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A STUDY OF THE ACCURACY OF BIMFORMING METHODS
IN THE CONTEXT OF AN INCLUSIVE INTERNAL NAVIGATION SYSTEM

Abstract. Relevance. Voice control of elements in inclusive navigation systems is critical for ensuring the independence
and safe mobility of people with visual impairments in public spaces, particularly in large retail spaces. However, existing
speech-to-text (STT) systems face a significant drop in recognition accuracy due to the highly dynamic and non-stationary
acoustic noise in supermarkets. The object of this study is audio stream preprocessing and spatial filtering (beamforming) in
a voice control system under conditions of dynamic, non-stationary noise. The problem lies in the insufficient selectivity of
standard audio signal processing algorithms under conditions of background noise in a store, which leads to a critical increase
in the word error rate (WER) and makes the smart cart control system vulnerable. The objective of the article is to evaluate
the impact of external factors (number, spatial topology of placement, and power level of acoustic noise sources) on the
accuracy of spatial filtering (beamforming) methods for subsequent voice command recognition through computer simula-
tion. As a result of the study, the acoustic environment and microphone array were simulated using the Pyroomacoustics
library. A comparison was conducted between three methods: Delay-and-Sum (DAS), Max-UDR, and Max-SINR. The study
showed that the Max-SINR algorithm provides the highest signal-to-noise ratio gain (Delta SNR from 7.9 to 9.1 dB) and is
mathematically robust to changes in the distance to interference sources and their power. The DAS method proved to be the
least effective (5.35-5.95 dB) and demonstrated sensitivity to changes in distance. It was established that the key factor in
signal degradation is the configuration of noise sources, among which the cross topology is the most difficult to filter.

Keywords: inclusive navigation system, visual impairment, speech recognition, spatial filtering, beamforming, Delay-

and-Sum, Max-UDR, Max-SINR, dynamic noise.

Introduction

Problem Statement. Existing speech-to-text (STT)
systems suffer from low recognition accuracy due to the
presence of noise, reverberation, and multi-channel audio
sources [1]. The use of microphone arrays in combination
with direction-of-arrival (DoA) and beamforming algo-
rithms significantly improves the signal-to-noise ratio in
noisy environments [2]. Modern solutions often combine
classical DSP algorithms, such as Delay-and-Sum
(DAS), MVDR, or GSC, with deep learning methods.
However, neural network models require significant
computational resources and are sensitive to the acoustics
of the rooms in which they were trained [3].

Despite advances in spatial filtering algorithms,
their application in inclusive systems for retail spaces re-
mains understudied [4, 5]. In the highly dynamic and
non-stationary acoustic noise conditions of a retail floor,
standard cloud-based and local STT methods exhibit sig-
nificant degradation in accuracy. Accordingly, the adap-
tation of beamforming methods at the hardware level for
smart shopping carts designed to assist visually impaired
people in supermarkets is critically necessary to improve
the signal-to-noise ratio (SNR) prior to the semantic pro-
cessing stage.

The problem lies in the insufficient selectivity of
standard audio signal processing algorithms under condi-
tions of dynamic non-stationary noise, which leads to a
critical increase in word error rates and makes the shop-
ping cart control system vulnerable to background store
noise. The subject of the study is the preprocessing of the
audio stream and spatial filtering in a voice control sys-
tem under conditions of dynamic non-stationary noise.
The subject of the study is the effectiveness of spatial fil-
tering algorithms (DAS, UDR, SINR) for improving the
recognition of user voice commands in an inclusive smart
cart system.

The scientific novelty lies in the introduction of an
analytical stability metric (robustness index), which al-
lows for a quantitative assessment of the degradation in
the performance of spatial filtering algorithms as the to-
pology of nonlinear disturbances becomes more complex
(e.g., an increase in the number of shoppers, carts, or
other noise sources). The practical significance is deter-
mined by the optimal configuration of the spatial filtering
module, which maximizes the ASNR parameter and sta-
bilizes the entire speech-to-text conversion pipeline. This
ensures the reliable operation of an inclusive voice inter-
face for the shopping cart without requiring significant
computational resources, thereby promoting the inde-
pendence of visually impaired users while shopping.

Analysis of Recent Research and Publications.
The field of voice command recognition is explored in
this paper in the context of using inclusive navigation
systems with voice interfaces for people with visual im-
pairments, underscoring the relevance of the chosen
topic. Given the current situation in Ukraine, three key
user groups can be identified for whom standard voice
assistants are inaccessible:

- military personnel and civilians who have lost
their sight due to trauma face an urgent need for spatial
and psychological adaptation to new conditions and re-
quire tools to restore social autonomy in public spaces;

- elderly people with age-related vision impair-
ments (cataracts, glaucoma, etc.) are unable to read small
print on products, price tags, and navigation signs in large
retail spaces;

- people with congenital or acquired blindness and
low vision are critically dependent on reliable assistive
technologies for spatial orientation, avoiding obstacles,
and independent self-care.

