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ABSTRACT Sound source localization is an important task today, especially in the context of the active development of
unmanned aerial vehicles. The rapid spread and cheapening of their technologies have created a critical need for the
development of reliable detection and tracking systems. Although deep learning-based approaches demonstrate higher
accuracy compared to classical methods in complex conditions with strong noise or reverberation, sound source location data
obtained from different microphone arrays can be incomplete and contradictory. Given this, there is an urgent need to apply
aggregation methods to combine these spatial probability distributions into a single consistent estimate, which will
significantly increase the reliability of acoustic detection networks. This study focuses on solving the problem of determining
the azimuth of a drone based on multichannel audio recordings. To achieve this goal, a convolutional neural network based
on the ResNet-18 architecture was adapted, which is capable of processing spatial matrices generated using the generalized
cross-correlation with phase transform method. The classification model achieved a high accuracy rate of 93.75%, confirming
the effectiveness of using cross-correlation matrices as input data for spatial localization tasks. To solve the problem of
conflicting predictions from independent expert systems, the following probability aggregation methods were tested in this
study: linear, geometric, and multiplicative opinion pooling functions, the Dempster-Shafer rule of combination of evidence,
and the Dezert-Smarandache proportional conflict redistribution rule. The experimental results showed that while linear
pooling effectively preserves the multimodality of distributions, it may not assign the highest probability to the correct spatial
sector in situations where the peak predictions of individual sources do not match. On the other hand, the multiplicative rule
and the Dempster-Shafer rule successfully isolate a single maximum value during aggregation, but the latter can lead to false-
positive conclusions when working with highly conflicting data. The Dezert-Smarandache method proved to be the most
reliable solution for environments characterized by strong acoustic noise and correspondingly high model uncertainty, as it
proportionally redistributes the conflicting mass without giving premature preference to a single incorrect class. Furthermore,
geometric pooling demonstrated significant practical value by finding a compromise between competing estimates and
providing better computational efficiency in scenarios with a moderate level of uncertainty. The obtained results form
comprehensive recommendations for selecting appropriate data aggregation strategies adapted to specific environmental
conditions.
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I. INTRODUCTION

oday, the rapid development and cheapening of
T technologies have led to the widespread use of

unmanned aerial vehicles (UAVS) in various spheres
of life. They are actively used for both civilian and military
purposes. Drones are capable of conducting aerial
reconnaissance, cartography, infrastructure monitoring,
strike, rescue operations and many other missions. This has
created a critical need for the development of reliable
systems for their detection and tracking. At the moment,
localization systems based on acoustic signals are actively
developing. Their advantages are cheaper equipment
compared to radar and the ability to detect targets at low
altitudes.

Existing approaches to solving the problem of acoustic
localization can be divided into 2 groups: classical methods
and deep learning methods [1]. Classical methods include
the least squares method [2], triangulation [3],
Expectation-Maximization (EM) algorithm for localization
under conditions of uncertainty [4], The MUItiple Slgnal
Classification (MUSIC) algorithm [5], Generalized Cross-
Correlation with Phase Transform (GCC-PHAT) method

for estimating the time delay between signals [6]. Despite
the active development of modern approaches and machine
learning models, classical algorithms are still widely used.
One of their advantages over deep learning methods is the
ability to mathematically take into account the physical
features of sound propagation in space. Also, such
algorithms can be simpler and better interpreted than
machine learning approaches [1].

Deep learning methods include the use of convolutional
and recurrent neural networks [7, 8], residual neural
networks [9], attention-based neural networks [10]. The
advantages of using these methods over classical ones are
their flexibility, accuracy in complex conditions,
scalability and speed of decision-making. In the case of
strong noise (for example, wind and vehicle traffic) or
reverberation, neural networks have better performance
than traditional algorithms [10].

Location data of the same sound source can come from
different places. It can be incomplete and contradictory.
Because of this, there is a need to apply methods of
aggregation of location data of the sound source, in order
to combine them. This will increase the reliability of
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acoustic detection systems, as it will allow decisions to be
made not only based on evidence from one microphone
array, but from several, located in different places and
under different conditions.

Il. PROBLEM STATEMENT

The problem of sound source localization consists of
determining its spatial coordinates based on the received
sound signal. Most often, polar coordinates are determined:
azimuth, distance, and elevation angle [1].

