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This paper has substantiated
a modified method that, within the
Jframework of the adaptive zero-or-
der Brown’s model, provides for
increased accuracy in predicting
processes with unknown dynamics
masked by the noise of various levels.
The forecasting method modifica-
tion essentially involves an adaptive
technique for determining the weight
of the correction of the previous fore-
cast, taking into consideration the
recurrent state of the predicted pro-
cess in time. To investigate the accu-
racy of the forecasting method, a test
model of the process dynamics was
determined in the form of a rectan-
gular pulse with unit amplitude. In
addition, a model of additive mask-
ing noise was defined in the form
of a discrete Gaussian process with
a zero mean and a variable value of
the mean square deviation. Based
on determining the exponentially
smoothed values of current absolute
Jorecasting errors, the dynamics of
Jorecast accuracy were examined for
the modified and self-adjusting me-
thods. It was found that for the mean
quadratic deviation of the masking
noise equal to 0.9, the smoothed abso-
lute prediction error for the modi-
fied method does not exceed 23 %;
Jor the self-adjusting method — 42 %.
This means that the prediction ac-
curacy for the modified method is
about twice as high. In the case of an
average square deviation of mask-
ing noise of 0.1, the smoothed abso-
lute prediction error for the modi-
fied and self-adjusting methods is
approximately the same and does
not exceed 10 %. That means that
at a low level of masking noise, both
prediction methods provide approxi-
mately the same accuracy. However,
with an increase in the level of mask-
ing noise, the self-adjusting method
significantly loses the accuracy of
the forecast to the proposed modi-
Jfied method
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1. Introduction

basis for solving the common problem of improving the

efficiency of management of such objects[2]. The most

Forecasting the state of complex objects in various important, from the point of view of civil protection, are
fields [1] operating in unstable environments (UE) is the dangerous objects [3] operating in UE [4]. These include




hazardous events in ecosystems [5] and socio-economic sys-
tems [6, 7]. The most dangerous, in this case, are fires in the
premises (FP) [8]. This is due to the mass nature of such fires
and their significant damage, both to human life and to the
objects themselves [9], as well as to the environment [10, 11].
Therefore, forecasting the dynamics of the state of UE should
be considered as one of the constructive approaches to
ensuring the stability of objects [12]. The use of predictive
technologies has made it possible to move from reactive to
proactive control of objects. Such management is based on
short-term forecasts (STF) of unknown dynamics (UD).
However, the application of predictive technologies for ob-
jects characterized by UE turned out to be quite problematic.
This is explained by the non-stationary and UD of predic-
ted hazardous processes (HP), masked by noise (MN). To
describe the HP, a mathematical apparatus based on the ap-
plication of systems of differential equations and the general
theory of the state space is used [13]. Existing models make
it possible to describe the average dynamics of HP forecast-
ing, characteristic of a limited number of objects and UE.
However, these tools turned out to be poorly adapted to
solve the tasks of STF and operational management in UE.
At the same time, decisions on the operational management
of non-stationary complex objects are often reactive in na-
ture and are aimed at compensating for the already occurred
emergency deviation of the dynamics of HP [14]. Such an
approach inevitably reduces the effectiveness of emergency
management and requires a transition to proactive manage-
ment, which provides a proactive response to a possible set
of non-stationary conditions that arise in UE. In this regard,
the technology of HP STF with non-stationary and UD, MN,
should be considered as an urgent issue.

2. Literature review and problem statement

Work [15] investigates traditional models of the dyna-
mics of processes in UE in the form of deterministic differen-
tial equations. However, such models do not meet the re-
quirements of operational proactive management. This is
explained by the fact that real HPs contain complex jump-
like and non-periodic components characteristic of dynamic
chaos and non-stationary MN. As a result, conventional
methods based on such models do not allow the formation of
effective predictive solutions. The transition to more ade-
quate models that meet the requirements of proactive HP
management requires the development and application of
qualitatively new technologies or modified STF methods
based on modern mathematical and information technolo-
gies. In [16], the STF of the state of non-stationary HP based
on artificial intelligence or data mining technologies is con-
sidered [17]. However, these methods turn out to be quite
complex and do not meet the requirements of HP STF
with UD. The results of modern system analysis and HP STF
under uncertainty using stochastic models are tackled in [18].
The review of the cited work reveals that in the tasks of CP
UD of the state and management of objects, there is a tenden-
cy to use modern data analysis theory, artificial intelligence
technologies, and cognitive computing. However, the use of
these technologies for the implementation of HP STF with
UD in order to implement proactive management of complex
objects turns out to be problematic. This is explained by the
non-stationary and unknown dynamics of real environ-
ments [19]. Therefore, the problem of CP UD HP in order to