Voice control aids in the socialization and safe mo-
bility of people with disabilities in public spaces. There-
fore, the processing and analysis of voice commands to
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control elements of an inclusive system must be imple-
mented for these groups of people with disabilities to en-
hance their independence, autonomy, and sense of secu-
rity, which is a pressing task.

Examples of control scenarios for different population
groups are provided in the table below (Table 1). The system
must adapt to the user’s specific needs, ensuring the perfor-
mance of vital functions even with impaired vision.

Table 1 — Management Scenarios for People with Limited Mobility

Command category Query example

System action

Navigation query Show me the way to ...

Calculating the optimal route to the desired department or shelf,
with voice guidance and obstacle warnings.

Subject query R

Searching for products in the product database, announcing prices
and expiration dates, and providing assistance right at the shelf.

"Help me get outside", "We need
help from healthcare workers "

Emergency assistance

Calculating the shortest route to the exit, automatically calling an assis-
tant or the sales floor manager via the internal communication system.

Current research has already demonstrated that the
use of microphone arrays, combined with sound source
localization and mixed signal separation algorithms, can
significantly improve the signal-to-noise ratio in multi-
channel environments. Existing studies show that the use
of beamforming and DoA (direction of arrival) methods
[6, 7, 13] significantly improves noise suppression while
using omnidirectional and relatively inexpensive sensors.
The geometry of the microphone array plays an important
role and is directly related to the hardware component of
the module. Some studies indicate a significant improve-
ment in audio quality when using two- and three-dimen-
sional arrays, with the number of sensors being the pri-
mary factor affecting the method’s performance.

These methods are particularly critical for embedded
real-time speech recognition systems, given limited compu-
tational resources and the need for rapid system response.
Methods such as beamforming and DoA analysis are ac-
tively combined with classical DSP algorithms (e.g., Wiener
filters, spectral subtraction) and deep learning methods
(GRU, CNN). This allows for effective reduction of back-
ground noise, amplification of speech, and ensures stable

operation of STT modules even in noisy environments [8, 9,
14]. This study focuses on the audio stream preprocessing
module and noise suppression in the presence of user speech
disturbances in the system described above. Furthermore,
given the variety of speech impairments, microphone array
configurations, background noise, and other environmental
characteristics, the question arises: which beamforming
method and/or signal arrival direction estimation method is
optimal under specific conditions. Since the beamforming
method provides a significant improvement in the output au-
dio in the presence of background noise, and the hardware
component requires a microphone array (two or more mi-
crophones), while the software component includes com-
plex mathematical algorithms such as FaS (Filter And Sum),
MVDR (Minimum Variance Distortionless Response),
GSC (Generalized Sidelobe Canceller), etc.—the best and
most accurate method for conducting the experiment will be
the use of actual hardware and algorithms optimized for it
[10-12]. The Pyroomacoustics utility is proposed as a mod-
eling environment for the room and microphone array, as it
provides classic implementations of the most popular algo-
rithms.

Table 2 — An Overview of Classical Beamforming and DoA Methods

Method name

Features

Avreas of application

Delay—and-Sum (DAS) [15]

- low computational load; - low resolution.

simple hearing aids; educa-
tional projects; arrays with a
large number of microphones.

Functional Beamforming [16]

higher resolution compared to DAS; better suppression of
side lobes and specular sources; requires calibration/cor-
rection for accurate dB measurements; sensitive to the
choice of power exponent.

anechoic chambers; wind tun-
nel tests; industrial noise diag-
nostics.

GCC-PHAT (Generalized
Cross—Correlation + Phase
Transform) [17]

high resistance to reverberation; low computational com-
plexity; works primarily with a single pair of micro-
phones (TDOA); it is difficult to localize multiple speak-
ers simultaneously.

smart speakers; 10T devices;
basic video conferencing sys-
tems.

SRP-PHAT (Steered Response
Power) [18]

reliable in noisy/reverberant environments; does not re-
quire knowledge of the number of sources; high compu-
tational cost.

robotics; professional confer-
ence systems; acoustic moni-
toring of premises.

MVDR / Capon (Minimum
Variance Distortionless Re-
sponse) [19]

adaptive method; better noise and interference suppres-
sion than DAS; sensitive to microphone calibration er-
rors.

noise cancellation systems;
telecommunications; speech
processing.