- Azimuth is the angle between the direction to the
north and the direction to the sound source.

- Distance is the range from the microphone to the
sound source.

- Elevation angle is the angle between the horizontal
plane and the direction to the target. Sometimes, the height
of the source above the horizon is determined instead.

Determining the coordinate of a sound source can be
considered as a task of predicting either a continuous or a
discrete random variable. In the case of a discrete random
variable, the space of possible coordinate values is divided
into distinct regions [10]. In such a case, it is treated as a
classification problem to identify the specific region in
which the target sound source is located. When multiple
microphone arrays or algorithms process audio data from
the exact same source, they can generate their own
probability distribution regarding its location.

Let there be N models or expert systems, each of which
estimates the probability distribution of some discrete
random variable 6 (in our case this is one of the coordinates
of the sound source). 2 = {w,,wy,...,wy} - set of
possible values of 6. (P,, P,,...,B,), n =1, ..., N — vector
of distribution functions that the models predict. The task
is to construct a function:

Pp,, p,(P1, ..., B):[0,1]" = [0,1], (1)

.....

that would aggregate N distributions into one.

In this work, the azimuth of the drone is considered as
a random variable 6. The objective is to extract features
from a multichannel audio signal of a drone recording,
build a neural network model to determine the azimuth, and
investigate the use of various methods for aggregating
conflicting probability distributions from several expert
systems into a single consistent estimate.

lll. FEATURE EXTRACTION USING GCC-PHAT
ALGORITHM

For sound source localization, algorithms most often
use the following parameters [1]:

- Time Difference of Arrival (TDOA) — a parameter
that indicates the difference in the arrival time of a sound
signal between individual microphones.

- Direction of Arrival (DOA) — the angle at which the
sound signal hits the microphone array.

- Sound pressure — the pressure created by the sound
signal from the source acting on the microphone. Unlike
the previous parameters, this indicator does not require
time synchronization between microphones, but it may be
less informative due to the presence of noise coming from
other sound sources.

- Signal-to-noise ratio (SNR) — a ratio that shows how
heavily the signal is affected by noise. A high SNR
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corresponds to a cleaner sound, while a low SNR indicates
an audio signal with significant noise present. The lower
the SNR, the less accurate the localization algorithms can
be.

One of the popular algorithms for TDOA estimation is
the Generalized Cross-Correlation with Phase Transform
(GCC-PHAT) method [11]. It determines the difference in
the time of arrival of sound between two or more
microphones.

Let there be 2 sound signals at different microphones:

x1(6) = s(t) +ny(2), )

x(0) = as(t — D) +n, (D), (©)
where x;(t) and x,(t) are the first and second signals
respectively, n, (t) and n,(t) are the noise acting on each
of the microphones, a is the amplitude attenuation
coefficient of the second signal due to the difference in
distance, and D is the time difference of arrival of the signal
between the microphones.

Let's move from time t to the signal frequency using the

Fourier transform:

Xi1(w) = S(w) + Ny (w), 4)
X,(w) = aS(w — D)e 1T + N,(w). (5)
To estimate the value of D, a cross-correlation function

is used, which is defined as follows for the time and
frequency domains, respectively:

Ry, (0) = E(x1 () " x2(t + 7)) (6)

Ry (@) = Xi(@) - X" (w) ()
= a|S(w)|?e/*".

The value of 7 that maximizes R, ,,(7) is the TDOA
estimate. However, the standard cross-correlation function
is sensitive to environmental conditions (reverberation and
noise) and the spectral characteristics of the audio signal.
To solve this problem, a generalized cross-correlation
function with phase transform is used. It is defined as
follows:

~ 1 ("R w) 8
ok [y,
2m —7I|Rx1,x2(w)|
Then
T = argmax Ry, (1) 9

The advantage of the GCC-PHAT method is that, due
to the normalization of the cross-correlation function's
magnitude, the algorithm isolates those frequency
components that have the greatest impact on the TDOA
estimate [11]. As a result, accuracy is increased in difficult
conditions with present noise and reverberation. That is
why this algorithm is widely used to extract features from
an audio file for localization using neural network
models [9].