implement proactive management in unstable environments
does not have a complete solution. It is known that adaptive
methods and models provide the best results for CP HP with
UD in noise. One of the widely used STF methods for this is
the adaptive zero-order Brown’s method (ZOBM) [20]. The
main advantage of ZOBM is the ability to adapt STF to new
observational data. In this case, the ability to adapt STF for
ZOBM is determined by the parameter 4, which acts as a cor-
rective weight for current forecast errors. Paper [21] discusses
the application of ZOBM to predict stationary processes.
The study of the use of ZOBM for forecasting evolutionary
processes is reported in [22]. The results obtained confirm
the versatility of ZOBM for predicting various processes. In
this case, the studies are limited mainly to a fixed value of the
parameter / from the classical set between 0 and 1. However,
there are currently many different ways to select this param-
eter. For example, in [23], the parameter /4 is offered to be
selected subject to condition 0.1<A<0.3. However, there is no
justification for this recommendation. In [24], it is stated that
for the particular dynamics of HP, there is a specific parame-
ter value. The selection of such a value for the parameter /
shall be based on the objectives of STFE. For example, in [25],
for STF of the dynamics of processes of an evolutionary nature,
it is recommended to choose the parameter / subject to condi-
tion 0<A<1, and, for processes with chaotic dynamics, 1<A<2.
It is noted that for each type of dynamics of the predicted HP
there is the best value % to be determined. In [26], the para-
meter A is proposed to be selected experimentally for each
specific predicted HP. However, this approach is not ope-
rational and is not suitable for forecasting HP. There is also
a known approach [27], based on the choice of h=2/(k+1),
where % is the number of steps included in the interval of
smoothing the dynamics of HP. In this case, & is determined
empirically, and the dynamics of HP is limited only by a ran-
dom constant. The method of rapid identification of dange-
rous HP states based on the correlation approach is consid-
ered in [28]. However, the method is limited to a class of
stationary processes. In addition, the issues of application of
the method for the STF of HP taking into consideration UD
are not considered. Paper [29] proposes an original modifica-
tion of ZOBM for the HP STF with complex and UD [29].
In this case, the modification is based on the choice of the
parameter 4 based on determining the Hearst indicator for
the implementation of the predicted process. However, the
main limitation of such a modification is the implementation
complexity of the method, as well as the need for extended
segments of stationarity. In addition, predicted processes
must have special properties that are not usually present for
real processes. In [30], it is proposed to modify ZOBM for HP
STF based on the theory of functions of complex variables.
A significant advantage of this modification is the lack of
a priori information about the dynamics of HP. However, the
method turns out to be difficult to implement and very sensi-
tive to errors in the selection of initial values for the smooth-
ing coefficient. These disadvantages, despite the existing ad-
vantages, limit the use of this method for HP STF with UD,
MN of various levels. In our opinion, STF methods based on
the results of the theory of nonlinear dynamics of complex
systems are more constructive. A review of modern methods
of quantitative analysis of the nonlinear dynamics of systems
is presented in [31]. In [32], a method for rapid detection of
atmospheric pollution based on the calculation of recurrent
plots and measures of recurrent states (RS) of atmospheric
pollution is proposed. The main limitation of the method is



the dependence of recurrence plots on the specified threshold
distance, which determines the permissible degree of proxi-
mity of the analyzed states. The method of calculating recur-
rence plots with a self-adjusting threshold is considered
in [33]. However, in [31-33], the methods of HP STF with
UD against the background of the noise of various levels are
not considered. Methods of HP STF with UD, MN, are con-
sidered in [34]. However, these methods are limited to the
class of stationary models of HP dynamics. The method of
estimating the non-stationary dynamics of HP is proposed
in [35]. However, a given method is based on the interval
Fourier transform to stationary fragments of the non-statio-
nary dynamics of HP. At the same time, it is not possible to
isolate stationary fragments in the case of UD. Methods of
frequency-time identification of nonlinear systems are con-
sidered in works [36, 37]. However, the methods considered
are complex and do not allow them to be used for HP STF
with UD, MN. Paper [38] proposes an original method of
frequency-time representation for identifying the dynamics
of hazardous states of the gas environment during fires. How-
ever, this method turns out to be quite complex, which limits
its application to HP STE Therefore, study [39] proposes
a modification of ZOBM for the STF of the current measure
of recurrent increments of the HP state. Unlike [38], a given
method has sufficient efficiency of the HP STF with UD, MN.
However, the quality of STF significantly depends on the
consistency of ZOBM smoothing parameter with the current
dynamics of HP [40]. Similar limitations are characteristic of
another method of HP STF based on ZOBM, proposed
in [41]. Paper [42] considers a method for the rapid identifi-
cation of hazardous air pollution conditions. The method is
based on an analysis of the current RS measure for UD pol-
lution. Methods of HP STF with UD, MN of various levels
are not considered. This is due to the different purposes of the
methods. To identify dangerous air pollution, in [43], it is
proposed to use the uncertainty function for pollution.
However, the STF method with UD is not considered in
works [42, 43]. In [44], the accuracy of HP STF based on
ZOBM is investigated. However, the study of the accuracy of
HP STF is limited to fixed values of the smoothing parameter.
Modification of ZOBM for the HP STF of UD processes is
not considered. Study [44] offers an interesting version of the
modification of ZOBM, which is self-adjusting based on ob-
servations, for the STF of the dynamics of irreversible HP and
phenomena. However, the quality control of this method is
limited to experimental data on the state of the gaseous me-
dium in the laboratory chamber. Due to the uncertainty of the
true dynamics of the state of the gaseous medium in the cham-
ber, the assessment of the accuracy of STF given in [44] can-
not be recognized as objective for assessing the quality of the
method. For an objective assessment of the accuracy of STF
methods, it is necessary to use test models of the dynamics of
HP with the predefined level of observation noise. Thus, the
unsolved part of the general problem under consideration is
a modification of the method of forecasting HP with UD in
the presence of noise, which provides an increase in the accu-
racy of STF under these conditions.

