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This paper addresses one of the most challenging kinematic problems in modern visual tracking — the timely
detection of unmanned aerial vehicles (UAVs) moving strictly frontally toward the optical sensor, known as the looming
effect. It is demonstrated that traditional optical flow algorithms, which calculate object velocity based on lateral
displacement on the camera sensor plane, are fundamentally ineffective for such trajectories due to the absence of
transverse motion. The goal of this research is the development of optimized mathematical and algorithmic software for
computer vision systems capable of detecting head-on collision threats without the use of resource-intensive machine
learning methods or heavy convolutional neural networks (CNNs).

To achieve this objective, the use of bio-inspired mathematical models is proposed, imitating the functional
principles of insect visual systems, specifically the Lobula Giant Movement Detector (LGMD) neuron of locusts and
Drosophila neurons (LPLC2). The developed method is based on the analysis of optical flow divergence. It is shown
that the critical safety parameter, Time-to-Collision (TTC), can be continuously and accurately estimated as the
mathematical ratio of the object’s current angular size on the sensor to the rate of expansion of this angular size,
regardless of the actual physical dimensions of the UAV or the precise distance to it.

The scientific novelty of this work lies in the adaptation and optimization of the lateral inhibition algorithm for
hardware platforms with critical size, weight, and power (SWaP) constraints. The developed four-stage video stream
processing pipeline — comprising temporal differencing, spatial lateral inhibition, non-linear activation with
binarization, and TTC estimation — is implemented exclusively through optimized vectorized spatiotemporal matrix
operations. The lateral inhibition mechanism, implemented via a 2D convolution with a specially selected weighting
kernel, allows for the effective suppression of global background noise caused by vibrations or camera self-motion,
while simultaneously sharply enhancing the useful signal from the rapidly expanding target boundaries.

The practical value of the proposed solution consists in enabling high-frequency video stream processing in real-
time on budget general-purpose microcomputers like the Raspberry Pi (ARM Cortex architecture) without the need for
additional tensor processing units (NPUs) or powerful graphics processors. The hardware implementation of the
system allows for the calculation of threat kinematic parameters and the instantaneous generation of logic control
triggers via hardware interfaces (GPIO) to activate active safety mechanisms or autonomous evasion Systems.
Mathematical modeling of the angular size expansion dynamics confirms the reliability of the proposed TTC criterion
for differentiating a real collision threat from a steady background.

Keywords: UAV; computer vision; time-to-collision; optical flow divergence; lateral inhibition; Raspberry Pi.

Introduction resolution, are traditionally employed. Standard

The widespread adoption and technological
advancement of unmanned aerial vehicles (UAVs) in
commercial, civil, and military spheres have
fundamentally changed the dynamics of modern
airspace. With the increasing autonomy and
maneuverability of such platforms, there is a critical
need for reliable monitoring, tracking, and counter-
UAV (C-UAV) systems. In the context of beyond
visual line of sight (BVLOS) flight missions, drone
capabilities directly intersect with public safety and
infrastructure protection issues, requiring high-
precision detection systems for non-cooperative
targets.

To address these tasks, optoelectronic visual
tracking systems, noted for their high spatial

camera-based tracking systems rely almost exclusively
on calculating optical flow — the apparent motion of
pixels across the image plane over time. However,
aerial vehicles exhibit complex kinematics involving
high speeds and nonlinear maneuvers. The most
critical and challenging task for such systems is the
detection of a UAV moving strictly frontally — directly
toward the observer's sensor (the so-called looming
effect).

When an object approaches perfectly frontally,
its trajectory coincides with the camera's focus of
expansion. Consequently, only isotropic expansion of
the target's contours occurs on the sensor matrix,
resulting in minimal or no horizontal or vertical
displacement. Since standard optical flow algorithms
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calculate the target's linear and angular velocities
based specifically on the lateral velocity of points on
the image plane, they are fundamentally insensitive to
objects approaching "head-on".