In our case, the input data for training the model are
GCC-PHAT matrices, which consist of the calculated
values of the cross-correlation function for individual time
intervals. To do this, the audio file is divided into 30 ms
fragments with 15 ms coverage, and for each such
fragment, the cross-correlation value between the signals
received by different pairs of microphones is calculated.
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Since the dataset contains 8-channel audio files, there will
be % = 28 such pairs. Thus, the input data of the model

are GCC-PHAT matrices of dimension (28, 500), where
500 is the number of points for which the cross-correlation
was calculated. An example of such a matrix is presented
in Fig. 1.

[[-1.24375913e-02 -4.03500581e-03 1.60345547e¢-02 ...
4.77500056e-04 .12924245e-03]

[-1.69275105e-02 6.60000602e-03 -6.69963751e-03 ...
-1.57209616e-02 1.77849233e-02]

[ 1.53957922e-02 3.48629383e-03 1.11413486e-02 ...
-1.70015711e-02 -7.69120781e-03]

-6.65857736e-03

w

-9.38320905e-03

9.34705604e-03
[ 38236741e-02 7.40628596e-03 1.87603865e-02 ...
20165581e-03 -1.12933088e-02]
01521555e-82 1.14960810e-02 6.41044555e-03 ...
011019792-03  3.23821930e-03]

07296426e-02 -7.74123985e-83 8.86023976e-03 ...
23649763e-04 -4.25672019e-03]]

FIG. 1. Example of GCC-PHAT matrix.

-8.142998562-04
[
[

-5.68499742e-03

-2.40818597e-03

I T

IV. NEURAL NETWORK ARCHITECTURE
The UaVirBASE dataset [12] was selected to train the

model. This open-source dataset consists of 132 8-channel
audio files featuring sound recordings of a DJI Mavic 3
Cine drone from various locations relative to the
microphone array. Each 40-second file represents a distinct
drone position. The JSON file describing a given recording
contains information about the drone’s spatial coordinates
(distance, height, azimuth), the weather conditions under
which the experiment was conducted, the coordinates of
the microphone array, and other supplementary data. A
partial example of the JSON file is presented in Fig. 2.

{

"audio_interface_name": "Behringer UMC1828",
"start_recording_time": "2824-11-15 89:40:02.379",
“"end_recording_time": "2024-11-15 ©9:40:42.468",
"additional_info": ""
"ueather_data": {
"timestamp": "2024-11-15T10:40:20.009000+00:00",
"measurements”: {
"air temperature": "4.7 C",
"air humidity": "9@ % RH",
"light intensity": "14823 Lux",
"barometric pressure": "100810 Pa",
"wind direction": "23@ degrees",
"wind speed”: "1 m/s",
"rainfall hourly": "@ mm/hour",
"uv index": 1.1
}
1,
"microphone_array": {
"center_latitude": "52.25532752777778",
"center_longitude": "20.90053722222222",
"microphones”: [

"channel”: 1,
"name": "NTG-2",
"latitude":

"52.25534297880067",

longitude "20.90053722222222",
"height" 43",
"elevation”: "10"

"azimuth": "@.8",
"distance”: "1.72"

“channel”: 2,

"name": "NTG-2",

"latitude”: "52.25532752777778",
"longitude": "20.900562463062652",
"height": "1.49",

"elevation": "18",

"azimuth": "98.8",

"distance": "1.72"

drone": {

"sound_source": "Drone",
"type": "DII Mavic 3 cine",
"movement": "Static",
"distance": "20",

“height": "1@",

"azimuth": "@",

"rotation": "Front”,
"additional_info": ""

}

FIG. 2. Example of JSON file in dataset.

Fig. 3 illustrates the distribution of possible azimuth
values where the drone was positioned during the
recording.
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FIG. 3. Possible values of azimuth in dataset.

As can be seen from the distribution, there are 16 drone
recordings for each specific azimuth value at 45-degree
intervals: 0, 45, 90, 135, 180, 225, 270 and 315.

ResNet-18 was chosen as the base neural network
model. It is a residual convolutional neural network
consisting of 18 layers. It provides good results in
classification tasks for matrix-format data. The first layer
of the network was modified to accept single-channel
spatial matrices instead of standard color images. At the
output, the model produced a probability distribution of the
drone being located at one of 8 azimuth values.

The model was trained with the following parameters:

- Number of epochs: 30;

- Batch size: 16;

- Optimizer: Adam;

- Learning rate: 0.001;

- Loss Function: CrossEntropyLoss.