MUSIC (Multiple Signal Clas-
sification) [20]

ultra-high resolution; can distinguish sources that are
close to one another; high computational complexity; per-
forms poorly in reverberant environments.

laboratory acoustic studies;
high-precision measurements;
radars.

ESPRIT (Estimation of Signal
Parameters via Rotational In-
variance Techniques) [21]

less computationally intensive than MUSIC; requires a
specific array geometry.

specialized instruments with
fixed geometry; radars.
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In addition to the classical methods listed in Table 2,
it is worth highlighting deep machine learning, which is
based on standard DoA techniques. Modern voice assis-
tants, smartphones, and AR/VR headsets use such adaptive
methods to improve recognition quality. A neural network
can learn to account for complex room acoustics, nonlinear

distortions, and noise; however, at its core, it is a “black
box” that requires large datasets for training and is depend-
ent on the specific acoustics under which the network was
trained. The Pyroomacoustics library contains implemen-
tations of popular beamforming methods, some of which
feature advanced noise suppression algorithms (Table 3).

Table 3 — An overview of the methods implemented in the Pyroomacoustics library

Method name (API) Description

Applications Requirements

Delay—and-Sum (DAS) | A basic algorithm that compensates

Basic SNR enhancement and | Coordinates of the target

rake_mvdr_filters maintaining a unit gain in the direc-

tion of the target.

rake_de- for signal propagation delays to the | spatial filtering. source and the array micro-
lay_and_sum_weights microphones and sums them up. phones.
MVDR Minimizes noise variance while | Suppression of directional in- | Coordinates of the target

source; estimation of the
spatial covariance matrix
of noise.

terference and uncorrelated
noise without distorting the
useful signal spectrum.

Maximizes the ratio of the useful
signal including selected early re-
flections to the sum of noise and in-
terference.

Max-SINR
rake_max_sinr_filters
rake_max_sinr_weights

The coordinates of the use-
ful and interfering sources,
or the interference covari-
ance matrix.

Optimizing reception in re-
verberant rooms in the pres-
ence of strong competing
sound sources.

Max—UDR
rake_max_udr_filters
rake_max_udr_weights

It separates energy into useful (di-
rect sound + early reflections) and
harmful (late reverberation + noise).

Source coordinates and
room parameters for sepa-
rating early and late reflec-
tions.

Speech reverberation and
noise suppression (counter-
acting the harmful blurring of
the spectrum).

Calculates filters in the time domain,
taking psychoacoustics into account.
Relaxes the suppression constraints
within a short window (30 ms).

Perceptual
rake_perceptual_filters

Source coordinates and
specified time window.

Improved speech perception
(the Haas effect, integration

of early reflections by the au-
ditory system).

Calculates the time-domain filters
of a beamformer with a single re-
sponse to multiple sources.

One-—Forcing
rake_one_forcing_filters
rake_one_forc-
ing_weights

Signal extraction with strict
response constraints for mul-
tiple specified directions/re-
flections.

The exact coordinates of
the target sources and their
images.

Ensures undistorted transmission of
the target signal in a multipath envi-
ronment by imposing strict con-
straints on the phase and amplitude
of the target paths.

Distortionless
rake_distortionless_fil-
ters

Signal extraction in reverber-
ant environments where even
the slightest phase or ampli-
tude distortion is unaccepta-

Knowledge of the room's
impulse response (RIR) or
the exact coordinates of the
image sources.

ble.

Three methods were selected for the experiment:
Delay and Sum, Max-SINR, and Max—UDR. The latter
two are suitable for reverberant environments and have
straightforward requirements. The Delay and Sum
method was chosen as a simple and computationally
efficient beamforming method.

The research is conducted in a computer simulation
environment to model the room and the microphone
array. This brings the experiment as close as possible to
real-world  conditions:  reverberation, diffraction,
stationary noise, and room modes.

It is worth noting that computer simulation is not
the only valid way to test the research hypothesis,
namely, to find a correlation between the beamforming
method and the clarity of the output audio (removed
noise) in the presence of significant speech disturbances
from the user. The next step in working on the chosen
topic will be an empirical study using real hardware with
real microphone arrays for subsequent statistical
processing; however, this requires preliminary empirical
validation under controlled conditions.

Since the accuracy of the second stage depends on
the clarity of the text obtained in the first stage, it
becomes necessary to implement spatial filtering
(beamforming) methods even before the STT stage. In
environments with high acoustic noise, such as a retail

store, standard STT methods suffer from a decline in
accuracy. Therefore, a spatial filtering (beamforming)
stage is required at the hardware level to improve the
signal-to-noise ratio (SNR).

To this end, this paper proposes to investigate the
change in the difference between the input and output
signal-to-noise ratios (SNR) for various beamforming
methods depending on:

- the topology of noise source placement;

- the distance of noise sources from the
microphone array;

- noise power.

