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Abstract: This paper presents the design and experimental validation of an integrated 10T-RPA cyber-physical system for automated food inventory
monitoring and replenishment in a smart refrigerator. The proposed solution combines weight-based 0T sensing with robotic process automation to form
a closed-loop "measurement-decision-action" architecture that minimizes user involvement. The hardware subsystem integrates a strain-gauge load cell,
an HX711 analogue-to-digital converter, and a WeMos D1 (ESP8266) microcontroller to measure product weight and transmit telemetry via Wi-Fi
to a local Flask-based server. Measurement data are stored in CSV format and processed by a Robotic Process Automation (RPA) module implemented
in Microsoft Power Automate Desktop, which initiates a digital ordering scenario when the product weight falls below a predefined threshold.
Experimental validation under conditions close to real household operation demonstrated a mean absolute error below 2% and a coefficient of variation
under 5%, as well as reliable transmission of more than 10,000 telemetry records without data loss. The RPA subsystem was evaluated through
120 execution cycles over seven days, achieving a success rate of 93.3% with an average execution time of 27.4 s under real web-interface constraints.
The results confirm the feasibility, stability, and scalability of the proposed I0T-RPA architecture for autonomous household inventory management.
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PROJEKT | WALIDACJA EKSPERYMENTALNA INTELIGENTNEGO SYSTEMU
ZARZADZANIA ZAPASAMI W LODOWCE OPARTEGO NA TECHNOLOGII 10T-RPA

Streszczenie: W niniejszym artykule przedstawiono projekt oraz eksperymentalng walidacje zintegrowanego systemu cyfrowo-fizycznego opartego
na technologii IoT i RPA, stuzgcego do automatycznego monitorowania stanéw magazynowych zywnosci i uzupetniania zapasow w inteligentnej lodowce.
Proponowane rozwigzanie ilqczy czujniki loT mierzqce mase z automatyzacjq procesow robotycznych, tworzgc architekture typu “pomiar-decyzja-
dzialanie" w petli zamknigtej, ktéra minimalizuje zaangazowanie uzytkownika. Podsystem sprzgtowy obejmuje czujnik wagowy z tensometrem, przetwornik
analogowo-cyfrowy HX711 oraz mikrokontroler WeMos D1 (ESP8266), stuzgce do pomiaru masy produktow i przesylania danych telemetrycznych
przez Wi-Fi do lokalnego serwera opartego na Flasku. Dane pomiarowe sq przechowywane w formacie CSV i przetwarzane przez modul automatyzacji
procesow robotycznych (RPA) zaimplementowany w aplikacji Microsoft Power Automate Desktop, ktéry uruchamia scenariusz zaméwienia cyfrowego,
gdy waga produktu spadnie ponizej z gory okreslonego progu. Walidacja eksperymentalna w warunkach zblizonych do rzeczywistej eksploatacji
w gospodarstwie domowym wykazata Sredni blgd bezwzgledny ponizej 2% i wspoiczynnik zmiennosci ponizej 5%, a takze niezawodng transmisje ponad
10 000 rekordow telemetrycznych bez utraty danych. Podsystem RPA zostal poddany ocenie w ramach 120 cykli wykonawczych w ciggu siedmiu dni,
osiggajqc wskaznik powodzenia na poziomie 93,3% przy Srednim czasie wykonania wynoszqcym 27,4 s w rzeczywistych warunkach ograniczen interfejsu
internetowego. Wyniki potwierdzajg wykonalnosé, stabilnosé i skalowalnosé proponowanej architektury loT-RPA do autonomicznego zarzqdzania

zapasami w gospodarstwie domowym.

Stowa kluczowe: 10T, inteligentna lodowka, czujnik masy, ESP8266, Flask, automatyzacja procesow robotycznych

Introduction

The rapid advancement of digital technologies, particularly
the Internet of Things (loT), has significantly transformed
approaches to automation not only in industrial environments
but also in everyday household systems. The key challenge
is not merely the development of technically advanced devices,
but their effective integration into daily processes in a manner that
reduces user involvement and operational overhead.