The architecture of the model is presented in Fig. 6.

{GCGPHAT features(1, 28, 500) J

‘ 1-Channel conv entry level

ResNet-18 architecture:
ResNet Block 1 - 64 features
ResNet Block 2 - 128 features
ResNet Block 3 - 256 features
ResNet Block 4 - 512 features

Global Average Pooling

Softmax

Output:
(P1. P2, P3. P4, Ps, Ps. P7. Ps)

FIG. 4. Architecture of neural network.
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V. AGGREGATION METHODS
The choice of a specific function from Eq. (1) depends
on the desired set of axioms that must be satisfied [13]. Let
us consider the main axioms used.

Indifference preservation. If  P(wy)=...=

.....

.....

determines the distribution of 8 to be uniform, then the
aggregated distribution will also be uniform.

Consensus preservation. If for a specificw € Q P, =
systems assign the same probability to a certain value of a
random variable, then the aggregated probability estimate
will coincide with them.

Independence of events. The aggregated probability
estimation of a specific w € Q is expressed as a function
of P, (w),..., B,(w). This axiom states that the combined
probability of an individual value of a random variable
depends only on the individual probability estimates of this
value by the expert systems, and does not depend on other
values of this random variable.

External Bayesianity. For

new information L

...........

presence of new information for all expert systems, it
makes no difference which action is performed first:
updating their own individual estimates and then
aggregating, or first aggregating based on previous
estimates and then updating the final estimate. In both
cases, the combined probability distribution will be the
same.

Individual-wise Bayesianity. For new information

...........

previous one and states that in the presence of new
information for only an individual expert system, it makes
no difference which action is performed first: updating the
individual estimate and then aggregating, or first
aggregating all distributions and then applying the new
information [13].

The simplest opinion pooling function is the linear
opinion pool. It is defined as follows:

(10)

This method calculates the weighted arithmetic mean of the
probability estimates for each value w € Q. This is the only
function that simultaneously satisfies the axioms of
consensus preservation and independence of events. It also
satisfies the axiom of indifference preservation [14].
Geometric opinion pool:
[Tn=1 P (@)™
Yw'eq HrA{:1 P (w")n

This function calculates the weighted geometric mean of
the probability estimates and normalizes the obtained
estimates. Since the aggregation of the probability estimate
for an individual value w € Q uses probabilities for other
values, the geometric pool does not satisfy the axiom of
independence of events. However, it satisfies the axioms of
indifference preservation, consensus preservation and
external Bayesianity [14].

(11)
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Multiplicative opinion pool:

_ [Th-1 P (w)
Lorealln=1 Pu(w")

This function is equivalent to the geometric pool in the case

where w; =...=w, = 1. This is the only function that

simultaneously satisfies the axioms of uniform distribution

preservation and internal Bayesianity [14].

When choosing a specific aggregation function, it is
necessary to determine the list of required axioms that it
must satisfy.

Unlike opinion pooling functions, which operate under
conditions where the model estimates a probability
distribution, there are also aggregation methods that take
into account the model's level of ignorance (when it cannot
determine which class an object belongs to). The most
popular methods are the Dempster-Shafer rule of
combination of evidence and the Dezert-Smarandache
proportional conflict redistribution rule. The Dempster-
Shafer theory uses the concept of a mass function:

m: 2% - [0,1] (13)
This function assigns a number from 0 to 1 to each subset
of the set of possible states €, where m(@) = O,
Yacoam(4) = 1.

For aggregating data from multiple sources, a rule of
combination is used. For a certain hypothesis A, it has the
following form [15]:

m(4) = == Txny=ami (X) my(¥),

K= Xxny=pmi(X)m,(Y),

where X is the evidence of the first model, and Y is the
evidence of the second model. The number K determines
the measure of conflict between the sources. The higher the
value of K, the more the models contradict each other. A
disadvantage of this method is that with a high degree of
conflict, it sometimes yields false results. When 2 models
each output 2 hypotheses, among which 2 are highly
conflicting, applying the rule of combination increases the
probability of a third hypothesis. This can lead to false-
positive conclusions [15].

