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ABSTRACT This paper presents the design, implementation, and experimental validation of an edge-based agentic artificial
intelligence system for adaptive smart home control. Unlike conventional rule-based automation, which relies on fixed
threshold logic and predefined responses, the proposed approach models the home environment as a decision-making
process in which an autonomous agent learns optimal control strategies through interaction with its surroundings. The system
is deployed on a resource-constrained microcontroller platform and operates without reliance on cloud infrastructure,
ensuring low latency, enhanced privacy, and reduced network dependency. Environmental parameters including
temperature, humidity, illumination level, and weather-related signals are continuously monitored and encoded into a
discrete state representation. Based on these states, the agent selects control actions for fan motor and LED lighting using a
reinforcement learning strategy. The reward mechanism integrates comfort deviation and energy consumption into a unified
objective function, enabling goal-directed behavior rather than reactive switching. The learning process gradually enables the
agents to form stable control policies, resulting in convergence of environmental parameters toward their optimal values.
Experimental evaluation conducted over a rule based and reinforcement learning approaches and extended condition based
on microclimate parameters. The findings show that the agents progressively learn optimal control strategies, resulting in a
compact clustering of environmental states around target values and demonstrating robust performance despite possible
sensor noise and random action exploration. The proposed architecture illustrates how embedded reinforcement learning
can transform traditional automation into a self-adaptive, memory-driven intelligent agent suitable for real-time smart home
environments. The study confirms the feasibility of implementing agentic artificial intelligence on edge device ESP32
connected with sensors in porotype and highlights its potential for scalable, autonomous building control applications.
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I. INTRODUCTION

he rapid growth of smart home technologies has
T intensified the demand for intelligent control

systems capable of maintaining indoor comfort
while minimizing energy consumption. Modern residential
environments increasingly integrate distributed sensors,
wireless communication modules, and embedded
controllers to regulate ventilation, lighting, and climate
parameters. However, most commercially deployed smart
home solutions still rely on deterministic rule-based logic,
where predefined thresholds trigger specific actuator
responses. Although such systems are simple, predictable,
and computationally inexpensive, they lack adaptability
and are unable to optimize long-term performance under
dynamic environmental conditions.

Variations in occupancy patterns, seasonal changes,
and stochastic fluctuations in temperature or humidity
often require manual recalibration of thresholds, limiting
the scalability and robustness of conventional automation.
Recent advances in artificial intelligence have opened new
possibilities for adaptive building control. In particular,
reinforcement learning enables systems to learn optimal
behavior through continuous interaction with their
environment rather than relying on static rules. Instead of
reacting solely to current measurements, a learning-based
controller evaluates the long-term consequences of its
actions and progressively refines its decision-making

policy. This paradigm shift transforms a reactive control
mechanism into a goal-directed autonomous agent capable
of balancing multiple objectives, such as thermal comfort
and energy efficiency. Despite its theoretical advantages,
the practical deployment of reinforcement learning in
embedded smart home systems remains challenging due to
computational constraints, limited memory, and the need
for stable real-time operation without cloud dependence.
Edge computing provides a promising solution to these
limitations. By executing learning and decision-making
algorithms directly on microcontroller-based platforms,
edge systems reduce latency, enhance data privacy, and
eliminate reliance on continuous network connectivity.
However, implementing adaptive artificial intelligence on
resource-constrained devices requires careful state
representation, algorithm selection, and memory
management. Tabular reinforcement learning methods
offer a lightweight alternative to computationally intensive
deep learning approaches, making them suitable for low-
power embedded environments. This study proposes an
edge-based agentic artificial intelligence system for smart
home control that integrates reinforcement learning within
a microcontroller architecture. The system models
environmental regulation as a sequential decision-making
problem in which an autonomous agent observes sensor
data, selects control actions for ventilation and lighting,
evaluates outcomes through a reward function, and updates
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its internal policy accordingly. The reward formulation
explicitly encodes a trade-off between user comfort and
energy consumption, enabling systematic optimization
rather than heuristic tuning.

