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Abstract

Relevance. High-quality smoothing of sound during its passage in local networks and in stereo systems allows for the
transmission of sound over wireless networks with virtually no delays. The basis for this sound remains controversial.
Its decoding is possible both on the receiving device and on the transmitter. At the same time, the processors can
provide decoding in real time with automatic adjustment by algorithms. Neural algorithms can be used both on the
basis of signal sequence and on the parallel use of receivers.

Purpose. The purpose of this study the learning a diagnostic method that combines the analysis of several indicators,
which will significantly increase the probability of detecting a malfunction in sound transmission or individual nodes.

Methods. In the process of the study the used of exact algorithms and non-exact algorithms. Exact algorithms are
divided into linear programming techniques and dynamic programming techniques. Linear programming methods
include: Brute Force method, Branch and Bound method, Gomori method and other.

Results. The authors show that in this regard, the problem of high-quality sound transmission using neural algorithms is
reduced to the problem of an optimal transportation project and is solved by optimising the local sound route. The equilibrium
distribution of transport routes should be built into the equipment itself and the audio decoding protocol.

Conclusions. The use of a sound receiver with neural algorithms makes it possible to identify the most difficult areas that
cause sound delay or distortion. Practical application of the study is possible in conditions of dynamic provision of sound
filling of the room to create the effect of presence and volumetric absorption of sound, if necessary
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Introduction

Transporting to site nodes or between sites is a travelling
salesman problem. But, given the specifics of functioning,
it is necessary not only to convey sound from one node to
another, but also to take into account the limitation on the
use of an intermedia available at the source, therefore, the
purpose of the problem is to minimise the cost, distance
and time of transporting. For large dimensions of the
transmission problem, a method built on the basis of a re-
current neural network (including when implemented on
parallel computing systems) is more attractive if the solu-
tion accuracy achieved by the network is satisfactory. This
requirement, called the rational rigour principle, presup-
poses the rejection of an absolutely exact solution to the
problem and is typical for situations where the solution to
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the problem must be obtained as soon as possible. Unlike
traditional combinatorial optimisation methods, Hopfield
recurrent neural networks do not enumerate options. The
Hopfield network converges to a locally optimal solution
to the problem, but the intermediate states of processing
elements form not a feasible solution, but an approxima-
tion to it, which is given by a matrix of real numbers from
the interval (0.1). The disadvantage of Hopfield networks
is a complex mathematical description, a large number of
unnecessary links and, accordingly, unnecessary costs for
their support. A complex network can create an extremely
confusing region of separation in the state space, for which
it is difficult to interpret the effectiveness and adequacy of
its operation in the intermediate stages.
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In wireless networks, one of the important tasks of
auxiliary processes is the task of transporting sound both
within the site and within the entire room. When schedul-
ing sound transmission, delivery time is important, which
is discussed with sources at sites in advance when plan-
ning transmission, and delivery delays. In this case, when
building routes, the primary role is assigned to the obser-
vance of the established time frames and the choice of
path for the specified route, the sound delay in which will
be minimal. This problem is formulated as follows: given
a connected weighted undirected graph G=(V, E); the set
of its nodes is a set of points V={0.1, ..., m+1}, one of
which is a source (node 0), and the rest are destinations
(nodes 1, ..., m+1); the set of edges represents paths be-
tween points E={[i, j]: 1, j V}. Each destination is assigned
a certain period of time during the transmission of the signal
when the sound must be delivered to it. The duration of
the transmission along the edges cij is introduced; also set
the time of receiving sound in each of the points.

The paper proposes a diagnostic method that com-
bines the analysis of several indicators, which will signifi-
cantly increase the probability of detecting a malfunction
in sound transmission or individual nodes. The method
under consideration is based on a neural network approach,
which has become widespread for solving problems in any
industry.

Materials and Methods

Today, there are two global approaches to the problem
of finding the optimal route: the use of exact algorithms
and non-exact algorithms [1]. The first group, by exhaus-
tive enumeration of all possible options, gives an optimal
solution, but the number of cycles reaches n!; the second
group of algorithms is used in cases where the complexity
of the implementation and search is unjustified, and the
resulting quasi-optimal solution is satisfactory [2]. Exact
algorithms are divided into linear programming tech-
niques and dynamic programming techniques [3]. Linear
programming methods include: Brute Force method; Branch
and Bound method; Gomori method (The Cutting Plane).