One of the promising application areas of 10T in household
environments is automated food inventory management.
Conventional approaches to managing household food supplies
rely heavily on manual monitoring, periodic inspections,
and user-driven decision-making, which are prone to human error
and inefficiencies. Existing smart refrigerator solutions typically
employ either manual data input or vision-based recognition
techniques. However, vision-based systems are sensitive to ligh-
ting conditions, product placement, and packaging variability,
which can negatively affect reliability and measurement accuracy.
These limitations indicate the need for alternative sensing
approaches that provide objective and repeatable measurements.

Weight-based sensing represents a robust and hardware-
efficient method for monitoring product availability in closed
environments such as refrigerators. Load-cell sensors offer direct
measurement of mass changes and are largely independent
of visual disturbances. Despite their advantages, most existing
implementations of weight-based inventory systems are limited
to data acquisition and notification functionalities, without
providing a fully autonomous mechanism for initiating replenish-
ment actions. In parallel, Robotic Process Automation (RPA)
has gained increasing attention as a technology for automating
rule-based digital processes, particularly in procurement, order
handling, and supply chain management. RPA enables software

agents to interact with existing web interfaces and information
systems without requiring dedicated application programming
interfaces. However, current studies on RPA predominantly
address enterprise-level applications and rarely consider its inte-
gration with physical sensing systems in domestic environments.

The scientific novelty of this study consists in the following
contributions: a closed-loop cyber—physical architecture is propo-
sed that directly links continuous weight-based 10T sensing with
autonomous digital actions implemented via robotic process
automation (RPA). The main contributions of this work can be
summarized as follows: Development of a closed-loop 10T-RPA
cyber-physical architecture for household inventory management.
Experimental validation of a weight-based sensing subsystem
operating under refrigerator conditions. Quantitative evaluation
of RPA performance using execution success rate, latency,
and MTBF metrics. Demonstration of autonomous interaction
between physical sensing and digital ordering workflows.

From a research perspective, this work primarily represents
an engineering-oriented contribution focused on the design, inte-
gration, and experimental validation of a cyber—physical l10T-RPA
system, rather than the development of a fundamentally new
theoretical method. However, it provides a structured architectural
approach and quantitative evaluation framework that can support
further scientific research in autonomous household inventory
systems.

1. Literature review

Research on intelligent inventory management can be catego-
rized into four main directions relevant to this study: loT-based
inventory monitoring systems, weight-based sensing approaches,
robotic process automation (RPA) in purchasing and order
handling, and smart kitchen and online grocery ecosystems.
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Although each of these areas has been extensively studied, their
integration into a unified closed-loop household cyber-physical
system remains limited.

The first group includes loT-based inventory monitoring
systems that rely on low-cost microcontrollers, networked sensors,
and web or mobile interfaces. Previous studies demonstrate
the feasibility of real-time stock monitoring and notification
in domestic environments [6, 8]. These systems effectively collect
and visualize data; however, their functionality is typically limited
to user alerts. As a result, decision-making and replenishment
actions still depend on manual user intervention.

The second research direction focuses on more advanced
monitoring environments, particularly in retail applications.
For example, smart shelf systems combine load cells with
computer vision to track product availability and customer
behaviour [5]. Such hybrid solutions offer higher detection
capability and contextual awareness. At the same time, they
require complex sensing infrastructure, camera deployment,
and increased computational resources. These requirements limit
their applicability in compact household environments, where
cost, simplicity, and ease of installation are critical factors.

The third direction addresses the metrological characteristics
of weight-based 10T sensing. Load-cell sensors provide direct
measurement of mass and are largely independent of lighting
conditions and visual disturbances. This makes them suitable
for refrigerator-based monitoring systems. However, prior studies
indicate that measurement accuracy may be affected by calibration
quality, load positioning, and environmental conditions [4].
In particular, positional sensitivity has been identified as a signi-
ficant factor influencing measurement stability. Additional
research highlights the importance of efficient embedded archite-
ctures, such as ESP8266-based systems, for long-term loT
deployment [1]. These findings confirm the suitability of weight-
based sensing while also emphasizing the need for careful analysis
of uncertainty and repeatability.

The fourth research direction concerns the use of robotic
process automation in digital workflows. RPA has been widely
applied in procurement and supply chain management to automate
repetitive tasks and improve process efficiency [2]. It enables
interaction with existing web interfaces without requiring
dedicated APIs. Further studies demonstrate the potential of RPA
for optimizing order-handling processes in supply chains [10].
Despite these advantages, current applications are primarily
limited to enterprise environments and do not involve integration
with physical sensing systems. As a result, the direct connection
between real-time sensor data and automated digital actions
remains insufficiently explored.