The Dezert-Smarandache theory is a modification of
the Dempster-Shafer theory. It was created to solve the
problem of high contradiction in the data, when the rule of
combination does not yield the desired result. The Dezert-
Smarandache rule redistributes the conflicting mass among
the hypotheses of each model [16]:

Mpcps (X) =
= m(X)

(12)

(14)

my (X)*m,(Y)
' YE.Q,XZny:gp(ml (X) + my(Y)
m,(X)?my (Y)
m(X) + my (Y)

(15)

)

VI. RESULTS
Fig. 5 shows the testing results of the trained neural
network in the form of a confusion matrix.
Since the dataset is balanced, the model's performance
is evaluated using the percentage of correct answers. It
amounted to 93.75%.
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FIG 5. Confusion matrix.

To apply the aggregation methods, various recordings
of the drone located at the same azimuth were selected.
First, the pooling of distributions that assign the maximum
probability to the exact same class was tested. After
running these audio files through the neural network, the
following results were obtained:

P;:(0.0043,0.0062,0.0772,0.8988, 0.0049, 0.0005,

0.0002, 0.008)

P,:(0.0125,0.0048,0.0056, 0.8895, 0.0058, 0.0006,

0.0006, 0.0807).

For both recordings, the model predicted the highest
probability for class 4 (135 degrees azimuth). The Table 1
presents the aggregation results using linear, geometric,
and multiplicative pooling. For geometric and
multiplicative pooling, the weights w; = w, = 0.5 were
used.

As can be seen from the distribution, linear pooling
retained the highest probability for class 4. However, this
probability does not exceed the maximum of the two
distributions. The next largest are classes 8 and 3,
corresponding to the second highest probabilities for
distributions 2 and 1, respectively. Geometric pooling
assigned a higher probability to class 4 than linear pooling
did. At the same time, similarly to linear pooling, it left
classes 8 and 3 as the next highest in magnitude, albeit with
smaller values. Multiplicative pooling assigns the
maximum probability to class 4, which turned out to be
close to 1. All other probabilities were estimated by this
method to be close to zero.

TABLE 1. Comparison of opinion pooling functions when the
model predicts the same class.

To test the Dempster-Shafer and Dezert-Smarandache
aggregation methods, these distributions were slightly
modified to account for the model's level of ignorance.
Let's keep only the 2 classes with the highest probability:
Ay, A, (in our case, these are 135 and 90 degrees in
azimuth), and the total probability for the other classes will
be considered the measure of the model's ignorance Q. The
measure of conflict K for these distributions amounted to
0.08. In this case, the aggregation results are presented in
the Table 2.

TABLE 2. Comparison of Dempster-Shafer and Dezert-

Smarandache aggregation methods when the model predicts the
same class.

p p Dempster- Dezert-
1 2 Shafer Smarandache
0.0772 0.0072 0.00090405  0.00641
0.8988 0.9915 0.99906192  0.99356
0.024 0.0013  0.00003402  0.00003

Linear Geometric Multipli-
Py P, pooling  pooling cative
pooling

0.0043 0.0125 0.0084 0.00764  0.000067
0.0062 0.0048 0.0055 0.00569  0.000037
0.0772 0.0056 0.0414 0.02167  0.000540
0.8988 0.8895 0.89415 0.93202  0.998513
0.0049 0.0058 0.00535 0.00556 0.000035
0.0005 0.0006 0.00055 0.00057 0
0.0002 0.0006 0.0004 0.00036 0
0.008 0.0807 0.04435 0.02649 0.000806
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The first 2 rows of the table correspond to the
probabilities for A,, A, and the last one for measure of the
model's ignorance Q. As we can see, the Dempster-Shafer
rule of combination of evidence assigned a probability of
almost one to the class corresponding to 135 degrees, and
all other probabilities are correspondingly close to 0. This
result is similar to the results of the multiplicative rule. The
Dezert-Smarandache method redistributed the conflict
mass more proportionally between A; and A,, and
accordingly, the probability of the 2nd class became
slightly smaller compared to the Dempster-Shafer rule.

Let's apply these same methods to audio files that
represent the same drone at the same azimuth, but for
which the model assigns the maximum probability to
different classes. The distributions have the following
form:

P;:(0.0007,0.0016,0.0003,0.4014, 0.5951, 0.0007,
0.0001, 0.0001)
P,:(0.0514,0.187,0.1613,0.3408,0.1983, 0.025,
0.0321, 0.0041).