The primary contributions of this work are as follows.
First, a formal agent-based control model is developed
using a structured decision framework suitable for
embedded implementation. Second, a lightweight
reinforcement learning algorithm is designed to operate
within strict hardware limitations while maintaining
stability and convergence. Third, a comprehensive
experimental comparison with example on prototype of
smart house. Finally, the study demonstrates that adaptive
agentic behavior can be achieved entirely at the edge,
without external computational infrastructure.

Il. ANALYSIS OF RECENT RESEARCH AND PUBLICATIONS

The analysis of modern research in the field of Internet
of Things (loT) systems and multi-agent technologies shows
the active development of solutions based on embedded
platforms and edge computing [1]. In the works on the
development of lightweight IoT gateways based on ESP32,
the effectiveness of using microcontrollers for monitoring
and local data processing in smart home systems has been
confirmed [1, 2]. Studies on intelligent automation systems
based on ESP32 demonstrate the possibility of integrating
sensor data with automatic control mechanisms [3-5].

In most practice-oriented works, the main attention is
paid to the architecture of devices, power consumption and
the implementation of basic control algorithms, but there is
no deep adaptive logic of decision-making [6, 7].

A few works [5,8] propose complex automation
systems with monitoring functions, but they do not take
into account the interaction of several autonomous agents.

Research in the field of automated security and control
systems based on Internet of Things platforms shows the
possibility of integrating cloud services and sensor
modules, but solutions are based on threshold rules without
the use of reinforcement learning [9, 10].

Multi-agent approaches are used in the tasks of
intelligent control of lighting and distributed resource
management systems, which ensures decentralization of
decision-making [11]. However, in such systems, the
behavior of agents is mostly determined by predetermined
rules, without self-learning mechanisms [11, 12]. The
concept of digital twins in a multi-agent environment
demonstrates the scalability and flexibility of the
architecture, but the issue of adaptive optimization of
parameters in real time remains open [12]. Approaches to
the creation of explainable agents in 10T systems increase
the transparency of decision-making, but do not provide
automatic adjustment of parameters based on the
experience of interaction with the environment [13].

The literature analysis also shows that intelligent
monitoring and emergency response systems work
effectively in real time, but the integration of reinforcement
learning algorithms in such solutions is practically not
considered [14].

Reinforcement Learning has recently been explored for
controlling complex energy systems using surrogate
models and techniques such as Double Deep Q-Networks
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(DDQN) for efficient training with limited data [15], while
the integration of 1oT technologies with artificial
intelligence enables smart environments to interpret
contextual information and adapt services through multi-
agent systems that negotiate service settings based on user
preferences [16].

I1l. RESEARCH RESULTS
The results of the experimental implementation of the
smart house prototype are presented in this section. The
system is tested using multiple environmental sensors
connected to the ESP32 microcontroller to evaluate a
multi-agent system with a reinforcement learning approach
and a rule-based control approach [17].

A. Edge-based settings. The experimental setup (Fig. 1)
consisted of an ESP-WROOM-32 microcontroller
interfaced with five LEDs, each connected to a dedicated
GPIO pin through a resistor, a light-dependent resistor
(LDR) for ambient light measurement, an OLED display
for real-time visualization, a DHT11 sensor for
temperature and humidity monitoring, a rain sensor, a
small DC motor acting as a ventilator, and the necessary
connecting wires for signal and power distribution.

FIG. 1. Schematic of the hardware part of the project modeled in
Fritzing.

Fig. 2 shows a prototype of a smart house implemented
using an ESP32 microcontroller and environmental
sensors, demonstrating a small-scale 10T system for
automated monitoring and control of home conditions.

FIG. 2. Prototype of smart house based on ESP32 and sensors.
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Fig. 3 presents the wiring scheme of the prototype,
illustrating the connections between the ESP32
microcontroller and the integrated sensors used for data
collection and control within the smart house system.

FIG. 3. Schema of connected all sensors and ESP32.