Recent review studies provide a broader perspective on l10T-
enabled inventory and smart kitchen technologies. 10T systems
enhance real-time visibility and responsiveness in inventory
management [7], while smart kitchen solutions contribute
to improved food quality, safety, and sustainability [3].
In addition, developments in online grocery ecosystems highlight
the growing role of smart devices in linking household monitoring
with digital services [11]. However, these studies are mostly
descriptive and do not present experimentally validated closed-
loop systems that integrate sensing, communication, and autono-
mous execution.

Recent works (2023-2025) indicate a transition toward fully
autonomous smart home ecosystems that combine sensing, edge
computing, and service orchestration. Despite this progress,
the integration of low-cost embedded sensing with autonomous
digital execution, such as RPA-driven ordering, remains limited,
particularly in household-scale applications.

Despite significant advances in 10T monitoring, weight-based
sensing, and RPA technologies, existing solutions remain
fragmented and lack full integration across physical and digital
layers. In particular, there is a lack of experimentally validated
systems that combine low-cost sensing with real-time autonomous
ordering in a compact household environment. This gap motivates
the development of a unified 10T-RPA cyber-physical architecture
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capable of closing the loop between measurement, decision-
making, and action.

To provide a clearer comparison of existing approaches
and to highlight the research gap addressed in this study, Table 1
summarizes key characteristics of representative loT-based
inventory management systems and related solutions.

Table 1. Comparative analysis of loT-based inventory management systems

Sensing Automation Main
Study System type method level limitations
[1] loT
Inventory Household Generic Monitoring + No autonomous
System loT sensors alerts ordering
(2023)
[2] Smart
Kitchen . Weight + Monitoring + Requires user
System Kitchen loT LDR app interaction
(2018)
[3] Smart .
Shelf : Load cells Semi- High.
Retail system - complexity,
System + vision automated cost
(2024)
[61, [7] No
RPA in Enterprise - High (digital No integration
physical ;
Supply systems : only) with loT
. sensing
Chain
Pronosed Household Load cell Full Limited product
s sptem cyber- (weight- autom;/te d diversity
Y physical based) (current study)

As shown in Table 1, existing systems either focus on sensing
and monitoring without autonomous decision execution,
or on digital automation without integration with physical sensing.
In contrast, the proposed system enables a closed-loop
"measurement—decision—action" process by directly linking
loT-based weight sensing with RPA-driven digital ordering.
This integration addresses the identified research gap and distin-
guishes the proposed approach from existing solutions.

2. Research methodology

The research methodology is based on an experimental
approach aimed at assessing the performance of an integrated
cyber-physical system that combines sensor-based IoT measu-
rement of product weight in a refrigerator with subsequent
automated digital data processing using RPA. The research
is implemented as a sequential multi-stage process in which
the hardware, communication, and software subsystems are tested
as a single unit in conditions close to real-world operation.

At the initial stage, the hardware-software system was deplo-
yed and configured. The hardware setup consisted of a strain-
gauge load cell, a signal amplifier, an HX711 analogue-to-digital
converter, and a WeMos D1 (ESP8266) microcontroller equipped
with Wi-Fi connectivity. The experiments were carried out
in a domestic environment under controlled conditions, with
ambient temperature maintained at 20+1°C, stable network
connectivity, and a realistic operational workload.

To ensure proper functionality of the sensing chain (load cell-
HX711-ESP8266), calibration and preliminary verification measu-
rements were first performed under stable room-temperature
conditions. This allowed validation of measurement accuracy
and system integrity in a controlled setting. Subsequently,
the sensor platform was transferred to a refrigerator environment,
where it operated under lower temperatures and natural thermal
fluctuations. Such a two-stage approach enabled assessment
of system performance both in controlled laboratory-like condi-
tions and in realistic usage scenarios typical for household
refrigeration systems.

The software part consists of Arduino firmware for telemetry
collection and a local Flask-based server that receives, structures
and stores data in CSV format. Before the main experiment,
the sensor path is calibrated using a control load with a known
mass; the determined calibration coefficient is integrated into
the microcontroller program code to correct subsequent
measurements. In parallel, the temperature inside the refrigerator
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is recorded, since temperature conditions are considered a signi-
ficant factor affecting the accuracy of the strain gauge. After
calibration, a main series of experiments is performed, which
includes at least 30 consecutive measurements of the weight
of one product.