Thus, the aim of the study is to evaluate the influ-
ence of external factors (number, placement topology,
and power level of acoustic noise sources) on the accu-
racy of beamforming methods for subsequent voice com-
mand recognition, using computer modeling.

To achieve the stated goal, the following tasks must
be addressed:

- analysis of beamforming methods for use under
conditions of variable external factors;

- development of a model for a voice command
processing and analysis subsystem in an inclusive
indoor navigation system;

- evaluation of the accuracy of the Delay—and-Sum
(DAS), Max-SINR, and Max-UDR methods for
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determining the speaker’s location based on the number,
spatial distribution, and power levels of acoustic noise
sources;

- analysis of the obtained results.

Future research will focus on conducting field ex-
periments using real hardware under variable external
conditions.

Main Content

The proposed voice command processing
subsystem, shown in Figure 1, is based on an
interconnected sequence of steps: first, it isolates and
cleans the speaker’s voice of noise, converts it into text,
and then, using a pre-trained language model, analyzes
the semantics, verifies the requeﬁt based on context, and

generates a final command for execution or a voice
response, thereby renewing the interaction cycle.

In the first stage of the system’s operation (speech-to-
text conversion), an unstructured analog or digital audio
stream is converted into a formalized text sequence. This
process is based on Voice Activity Detection mechanisms,
which allow the useful signal to be separated from the
background noise of the sales floor. The use of a specialized
hardware interface ensures stable data transmission to the
Speech-to-Text module, where phoneme recognition and
the formation of a textual representation of the query occur
using acoustic and linguistic models. The quality of the
output data at this level is critical for the entire system, since
recognition errors directly determine the accuracy of the
subsequent interpretation of commands.

domain requirements

voice activity detection
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Fig. 1. General model of a voice command processing system

The central component of the system (command in-
terpretation and resolution) is responsible for transforming
the received text into structured, machine-readable com-
mands through semantic resolution mechanisms. The
interpretation process is based on the use of fine-tuned
language models (Fine—tuned LLMs) and natural language
understanding rules (NLU Rules), which allow for the
identification of user intent within a specific domain. To
minimize ambiguity, the system leverages external
knowledge in the form of system context and specialized
glossaries of terms related to the product assortment and

navigation within the marketplace. The result of this stage
is the generation of a final command that accurately
reflects the user’s true intent, taking into account the
current situation and the selected processing pipeline.

The final stage of the architecture implements the
logic for controlling the intelligent cart’s actions and
generating feedback. The task scheduling module ranks
the received commands according to set priorities and
coordinates their execution through context updates. In
parallel with sending signals to the hardware, the system
generates a voice response using the Command-to-
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Speech module, ensuring natural interaction with the
user. This approach allows for a closed-loop control
cycle, where each action not only fulfills a request but
also updates the system state for the correct processing of
subsequent dialogue iterations.

The experimental studies were conducted taking into
account the following potential influences, limitations,
and requirements:

- determining the effect of the distance to noise sources
(1 m, 3 m, 5m) and their intensity relative to the user's voice

(quieter than the voice: +10 dB; equal to the voice: 0 dB;
louder than the voice: —10 dB) on the input signal;

- calculation of the SNR for beamforming methods
under various topologies (a “cross” topology for 4 noise
sources, a “ring” topology to simulate diffuse noise from
8 noise sources, and a point-source noise configuration,
Fig. 2);

- calculating a coefficient to compare the ability of
methods to suppress multiple noise sources without sig-
nificantly degrading the output signal.

4: é’: \4: \J: \é‘:
]l-SM 1-5m ] 1-5m /1'5M
1-5m ﬁ (i )
KQN “: . 1-5m R %j . 1-5M & ‘é-: 1-5M %c; 1-5m ‘é:
]1—5M 1-5m 11-5M 1-5m
\‘: \o: \4,: \é‘:
a b c

Fig. 2. Modeling of acoustic noise source configurations relative to the useful signal source:
a — point source, b — “cross” configuration, ¢ — “ring” configuration

The ASNR metric is calculated based on the meas-
urements at the microphone input and output, SNR;,, Ta
SNR,,; respectively. The input signal-to-noise ratio is
calculated using the formula:

SNRip = 10 log;o (222,

where Pg; 4, - Clear voice power, Py, ;g. - NOise power.
Measurements at the SNR,,,; are determined in the
same way, but after applying the beamforming method.
The performance metrics for evaluating the beam-
forming method under conditions of dynamic non-sta-
tionary interference are determined by the formula:

SNRimprovement = ASNR = SNRy; — SNRy,.