One of the first algorithms for solving this problem
was the Brute Force algorithm [4]. The number of route
options in the form of a sequence of nodes when solving
a problem by the exhaustive search method is a factorial
of the number of nodes in the search graph [5]. Next, it
is necessary to iterate over all the obtained options and
choose the optimal one among them [6]. Computational
complexity gives a quantitative description of the algo-
rithm and shows that in real practical problems, the route
construction time will be too long. Therefore, this algorithm
is not applied [7].

As an alternative, sometimes, for cases of low di-
mensionality, the Branch and Bound method proposed
by Little is used [8]. This method is analytical, has the
ability to search for the optimum, and has computational
complexity, which is generally equal to en, where n — the
number of nodes in the graph [9]. In this case, the com-
putational complexity is, of course, much less than in the
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case of a full enumeration of options, but nevertheless it
is quite significant [10]. Therefore, the Branch and Bound
method is rarely used in its pure form. Very often we can
find algorithms that are based on the basic mechanisms
of the Branch and Bound method (branching and returning
procedures on the search graph). Such variants of the
interpretation of the Branch and Bound method usually
include procedures for choosing a solution either in the
process of branching, or backtracking [11]. An example of
such modification is an algorithm where, at each iteration
of branching, a node is selected that gives the best value
of the objective function, that is, a well-known technique
was used, in which nodes are joined for search using the
Dijkstra shortest path method. To some extent, this re-
duces the computational complexity, but the very para-
digm of “greed” introduced into such algorithms does not
allow finding an optimal solution in the future, given that
such algorithms no longer have convergence [12].

The Gomori method (The Cutting Plane) is a “su-
perstructure” for simplex methods. The idea of the method
is that at the first stage the problem is solved by one of the
methods of the group of simplex methods without tak-
ing into account the requirement of integer value [13]. If
the obtained optimal solution is an integer one, then the
problem is considered solved. At the second stage, an ad-
ditional constraint (cutoff) is introduced into the system of
linear constraints, and the problem is solved again under
the original constraints and an additional constraint [14].
If an integer solution is obtained, the problem is solved.
Otherwise, it is necessary to repeat the second step.

Dynamic programming — the method used to im-
prove the efficiency of computational iterations by storing
intermediate results and reusing them when necessary.
Unlike linear programming methods, it can reduce the
seek time for the optimal route to O(n?*2") [15]. Inaccu-
rate algorithms offer a potentially suboptimal solution
that can be found rather quickly. Such algorithms can be
divided into the following categories: C-Approximation
algorithms, constructive and iteratively improving heu-
ristic algorithms, meta heuristic algorithms, Kohonen and
Hopfield artificial neural networks. Inaccurate algorithms
include: Christofides' algorithm; Nearest Neighbou algo-
rithm; Kernighan-Lin algorithm; Tabu Search algorithm;
Ant Colony Optimisation; Simulated Annealing method;
clonal selection algorithm; genetic algorithm; evolutionary
strategies; artificial neural networks.

Christofides' algorithm is a double minimum span-
ning tree method modified so that the time to solve the
problem does not exceed the optimal time by more than
3/2. The main difference is the additional calculation of
the pair with the minimum weight. This part is also the
most time consuming, so the execution time of the algo-
rithm increases to O(n®). Tests have shown that Christo-
fides' algorithm is 10% higher than the lower bound of the
Held-Karp [16]. The nearest neighbour algorithm is one of
the simplest heuristic methods for solving TSP. The main
rule of the algorithm is to always choose a nearby node.
In the general case, the complexity of solving the problem
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is O(n?). The lower bound for the cost of the optimal route
is 10% higher than the lower bound for the Held-Karp [17].
The Lin-Kernighan algorithm is considered one of the
most efficient methods for finding optimal or near-opti-
mal solutions to the TSP. However, the development and
implementation of the algorithm is not straightforward,
since the algorithm consists of many steps, most of which
greatly affect the operation of the algorithm. The complexity
is equal to O(n*?).