In the present experimental validation, measurements were
conducted using a single representative product type in order
to evaluate the stability and functional performance of the propo-
sed 10T sensing subsystem. The objective of the experiment
was not to provide a universal metrological characterization
for all possible food products, but rather to verify the operational
feasibility of the weight-based monitoring architecture. Since
strain-gauge sensors measure relative mass variations within
a defined operating range, the system behaviour is expected
to remain consistent for other products of comparable weight.
Nevertheless, different container geometries and mass distri-
butions may influence measurement stability, which will be
investigated in future experiments involving multiple product
categories.

The selected sample size (N > 30) is sufficient for preliminary
statistical validation, enabling estimation of mean error, variance,
and confidence intervals under controlled conditions. The primary
goal of this study is to validate the functional feasibility
and stability of the integrated 10T-RPA architecture rather than
to provide a comprehensive metrological characterization across
all product categories. Nevertheless, real-world applications
involve heterogeneous products and varying conditions. Future
studies will extend the experimental framework to include
multiple product types, diverse load distributions, and broader
environmental conditions in order to assess system genera-
lizability and robustness.

For each measurement, time stamps, raw sensor readings,
corrected weight values, ambient temperature, and data transfer
success status are automatically recorded. During the experiment,
a controlled reduction in product mass below a preset threshold
level is performed, which allows us to assess the system response
speed — from the moment a critical weight loss is recorded
to the appearance of a corresponding entry in the server CSV file.
To check long-term stability, measurements are repeated after
24 hours without recalibration of the sensor, which allows
us to assess possible drift of the readings and the reproducibility
of the results. Repeatability of measurements was evaluated
by analysing multiple consecutive measurements under identical
conditions. The low variation between repeated trials confirms
the consistency of the sensing subsystem. The second key block
of the study is dedicated to testing the automated RPA subsystem
implemented in the Microsoft Power Automate Desktop
environment. The RPA experiments were conducted using
a real consumer-oriented online grocery store operating through
a standard web interface. The specific platform name is not
disclosed to avoid potential commercial bias and because
the automation workflow relies on generic browser interaction
mechanisms rather than platform-specific APIs. The implemented
RPA scenario interacts with typical e-commerce elements such
as product search fields, product pages, and basket management
functions that are common across most online grocery platforms.
The tested web interface included typical dynamic elements
commonly found in modern e-commerce platforms, including
asynchronous product loading, dynamic price updates, search
filters, and pop-up notification windows. The website structure
consisted of multi-level navigation menus, product catalogue
pages, and interactive shopping basket components. These
characteristics allowed the experiment to realistically simulate
the operational conditions encountered by RPA systems
interacting with contemporary web-based retail platforms.
Consequently, the obtained performance indicators reflect typical
robustness challenges associated with Ul-driven automation.

Experimental data processing is carried out in the Arduino
Serial Monitor and Microsoft Excel environments using basic
statistical indicators: mean value, mean absolute error (MAE),
standard deviation, coefficient of variation (Cv), fraction of lost
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telemetry and correlation of error with temperature. The system
efficiency is assessed according to a set of criteria, in particular:
MAE no more than 2%, Cv no more than 5%, stable data
transmission without systematic losses and the absence of critical
failures in the RPA process. The selected statistical indicators
are typical for evaluating low-cost sensor systems and household
loT devices, for which the key characteristics are stability,
repeatability and relative accuracy of measurements, rather
than absolute metrological precision of the laboratory level.
Measurement uncertainty was estimated by considering sensor
resolution, calibration error, and environmental factors such
as temperature variation. The combined uncertainty was
approximated wusing standard error propagation methods,
providing an overall uncertainty bound of the measurement
system. The methodology takes into account the limitations
associated with the sensitivity of strain gauges to temperature
fluctuations, potential drift of indicators over time, and the depen-
dence of RPA on changes in the web interface of the online store.
Despite these limitations, the proposed approach provides
sufficient validity to assess the real-world performance
of the system and its practical potential as a prototype
for household automated product inventory management.