B. Client-side part. The client-side software was
implemented using the React library, which is based on a
component-oriented architecture widely adopted for
developing high-performance and scalable single-page
applications. Within this paradigm, user interface elements
are structured as reusable and hierarchical components that
encapsulate their own logic, styling, and behavior, while
communication between components is handled through
properties and efficient rendering is ensured by the virtual
Document Object Model mechanism. The project was
developed within a modern ecosystem using the Vite build
tool, TypeScript for static typing and improved code
reliability, Tailwind CSS for utility-based styling. A
modular design strategy was applied, separating
communication logic into a custom hook responsible for
Bluetooth connectivity and state management, while
container and presentation components were organized to
isolate data handling, device control, and sensor
visualization,  thereby  enhancing  maintainability,
testability, and scalability of the overall system
architecture.

The client-side manages the full Web Bluetooth
interface, including GATT server connections, services,
and thirteen characteristics with unique UUIDs. The hook
uses reactive state for device and sensor data and persistent
references for non-reactive objects, ensuring stable, real-
time access throughout the session. Device initialization is
performed asynchronously, with parallel service discovery,
characteristic setup, notifications activation, and initial
value synchronization. Event handlers provide immediate
Ul updates on sensor or actuator changes, while dedicated
write functions toggle device states reliably. Additional
mode-control functions allow seamless switching between
manual and automated operation under ESP32 control.

The implemented architecture (Fig. 4) of the web
application is built on a component principle and includes
several logical levels: communication, container, and
display/control layer. The communication layer is
implemented through a custom React hook
useBluetooth.ts, which provides connection to the ESP32
Bluetooth Low Energy (BLE) server, processing
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asynchronous messages, and sending commands to device
characteristics. The container App.tsx component
coordinates the operation of all modules and passes states

and methods to child components, including
ConnectionControl.tsx for BLE connection control,
SensorData.tsx ~ for  sensor  data  visualization,

LEDControl.tsx and MotorControl.tsx for remote control
of actuators, and HouseControl.tsx aggregates their
operation and implements the overall system logic.

Web Application
(React)

Container Layer
(App.tsx)
I 1
Hooks Layer isi i
Decision Logic
(useBluetooth.ts) (RL Module)
Functions: Functions:
- BLE connection - State analysis
- Notifications - Q-learnin
- Write commands .

!

ESP32
BLE Server

FIG. 4. Software Architecture of the Web Control System.

Additionally, the reinforcement learning unit uses
sensory data to form optimal control actions, transmitting
parameterized commands to ESP32. This architecture
provides modularity, clear separation of responsibilities,
integration of intelligent algorithms and the ability to scale
and expand the functionality of the system.

Fig. 5 illustrates the web-based interface of the smart
home prototype used for monitoring and controlling
environmental parameters. The interface demonstrates a
successful connection to the ESP32 device via BLE and
displays real-time sensor data, including temperature,
humidity, light intensity, and fan status.

B Smart Home

Bluetooth Device

FIG. 5. Web interface with connected ESP32 device via BLE.

B. Rule-based settings. To evaluate the automatic lighting
control mechanism, the system was tested under varying
illumination conditions. When the ambient light level was
sufficient (“Bright”), the LEDs remained off, while under
low-light conditions (“Dark”), the LEDs were
automatically activated, demonstrating the system’s ability
to respond in real time to sensor measurements. Similarly,
the automatic motor control was evaluated under two
climatic triggers elevated relative humidity above 70% and
detection of rainfall by the rain sensor. In both cases, the
motor or ventilator engaged immediately upon the



SISIOT Journal | journals.chnu.edu.ua/sisiot

corresponding condition being met, confirming that the
system correctly interprets sensor inputs and executes the
programmed actuation rules. Overall, these tests validated
that the software reliably processes environmental data and
autonomously controls the connected devices in
accordance with the designed algorithms.