The resulting ASNR value (expressed in decibels)
serves as a quantitative measure of the effectiveness of
spatial signal selection in the presence of additive noise.
An increase in the ASNR value directly correlates with an
increase in the probability of correct operation of the STT
module. In particular, high values of this indicator indicate
successful compensation for acoustic interference, which
allows minimizing the level of phonetic distortions at the
hardware interaction level. Conversely, low values of
ASNR indicate insufficient selectivity of the algorithm,
which leads in the future to degradation of the input stream
and a critical increase in word error rate, making the
system vulnerable to non-stationary noise in the trading
floor. In other words, maximizing ASNR will lead to the
stabilization of the entire pipeline.

The system’s robustness to changes in the noise
topology is determined by an analytical metric
introduced in this paper to compare beamforming
methods. The metric shows how much the algorithm’s
performance “drops off” when conditions in the store

become more complex (the number of shoppers, carts, or
noise increases). It is calculated as the ratio of the average
signal gain under complex conditions to the gain under
baseline (ideal) conditions.

Results of the research conducted. Discussion

To systematize the research results, taking into
account all the variable parameters described in the
previous section, this study includes the following
experiment: evaluating performance as a function of
distance and noise level, as well as assessing robustness
to the topology and number of noise sources.

For the experiment, healthy speech recordings were
selected from the specialized TORGO dataset, created for
the study of dysarthria [21]. Typically, such recordings
are clearer and cleaner than those in standard general-
purpose datasets. This approach allows us to focus on
working with noise and testing hypotheses, and
simplifies the overall data preparation process.

For the experiment, 1,000 healthy speech sequences
were selected, along with 3 types of noise geometry
(point, cross, ring) at 3 different distances (1, 3, and 5
meters) and with varying signal-to-noise ratios (-10, 0,
and 10 dB). Each recording was simulated using all three
beamforming methods (DaS, UDR, and SINR). The
output consisted of 81,000 records in a .csv file with the
following columns: method, geometry, distance, SNR,
input SNR, output SNR, and delta SNR.

Next, graphs were generated to demonstrate the
dependencies of the variables on external factors. Figures
3 - 5 shows the dependence of delta SNR on distance for
the DaS, UDR, and SINR methods, respectively.

Fig. 3 shows an example of an audio signal from the
dataset in the time and frequency domains.
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Next, using the Pyroomacoustics library, a simula-
tion of a room with dimensions of 15x15x5 was created,
corresponding to the average size of open spaces in super-
markets or shopping malls. After adding noise and the de-
sired signal, the overall audio signal changes (Fig. 4). The
speech signal and noise signal are shown separately in
Fig. 5and 6, respectively. After applying the beamforming
algorithm, noise is removed from the mixed signal and

Yacosa obnacTe: 01_original_source.wav

audio quality is improved (Fig. 7). The microphone array
and algorithms ensure a stable spatial gain (array gain).
This gain is a characteristic of the system’s geometry and
the mathematics of the algorithm, and it does not degrade
when the total noise power changes. This manifests as the
Delta SNR being independent of the initial signal-to-noise
ratio. The graphs for conditions of —10 dB, 0 dB, and 10
dB are identical for each individual method.
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Fig. 3. Visualization of the input audio signal: a — time domain, b — frequency domain
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Fig. 4. Visualization of a mixed audio signal in a simulation: a — time domain, b — frequency domain
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Fig. 5. Visualization of a broadcast audio signal in a simulation: a) time domain, b) frequency domain
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Fig. 6. Visualization of a noise audio signal in a simulation: a — time domain, b — frequency domain
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Fig. 7. Visualization of the audio signal after applying the beamforming algorithm: a — time domain, b — frequency domain
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The results of experiments conducted for various
beamforming methods under varying conditions in
simulation mode are presented below.

All three algorithms demonstrate the same hierarchy
of performance depending on how the noise sources are
distributed. Point achieves the best result (highest delta
SNR) among all methods. It is easiest for beamformers to
focus the spatial “zero” in the beam pattern to suppress a
single localized source. The ring configuration has average
performance: noise surrounds the array, complicating the
task compared to a single point, but the algorithms are still
capable of filtering it reasonably well. The most
challenging scenario for all methods is the cross
configuration, which yields the smallest gain in the useful
signal. This distributed configuration creates the most
complex interference field for processing.

The algorithms differ significantly in terms of over-
all performance and response to the distance of noise
sources. DaS shows the smallest improvement (delta

3anexHicTs Delta SNR sig sinctani, -10 dB

3anexHicTe Delta SNR sig sigcTani, 0 dB

SNR ranging from ~5.35 to ~5.9 dB, Fig. 8). It is the only
method that demonstrates a dependence on the distance
to the noise source. As point noise is moved from 1 to 5
meters away, performance slowly decreases, whereas for
Cross noise, it tends to increase slightly.