To improve methodological rigor, additional statistical
analysis was performed, including estimation of confidence
intervals for the mean measurement error and variance analysis
across repeated observations. The 95% confidence interval
for the measured weight values was calculated assuming a normal
distribution of errors. This allows a more robust interpretation
of measurement stability and system reliability.

To ensure reproducibility of the proposed system, the data
processing workflow can be described as a sequential algorithm
consisting of several stages.

Step 1: Data acquisition. The ESP8266 microcontroller
periodically reads raw values from the HX711 ADC
module at a sampling rate of approximately 10 Hz.
Signal filtering and calibration. Raw values are averaged
over a short window of 10 measurements to reduce
noise. The averaged value is multiplied by a predefined
calibration coefficient obtained during the calibration
stage.

Threshold analysis. The corrected weight value
is compared with a predefined minimum threshold
W<\Nmin-

Data transmission. The telemetry packet containing
timestamp, raw value, corrected weight, and temperature
is transmitted via HTTP POST request to the Flask
server.

Server-side storage. The Flask application parses
the incoming packet and appends the record to a CSV
file used as a shared data interface for the RPA
subsystem.

RPA decision logic. The RPA bot periodically scans
the CSV file. When a value W <W,,, is detected,
the bot initiates an automated purchasing workflow
via the online store web interface.

In order to formally evaluate the Robotic Process Automation
(RPA) subsystem as an integral component of the cyber-physical
loop, a set of quantitative performance metrics was defined
and experimentally measured. The RPA module was treated
as a stochastic execution system operating under real-world
web interface constraints.

The following key performance indicators were selected:
average RPA execution time (latency), measured from CSV
file update to completion of the order simulation; success rate,
defined as the ratio of successful executions to total launches;
failure classification, grouping execution errors by root cause;
mean time between failures (MTBF), calculated as the average
number of successful runs between two consecutive failures.
From a robustness perspective, the RPA subsystem is sensitive
to changes in the web interface structure, dynamic content
loading, and security mechanisms such as CAPTCHA. Network

Step 2:

Step 3:

Step 4:

Step 5:

Step 6:
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instability may also affect execution consistency. To improve
robustness, future implementations may incorporate adaptive
element detection, fallback logic, and API-based integration
where available. Security considerations include protection
of user credentials and safe handling of automated transactions.
During the experiment, the RPA scenario was executed N = 120
times over a period of 7 consecutive days, under identical
functional conditions but with naturally varying network latency
and web page response times. Each run was automatically logged,
including start time, completion time, execution status, and error
type (if applicable).

3. System architecture

The architecture of the proposed system is built as a multi-
layer cyber-physical platform that integrates the sensor layer
of the Internet of Things, the network layer of wireless
data transmission and the application layer of robotic process
automation (RPA). The system is designed as a closed loop
"measurement-transmission—analysis—action”, which minimizes

user participation and provides continuous monitoring
of the condition of products.

Cloud APPLICATION LEVEL

Platform <

(Server) } ¢

A

Automated Digital
Decision Making Ordering

Communication Module

(Wi-Fi/Bluetooth)
COMMUNICATION
LEVEL
Microcontroller
Strain Gauge HX711 Module SENSOR LEVEL
Weight Sensor (Amplifier & ADC)

Fig. 1. Functional and structural diagram of the weight sensor system
in the refrigerator

As shown in Figure 1, the system architecture is structurally
divided into three interconnected levels: the sensor level
is responsible for weight measurement; the microcontroller
and communication level provides primary processing
and transmission of telemetry; the application level (RPA)
implements automated decision-making and digital ordering.

The lower level of the architecture forms a sensor module,
which is based on a strain-resistive weight sensor mechanically
fixed on a platform inside the refrigerator. Under the action
of the product mass, the sensor deforms, which is converted into
a change in the electrical signal according to the principle
of the strain bridge.

Unlike typical Kkitchen-scale implementations described
in previous studies, the proposed prototype integrates the load cell
within a rigid support platform specifically adapted for refrigerator
shelf placement. This mechanical integration improves measu-
rement stability and reduces sensitivity to product displacement
during normal refrigerator use.