C. Multi-Agent system with reinforcement learning
approach. The developed system (Fig. 6) is a multi-agent
architecture designed to collect data from sensors, analyze
the state of the environment and automatically control
actuators. The user's interaction with the system is carried
out through a web platform (Human/Web Agent), with the
help of which you can send control commands, change the
rules of operation and receive telemetry data. Commands
are transmitted via a BLE wireless channel to the ESP32
microcontroller, which acts as a coordinating agent. Sensor
agents monitor environmental parameters in such a way
that the lighting agent based on LDR determines the level
of illumination, the climatic agent with DHT11 measures
temperature and humidity, and the weather agent (rain
sensor) records the presence of precipitation. The obtained
data are combined into a single description of the state of
the environment. Based on the formed state of the
environment, the decision-making agent determines the
further actions of the system.

BLE Commands
Agent Controller
ESP32 Loop
SensorAgents Decision Agent Actuator Agent
i o real-time control LEDs
DT Jencer, according to rules Motor / Fan
Rain Sensor 9
Environment State
s = {light, temperature, humidity, rain}

v

Reinforcement Learning

Policy t
Q-table
Reward evaluation

| Environment Feedback Loop I

FIG. 6. Multi-Agent IoT Control Architecture.

For this, two approaches can be used: rule-oriented
mechanism or reinforcement learning methods.

In the first case, decisions are made in accordance with
predetermined rules (for example, turning on the lights at
low light levels or activating the fan at high humidity).

In the second case, a reinforcement learning agent is
used, which analyses the state of the environment and
chooses the optimal action according to the learned policy,
applying the Q-learning algorithm and the reward function.
The selected actions are implemented by actuator agents
that control lighting (LED) and climatic devices (fan or
motor). After the action is performed, the parameters of the
environment change, the sensors read new values again,
and feedback is formed, which creates a closed control
cycle.
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The model selects parameters experimentally for
reinforcement learning. A learning factor of o =0.1
provides a gradual update of Q-values, a discount factor of
v = 0.9 takes into account the importance of future rewards,
and a random action probability of ¢ =0.2 maintains a
balance between exploration and exploitation. The state of
the environment is sampled into 10 levels for temperature,
humidity, and illumination, allowing for efficient
implementation of tabular Q-learning without loss of
accuracy. The reward function of exponential penalties for
deviations from optimal values (temperature 22 °C,
humidity 60%, illumination 500) and additional rain
penalty incentivizes agents to maintain stable
environmental parameters.

Fig. 7 shows the learning curve of reinforcement
learning agents in a simulated climate system with small
noise and smoothly increased temperature. The X-axis
shows the episode number, and the y-axis shows the total
reward, which reflects the degree of approximation of the
environmental states to the optimal parameters
(temperature 22 °C, humidity 60%, illumination 500). At
the beginning of training, lower reward values are observed
due to random selection of actions by agents and lack of
experience, while the growth of the curve and reaching a
stable level of ~2.9-3.0 demonstrates the effective
formation of optimal management policies. Short-term
fluctuations are due to stochastic sensor noises and &-
greedy choice of actions, which provides a balance
between research and operation.

3.0 1

2:9+

0 50 100 150 200 250
Episodes

FIG. 7. Learning rewards with 250 episodes.

The trajectory of changes in the environment is shown
in Fig. 8 to identify patterns and grouping of data. As a
result of the simulation, a three-dimensional scatter
diagram was obtained, reflecting the relationship between
the values of temperature, humidity and the target indicator
of the system during successive episodes of training.
Analysis of the obtained data indicates the formation of a
dense group of points in the temperature range of
approximately from 21.8 °C to 22.3 °C and humidity from
58% to 61%, which indicates stabilization of
environmental parameters or system control policies. Such
a concentration of values may be due to the convergence of
the learning algorithm, when the agent, in the process of
optimization, finds the most efficient region of states and
reproduces it in subsequent episodes. The presence of
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isolated distant points with higher values of temperature
(23 -245°C) and humidity (=64 -69%) can be
explained by the phase of exploring the state space,
characteristic of the initial stages of learning, or by the
influence of random disturbances of the environment.
Thus, the results obtained indicate a limited variability of
the main parameters of the system and a gradual
stabilization of the behaviour of the model, which is
manifested in the formation of a compact cluster of
observations in the feature space.

200
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470
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460 g
[e]
"
450 =
100
440
50
0

FIG. 8. 3D Environment Trajectory.

