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OTxe, MiAOMBAIOYH IMiICYMKH, MOKHA CTBEPIXKYBaTH, 110 B Mpaicax MPOBIIHUX
BiTUM3HSIHUX BUPOOHUKIB npeactarieri [IIIKII, HeobximHi ajis moOy10BU CydacHUX
CIIC 00’exTiB Oyab SIKUX PO3MIpIB, SIK 3 0O€3aqpeCHUMU TaK 1 3 aJPECHUMH
KOMITOHEHTaMH Y CKJIaIi.
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Fairly, the distributed computer vision models (DCV) used in UAVs are still a
new scientific area, but they already have some directions for research. The first
direction covers techniques of accelerating reinforcement learning RL through parallel
and distributed computing, including simulator parallelism, computational parallelism,
synchronisation, libraries, etc. It is critically important for solving visual tasks,
reducing wall-clock time wasting and stabilising optimisation policies where larger
parent experiences and large networks are required. [1] In decentralised or multi-agent
scenarios, RL “stitches” vision and action across multiple nodes, solving joint scene
perception and coordination with partial observability. [2] The second direction covers
edge learning and emphasises that it is distributed approaches that provide the ability
to train models based on video streams from a camera directly following a secure non-
cloud route. [3]

267


http://repositsc.nuczu.edu.ua/handle/123456789/407
https://doi.org/10.70286/isu-17.09.2025.014

Global Trends in Science, Technology and Economy

At the edge-cloud interface, RL helps make decisions about where and how to
train or update parts of visual models, as well as where to perform computations.
Research on edge-cloud collaboration for deep neural networks (DNNs) shows the
benefits of layer “splitting” and RL offloading policies when the visual components
have retraining cycle, consumption power and device latency, removes privacy risks
and network bottlenecks, but requires some specific mechanisms for policy
aggregation. [4-5]

The collision avoidance in a swarm of UAVs has been resolved using visual
observations as the main input. In the proposed distributed system, each UAV
autonomously learns a collision avoidance policy via DRL without sharing raw visual
data with other agents. [6]

Federated reinforcement learning (FRL), solving the CV UAYV task, demonstrates
how multiple agents collaboratively teach a policy to search and identify the targets
without sharing raw video. [5] In [7], an FRL architecture has been proposed for
training a swarm of UA Vs performing remote sensing of the Earth. The main idea here
is the usage of a federated approach, where each UAV locally trains a model on its
sensor data, passing only policy parameters for aggregation. This avoids centralised
image collection, reduces network load and keeps privacy.

The authors developed a federated trajectory planning solution for multiple UAV's
that allows data collection from ground-based IoT devices. RL is used to optimise
power consumption and minimise communication delays. The federated approach
allows UAVs to learn to coordinate trajectories without exchanging data, which
ensures scalability and data protection. Indeed, simulation results have shown that FRL
outperforms centralised methods in complex communication scenarios with
interference and channel noise. [8]

There are a lot of benefits in reducing data transmission among UAVs using FRL,
but depending on the tasks, some challenges cannot be resolved in this way. For
example, when local non-shared data is a key puzzle of dynamic coverage of a territory,
we cannot make the right decision on a strategic level just by correcting on the local
level. In two words, the local level decision might be related to the local extremum in
decision-making space, and without sharing that data, we cannot execute policy
aggregation correctly.

Solving a problem of dynamic coverage of a territory by a swarm of UAVs, the
authors proposed a DRL algorithm which takes into account the dynamics of the
environment, such as moving objects, changing area of interest and battery limitations.
Simulation results showed an increase in coverage ratio and resilience compared to
classical greedy methods. [9]

Visual policies on visual transformers are “very heavy” and require massive data
and simulations. That is hard to implement without parallelisation or a distributed
calculation. DRL accelerates the training of DCV models. [1, 6, 9] The methods apply
to the simulation of the visual environment, scaling experiments in training collision
avoidance, navigation policies, etc.

MADRL is very efficient for application in distributed scenarios, each UAV has
its own camera for partial observability, and they must coordinate for joint coverage of
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the territory, search for objects and other targets. [2, 8, 10] The MADRL algorithms
allow the collective “stitching” of local visible observations into a shared solution and
integrate DCV models into agent policies.

Summarising the results of research on the applicability of RL in the tasks of
training DCV models, we highlight the most efficient of them: DRL and Multi-Agent
DRL (MADRL). Leveraging the benefits of the highlighted approaches, the
requirements for RL implementation should be related to scalability and performance,
resilience in multi-agent environments, privacy, security and data protection,
autonomy and edge-cloud optimization.

The requirements define that RL should support parallel and distributed training
to achieve convergence in visual tasks, work with partial observability providing
coordination between UAVs even when data is limited or asynchronous, provide policy
aggregation without video sharing, support dynamic offloading with energy
optimization and latency reduction, consider that local UAV solutions can only be local
extrema with special mechanisms for correction of global aggregation policies, keep
balance between local adaptation and global coordination, guarantee secure policies in
real time, others.
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3100yBayka BUIOT OCBITU 0aKajlaBPChHKOTO PiBHS
Copoukin Mukosaa OsiekcaHaApoBHY
3100yBavKa BUIIO1 OCBITH MariCTepChKOTro PiBHS
XapkiBchbKHi HarlloHanbHUM yHiBepcuTeT [loBiTpstHux Cuin
imeni IBana Koxxeny6a, M. XapkiB, Ykpaina

CydJacHi BiffHU XapakTEPHU3yIOThCS 3POCTAHHIM POJII BUCOKOTOUYHOI aBiaIliitHOL
30poi, 3/1aTHOT ypaXkaTH Il HA BEJIUKIM BiJICTaHI Ta 3 MIHIMAJIbHUM PU3UKOM JUIS
aTakyro4oi ctopoHu. Pociiickko-ykpaiHncbka BiiHa (2014-2025) crama ogHuM 13
HaWMacIITaOHIINX TPUKIAAIB 3aCTOCYBAaHHS KpUJIATHX PAKET Ta BUCOKOTOYHOT
aBiariitnoi 30poi y XXI cromitti. Pocis aktuBHO BukopuctoBye paketu X-101, X-555,
«Kamibp», a Takok KoperoBaHi (kepoBaHi) aBiamiitHi 6oMOu. Y BiAmoBiap Ykpaina
oTpuMana BIJ 3aXiIHUX TMapTHEPIB CydacHI CHUCTeMH 030poeHHI — Storm
Shadow/SCALP-EG, JDAM-ER, a Takox e(eKkTUBHY NpPOTUIOBITPSHY OOOpPOHY
[1;4; 5].

Metoro 1i€i cTaTTi € aHaimi3 eQEeKTUBHOCTI 3aCTOCYBaHHS BHCOKOTOYHOT
aBialliifHO1 30poi y BiifHI, @ TAKOK BU3HAYCHHS 11 BPA3JTUBOCTEH.

Brucokortoyna 36post (precision-guided munitions, PGM) 6yna pospo0iiena ams
ypaskeHHs BaXKIHBUX 00 €KTiB 3 MiHIMAaJIbHUMH BTpaTaMmi. i eBOMIOLis mouanacs 3
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