UDR shows average results (ranging from ~5.5 to
~6.25 dB), which are noticeably better than those of the
classic DaS (Fig. 9). The graphs consist of horizontal
lines. This means that the suppression performance is
completely independent of the distance to the noise
sources and depends solely on their spatial type (point,
ring, cross).

SINR demonstrates the highest performance (delta
SNR ranging from ~7.9to ~9.1 dB, Fig. 10). The algorithm
directly maximizes the signal-to-interference-plus-noise
ratio and, as expected, performs best at optimizing the
weights for interference suppression. As in the previous
case, the result is maximally stable and does not depend on
the distance to the noise source in the studied range.
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Next, the dependence of delta SNR on the noise
level (SNR dB) was analyzed at distances of 1, 3, and 5
meters (Fig. 11-13). The distance from the target to the
noise is 0, 2, and 4 meters, respectively.

For all methods, the delta SNR value remains stable
as the noise level changes. This confirms the linear nature
of signal processing in these algorithms: the output sig-
nal-to-noise ratio changes in direct proportion to the in-
put, so their difference (delta SNR) remains constant.

At any distance and at any noise level, the pattern
of suppression efficiency remains consistent depending
on the interference geometry: a point source is filtered
best, a ring source is filtered worse, and a cross-shaped
source is filtered worst. DaS demonstrates the smallest
spatial gain (5.35-5.95 dB, Fig. 11). In the first graph
(noise distance of 1 m, coinciding with the coordinates of

the useful signal), slight fluctuations in delta SNR are no-
ticeable. This is because DaS is a data-independent
method with fixed weighting coefficients; it does not
adapt to the environment, so nonlinear interference ef-
fects may occur when signal and noise sources are spa-
tially coincident.

UDR demonstrates higher efficiency (5.5-6.25 dB,
Fig. 12). The graphs appear as horizontal lines at all dis-
tances. Adaptive weight estimation relies on a normal-
ized spatial covariance matrix, which depends on the lo-
cation of the sources rather than their absolute power.
Therefore, the algorithm is robust to changes in noise in-
tensity.

The SINR method demonstrates the highest effi-
ciency (7.9-9.05 dB, Fig. 13). The algorithm also exhib-
its perfect linearity and stability regardless of the input
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noise level and the distance to the noise source. Analyti-
cal maximization of the SINR criterion allows achieving

3anexHicTe Delta SNR sig pisHs wymy (SNR dB), 1 m
(BiACTaHb Bif WyMy 0 uini 0 M)
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the theoretical efficiency limit for a given microphone
configuration.
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To confirm the previously established stability of
adaptive algorithms for the given speech recognition
task, the following histograms were created (Fig. 14-16).

For UDR, Delta SNR fluctuations occur in the range
of thousandths of a decibel (for example, from 6.267 to
6.271 dB for the point geometry, Fig. 15). For SINR, fluc-
tuations are also within the range of thousandths or

Delta SNR (8in Tuxoro o rystoro), point

Delta SNR (8ig Txore o ryvHoro), cross

hundredths of a decibel (for example, from 9.0425 to
9.0525 dB for the point geometry, Fig. 16). Such changes
are negligibly small. Visual fluctuations in the histograms
are a consequence of the scaling of the Y-axis and reflect
not a fundamental instability of the methods, but the limits
of floating-point calculation accuracy and minor artifacts
of the digital simulation of covariance matrices.
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Fig. 14. The dependence of delta SNR on noise level and distance, DaS method: a — point interference topology, b — cross, ¢ — ring

DasS is the only one to exhibit more noticeable fluctu-
ations, reaching hundredths and tenths of a decibel (for ex-
ample, from 5.86 to 5.92 dB, Fig. 14). The absence of adap-
tive weight calculation makes the algorithm sensitive to
phase shifts that occur when the distance to noise sources

Delta SNR (Big TMxoro e ryyHoro), peint

Delta SNR (Big THXOro 4o ryyHoro), cross

and their intensity change. The area highlighted in pink (a
distance of 1 m, coinciding with the location of the useful
signal) exhibits specific behavior. When the interference is
at the same radius as the target, spatial interference compli-
cates the operation of the fixed directional pattern.
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For the UDR and SINR methods, the baseline effi-
ciency remains constant regardless of the combination of
distance (1, 3, 5 meters) and input SNR (-10, 0, 10 dB).
Even when noise is located in close proximity to the use-
ful signal (at a distance of 1 m), adaptive algorithms re-
tain their effectiveness. Minor deviations in this region
(within thousandths of a dB) confirm the ability of spatial

“zeros” to isolate interference regardless of their proxim-
ity to the useful signal’s focal radius.