In the process of training the reinforcement algorithm,
a policy for controlling the system's actuators, including
lighting and ventilation, is formed. The policy determines
the choice of the optimal action for each state of the
environment, which is described by a combination of
temperature, relative humidity and light level parameters.
Based on the accumulated experience of interaction with
the environment, the agent estimates the expected reward
for various actions and gradually gives preference to
those controlling influences that ensure the maximization
of the reward function.

The lighting control policy aims to maintain the light
level near the specified optimal value. In the case when
the lighting level is lower than desired, the algorithm
tends to choose the action of turning on the LED lighting,
which leads to an increase in the light intensity in the
medium. Instead, when the optimal light level is
exceeded, the system can choose to turn off or decrease
the lighting, which allows you to stabilize the parameter
within the desired range. Thus, an adaptive lighting
regulation strategy is formed, which ensures the
maintenance of favourable conditions for the functioning
of the system.

The fan control policy aims to regulate the
temperature and relative humidity of the environment. In
conditions of high humidity or temperature, the algorithm
selects fan activation actions with different intensities
(low or high-speed modes), which helps to reduce the
corresponding parameters. In situations (Fig. 9) where
temperature and humidity values are close to optimal, the
system prefers to turn off the fan.
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FIG. 9. Result of fan control policy.

IV. DISCUSSION

The proposed approach based on reinforcement
learning demonstrates a conceptual transition from reactive
automation to an autonomous agent-oriented decision-
making system. In contrast to deterministic threshold logic,
the RL model forms management policies by maximizing
long-term cumulative rewards, which allows both the
current state of the environment and the future
consequences of actions to be taken into account. The
reinforcement learning agent gradually adjusts the
management policy without the need to manually
reconfigure the thresholds. Thus, the integration of Q-
learning transforms the system from a deterministic
controller into a built-in rational agent with internal
memory and an optimization mechanism, which allows it
to be reasonably classified as an edge-based agentic Al
system. At the same time, the reinforcement learning
approach requires additional computational resources and
a training phase, which is important for microcontroller
implementations.

The learning curve (Fig.7) demonstrates a rapid
increase in reward during the initial episodes, indicating
that the agents quickly learn a basic control policy for
stabilising environmental parameters. After approximately
20-30 episodes, the reward values stabilize, suggesting
convergence of the learning process and successful
adaptation of the control strategy. Occasional drops in
reward can be observed throughout the training process.
These fluctuations are caused by sensor noise, stochastic
environmental dynamics, and exploration actions
generated by the e-greedy policy. The learning curve
indicates that convergence is achieved after approximately
30 episodes. Therefore, the total number of 250 training
episodes is sufficient to ensure stable learning and policy
refinement. The number of training episodes represents a
tunable hyperparameter of the reinforcement learning
process. Increasing the number of episodes may further
refine the learned policy but also increases computational
cost.

The surface demonstrates (Fig. 10) that the system
evaluates the microclimate not by individual parameters,
but by their joint interaction. Therefore, even small
changes in temperature can have a different impact on the
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comfort level depending on the humidity level. This
confirms the feasibility of using a multidimensional reward
function to simulate optimal microclimate parameters
(humidity = 60, temperature = 22, light = 500) and further
use in algorithms for adaptive control of climate systems.
Although the communication technology is not the
focus of this study, Bluetooth is employed in the system
because it provides low-latency, energy-efficient, and
direct device-to-device communication, which facilitates
the coordination and responsiveness required in a multi-
agent loT architecture during experimental evaluation.

@ Optimal Climate

FIG. 10. 3D Temperature-Humidity Reward Surface.

As this study includes a comparison between rule-
based and reinforcement learning approaches, their key
characteristics are summarized in Table 1.

TABLE 1. Comparative analysis of rule-based and RL approaches.