This "blind spot" of classic optical flow
algorithms creates a critical vulnerability for security
systems. The risk of a head-on collision may remain
unidentified until the last moment, precluding the
timely generation of triggers for active protection or
autonomous evasion systems. Overcoming this
kinematic problem requires moving away from lateral
pixel shift analysis in favor of alternative methods. A
highly promising approach to solving this problem,
especially for hardware platforms with strict
computational resource constraints, is the application
of bio-inspired mathematical detection models capable
of effectively isolating signs of frontal approach.

Analysis of Existing Technical Solutions

The current state of development in UAV
detection systems is characterized by a wide range of
methods — from classical mathematical filters to deep
neural networks. However, an analysis of existing
solutions reveals several significant drawbacks in the
context of frontal approach detection on resource-
constrained platforms.

Classical tracking methods, such as Kalman
filters (KF) and their nonlinear derivatives (EKF),
demonstrate high efficiency in modeling quasi-linear
motion. However, they are fundamentally limited
when tracking highly maneuverable objects with
unpredictable trajectories, leading to significant
prediction errors and loss of target. More modern deep
learning-based approaches, such as Long Short-Term
Memory (LSTM) networks, better account for motion
nonlinearity but tend to overshoot during sudden
maneuvers due to a lack of consideration for the
object's physical constraints. The use of neural
network detectors from the YOLO or Faster R-CNN
families achieves high image recognition accuracy, yet
these solutions require substantial computational
power (GPU or specialized NPU). This makes them
unsuitable for deployment on micro-UAVs or budget
single-board computers where weight and power
consumption are critical. Furthermore, standard
optical flow, upon which most visual systems are
based, is insensitive to frontal approach due to
minimal angular pixel displacement on the sensor.

Alternative modalities, such as thermal imaging,
face problems of low resolution and susceptibility to
thermal noise, while acoustic arrays have a limited
range and high sensitivity to ambient noise and wind.
Radar systems (FMCW radars) effectively determine
radial velocity; however, the small dimensions of
modern UAVs result in low radar cross-section,
requiring complex and expensive filtering algorithms.

Thus, there is an objective need to develop a
computationally lightweight method that combines
frontal approach detection capability with real-time

operation on low-power hardware, which is the
primary objective of this article.

Regarding bio-inspired approaches that serve as
base analogs for this study, two main mathematical
models are actively considered in modern scientific
literature. The first concept is based on the Lobula
Giant Movement Detector (LGMD) neuron. Research,
particularly [1] and [2], demonstrates that LGMD-
based computational models effectively use lateral
inhibition networks to filter background noise and
isolate rapidly expanding object edges. The second
promising model is inspired by Drosophila LPLC2
neurons, which are evolutionarily adapted for
detecting radial oncoming motion (Radial-Opponent-
Motion). In works [3, 4], it is proven that artificial
neural ensembles mimicking LPLC2 can completely
ignore transverse motion, responding exclusively to
optical patterns of head-on collision.

However, despite the high theoretical efficiency
of these mathematical models, most existing hardware
implementations described in the literature focus on
the use of specialized neuromorphic hardware (e.g.,
event-based DVS cameras) or spiking neural network
(SNN) architectures. This significantly increases the
cost and complexity of such systems. The main
difference and advantage of the approach proposed in
this article is that these complex biological principles
(specifically, competitive lateral inhibition) have been
decomposed and translated into the language of
optimized spatiotemporal matrix operations. This
allows for the implementation of bio-inspired
protection against head-on collisions using standard
frame-based optical sensors (CSI) and general-purpose
processors (ARM Cortex), significantly reducing the
system's cost without sacrificing efficiency

Research Objective

Given the identified limitations of existing
systems, the objective of this work is the development
and software-hardware optimization of a bio-inspired
method for detecting frontally approaching UAVs
(looming effect) for integration into sensor systems
with strict size, weight, and power (SWaP)
constraints.

To achieve this goal, the following tasks are
addressed, which define the logic and direction of the
research:

1. Adapt the mathematical model of bio-inspired
lateral inhibition for estimating time-to-
collision (TTC) based exclusively on optical
flow divergence.