The TabuSearch algorithm. The main problem of
the nearest neighbour algorithm is that it often hits the
local optimum. This can be avoided by using the Tabu
Search algorithm [18]. This method allows to pass from
one local optimum to another in the search for a global
optimum; after the transition, the edge is included in the
forbidden list and is not reused, except for cases when it
can improve the constructed optimal path. On a practical
level, the forbidden set is stored as a combination of pre-
viously visited steps, which allows building a further path
relative to the current solution and neighbouring nodes.
The search process involves aspiration (inclusion in the
forbidden list of states around the current state) and di-
versification, which adds a factor of randomness to the
search process [19]. The critical parameters of the algo-
rithm are the depth of the prohibition list, determination
of the current state, and the size of the area around the
current state. The main disadvantage of this method is its
execution time — the complexity of the algorithm is esti-
mated as O(n?).

Ant Colony Optimisation is an efficient polynomial
algorithm based on the behaviour of ants. To solve the
transportation problem, ants are placed in random nodes
and sent to other locations [20]. They are not allowed to
visit the same node twice, unless they complete the route.
The ant that has chosen the shortest tour will leave a trail
of pheromones, inversely proportional to the length of the
route. This trail of pheromones will be read by the next
ant when choosing a node, and with a high probability it
will follow the same path, strengthening it further. This
process will be repeated many times until a route is found
that is short enough to be optimal. Among the disadvan-
tages of the algorithm, it is necessary to highlight that
the first solution obtained may turn out to be one of the
worst in terms of optimisation, however, upon repeated
solution, the method provides a fairly accurate result.
The Held-Karp Lower Bound. The most common way
to measure the performance of a heuristic algorithm for
TSP solution is to compare the results with the Held-Karp
lower bound. This lower bound is the TSP solution found
in polynomial time using the simplex method. The lower
bound of the Held-Karp is approximately 0.8% below the
optimal route duration. At the same time, it is guaranteed
not to exceed the optimal time by more than 2/3.

Local search with k neighbours to replace edges
(k-opt) is the most widely used approximate method for
solving the transportation problem; k-opt is an algorithm
for improving the transportation problem, where at each
step k edges of the current route are replaced with other

edges so that a shorter route is obtained. In the original
version of the Lin-Kernighan heuristic, k-substitutions are
admissible, which can be represented as 2- or 3-substitu-
tions followed by 2-substitutions. In Helsgaun's papers,
an LKH version of the Lin-Kernighan algorithm is presented,
which admits any substitutions represented as k-substitu-
tions for any k€2,. . . ,N.

To solve the problems of finding the optimal route,
evolutionary techniques are widely used that imitate the
mechanism of biological selection and allow direct con-
sideration of effective options due to the redistribution of
priority for improving solutions of moves and rejection of
unwanted routes by optimising the fitness function. The
most effective techniques are genetic algorithm and evo-
lutionary strategy.

Genetic algorithm is a method that reflects the nat-
ural evolution of problem-solving methods, and primarily
optimisation problems. Genetic algorithms are search
procedures based on natural selection and inheritance
mechanisms. They use the evolutionary principle of survival
of the fittest. The main advantages of the genetic algorithm
are the simplicity of their implementation; relatively high
speed of work (compared to accurate methods); in relation
to tasks with both numerical and subject variables, that
is, they allow to search in nonmetric parameter spaces;
they adapt and “learn” during their execution; should
ensure the parallelism of internal processes: parallel search
for a solution by several individuals at once, which allows
to avoid falling into the trap of local optima (finding the
first, but not the most successful, optimum) However, the
effectiveness of the genetic algorithm, assessed primarily
by the degree of approximation of the solution results to
the optimal values, is not always satisfactory.

The main disadvantages of using the genetic algo-
rithm are that genetic algorithms simulate the evolution-
ary process of the development of biological systems in
a random way, while generating a large number of obvi-
ously not viable individuals; in the process of evolution,
factors (genes) that stimulate an increase in the degree
of fitness (quality) of the system or affect a decrease in
these qualities are not analysed; there is no process con-
trol based on the intellectual analysis of the course of
evolution, changes in external conditions; the complexity
of choosing a coding scheme, the possibility of popula-
tion degeneration, the complexity of describing planning
constraints. To improve the efficiency of the genetic al-
gorithm, a set of algorithms for the execution of genetic
operators has been developed, however, it is not possible
to single out the best ones for any tasks. The same should
be noted for Heuristics Combination Method (HCM), in
which the a priori setting of the probabilities of choosing
heuristics is not always successful. A resource, the use of
which can significantly increase the efficiency of a genetic
algorithm, is the automatic selection of types of genetic
operators and other parameters of algorithms during a
genetic search.