Reinforcement

Criterion Rule-based .
Learning
Policy Type Fixed Adaptive
Memory No Q-table
Optimization No Maximization
of reward
Adaptation to No Yes
environment
Reaction to Statical Dynamical
changing conditions
Energy efficiency Depends on Optimized
the thresholds

Computational Low Moderate

complexity

A promising area of further research is the extension of
the model to a multi-room multi-agent architecture and the
integration of predictive models to improve the
convergence rate. The proposed approach can be applied in
smart homes, intelligent buildings, and loT-based
environmental control systems.

V. CONCLUSION
In conclusion, the conducted experimental modeling
demonstrates that the proposed multi-agent control system
is capable of effectively adapting environmental control
parameters in a stochastic smart-house environment. The
obtained results indicate stable convergence of the learning
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process and consistent improvement of the system’s
performance indicators during training episodes. The study
confirms that reinforcement learning can successfully
enhance decision-making in distributed 10T environments
compared with traditional rule-based approaches,
providing greater adaptability to dynamic environmental
conditions. The developed architecture allows agents to
coordinate their actions while operating under the
computational constraints typical for embedded and edge
devices.

The obtained results demonstrate stable convergence of
the reinforcement learning model within 250 training
episodes, achieving an average reward of about 2.9 — 3.0
and maintaining environmental parameters close to
optimal values (22 °C, 60 %), with temperature stabilized
in the range of 21.8-22.3°C and humidity within
58 — 61%.

The practical significance of the proposed approach lies
in the possibility of implementing adaptive control directly
at the edge level without reliance on centralized cloud
infrastructure. Such capability is particularly relevant for
autonomous smart environments, including intelligent
buildings, energy management systems, and distributed
10T networks requiring low-latency and energy-efficient
operation. Future research may focus on extending the
proposed framework to larger multi-agent systems,
integrating additional environmental parameters, and
evaluating the approach in real-world smart-building
deployments.
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Migpxoan Ao HaBYaHHA HAa OCHOBI NPAaBUA Ta HaBYAHHA 3
nigKpinaeHHAM y 6araToareHTHUX cucTemax ans
KOHTPOJ1I0 MiKPOKNiMaTy B NPUMILLEeHHI

PomaH Muciok®, CtenaH bayTiH

Kadeapa cucTeMHOro npoekTyBaHHsA, GaKyAbTET eNEKTPOHIKM Ta KOMN' IOTEPHUX TEXHOOTIN, /IbBIBCbKMIA HaLiOHaIbHMIN YHiBEPCUTET
imeHi IBaHa ®paHKa, JbsiB, YKpaiHa

*ABTOp-KOpecnoHaeHT (EnekTpoHHa agpeca: roman.mysiuk@Inu.edu.ua)