3. The aim and objectives of the study

The aim of this work is to modify the method of forecast-
ing hazardous processes with unknown and non-stationary
dynamics, masked by the noise of various levels, providing

increased forecast accuracy within the framework of the
adaptive zero-order Brown’s model.

To accomplish the aim, the following tasks have been set:

— to substantiate within the framework of the adaptive
zero-order Brown’s model a modified method for predict-
ing dangerous processes with unknown and non-stationary
dynamics, masked by the noise of various levels, providing
increased accuracy of the forecast;

—to determine a test model of the dynamics of the
predicted process, as well as an additive noise model with
a variable level to study the accuracy of the forecast;

—to investigate the accuracy of the forecast for the
modified method on the example of the test dynamics of the
process, masked by the noise of different levels.

4. The study materials and methods

The object of this study is ZOBM for HP STF with
random dynamics, MN. The subject of this study is the
modification of the adaptive ZOBM for forecasting HP with
non-stationary and UD, MN of various levels, increased ac-
curacy of STF. Usually, the accuracy of various methods of
STF is assessed on the test dynamics of HP STF at different
noise levels [20, 45]. As the universal and characteristic dy-
namics, the test dynamics in the form of a rectangular pulse
with variable time parameters of its occurrence were chosen.
As a test model of noise, the Gaussian process with zero mean
and variable standard deviation (SD) was considered. To do
this, we used the built-in special function in the Mathcad 14
programming environment (USA). The study was limited to
investigating the additive effects of noise on the test dyna-
mics of the predicted HP. The accuracy of the STF of the test
dynamics of HP, MN with various SD, was determined by ex-
ponentially smoothed values of the current absolute errors of
the STFE. Exponential error smoothing was carried out in the
current time with a window width determined by 80 counts.
For the purpose of comparison, the smoothed values of the
current absolute errors of STF were determined for the pro-
posed modified method and the self-adjusting ZOBM [44].

5. Modifying the method of forecasting processes with
unknown dynamics masked by noise

5. 1. Substantiation of the modified method for predict-
ing processes with unknown dynamics masked by noise

The self-adjusting ZOBM, described in detail in [44],
makes it possible to predict HP with UD, MN. However,
a given method has the disadvantage associated with a de-
crease in the accuracy of UD STF with an increase in the
level of MN. This is explained by the fact that the method
reported in [44] does not separate errors caused by the dis-
crepancy between the predicted and real dynamics of the
HP and the MN. Therefore, the method from [44] provides
high accuracy of UD STF only at a very low level of MN.
Under these conditions, the correction of the previous STF
is carried out with a weight depending on the current error
of STF without taking into consideration the error caused
by MN. In this case, the current value of the corrective
weight is the inverse of the current variance of the STF error.
And the larger this error, the lower the weight value of the
adjustment of the previous forecast. In [29], for the STF of
processes with UD, MN, it is proposed to choose the value



of the corrective weight for the previous forecast, using the
calculation of the value of the Hearst indicator. This indi-
cator, although it makes it possible to assess the nature of
the UD of the predicted process, is valid only under certain
conditions, which are not always fulfilled under the STF of
UD of real processes. At the same time, the specified method
for determining the corrective weight does not take into
consideration the specific type of process UD. This limits
the possibility of improving the accuracy of STF UD, MN.
Therefore, a modification of the methods[29, 44] is pro-
posed, which is based on a new method for determining the
corrective weight depending on the assessment of the current
specific UD of the predicted process against the background
of MN, determined on the basis of the averaged current HP
RS with UD, MN, only from discrete data preceding the
current discrete moment. Let the discrete observations (the
UD of the predicted process given the MN) at an arbitrary
discrete point in time i be defined as A;. Then the current RM
of the observed data KB; at a discrete point in time i will be
defined by the expression:
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where @(*) is the Heaviside function; i is the current discrete
moment of observation; m is an arbitrary discrete moment of
the beginning of the calculation of the current data RS; € is the
value that determines the degree of proximity of the data A;
and A;. To improve the accuracy of STF UD HP, MN, it is
proposed to average the RS (1) in a moving rectangular win-
dow of a fixed size W. Then the averaged RS in the moving
window (1) KBW; will be determined from the expression:
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In accordance with the technique under consideration,
it is proposed to use the average estimate (2) as the current
weight value to correct the previous forecast. Taking into
consideration (1) and (2), the proposed modified STF me-
thod for the process with UD, MN, can be represented as the
following ratio:

fi :fi—1+KBu/i—1 (Ai _Ti—1)’ 3

where T, T, is a modified forecast at a discrete time point i
and i—1, respectively, (Al. - Y:H) is a forecast error at a discrete
moment i. Ratio (3) differs from the known ones in that the
correction of the previous forecast of the process with UD,
MS of an unknown level, is carried out with a weight that
takes into consideration the UD of the process by calculating
the current RS averaged in a moving rectangular window. At
the same time, the current weight in ratio (3) is determined
at the real rate of acquiring discrete data, which ensures the
implementation of STF. Taking into consideration a specific
UD in determining the weight of correction of the previous
forecast makes it possible to ensure higher accuracy of STF
compared to known methods [29, 44].

Thus, the essence of the proposed modification of ZOBM
for HP STF with UD, MN of unknown level, is a new technique
to determine the current weight of correction of the previous
forecast, based on the calculation of the estimate of the aver-
age current RS of data observed (2), performed in real time.

The implementation of the proposed modified method
of HP STF with UD, MN of unknown level, involves the
implementation of three consecutive procedures. The first
procedure calculates the current RS values for incoming data
A; according to expression (1). In addition to the incoming
data, the procedure involves setting the value of €, which de-
termines the degree of proximity at which the data 4; and A;
are considered the same at the corresponding points in time.
The parameter m in the procedure defines an arbitrary dis-
crete moment to start calculating the current RS of the data.
In a particular case, the value of this parameter can be taken
to be zero. A given procedure is new for known methods of
HP STF with UD, MN of unknown level. The novelty of the
procedure is due to the calculation of current RS values for
unknown incoming data A;.

The second procedure involves calculating the results of
determining in the first procedure of the current RS values
for incoming data A; of the averaged RS in a moving rect-
angular window of a fixed size W. The implementation of
the second procedure involves setting the size of W for the
averaging window. The second procedure is also new to the
known methods of HP STF with UD, MN of unknown level.
The third procedure involves the formation of a modified
HP of the process with UD, MN of unknown level, based
on the calculated values of the averaged RS in a moving
rectangular window of fixed size Win the second procedure.
Its novelty is in the use as a weight correction of the pre-
vious forecast of the value of the current averaged RS in
a moving rectangular window of a fixed size. The sequence
of all steps for this procedure is fully determined in accor-
dance with ratio (3).

Thus, the described procedures implementing the pro-
posed modified method of STF processes with UD, MN of
unknown level, in addition to the observed data A;, require
setting the value of W for the averaging window and the
value of €, which determines the degree of proximity of the
data A; and A; considered at the corresponding points in time,
as well as the size W of the averaging window of the current
RS of the data. However, setting specific values for these
values in the corresponding procedures is not problematic. It
should be noted, however, that the value of € will affect the
nature of the representation of the RS plot for specific data,
and the size of the averaging window W will affect the degree
of smoothing of the current RS of data. General recommen-
dations for the selection of these values can be formulated in
the following form: the value of € should be selected within
20-50 percent of the estimated maximum value of UD, and
the size W for the averaging window should not exceed
5 discrete data counts. To verify the adequacy of these re-
commendations, a numerical experiment was conducted
using the test data model described below.

5. 2. Test model of the unknown dynamics of a predic-
ted process and a model of additive masking noise

The test model of the dynamics A0Q; was selected as
a rectangular pulse of unit amplitude and was determined
in the form:

A0, = ®(i—n)-D(i—k), (4)

where 7 is the moment of onset of the pulse; £ is the moment
of the end of the pulse.

As a test model of MN at discrete moments in time,
a stationary Gaussian process with a zero average value and



a variable value of SD was selected. A discrete sample N;
of MN of the predefined size was generated using a built-in
program in the Mathcad 14 programming environment. The
test model (4) of the dynamics is typical in assessing the ac-
curacy of STF and contains the most characteristic for fore-
casting non-stationary states in the systems of the technical,
natural, and social areas.

Taking into consideration these models, the test observed
data at discrete times A; were determined as:

A =A0,+N,. 5)

The model of discrete data (5) was subsequently used
to assess the accuracy of the proposed modified method and
the method reported in [44] for HP STF with UD, MN of
various levels.