2. Perform a software implementation of the
detection  algorithm, replacing resource-
intensive convolutional neural networks with
optimized spatiotemporal matrix operations to
ensure high performance.

3. Develop and substantiate the hardware
implementation architecture of the system
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capable of operating on general-purpose
microcomputer hardware (Raspberry Pi class).

4. Conduct mathematical and graphical modeling
of the kinematic characteristics of angular size
expansion to confirm the reliability of the
developed TTC criterion.

Mathematical Model for Threat Detection and
Assessment

The mathematical model of the proposed system
is based on the analysis of the geometric projection of
a three-dimensional object moving along the sensor's
optical axis. Below, we consider the case of a frontal
approach of an object with a real physical size D
toward the camera lens. Let z(t) be the current
distance to the object at time t, and v =—7 — be the
approach velocity (assumed to be conditionally
constant over a short observation interval).

The angular size of the object 6 (in radians) on
the camera sensor is described by the following
geometric relationship:

D

= % .
The rate of change of the angular size (contour

ey

expansion rate) 0 is defined as the time derivative of
expression (1):
b= db _ DD
dt 22 (t)
The primary criterion for identifying a collision
threat is the Time-to-Collision (TTC). By definition,
TTC is the ratio of the current distance to the approach
velocity:

@
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v

Using the system of equations (1) and (2), the
unknown parameters of the real object size D and
absolute distance z can be eliminated from the
calculations. By dividing expression (1) by (2), the
final calculation model for TTC is obtained, which is
based exclusively on the optical parameters available
to the sensor:

17C =

0
5 “

This specific model allows the system to assess
the degree of danger of an approaching object without
the use of stereo vision or active rangefinders. To

isolate the parameters 6 and 6 under conditions of a
real video stream and dynamic background, bio-
inspired neuromorphic detectors are applied, inspired
by insect visual systems — specifically the locust
(LGMD neuron) and Drosophila (LPLC2 neurons).
LGMD-based models utilize mathematical lateral
inhibition networks to isolate rapidly expanding edges
while filtering out global background motion [5].
Mathematically, the lateral inhibition mechanism
operates through competition between neighboring

pixels: the registration of a change in brightness
generates an  excitation  signal, which s
simultaneously accompanied by an inhibition signal
for neighboring nodes with a time delay. This allows
the system to ignore global background motion (e.g.,
during camera shake) while passing the signal from
the object's edges that continuously capture new pixels
during the approach [6, 7].

Justification of the Scientific Novelty of the
Proposed Method

This work proposes a bio-inspired matrix method
for estimating optical flow divergence, designed for
identifying frontal UAV approaches and the
instantaneous calculation of the Time-to-Collision
(TTC). The essence of the proposed method lies in the
transition from iterative tracking algorithms and
neural network pattern recognition to a deterministic
pipeline of spatiotemporal matrix computations, the
key stage of which is a two-dimensional frame
convolution with a lateral inhibition kernel.

The scientific novelty of the developed method is
that classic bio-inspired insect vision models (such as
LGMD), which traditionally require specialized event-
based sensors or spiking neural network (SNN)
architectures, have been mathematically decomposed
and adapted for the first time to work with standard
frame-based video streams. This adaptation allows for
the optimization of the algorithm specifically for
systems with critical size, weight, and power (SWaP)
constraints.

Most modern counter-UAV (C-UAV) systems
utilize heavy convolutional neural networks (CNN5s)
for spatial object recognition. Such solutions
necessitate the presence of tensor processing units
(NPUs) or powerful graphics accelerators, making
them unsuitable for use on low-cost single-board
computers [8, 9].

In this work, we propose to completely move
away from classical object shape recognition. Instead,
the extraction of a kinematic feature — optical flow
divergence — has been implemented exclusively
through vectorized spatiotemporal matrix operations.
By replacing hours of neural network training with a
deterministic ~ system of spatial convolutions
(simulating lateral inhibition), the proposed algorithm
can process video streams in real-time on basic ARM
architectures, providing an instantaneous estimation of
the Time-to-Collision (TTC).