AHOTALLIA Y uji cTaTTi npeacTaBieHo NPoLEec NPOeKTYBaHHA, peasii3al,ii Ta eKcnepMmeHTaIbHy NepeBipKy areHTHOI cucTeMm
LUTYYHOTO iHTENEKTY Ha OCHOBI Nepudepii ANA afanTUBHOrO KEPYBaHHA PO3YMHUM ByauHKOM. Ha BiamiHy Big TpaauuiiHOl
aBTOMATM3aLii Ha OCHOBI MpaBW/A, SKAa BWKOPUCTOBYE GiKCOBaHi Mopory Ta nonepeaHbO BW3HAYEHi BiANOBIAi,
3aMNpONOHOBAHMUI NiaXia MOAENOE BHYTPILLHE cepenoBulLe AK MPOLEC NPUUHATTA pilleHb, Ae aBTOHOMHWIW areHT BUBYAE
ONTMMAa/bHI cTpaTerii KepyBaHHA Yepes B3aeMogito 3 cepenosuem. CucTema po3ropHyTa Ha naatdopmi MiKpOKOHTpoaepa
ESP32 3 0bmeKeHMMM pecypcamm Ta NMpPaLLioE HE3a/EeXKHO Bif, XMAapPHOI iIHPPaACTPYKTYpH, WO 3abe3neyye HU3bKY 3aTPUMKY,
NiABULLEHY KOHQIAEHLIMHICTD Ta 3HUKEHY 3a/IEXKHICTb Bif Mepexi. [lapameTpu HaBKOIMLLIHBLOTO CepeaoBMLLa, BKIOYAOUN
TemnepaTypy, BONOrICTb, PiBEHb OCBITNEHHA Ta MOFOAHI CUrHANM, NOCTIMHO KOHTPOJIOIOTLCA Ta KOAYHOTLCA B AUCKpPETHE
npeacTaBAeHHA CTaHy. Ha OCHOBI LMX CTaHiB areHT 06upae Aji KepyBaHHA ANA BEHTUAATOPA Ta CBITNOLI04AHOIO OCBIT/EHHSA,
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BMKOPUCTOBYIOYM CTPATerito HaBY4aHHA 3 MigKpinaeHHAM. MexaHi3m BMHaAropoau iHTerpye BiaxuneHHA KomdopTy Ta
CNOXWBAHHA eHeprii B €AWHY LUiNboBY QYHKLitO, WO [A03BOMAE LIECNPAMOBAHY NOBEAIHKY 3aMiCTb pPeaKTUBHOro
nepemmKaHHs. MpoLec HaB4aHHA NOCTYNOBO A03BO/AE areHTam GopMyBaTH CTabiNbHI MONITUKM YNPaBAiIHHA, LLLO NPU3BOANUTD
00 36AMKEeHHA napameTpiB cepefoBMLLA A0 X ONTUMANbHUX 3HaYyeHb. EKCnepMmeHTaibHA OLiHKa NpoBOAMAACA LAAXOM
NOPIBHAHHA MiAXOAiB Ha OCHOBi NPaBWA Ta HaBYaHHA 3 NIAKPINNEHHAM, @ TaKOX Y PO3LIMPEHUX YMOBAX 3 ypaxXyBaHHAM
napameTpis MiKpOKnimaty. Pe3ynbTaTv [OCAIAXEHHA MNOKa3syloTb, WO areHTM MOCTYNOBO HaBYalOTbCA ONTUMAaNbHUM
CTpaTeriAM KepyBaHHA, WO MPM3BOAUTb A0 KOMMAKTHOI KaacTepusalii CTaHiB HaBKO/MLWIHBOFO CepefoBULL@ HABKOJ/IO
LiNbOBMX 3HAYEHb Ta AEMOHCTPYE HAAiMHY NPOAYKTUBHICTb, HE3BAXKAOUM HA LYM AATUMKIB Ta AOCNIAKEHHSA BUNAAKOBUX AjlA.
3anponoHoBaHa apxiTEKTypa iNoCTpye, AK BOyAOBaHe HaBYaHHA 3 NIAKPINJEHHAM MOXE NEepeTBOPUTU TPaAAULINHY
aBTOMaTU3aLil0 Ha CaMOafaNnTUBHOIO iHTE/NIEKTYaNbHOrO areHTa, KepoBaHOro MNam’ATTio, MpuaaTHoro Ans poboTu B
peanbHOMY 4Yaci B yMOBax PO3yMHOro O6yAWHKY. [oCnigXeHHA niaTsepAxye edeKTUBHICTb BMNPOBAAMEHHA areHTHOro
LWITYYHOTO iHTENEKTy Ha nepudepiitHomy npuctpoi ESP32, migknoueHoOMy 4O [ATYMKIB y NPOTOTMNI, Ta MiAKPECNIOE Moro
noTeHLuian gna macwtaboBaHMX aBTOHOMHMX 3acTOCYBaHb Yy chepi KepyBaHHA PO3yMHUMM ByaiBasmu.

K/IIOYOBI C/IOBA ynpaBaiHHA PO3yMHUM 6yauHKOM, nepudepiiHUMI WTYYHUIA iHTENEKT, HaBYAHHA 3 MiAKPINNEHHAM,
baraToareHTHa cucTema, IHTEPHET peyei.

@ @ This article is licensed under a Creative Commons Attribution 4.0 International License.
To view a copy of this licence, visit http://creativecommons.org/licenses/by/4.0/.

Vol 4, No 1, Paper 01006, pp. 1-8 (2026)


http://creativecommons.org/licenses/by/4.0/