The first probability distribution assigns the highest
probability to class 5 (180 degrees azimuth), and the
second to class 4 (135 degrees). The true class value is 4.
The aggregation results of the distributions in this case are
shown in the Table 3.

By analyzing the table, we can conclude that linear
pooling assigned the highest probability to class 5, while
geometric and multiplicative — to class 4. This is due to the
TABLE 3. Comparison of opinion pooling functions when the
model predicts the different classes.

. . Multipli-
Pn i S e

pooling
0.0007 0.0514 0.02605 0.00799  0.00014
0.0016 0.187 0.0943 0.02305  0.00117
0.0003 0.1613 0.0808 0.00927  0.00019
0.4014 0.3408 0.3711 0.49298  0.53602
0.5951 0.1983 0.3967 0.45788  0.4624
0.0007  0.025 0.01285  0.00558  0.00007
0.0001 0.0321 0.0161 0.00239  0.00001
0.0001 0.0041 0.0021 0.00085 0
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fact that the probability of class 4 in both distributions
differs less strongly from each other than for class 5.
Geometric and multiplicative pooling generally yielded
similar results, but multiplicative assigns low probability
values to other classes besides the maximum one.

To test the Dempster-Shafer and Dezert-Smarandache
methods, let's select distributions with a high level of
conflict (K = 0.994):

P;:(0.0007,0.0007,0.0003,0.0008,0.9965, 0.0007,

0.0002, 0.0001)

P,:(0.0003,0.0001,0.0002,0.9973,0.0008,0.0003,

0.0005, 0.0005).

The first distribution assigns the highest probability to
class 5 (180 degrees azimuth), and the second distribution
to class 4 (135 degrees azimuth). In the same way, we
modify these distributions, leaving the 2 classes with the
highest probability. Then the aggregation results will look
like those presented in the Table 4.

TABLE 4. Comparison of Dempster-Shafer and Dezert-

Smarandache aggregation methods when the model predicts the
different classes.

p p Dempster- Dezert-
1 2 Shafer Smarandache
0.0008 0.9973 0.56415 0.50064
0.9965 0.0008 0.43502 0.49935
0.0027 0.0019 0.00083 0.00001

The Dempster-Shafer rule assigned a higher probability
to class A, and left a larger measure of model ignorance,
while the Dezert-Smarandache method proportionally
redistributed this measure of ignorance and assigned
almost identical probability values to each class. In this
case, the Dezert-Smarandache method is a more effective
solution because, given the strong conflict between the two
distributions, it does not strongly favor one class, but
leaves them almost equally probability. This helps to avoid
false-positive results more often.

Based on these experiments, it can be concluded that
the linear pooling method is best suited for situations
where it is necessary to preserve multimodality and not
strongly isolate a single value of the distribution. The
multiplicative method and Dempster-Shafer theory, on the
contrary, can be useful in cases where it is necessary to
isolate a single maximum value during aggregation.
However, the Dempster-Shafer theory can give
unsatisfactory results when the models strongly contradict
each other. The Dezert-Smarandache theory yields similar
results to the Dempster-Shafer theory, but it aggregates
highly conflicting data better. Therefore, it is advisable to
use it in the case of strong noise, when the model is
uncertain about its predictions. The advantage of
geometric pooling is that it seeks a compromise between
models, highlighting one of them, rather than simply
averaging like linear pooling. Moreover, it does not lower
the probability for other values, besides the most probable
one, as drastically as multiplicative pooling does.

VIl. CONCLUSION
In this work, a convolutional neural network model was
trained based on GCC-PHAT features for the task of
predicting the azimuth at which a drone is located, and the
following methods of aggregating conflicting data in the
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form of probability distributions were tested: linear,
logarithmic, multiplicative pooling, the Dempster-Shafer
rule of combination of evidence, and the Dezert-
Smarandache proportional conflict redistribution rule.

The model demonstrated good results in the form of a
93,75% proportion of correct answers. This confirms the
effectiveness of using GCC-PHAT features as input data
for the model for spatial localization.

To increase the reliability of determining the sound
source coordinates, various methods for aggregating
probability distributions were applied. Two drone
recordings were selected as conflicting data; in each of
them, the drone has the same azimuth value, but the model
predicts different distributions.

