.0090
100 0.5110 0.0110 0.4844 0.0156 0.5124 0.0124

The relative error of the Kalman estimate x, turned out to be 3 times less than the relative er-

ror of the estimate x;, of the adaptive guaranteed algorithm. The Kalman estimate turns out to
be more accurate since the real probability distribution law of measurement errors v, is Gaussian.
The estimate of the guaranteed algorithm is selected based on the worst realization of measurement
errors. In the case of a single realization of measurements { Vi }]]:’:1 , the solution of the guaranteed

estimation problem, when the estimate is a point which is equidistant from bounds of the infor-
mation set (middle point of the interval), is nonrational [41]. In the considered example, the true
value of the signal x is on the border of the information set. However, in practice, such a situation
cannot be recognized.

Consider the measurement errors v; in terms of uniformly distributed in the interval [-v, v] white

noise at level of about v=0.5 (Fig. 5). The prior admissible sets are
Xo=| x "xo|=[-1 1], =] v, "v]=[-05, 05].

Initial conditions for the KF are: xeN(O, po), X =0, p, =é, r =(0.5/3)2.
vk A T

0.4

041

0.6 1 1 1 1 1 1 1 1 1 1 >

Fig. 5. Measurement errors v,

As Fig. 5 shows, the realization of measurement errors is such that at some time steps |vk| ~0,5.

A comparison of the results of “non-adaptive” guaranteed estimation and the KF is shown in Fig. 6
and Table. 3.
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Fig. 6. Bounded estimates of the signal x: 1, 2 — respectively the upper and lower
bounds of the information set; 3, 4 — respectively the upper +3c and lower —3c
bounds of the confidence set computed by the KF

Table 3
Characteristics of bounded estimates
Guaranteed algorithm The Kalman filter

k max(x—c max X—C

ceXy | | Ok ce|:—3\/ﬁ,3 Pk ]| | Ok
20 0.0653 3.65 0.1463 11.54
40 0.009 0.83 0.1046 8.19
60 0.009 0.83 0.0848 6.69
80 0.009 0.83 0.0713 5.8
100 0.0077 0.41 0.0664 5.19

The information set X N =[7xN, *xN} computed by the guaranteed algorithm does not exceed

1% (8=0.41) of the prior uncertainty value, while the confidence set [—3 Pys 3Py ] computed by

the KF exceeds 5% (8 = 5.19) of the prior uncertainty value. The maximum possible error of the guaran-

teed estimate is max |x - c| =0.0077, which is almost 10 times less than the maximum possible error of
ceXy

the Kalman estimate, which is max

ce[—3\/p_,3 PN}

may not belong to the confidence set: x ¢ [—3 Pn> 3\ Py ] .

|x —c| =0.0664 . In addition, the true value of the signal x

Thus, in the case when the admissible set of measurement errors V' :[J}, +v} is adequate to

the realized measurement errors so that the measurement errors can take values on the set bound or close
to its bound, the guaranteed estimation errors are minimal. For the considered realization of measure-
ment errors (Fig. 5), at time steps k& =13,34,84 the values of measurement errors are closest to

the boundary values. At these time steps, the guaranteed algorithm provides the most accurate estimates.
In this case, the application of adaptive methods is not required.

Conclusion

The article has proposed a solution to the problem of adaptive guaranteed estimation for a constant
signal from noisy measurements. It is based on a multi-alternative method when a set (bank) of filters is
used, with each of which tuned to a specific hypothesis about possible realizations of measurement er-
rors. Filter residuals are used to compute estimates of realized measurement errors. Choosing the possi-
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ble implementation of errors is made by using a composed function that makes sense of the variance of
residuals over a short time interval.

Numerical simulations have confirmed the effectiveness of the proposed adaptive guaranteed esti-
mation algorithm. Exploring further the issues: the statement of the necessary criterion for an opportuni-
ty of adaptive adjustment of the algorithm; properties of the adaptive filter on short time intervals; gene-
ralization of obtained results to the multidimensional case in the presence of unknown bounded distur-
bances. One of the promising directions for further research is the development of an algorithm that
combines the guaranteed estimation algorithm and the Kalman filter.

The work was supported by Act 211 Government of the Russian Federation, contract No. 02.A03.21.0011.
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AOQANTUBHOE TAPAHTUPOBAHHOE OLUEHUBAHUE
NMOCTOAHHOIO CUITHAJA B YCITOBUAX §
HEOMNPEAENEHHOCTU OLULMBOK UBMEPEHUUA

A.B. XadaHosuu, B.W. LLlupsiee
FOxHo-Ypanbckuli 2ocydapcmeeHHbil yHusepcumem, 2. YensbuHck, Poccus