The results of the experiments for a single noise
source are presented in Table 4. The results of the exper-
iments for the four noise sources are presented in
Table 5. The results of the experiments for eight noise
sources are presented in Table 6.

Table 4 — Evaluation of the effectiveness of beamforming methods as a function of distance and noise power

in the presence of a point noise source

Distance to the obstacle, m Noise level, dB SNRin (Baseline) | ASNR (DAS) | ASNR (UDR) | ASNR (SINR)
1m +10 (Quiet) 44.67 5.91 6.27 9.05
1m 0 (Equal) 34.67 5.90 6.27 9.05
1m —10 (Loudly) 24.67 5.93 6.27 9.05
3m +10 (Quiet) 44.67 5.91 6.27 9.05
3m 0 (Equal) 34.67 5.90 6.27 9.05
3m —10 (Loudly) 24.67 5.87 6.27 9.05
5m +10 (Quiet) 44.67 5.91 6.27 9.04
5m 0 (Equal) 34.67 5.92 6.27 9.05
5m —10 (Loudly) 24.67 5.86 6.27 9.05

The average change in SNR in a chaotic environment 34.67 5.90 6.27 9.05

Table 5 — Evaluation of the effectiveness of beamforming methods as a function of distance and noise power

(cross topology)

Distance to the obstacle, m Noise level, dB SNRin (Baseline) | ASNR (DAS) | ASNR (UDR) | ASNR (SINR)
1m +10 (Quiet) 45.14 5.38 5.50 7.89
1m 0 (Equal) 35.14 5.35 5.50 7.89
Im —10 (Loudly) 25.14 5.40 5.50 7.89
3m +10 (Quiet) 45.14 5.36 5.50 7.89
3m 0 (Equal) 35.14 5.38 5.50 7.89
3m —10 (Loudly) 25.14 5.41 5.50 7.88
5m +10 (Quiet) 45.14 5.39 5.50 7.89
5m 0 (Equal) 35.14 541 5.50 7.89
5m —10 (Loudly) 25.14 5.35 5.50 7.89

The average change in SNR in a chaotic environment 35.14 5.38 5.50 7.89

Table 6 - Evaluation of the effectiveness of beamforming methods as a function of distance and noise power

(ring topology)

Distance to the obstacle, m Noise level, dB SNRin (Baseline) | ASNR (DAS) | ASNR (UDR) | ASNR (SINR)
1m +10 (Quiet) 45.44 5.66 5.88 8.24
1m 0 (Equal) 35.44 5.64 5.88 8.24
1m —10 (Loudly) 25.44 5.62 5.88 8.24
3m +10 (Quiet) 45.44 5.64 5.88 8.24
3m 0 (Equal) 35.44 5.63 5.88 8.24
3m —10 (Loudly) 25.44 5.63 5.88 8.24
5m +10 (Quiet) 45.44 5.62 5.88 8.23
5m 0 (Equal) 35.44 5.63 5.88 8.24
5m —10 (Loudly) 25.44 5.62 5.88 8.24

The average change in SNR in a chaotic environment 35.44 5.63 5.88 8.24
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Conclusions

This paper presents a system for processing and an-
alyzing voice commands for inclusive smart carts, de-
signed to operate in the dynamic, non-stationary noise
environment of retail spaces.

An approach is proposed that uses microphone ar-
rays and spatial filtering (beamforming) methods for con-
tinuous preprocessing of the audio stream to improve the
signal-to-noise ratio (SNR) prior to the speech-to-text
conversion stage.

Using spatial filtering algorithms, specifically De-
lay-and-Sum (DAS), Max-UDR, and Max-SINR, the
system achieves high accuracy in extracting the useful
signal in the presence of acoustic disturbances with vari-
ous spatial topologies.

A comparative analysis of algorithm performance
was conducted, the results of which showed that the Max-
SINR method demonstrated the highest noise suppres-
sion efficiency (an SNR gain of 7.9 to 9.1 dB) compared
to Max-UDR (5.5-6.25 dB) and DAS (5.35-5.95 dB).

The results confirm the effectiveness of the pro-
posed approach for spatial signal selection, which is

critically important in ensuring the reliability of voice
control. The developed subsystem automatically com-
pensates for the effects of background noise at the hard-
ware level, significantly minimizing phonetic distortions
and the vulnerability of the recognition system.