3. 3. Investigation of the accuracy of the modified
method for predicting processes with unknown dynamics
masked by noise

The accuracy of STF for the modified method and the
method reported in [44] for the test data model (5) was in-
vestigated. The choice of these methods is explained by the
fact that they both make it possible to predict HP with UD,
MN of various levels, in real-time observation. The modeling
conditions under which the comparative evaluation of these
forecasting methods was carried out were determined by the
following data. The accuracy of STF (one step forward) for
these methods was determined by an exponentially smoothed
estimate of the current absolute prediction errors for test
dynamics (4) from observations (5) at discrete moments in
time. Exponential smoothing of absolute forecast errors was
carried out with a smoothing parameter equal to 80 counts.
Simulation of the modified method was performed for €=0.3
and W=4. The value of MN SD for the test dynamics (4)
ranged from 0.01 to 0.9. The test dynamics (4) during the
simulation were determined for the values 7=200 and k=250.
At the same time, the initial forecast value for the simulated
methods was 0.1.

To illustrate the results of the simulation, Fig. 1 shows
the dynamics of the smoothed absolute error of STF for the
test model of observations (5) at an MN SD of 0.9. The red
curve corresponds to the smoothed absolute STF error (E)
for the modified method, and the black curve corresponds
to the smoothed absolute STF error (E,) for the ZOBM
reported in [44].

As an example, Fig. 2 illustrates similar dependences on
the dynamics of the smoothed absolute error of the forecast
at an MN SD of 0.1.
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Fig. 1. The dynamics of the smoothed absolute error
of prediction based on observations (5) for modified and
self-adjusting methods
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Fig. 2. The dynamics of the smoothed absolute error of
prediction based on observations (5) for the modified and
self-adjusting methods

In Fig. 1,2, the dashed line illustrates the current test
dynamics of the process A0; and the dotted line — the test
dynamics of the process A;, taking into consideration the MN,
based on which the forecasting is carried out.

6. Discussion of results of studying the prediction
accuracy for the modified method

Our study’s results show that the provided accuracy of
UD STE, MN of various levels is significantly higher for the
proposed modified method (less smoothed absolute STF er-
ror) compared to known ZOBM [44]. Thus, Fig. 1 shows that
for an MN SD of 0.9, the smoothed absolute error of STF for
the modified method is not more than 23 %, and for ZOBM —
no more than 42 %. This means that the provided accuracy of
STF for the test dynamics by the modified method is about
twice as high. In the case of noise SD equal to 0.1 (Fig. 2), the
smoothed absolute error of STF for both methods is appro-
ximately the same and does not exceed 10 %. However, in the
region preceding the abrupt decrease in dynamics, the mag-
nitude of the smoothed absolute error of STF is reduced to
1.5 % for the proposed modified method (Fig. 2). This means
that at a low level of MN, both STF methods provide appro-
ximately the same accuracy. This is explained by the fact that
in the case of a small level of MN, the weight of correction of
the current forecast for the methods under consideration is de-
termined mainly by UD HP. However, with an increase in the
level of MN, ZOBM significantly loses in the accuracy of STF
to the proposed method, which takes into consideration UD.
At the same time, with an increase in the level of masking
noise, it becomes increasingly difficult to assess the dynamics
based on MN. This is explained by the fact that with an in-
crease in the noise level, there is large masking by RS of the
predicted dynamics of HP. However, with a significant level
of MN, it makes no practical sense to predict the UD HP. In
our opinion, there is no method for forecasting HP with UD,
masked by significant noise levels, which would have a high
realizable accuracy of STF under these conditions. It should
be noted that the proposed modified method of HP STF with
UD, MN, is parametric. To implement it, one needs to specify
two parameters (g€ and W) to calculate the weight of the cur-
rent correction of the previous forecast. However, the results
of the study of the accuracy of STF in the case of the test
dynamics under consideration at different values of MN SD
showed that the choice of specific values for these parameters
has little effect on the resulting accuracy of STF UD, MN.
During the research, it was established that for the consid-
ered test model of dynamics at different values of MN SD,



the allowable range of values for the € parameter is from
0.2 to 0.5, and for the W parameter — from 1 to 5 samples.
Possible areas for the further development of this seminal
study might include the verification of the effectiveness of
the proposed modified forecasting method and the allowable
intervals of the values of the parameters € and W for a wider
class of HP test dynamics models and MN models other than
the Gaussian process.

7. Conclusions

1. Within the framework of the adaptive zero-order
Brown’s model, a modified method for predicting hazardous
processes with unknown and non-stationary dynamics masked
by the noise of various levels, providing increased forecast
accuracy, was substantiated. The essence of the proposed
modification of the method is a technique for determining the
weight of correction of the previous forecast based on the re-
current state for the measured data in real-time observation.
This makes it possible to correct the previous forecast of un-
known dynamics not only taking into consideration the level
of masking noise but also taking into consideration informa-
tion about the current unknown dynamics contained in the
current recurrence of the process states.

2. To study the accuracy of the forecast, a test model of
the dynamics of the predicted process was determined, as well

as a model of additive masking noise with a variable level.
The test dynamics of the predicted process were determined
in the form of a rectangular pulse with unit amplitude. As an
additive model of masking noise, a discrete Gaussian process
with a zero mean and a variable value of the mean square
deviation was considered. These models were selected as
test models when investigating the accuracy of the modified
and known methods for predicting a process with unknown
dynamics masked by noise with a variable level.