Proposed Bio-inspired Method and Its
Software-Algorithmic Implementation

The direct software optimization of the algorithm
consists of a fundamental shift in the pixel processing
approach: moving away from resource-intensive
iterative loops (for-loops) and correspondence search
methods (such as the classical Lucas-Kanade optical
flow calculation) in favor of comprehensive
computation vectorization. Instead of pixel-by-pixel
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analysis, the optimized algorithm performs global
mathematical operations on entire data tensors
(frames) simultaneously. This allows for the effective
utilization  of  hardware-accelerated  processor
instructions (SIMD) available through the low-level
C/C++ backend of the OpenCV and NumPy libraries.

Such an architectural approach reduces the
asymptotic complexity of calculations, which is
critical for ensuring system scalability in real-time
conditions. The optimized software pipeline is divided
into four sequential stages of spatiotemporal
processing for each frame:

1. Temporal Differencing

The first step is to isolate pixels that have
changed brightness over time. Instead of a full Lucas-
Kanade optical flow calculation, which is resource-
intensive, an absolute subtraction of two consecutive
frames, converted to grayscale, is performed:

AI(x,y,t)=|I(x,y,t)—1(x,y,t—1)|. (5)

This operation forms a primary motion map
containing both target objects and global background
noise.

2. Spatial Lateral Inhibition

To filter background noise caused by vibrations
or camera self-motion, a mathematical model of
lateral inhibition is applied. It is implemented through
a two-dimensional convolution of the matrix Al with
3x3 kernel W. The weighting coefficients of the
spatial filter are selected so that the central element is
responsible for excitation (w,, >0), while the

neighboring elements create an inhibitory -effect
(w,;<0):
-0.25 -0.5 -0.25
W=| -05 40 -05|. (6)
-0.25 -0.5 -0.25

The filtered matrix L(x, y,t) s calculated as the
sum of products:

L(x,y,0)= Y Y D(x+i,y+ j,0) WG, j). (7)

i=-1j=-1

If the motion occurs globally (background shift),
the convolution sum approaches zero. If the motion is
local and takes the form of expanding edges, the
useful signal is amplified [6].

3. Excitation & Thresholding

To cut off negative values (where background
motion has successfully "extinguished" itself), a non-
linear activation function (x,y,t), is applied, after

which the result is binarized using an experimentally
selected threshold T}, to clearly isolate the UAV edges:

E(x,y,t) =max(0, L(x, y,1)), (8)
B(x, y,1) = {; Ex.y.0>T, g
. else

4. TTC (Time-to-Collision) Estimation

In the final stage, the system analyzes the area of
excited pixels (#), which is directly proportional to the
angular size of the object 8 [7]. The area is calculated
as the sum of all unity values in the binarized matrix:

S0 =YY B(x,y,0). (10)

The expansion rate of the contours is
approximated via the discrete derivative of the area:

S -SE-1)

S@) = Y

(11)

The time-to-collision metric is calculated as the
ratio of these parameters. If the TTC falls below a
critically set threshold 7.,;, a head-on collision danger
trigger is generated:

ey =59 (12)

S(t)
Since the algorithm avoids iterative search loops
and relies on optimized spatial matrix instructions, the
load on the computing module is minimized.

Hardware Implementation and System Block
Diagram

To meet the requirements for mobility, low power
consumption (SWaP), and economic affordability, the
system architecture is based on mass-market
components (Fig. 1). The proposed computing core is a
Raspberry Pi microcomputer (e.g., 4th or 5th
generation), which possesses sufficient processor
performance (ARM Cortex) to handle vectorized matrix
operations in real-time without the need for a separate
Neural Processing Unit (NPU) [10].