The simplest aggregation method turned out to be linear
pooling, which leaves the distribution multimodal.
However, as the second application example showed, under
conditions where the states with the maximum probability in
both distributions do not match, the maximum value in the
aggregated distribution may belong to the incorrect class.
Geometric and multiplicative rules assigned the maximum
probability to the correct class in both cases. At the same
time, multiplicative pooling assigned a high probability
value to the correct class, while all other values became close
to zero. Geometric pooling also significantly increased the
probability of the correct class, but it did not decrease the
values for the other classes as drastically.

The Dempster-Shafer rule of combination of evidence
and the Dezert-Smarandache proportional conflict
redistribution rule correctly assigned the maximum
probability to the target class in both cases. However, in
the case of highly conflicting distributions, the Dempster-
Shafer method placed a greater emphasis on one of them,
while the Dezert-Smarandache rule assigned almost equal
probability to both classes. In real-world scenarios, leaving
the probabilities equal can be more practical, since in this
case we do not simply trust one of the models, but rather
understand the need to additionally verify the evidence of
each one and only then make a decision on the result.

The choice of a specific data aggregation method heavily
depends on the particular situation and the conditions in
which the microphone arrays are operating. In environments
with constant interference and noise, an effective solution
can be the application of the Dezert-Smarandache
proportional conflict redistribution rule, which demonstrated
good results under conflicting conditions. Meanwhile,
geometric pooling, due to its better computational
efficiency, can be effective in cases of lower uncertainty.

To improve the system in the future, new data
aggregation rules can be applied and tested under
conditions of strong contradiction. Since all drone
movement recordings in the dataset are static, there is
currently no ability to track its coordinates in motion. In
the future, using mathematical modeling methods and the
available sound data, it will be possible to simulate the
acoustic propagation signal of a moving drone. This will
help improve the model and make it more practical.
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ArperyBaHHA cynepeyainBux gaHunx npum
HerpomepeKeBih aKyCTUUHIN IoOKaNi3auii AXKepena 3BYKY

OneHa Kanyctan, borgaH JleBueHKo”

Kadepnpa cuctemHoro aHanisy Ta Teopii NPUIUHATTA pilleHb, KUIBCbKMIA HaLiOHaNbHUI yHiBepcuTeT imeHi Tapaca LLesyeHka, Kuis, YKkpaiHa

*ABTOp-KopecnoHaeHT (EnekTpoHHa agpeca: bogdan.levchenko.2016 @gmail.com)