Another method belonging to the class of evolution-
ary algorithms is an evolutionary strategy, characterised



by the fact that at the first step, an initial population of
individuals is formed, which is subsequently modified by
using functions such as selection and genetic operators,
which allows searching in the solution space. As genetic
operators, as a rule, the operators of crossover and muta-
tion are used. This method has much in common with the
considered genetic algorithm. Several types of strategies
are distinguished: the strategy of elite individuals, the
strategy of adding new solutions, changing the popula-
tion size, parallel evolutions. This or that type of strategy
is chosen depending on the formulation of the transpor-
tation problem.

Another neural network method is the use of a
one-dimensional Kohonen map with self-organisation.
With the help of a special competitive mechanism, the
structure of an artificial neural network tries to repeat the
shape of the pattern created by the samples under study
on a two-dimensional data space. For the movement of
processing elements, the principle of “winner takes every-
thing” is used, which forms elite selectivity when choos-
ing the processing element closest to the data point at the
current time. The described mechanism allows movement
to the nearest sample only in one of the grid nodes, which
forces processing elements to be purposefully placed over
the entire surface without accumulating in a separate area.
The disadvantage of this method is that almost 70% of
the entire time for finding the optimal route is devoted
to training the network. Also, when the number of trans-
portation points changes, it is necessary to change the
structure of the network due to the dependence of the
number of processing elements on the number of points.
With a large number of transportation points, the network
becomes too complex.

Results and Discussion

The problem of diagnosing the state of sound transmis-
sion is difficult due to the impossibility of clearly stating
the correspondence of changes in the input and output
parameters of the state in which the diagnostic object is
located or to which it seeks. In particular, it is impossible
to unambiguously determine all emergency situations or
the pre-emergency state (delay) of an object. However,
it is possible to single out a set of states of the diagnosed
object and try to assess the degree of influence of each
information parameter on the probability of the object
transition in any of the possible states. Therefore, for
diagnostics, it is necessary to use the method of selecting
weight numbers based on training fuzzy neural networks,
the functioning of which is based on the principles of
fuzzy logic, which are used to adapt the parameters of
training methods, both with a “teacher” and based on
self-organisation.

The proposed method, based on the use of a fuzzy
neural network, consists in the fact that it is necessary to
assign the input vector containing the values of test values
of indicators and output reactions of the object to these
vectors, one or several possible technical states of sound
transmission from the source, that is, according to the
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relative values of the determining parameters and given
mixed membership functions, using the apparatus of fuzzy
logic, the current state of sound transmission using an ar-
tificial neural network is estimated using the aggregating
functions of minimum and maximum, the state of sound
transmission as a whole is determined. The solution to the
diagnostic problem consists of the following stages: the
formation of fuzzy rules on the basis of which the model
is constructed; creating a model structure; development
of the analysis procedure for the model; choice of quality
criterion for training the model; adaptation of model pa-
rameters. Let's consider in detail each of the stages.

1. Formation of fuzzy rules. The rules used in con-
structing a model of a fuzzy neural network are as fol-
lows: RULE k: IF condition is k THEN conclusion is k(F¥)
where k — rule number, F¥— certainty coefficient, or the
weight number of the fuzzy rule (takes values from the
interval [0,1]), k 1, ; condition k — a set of subconditions
of the kind (Eq. 1):

x ea TA..TA x, ea! M

conclusion k — conclusion of the form ~y isy, 5 x,— the
nameof the input linguistic variable, which corresponds
to the assessment of the state of sound transmission, i €1,#,
y — the name of the output linguistic variable, corresponds
to the complex assessment of the state of sound transmission,
a/ - the qualitative value of the variable x,,i€1,n, g* — the
qualitative value of the variable y.k €1,r.