Optical Sensor Raspberry Pi
Camera

CSI Interface Video Stream

Computing Module
Raspberry Pi CPU

3.3V Logic Trigger

GPIO Interface

Hardware Interrupt

Matrix Operations in RAM

Executive Device Active
Countermeasure

Fig. 1. Structural diagram of the hardware component
of the UAV detection system.
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Optical input is provided by a standard
Raspberry Pi Camera Module connected via the
hardware CSI (Camera Serial Interface) to minimize
data transfer latency. After calculating the kinematic
parameters of the flow, the processor generates a logic
trigger  through the GPIO (General-Purpose
Input/Output) bus, which can be used to initialize an
actuator (e.g., an active protection system) [4].

Software Algorithm Logic

The optical data processing is optimized for
general-purpose processors. The developed algorithm
(Fig. 2) functions as a cyclic pipeline that analyzes
sequential pairs of frames. Utilizing the absolute
difference of frames followed by convolution (lateral
inhibition filter) allows for the hardware-level
"filtering out" of the steady background and global
sensor matrix shifts [10]. Binarization of the result
makes it possible to isolate local excitation zones
(expanding UAV edges), whose area approximates the
angular size 0 .

Kinematic Characteristics and Graphical
Modeling

As the object approaches the camera, its physical
size remains constant, but the angular size 0 increases
exponentially. To validate the proposed mathematical
model, a numerical simulation of the approach process
was conducted.

To calculate the dynamics of the optical
parameters, the following baseline kinematic and
hardware values were specified in the simulation,
corresponding to typical detection scenarios for
commercial micro-UAVs:

- Equivalent physical UAV size in frontal
projection: D = 0.5 m;

- Initial distance to the camera's optical sensor:
70 =50 m;

- Radial head-on approach velocity: v = 10 m/s
(assumed constant over the simulation interval);

- Video stream frame rate (defines the simulation
time discretization): FPS = 30 frames/s,
resulting in a discretization step Ar =0.033s.

According to these parameters, the current
distance was calculated as:

z2(t)=z,—vU. (13)

The angular size of the object on the sensor

matrix was modeled (in radians) as:

D
0(@)=—-, (14)

z(t)
and the contour expansion rate 0 was calculated
numerically as a discrete derivative:
0(r)-06(—-1)
At '
The results of the mathematical modeling are
presented in Fig. 3. According to the graph, the
angular size expansion rate demonstrates a sharp

5)

hyperbolic spike upon approaching the critical
distance. This simulation proves that the TTC metric,
derived exclusively from the aforementioned optical
parameters, is linear and monotonically decreases to
zero. This characteristic makes it a reliable and stable
criterion for initializing hardware safety interrupts.

(Video Stream Acq uisition)

Current Frame t Previous Frame t-1

Grayscale Conversion

!

Absolute Matrix Difference

Calculation

!

Canvolution with Lateral
Inhibition Kernel

!

Negative Value Clipping and
Binarization

!

Contour Area Calculation S
= Angular Size 6

!

Expansion Derivative
Calculation dS/dt = dB/dt

TTC =S / dS/dt < Threshold
Value?

Yes

v

(Trigger Signal Generatian)

Fig. 2. Flowchart of the bio-inspired frontal collision
threat detection algorithm
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Dynamics of Optical Parameters During Frontal UAV Approach

0.200 ~

0.175 S

0.150

0.125
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Angular size (rad)
TTC (s)
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0.050

0.025

0.000 2 0

0 1 2 3 4 5
Approach time (s)

Fig. 3. Mathematical modeling of angular size and
TTC dynamics as a function of approach time

Conclusions

In this work, a bio-inspired matrix method for
detecting frontal UAV approach has been proposed
and scientifically substantiated, allowing for the
identification of head-on collision threats (looming
effect) under conditions of critically limited
computational resources. As a result of the research, a
mathematical model for Time-to-Collision (TTC)
estimation was developed, based exclusively on the
analysis of optical flow divergence. This enables the
system to operate without the use of resource-
intensive depth sensors or active rangefinders, relying
solely on the change in the object's angular size.

Furthermore, a deterministic algorithmic pipeline
was established, consisting of four stages: calculating
the temporal derivative of intensity, applying a 2D
convolution with a lateral inhibition kernel, non-linear
activation, and evaluating the dynamics of the pixel
excitation area. This approach ensures the filtering of
global background noise and target isolation using
simple spatiotemporal matrix operations.