3. The accuracy of the proposed modified and known
self-adjusting forecasting methods has been studied. It is
shown that the provided accuracy of forecasting unknown
dynamics masked by the noise of different levels is signifi-
cantly higher for the modified method compared to the
known self-adjusting method. It has been established that
for SD of the masking noise equal to 0.9, the smoothed
absolute forecast error for the modified method does not
exceed 23 %, and for the known method, the absolute fore-
cast error does not exceed 42 %. In this case, in the case of
a masking noise SD of 0.1, the smoothed absolute predic-
tion error for both methods is approximately the same and
does not exceed 10 %. That means that at a low level of
masking noise, both prediction methods provide approxi-
mately the same accuracy. However, with an increase in
the level of masking noise, the prediction accuracy of the
known method is significantly lower compared to the pro-
posed modified method.

10.

11.

References

Vambol, S., Vambol, V., Bogdanov, 1., Suchikova, Y., Rashkevich, N. (2017). Research of the influence of decomposition of wastes
of polymers with nano inclusions on the atmosphere. Eastern-European Journal of Enterprise Technologies, 6 (10 (90)), 57—64.
doi: https://doi.org/10.15587/1729-4061.2017.118213

Tan, P, Steinbach, M., Kumar, V. (2005). Introduction to Data Mining. Addison Wesley, 864.

Semko, A. N., Beskrovnaya, M. V., Vinogradov, S. A., Hritsina, I. N., Yagudina, N. I. (2014). The usage of high speed impulse liquid
jets for putting out gas blowouts. Journal of Theoretical and Applied Mechanics, 52 (3), 655-664. Available at: http://jtam.pl/
The-usage-of-high-speed-impulse-liquid-jets-for-putting-out-gas-blowouts-,102145,0,2.html

Andronov, V,, Pospelov, B., Rybka, E. (2017). Development of a method to improve the performance speed of maximal fire detectors.
Eastern-European Journal of Enterprise Technologies, 2 (9 (86)), 32—37. doi: https://doi.org/10.15587/1729-4061.2017.96694
Migalenko, K., Nuianzin, V., Zemlianskyi, A., Dominik, A., Pozdieiev, S. (2018). Development of the technique for restricting
the propagation of fire in natural peat ecosystems. Eastern-European Journal of Enterprise Technologies, 1 (10 (91)), 31-37.
doi: https://doi.org/10.15587/1729-4061.2018.121727

Vambol, S., Vambol, V., Sobyna, V., Koloskov, V., Poberezhna, L. (2019). Investigation of the energy efficiency of waste utilization
technology, with considering the use of low-temperature separation of the resulting gas mixtures. Energetika, 64 (4), 186—195.
doi: https://doi.org/10.6001 /energetika.v64i4.3893

Dubinin, D., Korytchenko, K., Lisnyak, A., Hrytsyna, 1., Trigub, V. (2018). Improving the installation for fire extinguishing
with finelydispersed water. Eastern-European Journal of Enterprise Technologies, 2 (10 (92)), 38—43. doi: https://doi.org/
10.15587/1729-4061.2018.127865

Kovalov, A., Otrosh, Y., Ostroverkh, O., Hrushovinchuk, O., Savchenko, O. (2018). Fire resistance evaluation of reinforced con-
crete floors with fire-retardant coating by calculation and experimental method. E3S Web of Conferences, 60, 00003. doi: https://
doi.org/10.1051 /e3sconf/20186000003

Otrosh, Y., Semkiv, O., Rybka, E., Kovalov, A. (2019). About need of calculations for the steel framework building in tempera-
ture influences conditions. IOP Conference Series: Materials Science and Engineering, 708 (1), 012065. doi: https://doi.org/
10.1088/1757-899x/708,/1,/012065

Dadashov, 1., Loboichenko, V., Kireev, A. (2018). Analysis of the ecological characteristics of environment friendly fire fight-
ing chemicals used in extinguishing oil products. Pollution Research, 37 (1), 63-77. Available at: http://29yjmo6.257.cz/
bitstream,/123456789,/9380/1/Poll%20Res-10_proof.pdf

Kustov, M. V., Kalugin, V. D., Tutunik, V. V., Tarakhno, E. V. (2019). Physicochemical principles of the technology of modified
pyrotechnic compositions to reduce the chemical pollution of the atmosphere. Voprosy khimii i khimicheskoi tekhnologii, 1, 92—99.
doi: https://doi.org/10.32434,/0321-4095-2019-122-1-92-99



12.

13.

14.

15.

16.
17.

18.

19.

20.

21.

22.

23.
24.

25.

26.

27.

28.

29.

30.

31.

32.

33.

34.

35.
36.

37.