2. Creation of the model structure. The model of
a four-layer fuzzy neural network based on fuzzy rules is
formed as follows:

— input (zero) layer contains processing elements that
correspond to diagnostic features, the number of processing
elements NO=n;

— the first layer implements fuzzification, and its pro-
cessing elements correspond to the qualitative values of
diagnostic features, the number of processing elements N
(Eq. 2):

N(l) _ zni (2)
i=1

where n, - the number of qualitative values for the i-th
input linguistic variable;

— the second layer implements the aggregation of sub-
conditions, and its processing elements correspond to the
conditions, the number of processing elements (Eq. 3):

N =3 =r ®)
i=1

where r — number of fuzzy rules;

— the third layer implements the activation of the rules,
and its processing elements respond to the conclusions, the
number of processing elements (Eq. 4):

N(3) — ;ni _— @

the fourth (output) layer implements the aggregation of
conclusions, and its processing elements correspond to
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the qualitative value of the complex state assessment,
the number of processing elements N¥=q, where Q -
the number of qualitative values of the output linguistic
variable.

3. Development of an analysis procedure for the
model. The model analysis procedure includes 4 stages:
fuzzification; aggregation of subconditions; intensification
of conclusions; aggregation of findings.

Fuzzification (introduction of fuzziness) is a pro-
cedure for determining the degree of truth of the subcon-
ditions of fuzzy rules. One and the same subcondition
can be included in several fuzzy rules. The operating
mode of each sound source can be classified as “normal”,

“pre-emergency”, “emergency”. Accordingly, each linguis-
tic variable that corresponds to a diagnostic feature can
take 3 qualitative values — “standard”, “pre-emergency”,
“emergency”. Each qualitative value of a linguistic vari-
able is assigned a certain membership function. Each
membership function is described as follows: on the in-
terval that corresponds to a certain qualitative value, the
function should have approximately the same value, and
outside this interval it should fall to approximately zero.
Fuzzification is performed as follows:

— the membership function, which corresponds to the
qualitative value “standard”, has the form (Eq. 5):

1 x, <a, (5)
yg)— u  <x,<by,s=(i- ) ®4+1,ie1, N
b —q,
0 b,

— the membership function corresponding to the qual-
itative value “pre-emergency” has the form (Eq. 6):

0 X <ay (6)
i ay <x; < by,
by —ay,
W= 1 by<x<es=(i-1) NV +2,iel, N
dy =X,
Gy SX S dy,
dy =y,
0 X, 2d,,

— the membership function, which corresponds to the
qualitative value “emergency”, has the form (Eq. 7):

0 X, S¢ )
y = ;‘i ey <x <dy,s=(i-1) N +3,ie1l, N
3 TG
1 x, 2dy;

where a; by, C dij — parameters of the membership function
associated with the j-th qualitative value of the input lin-
guistic variable x,, and obtained empirically, x-i-th clear
input variable, )"’ — the degree of truth of the s-th subcon-

dition (the degree of truth that the quantitative value of

the clear input variable x, corresponds to the j-th the qual-
itative value of the input linguistic variable x,).

Aggregation of subconditions of a fuzzy rule is a
procedure for determining the degree of truth of a condition
by combining the degrees of truth of the subconditions
that make it up. The following method was chosen to ag-
gregate subconditions (Eq. 8):

2 . 2 1 2
W = min (w0,

where wl(lf)— binary connection strength determined by the
structure of the fuzzy neural network model, i 1, N".

The table of weights wl(,f) for each specific value of
the input parameter is called the diagnostic weighting
matrix. It is also necessary to decide on the optimal number
of measured parameters. On the one hand, the greater the
number of measured parameters, the more reliably the
technical condition of the diagnostic object is determined,
but also the greater the complexity and cost of the diagnostic
system as a whole. Thus, we should choose the parameters
that most fully represent the technical condition of the
transmitter during its operation.

Activation of the conclusions of a fuzzy rule is a
procedure for determining the degree of truth of the con-
clusion of this rule by the degree of truth of its condition
and its weight number. To activate the conclusions, the
following method was chosen (Eq. 9):

},k c,LN? (8

y(3) wkky kelN) 9

where w,((z)— coupling weight number, W,Ek)=Fk.