Software optimization of the method was
achieved through full computation vectorization,
eliminating the need for iterative loops and
convolutional neural network (CNN) architectures.
Practical verification confirms the capability for real-
time video stream processing on budget hardware
platforms such as the Raspberry Pi (ARM Cortex
architecture).

Promising directions for future research include
the integration of the developed method into
autonomous active protection systems and conducting
field experiments to precisely estimate the latency
between the visual detection of a critical TTC and the
generation of a hardware trigger via the GPIO
interface.
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Hayionanonuu mexniunuu ynisepcumem Yrxpainu « Kuiscokuil noiimexuivHut incmumym

imeni lzops Cikopcbkoeo», Kuis, Ykpaina

BIOIHCITIPOBAHI MOJEJIT BUSABJIEHHA ®POHTAJIBHOI'O HABJIMKEHHSA BIIJIA B
YMOBAX OBMEXEHUX OBYNCIIIOBAJIBHUX PECYPCIB

VY crarTi po3rIsIAEThCS Ta BUPINIYETHCS OJHA 3 HANOIIBII CKIAJHUX KIHEMATUYHUX MPOOJIEM CY4acHOrO Bi3yalbHOTO
TPEKIHTY - CBOEYACHE BHSBJICHHs Oe3MiIOTHUX JiTayibHUX anapartiB (BI1JIA), mo pyxaioThscst cyBopo (pOHTAIBHO Ha3y-
cTpiu ontnyHOoMy cencopy (looming effect abo edexr nacyBanus). JloBeneHo, 10 TpaauLiliHI alrOPUTMUA ONTUYHOI'O
MOTOKY, sIKi OOYHCIIOIOTh MIBHIKICTH 00'€KTa HA OCHOBI MOTr0 OOKOBOIO 3MIIICHHS HA IUIOIIWHI MATPUIl KaMepH, €
(byHIaMEHTaIbHO HEe(EKTUBHUMU ISl MOMIOHUX TPAEKTOPill uepe3 BiACYTHICTh NONEPEYHOTo pyxy. MeToro JaHoro
JIOCIIZPKEHHS € po3po0Ka ONTHMI30BaHOTO MaTeMaTHYHOTO Ta AITOPUTMIYHOTO 3a0€3MEeUESHHS ISl CHCTEM KOMIT'TOTep-
HOTO 30Dy, 0 31aTHI (iKCyBaTH 3arpo3y J0OOBOTO 3iTKHEHHS 0€3 BUKOPHCTAHHS PECYPCOEMHUX METOJIB MAITUHHOTO
HaBYaHHS Ta BOKKHUX 3ropTKoBUX Helipomepex (CNN).

JIst moCsATHEHHsI TOCTaBIEHOI METH 3allpOIIOHOBAHO BHKOPUCTAHHS O10iHCITIPOBAHMX MAaTEMaTHYHUX MOJEJCH, 110
IMITYIOTh TMIPUHIMITA POOOTH 30pPOBOi CHCTEMH KOMax, 30KpeMa HeWpoHa BUSABICHHS PYXy BEJMKHX 00 €KTIB cCapaHd
(LGMD) Ta neiiponiB aposodinu (LPLC2). B ocHOBI po3p00JIeHOT0 METOMY JISKUThH aHaNi3 AWUBEPIEHIN ONTHYHOTO
noToky. [TokaszaHo, 110 KpUTHIHWH TapaMeTp Oe3neku, gac A0 3iTkHeHHs (Time-to-Collision, TTC) moxe Oytu Ge3re-
PEPBHO Ta TOYHO OL[IHEHHH SIK MaTeMaTH4HE BiJHOLIEHHS IIOTOYHOTO KYTOBOTO PO3Mipy 00'€KTa Ha MAaTpPUIl 1O LIBH]-
KOCTI PO3IIUPEHHS I[bOT0 KYTOBOT'O PO3Mipy, HE3alIeXkHO BiJ peasbHUX (iznunux radaputiB BITJIA uu TouHoi BixcTani
JI0 HBOTO.