The use of adaptive beamforming algorithms, in
particular Max-SINR, ensures mathematical stability of
operation regardless of the strength of interference and
the distance to it, making the solution promising for im-
plementation in assistance and spatial orientation sys-
tems for people with visual impairments. Further re-
search will focus on conducting field experiments using
real hardware in variable outdoor conditions.
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Jocaix:keHHs] TOYHOCTi po6oTH MeTOAiB OiMpopMiHTy
B KOHTEKCTi iHKJIIO3UBHOI cCTeMH BHYTPIilIHBOI HaBirauii

. A. Pantanos, O. 0. bapkoscrka, M.II. llunenko, O. C. I'onosuenko, /1. C. [BaxHeHKO

AHoTanis. AKTyanbHicTh. ['010COBEe KepyBaHHS €EMEHTAMH IHKIIIO3MBHUX HABIrallifHUX CHCTEM € KPUTHYHO BajKJIH-
BHM JUTs1 3a0€3MeUeHHs] aBTOHOMHOCTI Ta 6e3neyHol MOOLIBHOCTI JIF0/ieH 3 HOPYLICHHSIMH 30py B IPOMaICHKUX MICIISIX, 30KpeMa y
BEJIMKMX TOProBeJbHUX 3aiax. OHAK ICHYIOYl CUCTEeMH TepeTBOpeHHs MoBieHHs Ha TekcT (STT) cTHKAtoThCs i3 CYTTEBUM 3HH-
KEHHSM TOYHOCTI PO3Mi3HABaHHS depe3 BUCOKOAMHAMIUHMI Ta HECTAl[lOHAPHMH aKyCTHYHHH ITyM cyrepMmapkeTiB. O0’ekToM
JOCJIIZKeHHSI € TPENPOLIECHHT ayIi0NOTOKY Ta MPOCTOpoBa GibTpais (0iMPOPMIHT) y CHCTEMI FOJIOCOBOTO KEPYBaHHS 32 YMOB
JIMHAMIYHOTO HecTallioHapHoTo mryMmy. [IpoGiema nonsrae y HemocTaTHiN BUOIPKOBOCTI CTaHIAPTHHUX AlTOPUTMIB OOPOOKH ay-
JiocHTHAy B yMOBax (pOHOBHX 3aBaj MaraswHy, IO IPH3BOJHUTH O KPUTHIHOTO 3POCTAHHSA YACTKU ITOMIJIOK y PO3IMi3HAHMX
cnoBax (WER) Ta poOuTh cricTeMy yIpaBIiHHSI PO3YMHHM Bi3KOM Bpa3inBo0.. MeTOI0 ¢TATTi € OIliHKa BIUTMBY 30BHIIIHIX (ak-
TOpiB (KIJIBKOCTI, IPOCTOPOBOI TOMOJIOTIT PO3MIIIIEHHS Ta PiBHS MOTYXKHOCTI JHKEpeN aKyCTHYHOTO LIyMy) Ha TOYHICTb METOJIB
npocTopoBoi GineTparii (6iMGbOpMIHTY) IS OJATBIIOTO PO3Mi3HABAHHS TOJOCOBHX KOMAH/ HUIIXOM KOMIT'FOTEPHOTO MOJEIIO-
BaHHs. B pe3yabTaTi podoTi 32 tomoMororo 6i6mioTekn Pyroomacoustics 0yJio 3Mo/1eIb0BaHO aKyCTHYHE CEpEJOBHIIE Ta MiKpO-
¢bonny peuriTky. IIpoBeeHo nopiBHsIHHS TpboX MeToniB: Delay-and-Sum (DAS), Max-UDR ta Max-SINR. ocnikeHHs oKa-
3aio, o aaroputM Max-SINR 3abesnedye HaitBunmii mpupict criBBigHomeHHs curHan/mym (delta SNR Bix 7,9 1o 9,1 n1b) i€
MaTeMaTHYHO CTIMKHM JI0 3MiH BiJICTaHI 0 3aBaj Ta ixHBOI moTyxkHOCTi. Meton DAS BusBuBcs HaiimeHm edexrtuBauM (5,35—
5,95 nb) i mpoeMOHCTpYBaB Yy TIUBICTh IO 3MIHM TUCTaHIii. BcTaHOBIIEHO, IO KIFOUOBUM (DaKTOPOM Jerpaialii CHTHAIY € KOH-
Giryparist mKeper myMmy, cepel SKuX InepexpecHa TOMoJoris (Cross) € HaiCKIaAHIIIo T GinbTpartii.

Knwo4oBi ciioBa: iHKIIO3MBHA CHCTEMa HaBiramii, IOPYIICHHS 30pYy, PO3Ii3HABaHHS MOBIICHHS, IPOCTOPOBA (iNbTpamis,
6imdopwminr, Delay-and-Sum, Max-UDR, Max-SINR, nuHamMi4HHH HIyM.
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