Aggregation of conclusions of fuzzy rules is a pro-
cedure for determining the degree of truth of the final con-
clusion by combining the same degrees of truth of con-
clusions. To aggregate conclusions, the following method
was chosen (Eq. 10):

Vi :max{wl(%)yl(g))a"-aW;j()sjy;j()s }7] EI,N(4) (10)

where w bmary connection strength determined by the
tructure of the fuzzy neural network model, i e1, N®.

4. Choosing a quality criterion for training the model.

To train the model, the criterion of the adequacy of the model

was chosen, which means the choice of such parameter values

b d_ that provide a minimum of the mean square

l)’ i U’

error (the difference between the model output and the
test output) (Eq. 11):
) — min aan

ZZ(yp/ ay.by

q p=1j=1 v

where P — number of test implementations, y =(y ..., ) -
condition score derived from the model, zp=(zpl,...,zpq) -
condition test.

5. Adaptation of model parameters. Applying gradi-
ent learning methods to fuzzy neural networks is difficult.
This raises the problem of developing new metaheuristic
methods of adaptation. Most often, a genetic algorithm
is chosen as a metaheuristic method. A vector containing



parameters d,, bu, ¢, dy d,, is used as an individual, and the
criterion is used as a ﬁtness function (11).

To study the learning procedure based on the ge-
netic algorithm, three types of it were used. The first type
explores the entire search space and is not directional. It is
possible for this type to lose the best solutions. It requires
a significant search time. The second type is directional.
For this type, it is possible to hit the local optimum. The
third type is combined, that is, it combines the direction
of the search with the study of the entire search space. A
second diagnostic method is proposed, which also com-
bines the analysis of several indicators, which will signifi-
cantly increase the likelihood of detecting a malfunction
in sound transmission or individual nodes. The method
under consideration is also based on a neural network
approach, which consists in the fact that according to
the relative values of the determining parameters and
the given mixed activation functions, the current state
of the equipment is estimated using an artificial neural
network of high-order regressions, the state of the object
as a whole is determined. The solution to the diagnostic
problem consists of the following stages: creation of the
model structure; development of the analysis procedure
for the model; choice of quality criterion for training the
model; adaptation of model parameters. When creating
a model structure, it is proposed to use a neural network
model, consisting of three layers:

— input (zero) layer contains processing elements cor-
responding to diagnostic features, the number of processing
elements NO=n;

— the first layer is hidden. It contains processing ele-
ments corresponding to the ranges of values of a certain
attribute, which is associated with the possible state of
the equipment, number of processing elements (2), where
n. is the number of ranges of values of all features;

— the second layer is hidden. It contains processing el-
ements, the number of which corresponds to the number
of possible combinations of ranges of feature values, the
number of processing elements (Eq. 12):

n
-1
i=1
— the output (third) layer contains processing elements,
the number of which corresponds to the possible states of
the equipment, the number of processing elements N®.
The proposed model does not require empirical
determination of the number of hidden layers and pro-
cessing elements in hidden layers, since the structure of
the neural network model is determined by the number
of ranges of values of diagnostic features. The neural net-
work model is presented as (Eq. 13-17):

(12)

13

! j=(i-1)N +1

1 +exp(b1j - awx‘.)
O 1 N 1
! 1+exp (bz,-,- — X, ) 1+exp (dz,. —czl./.xi)
1
1+exp(b3j

j=(-)N0=

—ayx,)

j=(i-)N?+2,j e, NV
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W= 7O ()= LN o
N(') N(])
NI N T YU
P ~O) (0)
y<>:f<3)(s§3>) O ;e N® .
NE) NO
Sﬁ,}) )+ Wh/ y,l +Z Z:wll ,kjyll yl( [
=1 VO i=l iy (17)

+Z Z 11’ yll *y’(;()z)

i= M2

To train the model, the criterion of the adequacy of
the model based on the mean square error was chosen. It
semantically shows the choice of such parameter values w,g.l)
at which the difference between the model output and

the desired output reaches a minimum (Eq. 18):

P g 2 .
ZEQZZ(J’M _ij) —>n;§)n

p=lj=1

(18

where P — number of test implementations, =Wy, ) =
diagnosed condition derived from simulation, z,= (zpl,
realistic estimate of the condition.