HaykoBa HOBH3Ha poOOTH MoJIsIrae B ajanTanii Ta ONTUMIi3auii alropuTMy JIaTepajJbHOTO rajJbMyBaHHs JUIs alapaTHUX
wiaTdopm, 0 MarOTh KPUTHYHI OOMEXEHHS LIOA0 rabapuTiB, Baru Ta eHeprocroxxuanus (SWaP-oomexenns). Po3-
poOisieHunit YyoTupreTanHuii KOHBEEp OOpPOOKH BiJICONOTOKY (4acoBa IOXijHA, IPOCTOPOBE JIATEpaJbHE TrajbMyBaHHS,
HeNiHiiiHa akThBamig 3 OiHapuzamieto Ta omiHka TTC) peanizoBaHH BHUKIIIOYHO Yepe3 ONTHMI30BaHI BEKTOPH30BaHI
MIPOCTOPOBO-YaCOBI MaTpH4Hi omnepailii. MexaHi3M JIaTepalbHOTO TAIEMYBaHHS, SKUH pealli3yeThCs depe3 JBOBUMIPHY
3TOPTKY 31 CIeliajbHO MigiOpaHuM BaroBHM SIPOM, J03BOJIsiE €PEKTUBHO ITHOPYBaTH TioOanbHUA (OHOBHUH IIyM,
CIIpUYMHEHUH BiOpallissMu a00 BIACHUM PyXOM KaMepH, 1 BOJHOYAC Pi3KO IMMiICHITIOBATH KOPUCHU CUTHAJ BiJl KOHTYpPIB
IIiJTi, 0 IIBUIKO PO3ITHUPIOOTHCS.

[MpakTH4yHa WIHHICTH 3alIPOIIOHOBAHOTO PIMICHHS MOJISTae y 3a0e3NeueHHI MOXKIMBOCTI 0OpOOKH BHCOKOYACTOTHOTO
BIZICONIOTOKY B MaciuTadl peajbHOro 4Yacy Ha OO/DKETHHMX MIKPOKOMITIOTEpax 3arajlbHOro MNpPU3HA4YeHHS Kilacy
Raspberry Pi (apxitektypa ARM Cortex) 6e3 HeOOXiTHOCTI 3aJIy4eHHs JOAaTKOBHX TEH30pHUX npuckoprosadis (NPU)
a00 MOTY)XHHUX rpadiyHUX NpoLEcOopiB. AnapaTHa peajisalis CUCTEMH JI03BOJISIE OOUUCITIOBATH KiHEMAaTHYHI IIapaMeT-
PH 3arpo3M Ta MUTTEBO F€HEPYBATH JIOT14HI Kepytoui Tpurepu yepes anapatHi inrepgeiicu (GP1O) mns akTusanii Buko-
HaBYMX MEXaHI3MIB CHCTEM aKTHMBHOI Oe3lekn ab0 aBTOHOMHOTO YXMWJICHHS. MaTeMaTH4YHE MOJICIIOBAHHS JWHAMIKH
PO3IIMPEHHsI KYTOBOTO PO3MIpy MiATBEPKY€E HAMIHHICTh 3anpononoBaHoro kpurepito TTC s qudepenmiamii peab-
HOT 3arpo3u 3iTKHEHHS BiJl CTAJIOTO (OHY.

Kurouosi cioBa: BITJIA; koM toTepHUiA 3ip; Yac 10 3iTKHEHHS; TUBEPTEHIliSI ONTHYHOTO MOTOKY; JIaTepaibHe TATbMY-
BanH:; Raspberry Pi.

Haoitwna 0o peoaryii
28 bepesns 2026 poxy

Peyenzosarno
17 keimus 2026 poxy

©[1 2026 Copyright for this paper by its authors.
BY Use permitted under Creative Commons License Attribution 4.0 International (CC BY 4.0).

Bicnuxk KII1I. Cepia IIPH/IA/IOBY/IYBAHHA, Bun. 71(1), 2026 149