B 3amagax rapaHTHPOBAaHHOTO OLICHMBAHHSA B YCIOBHAX HEONPEAEICHHOCTH OTHOCHTEIIBHO
BO3MYIICHUH U ONIMOOK M3MEpPEHUH OMPEAETICHbI OMYCTHMbIE MHOXKECTBA UX BO3MOJXKHBIX 3Haue-
Hul. Pemenune BeIOMpaeTCs U3 yCIOBUS ONTUMU3AIMHN TApaHTUPOBAHHBIX MHOXXECTBEHHBIX OIICHOK,
COOTBETCTBYIOITNX HaMXy/IIECH pealn3aliy 3HaueHUH BOZMYIICHUH U OMNOOK u3MepeHuil. Pe3yinb-
TATOM TapaHTHPOBAHHOTO OLICHUBAHMWS SBILICTCS HEyTydlllacMas MHOXKCCTBCHHas oreHka (MHpop-
MAIIMOHHOE MHOXECTBO), KOTOpPAs MOXKET OKa3aThCs HM3JIUIIHE IMECCHMHUCTUYHON (IIepecTpaxoBOU-
HOM), €CITH AOMYCTUMBIC MHOXECTBA 3HAUYCHHUN OMMOOK M3MEPEHHUI CIUIIKOM OOJBIINE TI0 CpaBHE-
HUIO C PEaJM30BaBIIMMUCS 3HAYCHUSAMH omuOOK. Tak, Ha KOPOTKOM HHTEpBaIe HAOIIOJCHHUN TO-
MyCTUMBIC MHOJKECTBA 3HAYCHHU BO3MYIICHUH M OMIMOOK M3MEPEHUI MOTYT OKa3aThCs JIHIIb TPY-
ObIMH OIleHKaMH cBepXy. Lle1bIo uccae0BaHMSA SBISICTCS MOBBIMICHHE TOYHOCTH FrapaHTHPOBAHHO-
TO OILCHWBAHMS, KOT/Ia OIIMOKY M3MEPEHUH pearn3yloTcs He HauXyIIIUM 00pa3oM, T. €. cpena, B KO-
TOpO# (YHKIIMOHUPYET OOBEKT, BeleT ceOs He TaK arpecCHBHO, KaK 3TO 3aJI0KEHO B alpHOPHBIX
JIAHHBIX O JOMYCTHMOM MHOKECTBe omuOok. MeToabl uccjeaoBanusi. PaccmarpuBaercs 3amada
aJalITUBHOTO TapaHTHUPOBAHHOTO OICHWBAHUS BEJIMYMHBI TOCTOSHHOTO CHUTHAJA IO 3aIlyMJICHHBIM
U3MepeHusIM. 3ajada aJanTUBHOW (GUIBTpallMK 3aKI0YaeTCcsl B TOM, YTOOBI B Mpoliecce 00paboTku
3alTyMIJICHHBIX H3MEPEHH, U3 BCETO MHOKECTBAa BOBMOXKHBIX pealH3aluii OIMHOOK BEIOPATh Ty, KO-
Topasi mopoxaana Obl HMEIOUIYIOCS IOCIeIOBaTENbHOCTE m3MepeHnid. PesyabsTatsl. [IpencrasieHn
aJlalTUBHBIN AJITOPUTM FapaHTHUPOBAHHOTO olleHHBaHUs. [locTpoeHHe aganTUBHOTO aaropuUTMa OC-
HOBAaHO Ha MHOTOAIBTCPHATHBHOM METOJIc Ha ocHOBe OaHKa (ripTpoB Kammana. B merone mpume-
HseTCS Ha0Op (QUIBTPOB, KAKIBIA U3 KOTOPHIX HACTPOCH Ha KOHKPETHYIO THUIIOTE3y O MOJICIH OIIH-
0ok m3MepeHHi. HeBsi3kun (QMIBTPOB MCIONB3YIOTCS IS BBIYUCICHHUS OIICHOK PEai30BaBIINXCS
omuboK u3MepeHuid. BriOOp BO3MOXKHON peanu3aliii OMHMOOK OCYIIECTBISIETCS MPU TTOMOIIH
(hyHKIIMOHAJIA, UMEIOIIET0 CMBICH JHCIIEPCHH HEBSI30K Ha KOPOTKOM MHTEpBalie BpeMEHH. 3aK.Iio-
yeHue. [IpuBeieHB! BEIYMCIUTENBHAS CXEMa aJJalTUBHOTO ANTOPUTMA, YHCICHHBIA TpUMeEp U CpaB-
HUTEIHHBIN aHAIN3 MOTYICHHBIX OI[CHOK.

Kniouesvie cnosa: oyenusauue noCMoAHHO20 CUSHALA, 2apPAHMUPOBAHHOE OYeHUusaHue, adan-
MUBHBILL ANIOPUMM, MHOHCECHBEHHAS OYEHKA, HeBA3KA U3MepeHUll.

Cratbs BbINOJHeHA npu noaaep:kke IlpaButeascrBa P® (IlocranoBiaenue Ne 211 ot 16.03.2013 r.),
coriamenue Ne 02.A03.21.0011.
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