AHOTALLIA NoKkanisauis gykepena 3ByKy € BaKAMBOK 3aJayeldo Ha CbOrOAHIWHIN AeHb, 0COBAMBO B YMOBaX aKTUBHOIO
PO3BUTKY 6€3NiNOTHUX NiTaNbHUX anapaTiB. CTPIMKe NOLWMPEHHSA Ta 34eLLeBNeHHs X TEXHOJIOTi CTBOPUAN KPUTUYHY NOTpeby
B pO3pobLi HAAIMHUX cUCTEeM BUABNEHHA Ta BigcTeXeHHA. Xoya NiaxoaM Ha OCHOBI FMOWHHOIO HAaBYAHHA AEMOHCTPYIOTh
BULLY TOYHICTb MOPIBHAHO 3 KNAaCUYHUMM METOAAMM B CKIAAHMX YMOBAX i3 HAafiBHICTIO CUIbHOTO LWYMy abo peBepbepali, AaHi
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Nnpo MiCLLEe3HAXOAXKEHHA AyKepena 3BYKY, OTPUMaAHI 3 Pi3HMX MIKPODOHHUX PELLiTOK, MOXKYTb OyTM HEenoBHUMM Ta
cynepeynnBMmu. 3 ornagy Ha Le BMHMKAE rocTpa HeobXiAHICTb Y 3acTocyBaHHI meToais arperauii 4n1a 06'egHaHHA UMX
NPOCTOPOBUX PO3MNOAi/MIB MMOBIPHOCTEN Y EAUHY Y3rOAMKEHY OLLIHKY, WO A03BO/IMTb 3HAYHO NiABULLUTU HAZIMHICTL Mepex
aKYCTUYHOrO BUAB/EHHA. Lle pocniaskeHHA 3ocepenyKeHo Ha po3B’A3aHHI 3afayi BM3HAYEHHA asumyTa 6e3ninoTHWKa Ha
OCHOBIi baraToKaHa/IbHUX 3BYKOBWX 3anuCiB. [NA AOCATHEHHA Ljel meTn 6yn0 aAanToBaHO 3ropTKOBY HEMPOHHY MepeXKy Ha
6a3i apxiTekTypu ResNet-18, sika 3gaTHa 06p06AATM NPOCTOPOBI MaTPULL, 3reHepoBaHi 33 4ONOMOro MeToay y3arasabHeHoi
Kpoc-Kopenauii 3 ¢a3oBMm nepetBopeHHAM. Mogenb Knacuodikauii focAria BUCOKOTO MOKa3HWMKA TOYHOCTI, AKUN CKIaB
93,75%, WO niaTBEepAKYE ePEKTUBHICTb BUKOPWUCTAHHA MaTpULb B3aEMHOI Kopenauii AK BXiAHWX [AaHUX AnA 3aj4ad
NpPOCTOPOBOI NoKanizaLii. LLo6 BMpiwnTK Npobaemy cynepeunnBmnx NporHo3is Big HE3aNeXKHUX EKCNEPTHUX CUCTEM, Y LibOMY
OOCNiKeHHI 6yN0 NPOTECTOBAHO HACTYMHI MeToAM arperauii MMOBIPHOCTEN: NiHINHY, FEOMETPUYHY Ta MYAbTUMNAIKAaTUBHY
dYHKLiIO 06'egHAHHA AYMOK, NpaBuAO KOMBiHyBaHHA cBiaYeHb [demncrepa-llelidepa Ta npasuno nponopuinHoro
nepepo3noginy KoHonikTie [esepa-CmapaHpake. Pe3ynbTaTv eKCNepuUMEHTIB MOKasaaW, WO Xo4ya AiHiiHe 06'egHaHHA
edeKkTMBHO 36epirae MynbTMMOAANbHICTb PO3MOAiNIB, BOHO MOXE He MPU3HAYUTU HaWBULLY WMMOBIPHICTb MPaBUAbHOMY
NPOCTOPOBOMY CEKTOPY B CMTYyaLisiX, KO/IM MiKOBi NPOrHO3M OKpeMWMX AsKepen He 36iratoTbcA. 3 iHWoOro 60Ky,
MY/bTUNAIKAaTUBHE NpaBMAo Ta npasuao femncrepa-Llendepa ycniwHoO BUAINAIOTL €AMHE MAKCMMAJIbHE 3HAYEHHA Nig, Yac
arperauii, NpoTe 0OCTaHHA MOXe NPU3BOAUTU A0 XMOHONO3UTUBHMX BUCHOBKIB Mig, 4ac pob0TH 3 AaHUMMU, LLLO MAOTb BUCOKUM
CTyniHb KoHbNiKTy. MeTon [esepa-CmapaHfake BUABMBCA HaMbINbll HAAIMHUM pilLEHHAM ANA CepefoBuLL, L0
XapaKTepu3yTbCA CUAbHUM aKYCTUYHMM LIYMOM i BigNOBiAHO, 3HAYHOK HEBMEBHEHICTIO MOAEI, OCKI/IbKM BiH MPONOPLiiHO
nepepo3nosinsae KOHPNIKTHY Macy, He HafaluM NepeayvyacHoi nepesarn ogHOMY XMHBHoMyY Knacy. Kpim Toro, reomeTpuyHe
06'eAHAHHA NPOAEMOHCTPYBANO 3HAYHY MPAKTUYHY LiHHICTb, 3HAXOAAYM KOMMPOMIC MiX KOHKYPYIOUMMM OLiHKaMK Ta
3abe3nevytoun Kpauwy obuucntoBanbHy ePeKTUBHICTb Y CLeHapifx i3 NomipHMM piBHEM HeBM3HayeHOoCTi. OTpumaHi
pe3ynbtatu GopMyoTb KOMMNEKCHI peKoMeHaaL,ii Wwoao BM6opy BiANOBIAHUX CTpaTerii arperauii 4aHMX, afanToOBaHUX A0
KOHKPETHMX YMOB HaBKO/IMLLIHbOFO CepeaoBuULLaA.

KNKOYOBI C/IOBA noKanisauis arkepena 3ByKy, arperyBaHHs, HepoHHa mepexa, GyHKLiA 06’egHaHHA AYMOK.
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