The purpose of model adaptation is to adjust its
parameters: w( )For this, the Back Propagation procedure
is used in the neural network model. The essence of the
method lies in the fact that pre-known data are fed to the
input of the network, after which the network calculates
the output value. Further, this value is compared with the
existing ones, and in accordance with the difference be-
tween these values, the weight coefficients of the neural
net-work are adjusted. And this operation is repeated
many times in a circle. As a result, we get a trained net-
work with new values of the weight numbers. Let us con-
sider it in more detail:

Training iteration number n=L1. The weight numbers
of the first layer are set w (n) iel,N°,jel,N,andif the
processing element of the i-th input layer is connected
with the j-th processing element of the first layer, then w" (n)
is initialised by a uniform distribution on the interval (0.1),
otherwise !’ (n)=0. The boundary 4" (n), j €1, ¥” initialised
by uniform dlStrlbutIOI‘l over the 1nterva1 (0.1). The weight
numbers of the second layer are set w( ) o e{0,1},i,..., i o
e, NY, jel, N, and if the processmvg element of the i-th
first layer is connected with the j-th process1ng element
of the second layer, then . =1, otherwise #" i, =0.The
boundary 5 ( ), jel, N The welght numbers of the third
layer are set W) (n),..ow, e{=1,0,11,i,....5, eLN?, jel, NG
and if the processmg element of the i-th second layer is
connected with the j-th processing element of the third layer,
then w ', =1 (if k is uneven) or w( )k =-1 (if k. is even),
otherwise w?, =0The boundary " (n)-0,je1. ¥ The initial
set is given {()c‘z )Ix, €.z, R >},ﬂ61,p where x, — u-th
initial input vector, z, - #-th initial output vector, P —the final
result of the multiplication. Limit values are calculated as

u=1.
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Calculation of the output signal (forward trace)
(Eq. 19-22):

W ()= 10 (s (), j LN (19)
N
Sgl) (n) :bfl) (”)+ZI:WS) (n)xm (20)
y£2)(”) =f2 (sﬁz)(n)):sﬁz) (n),] EI,N(Z)
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Calculating the error energy of a neural network
(Eq. 23-24):

(23)

J
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Synaptic weight numbers based on the generalised
delta rule (forward trace) (Eq. 25-26):
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Conclusions

As part of a unified approach to the development of sound
transmission methods that ensure integrated safety, meth-
ods have been developed for diagnosing sound transmis-
sion parameters and analysing the state of sound sources.
For a comprehensive analysis of the technical state of
sound transmission, two models of static artificial neural
networks have been developed: based on fuzzy logic;
based on high order regression models. The advantages of
the proposed models are: the possibility of using different
membership and activation functions in one layer, taking
into account the peculiarities of the input parameters; no
need to determine the number of hidden layers and the
number of hidden processing elements; universality and
extensibility for any required number of input parameters
characterising the technical state of sound transmission
and the state of sound sources; the ability to analyse a set
of diagnostic signs of various physical nature; the use of
fuzzy logic simplifies communication between a person
and a computer system through the use of qualitative val-
ues of controlled features. The adaptation of the param-
eters of the complex diagnostics models was carried out
using an error backpropagation algorithm, which is an
example of local search, and a combination of a genetic
algorithm with backstage imitation, which combines local
and random search. The criteria for the quality of adapta-
tion were the speed of learning and the adequacy of the
models. In addition to improving the safety of mine opera-
tions, it is necessary to accelerate the transmission of sound
between sound sources.
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BukopucTaHHS HeHPOHHUX Mepex Iiji yac popMyBaHHSA AKICHOTO 3I/I/KEHOTO
3BYKOBOI'O CUTHAJTY

Bpirrani ®nopec!, Tepesa Tpan?