Sadkovyi, V., Andronov, V., Semkiv, O., Kovalov, A., Rybka, E., Otrosh, Yu. et. al.; Sadkovyi, V., Rybka, E., Otrosh, Yu. (Eds.)
(2021). Fire resistance of reinforced concrete and steel structures. Kharkiv: PC TECHNOLOGY CENTER, 180. doi: https://
doi.org/10.15587/978-617-7319-43-5

Lebedinskiy, A. A., Dozortsev, V. M., Kneller, D. V. (2004). Usovershenstvovannye ASUTP na osnove Profit®Controller raz-
rabotki korporatsii Honeywell. Avtomatizatsiya v promyshlennosti, 6, 39—-41. Available at: https://www.researchgate.net/
publication/282705449 Usoversenstvovannye ASUTP na osnove ProfitRController razrabotki korporacii Honeywell
Pospelov, B., Andronov, V., Rybka, E., Krainiukov, O., Maksymenko, N., Meleshchenko, R. et. al. (2020). Mathematical model
of determining a risk to the human health along with the detection of hazardous states of urban atmosphere pollution based on
measuring the current concentrations of pollutants. Eastern-European Journal of Enterprise Technologies, 4 (10 (106)), 37—44.
doi: https://doi.org/10.15587 /1729-4061.2020.210059

Doyle, J. (1996). Robust and Optimal Control. Proceedings of 35th IEEE Conference on Decision and Control, 1595-1598.
doi: https://doi.org/10.1109/cdc.1996.572756

Makshanov, A. V., Musaev, A. A. (2019). Intellektual’niy analiz dannyh. Sankr-Peterburg: SPbGTI(TU), 188.

Yusupov, R. M., Musaev, A. A. (2017). Efficiency of information systems and technologies: features of estimation. SPIIRAS Proceed-
ings, 2 (51), 5-34. Available at: http://proceedings.spiiras.nw.ru/index.php/sp/article/view /3477 /2027

Pospelov, B., Rybka, E., Krainiukov, O., Yashchenko, O., Bezuhla, Y., Bielai, S. et. al. (2021). Short-term forecast of fire in the pre-
mises based on modification of the Brown’s zero-order model. Eastern-European Journal of Enterprise Technologies, 4 (10 (112)),
52-58. doi: https://doi.org/10.15587/1729-4061.2021.238555

Lukashin, Yu. P. (2003). Adaptivnye metody kratkosrochnogo prognozirovaniya vremennyh ryadov. Moscow: Finansy i statistika, 416.
Brown, R. G. (2004). Smoothing, forecasting and prediction of discrete time series. Courier Corporation, 468.

Svetun’kov, S. G., Butuhanov, A. V., Svetun’kov, I. S. (2006). Zapredel'nye sluchai metoda Brauna v ekonomicheskom progno-
zirovanii. Sankt-Peterburg: SPbGUEF, 71.

Gambarov, G. M., Zhuravel’, N. M., Korolev, Yu. G. (1990). Statisticheskoe modelirovanie i prognozirovanie. Moscow: Finansy
i statistika, 383.

Lugachev, M. I, Lyapuntsov, Yu. P. (1999). Metody sotsial'no-ckonomicheskogo prognozirovaniya. Moscow: TIIS, 160.
Svetun’kov, S. G. (2002). O rasshirenii granits primeneniya metoda Brauna. Izvestiya Sankt-Peterburgskogo gosudarstvennogo
universiteta ekonomiki i finansov, 3, 94—107.

Hyndman, R. J., Khandakar, Y. (2008). Automatic time series forecasting: the forecast Package for R. Journal of statistical software,
27 (3), 1-22. doi: https://doi.org/10.18637 /jss.v027.i03

Vartanyan, V. M., Romanenkov, Yu. A., Kononenko, A. V. (2005). Parametricheskiy sintez prognoznoy modeli eksponentsial'nogo
sglazhivaniya. Vestnik NTU «KhPI», 59, 9-16. Available at: http://repository.kpikharkov.ua/bitstream/KhPI-Press/28135/1/
vestnik KhPI 2005 59 Vartanyan Parametricheskiy.pdf

Pospelov, B., Andronov, V., Rybka, E., Krainiukov, O., Karpets, K., Pirohov, O. et. al. (2019). Development of the correlation method
for operative detection of recurrent states. Eastern-European Journal of Enterprise Technologies, 6 (4 (102)), 39-46. doi: https://
doi.org/10.15587,/1729-4061.2019.187252

Tebueva, F. B., Streblyanskaya, N. V. (2016). Adaptivniy metod prognozirovaniya dlya korotkih vremennyh ryadov prirodnyh pro-
tsessov. Sovremennaya nauka: aktual'nye problemy teorii i praktiki, 6 (20), 83—87.