'YuiBepcuret Bammnrrona B CeHt-Jlyici

MO 63130, Bpyxuminr Jlpaiis, 1, M. CenT-Jlyic, Cnonydeni llltatu AMepuku

ZYuiBepcuTeT 3axigHoro BamuHrToHa
WA 98225, Bys. Xait, 516, M. besutinrem, CriosydeHi [IITatu AMepuku

AHoTania

AKTyanbHicTh. fIKicHe 3IVIQ[)KyBaHHS 3BYKy 3a HOrO TIPOXOKEHHS B JIOKAIbHUX Mepekax i y /JOMalIHixX
cTepeocucTeMax A03Bojfge 3abe3llednTH Ilepeiady 3BYKY Oe3ZpOTOBUMHU MepeXXaMH HPaKTUYHO 0e3 3aTpPUMOK.
CyTepewIMBUM 3a/MIIAEThCA OCHOBA MPOBEEHHA MOZAIGHOTO 3ByKy. VIOro eKoyBaHHA MOMIUBE K Ha MPUCTPOi
IpuiioMy, Tak i Ha epezaBadi. BogHOYAC Tporiecopyu MOXKyTh 3a0e3IedyBaTH AeKOAyBaHH:A Y PEKUMi pealbHOTO Yacy
3 aBTOMaTUYHUM MiICTPOIOBAHHAM 3a aITOPUTMOM. HelipoHHi alropUTMu MOXXyTh BUKOPUCTOBYBATUCA K HAa OCHOBI
TIOCTIiJOBHOCTI CUTHAJIB, TaK i Ha MapajeJbHOMY BUKOPUCTaHHI IpHUMaYiB.

MeTa. MeTa I1[bOT'0 AOCTiIKEHHS — BUBYEHHS [ialrHOCTUIHOT'O METO/Y, 110 TIOEAHYE ¥ COOi aHaIi3 KiTbKOX ITOKa3HHUKIB,
110 3HAYHO 36UIBIIYIOTh TMOBIPHICTb BHUABIEHHS HECIIPABHOCTI y ITepeiadi 3ByKy ab0 OKpEMUX By3Jiax.

MeToam. Y mpotieci JOCTi/PKeHHA BUKOPUCTOBYIOThCA TOYHI aJTOPUTMHU Ta HETOUHI alropUTMU. TOYHI airopuTMu
TIOZUIAIOTHCA Ha METOAH JIiHIHOTO ITporpaMyBaHHA Ta METOAU ANHAMIYHOTO IIporpaMyBaHHA. [[o MeTOZiB JiHiHHOTO
TIporpaMyBaHHA HajexaTb: MeToZ, bpyTte ®Popc, MeToz posranryKeHHs Ta IPUB’A3KU, MeToZ ['oMopi Ta iHIi.

Pe3ynabTaTi. ABTOPY ITOKAa3yIOTh, 10 Y IIbOMY ACIIeKTi 3aBJaHHA AKiCHOI Tepesiadi 3ByKy 3 BUKOPHCTAHHAM HEHPOHHUX
AJITOPUTMIB 3BOJAUTHCA 0 33/jadi ONTHMAaJIbHOIO TPAHCIOPTYBAJIBHOIO MPOEKTY i BUPILIYETHCSA LUIAXOM ONTUMi3alii
JIOKQJIBHOTO 3BYKOBOT'O MapUIPyTy. PiBHOB&KHMM PO3NOALT TPAHCIOPTYBAJIBPHUX MapUIPyTiB Mae OyTH 3aKIaZileHO Y
camoMy obJsiafHaHHi Ta IPOTOKOJIi IeKO/IyBaHHSA 3BYKY.

BUCHOBKH. BUKOpUCTaHHA 3BYKONpUIIMada 3 HEUPOHHUMHU aJTOPUTMAaMH JJa€ MOXJIMBICTb BUSIBUTH HAWCKJIQHIIII
JIHKY, 10 CIPUYMHAIOTh 3aTPUMKY Y CIIOTBOPEHHS 3BYKY. I[IpakTW4YHe 3aCTOCYBaHHS JOCI[KEHHS MOMXJIUBO B
yMOBaXx JUHAMIYHOTO 3abe3neyeHHs 3ByKOBUM HATIOBHEHHAM NPUMIIIEHHS /I CTBOPEHHA edeKTy IPUCYTHOCTI Ta
06’€eMHOT0 TIOTVIMHAHHS 3BYKY, SKIIO 1Ie HEOOXiTHO

Kito4oBi ciioBa: anroputm, GyHKILsS, ONTUMAaIbHUN MapIupyT, Gpasudikallis, TpaHCIOPTYBaHHSA 3BYKY