Svetun’kov, I. S. (2010). Samoobuchayuschayasya model’ kratkosrochnogo prognozirovaniya sotsial'no-ekonomicheskoy dinamiki.
Modeli otsenki, analiza i prognozirovaniya sotsial’'no-ekonomicheskih sistem. Kharkiv: INZhEK, 11-32. Available at: https://
publications.hse.ru/pubs/share/folder/q1zrwhrj6z/84096936.pdf

Webber, C. L., Toana, C., Marwan, N. (Eds.) (2016). Recurrence Plots and Their Quantifications: Expanding Horizons. Springer
Proceedings in Physics. doi: https://doi.org/10.1007 /978-3-319-29922-8

Sadkovyi, V., Pospelov, B., Andronov, V., Rybka, E., Krainiukov, O., Rud, A. et. al. (2020). Construction of a method for detect-
ing arbitrary hazard pollutants in the atmospheric air based on the structural function of the current pollutant concentrations.
Eastern-European Journal of Enterprise Technologies, 6 (10 (108)), 14—22. doi: https://doi.org/10.15587 /1729-4061.2020.218714
Pospelov, B., Rybka, E., Togobytska, V., Meleshchenko, R., Danchenko, Y., Butenko, T. et. al. (2019). Construction of the method
for semi-adaptive threshold scaling transformation when computing recurrent plots. Eastern-European Journal of Enterprise Tech-
nologies, 4 (10 (100)), 22-29. doi: https://doi.org/10.15587 /1729-4061.2019.176579

Bendat, J. S., Piersol, A. G. (2010). Random data: analysis and measurement procedures. John Wiley & Sons. doi: https://doi.org/
10.1002/9781118032428

Singh, P. (2016). Time-frequency analysis via the fourier representation. HAL. 2016. Available at: https://hal.archives-ouvertes.fr/
hal-01303330/document

Stankovic, L., Dakovic, M., Thayaparan, T. (2014). Time-frequency signal analysis with Applications. Kindle edition, 655.

Giv, H. H. (2013). Directional short-time Fourier transform. Journal of Mathematical Analysis and Applications, 399 (1), 100—107.
doi: https://doi.org/10.1016/j.jmaa.2012.09.053

Pospelov, B., Andronov, V., Rybka, E., Popov, V., Semkiv, O. (2018). Development of the method of frequencytemporal representa-
tion of fluctuations of gaseous medium parameters at fire. Eastern-European Journal of Enterprise Technologies, 2 (10 (92)), 44—49.
doi: https://doi.org/10.15587/1729-4061.2018.125926



38.

39.

40.

41.

42.

43.

44.

Pospelov, B., Andronov, V., Rybka, E., Samoilov, M., Krainiukov, O., Biryukov, L. et. al. (2021). Development of the method of ope-
rational forecasting of fire in the premises of objects under real conditions. Eastern-European Journal of Enterprise Technologies,
2 (10 (110)), 43-50. doi: https://doi.org/10.15587 /1729-4061.2021.226692

Sinaga, H., Irawati, N. (2020). A Medical Disposable Supply Demand Forecasting By Moving Average And Exponential
Smoothing Method. Proceedings of the Proceedings of the 2nd Workshop on Multidisciplinary and Applications (WMA) 2018,
24-25 January 2018, Padang, Indonesia. doi: https://doi.org/10.4108 /eai.24-1-2018.2292378

Pospelov, B, Rybka, E., Meleshchenko, R., Krainiukov, O., Biryukov, L., Butenko, T. et. al. (2021). Short-term fire forecast based on
air state gain recurrence and zero-order brown model. Eastern-European Journal of Enterprise Technologies, 3 (10 (111)), 27-33.
doi: https://doi.org/10.15587 /1729-4061.2021.233606

Pospelov, B., Rybka, E., Meleshchenko, R., Borodych, P, Gornostal, S. (2019). Development of the method for rapid detection of
hazardous atmospheric pollution of cities with the help of recurrence measures. Eastern-European Journal of Enterprise Technolo-
gies, 1 (10 (97)), 29-35. doi: https://doi.org/10.15587 /1729-4061.2019.155027

Pospelov, B, Rybka, E., Meleshchenko, R., Krainiukov, O., Harbuz, S., Bezuhla, Y. et. al. (2020). Use of uncertainty function for iden-
tification of hazardous states of atmospheric pollution vector. Eastern-European Journal of Enterprise Technologies, 2 (10 (104)),
6-12. doi: https://doi.org/10.15587/1729-4061.2020.200140

Pospelov, B., Rybka, E., Samoilov, M., Krainiukov, O., Kulbachko, Y., Bezuhla, Y. et. al. (2021). Investigating errors when forecasting
processes with uncertain dynamics and observation noise by the self-adjusting brown’s zero-order model. Eastern-European Journal
of Enterprise Technologies, 6 (9 (114)), 47-53. doi: https://doi.org/10.15587 /1729-4061.2021.244623

Pospelov, B., Andronov, V., Rybka, E., Popov, V., Romin, A. (2018). Experimental study of the fluctuations of gas medium parame-
ters as early signs of fire. Eastern-European Journal of Enterprise Technologies, 1 (10 (91)), 50-55. doi: https://doi.org/10.15587/
1729-4061.2018.122419