To increase the sensitivity, stability and accuracy of measu-
rements, the signal from the sensor passes through the HX711
module, which performs the functions of amplification
and analogue-to-digital conversion (ADC). The use of HX711
provides high measurement resolution, low noise and data
suitability for further digital processing at the microcontroller
level. In order to correctly integrate the sensor node into
the system, a half-bridge configuration of the load cell connection
was used, which provides a balance between accuracy, stability
and hardware complexity. The diagrams shown in Figure 2
and Figure 3 demonstrate the electrical integration of the load cell
with the HX711 module, which is a key part of the system's sensor
path. This configuration allows you to minimize the impact
of electrical interference and increase the reproducibility
of measurement results.
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Fig. 2. Connection diagram of a half-bridge strain gauge to the HX711

Fig. 3. Connecting a half-bridge strain gauge to the HX711 module

The intermediate layer of the system architecture is realized
using a WeMos D1 microcontroller based on the ESP8266
platform, which functions as the core unit for data acquisition,
preprocessing, and wireless telemetry transmission. The micro-
controller periodically retrieves measurements from the HX711
module, applies a predefined calibration coefficient, and generates
a structured data packet that includes a timestamp, raw sensor
readings, calibrated weight values, and the internal temperature
of the refrigerator. Wireless communication is enabled through
the integrated ESP8266 Wi-Fi interface, allowing seamless data
transfer to a local server without requiring additional networking
hardware.

Figures 4-7 illustrate the configuration of the development
environment and the integration of the necessary software libraries
that support firmware implementation and network commu-
nication for the ESP8266-based sensing node within the experi-
mental setup.

The communication layer of the system is implemented
on a local server built using the Flask microframework. The server
receives telemetry data from the WeMos D1 microcontroller
via HTTP POST requests, performs their basic structuring
and sequentially accumulates it in a CSV format file. This
approach ensures the preservation of historical measurements,
their availability for further analytics and compatibility with
the RPA platform. In addition, the server performs the function
of an intermediate data buffer, which increases the system's
resistance to short-term network failures.
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Fig. 4. CH340 driver installation menu
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As Figure 8 illustrates, the upper (application) layer
of the architecture is implemented using robotic process
automation in the Microsoft Power Automate Desktop
environment. Although Microsoft Power Automate Desktop
was selected for the prototype implementation due to its accessi-
bility and integration with Windows environments, similar
automation workflows could also be implemented using open-
source or community RPA platforms such as UiPath Community
Edition or Robot Framework. These alternatives provide
comparable browser automation capabilities and could support
the same closed-loop architecture. The choice of Power Automate
in this study was primarily motivated by its rapid prototyping
capabilities and straightforward integration with local file-based
data sources such as CSV logs generated by the Flask server.

The RPA bot periodically accesses the updated CSV file,
reads the latest weight values, and compares them with
a predefined minimum threshold. In case of a critical weight loss,
the system automatically initiates a digital order scenario:
the bot opens the web interface of the online store, searches
for the corresponding product, checks its availability and price,
and simulates the order process.

This approach provides a fully automated inventory mana-
gement cycle without the need for constant user intervention.
The interaction between the architecture levels is organized
in the form of a closed loop: the physical weight loss
of the product is recorded by a strain gauge, digitized via HX711,
processed by WeMos D1, transmitted to the Flask server,
where it is structured and stored, after which the RPA subsystem
responds with an automated action. This scheme ensures the conti-
nuity of inventory control and allows the system to function
autonomously for a long time. From a performance perspective,
the system latency is primarily determined by sensor sampling
rate, network transmission time, and RPA execution delay.
Experimental results show that the end-to-end response time
remains within practical limits for household applications.
In terms of scalability, the architecture supports multiple sensor
nodes; however, increased system load may lead to higher server
processing time and RPA queue delays. Future implementations
may require asynchronous processing and distributed architectures
to maintain performance under higher loads.

In terms of scalability, the architecture provides the ability
to connect multiple sensor nodes to monitor different products
simultaneously. Each node can send data to the same server,
and the RPA module can process it in batch or event mode.
In the future, the system can be expanded by using an ESP32
microcontroller, implementing the MQTT protocol for energy-
efficient telemetry, or integrating machine learning-based consum-
ption forecasting algorithms.

Thus, the proposed architecture combines sensor, network,
and software components into a single integrated system
capable of not only registering changes in product inventory,
but also autonomously responding to them through digital
channels of interaction with online stores. This makes the system
suitable as a prototype of a new generation smart refrigerator
and creates a basis for further research in the field of home
automation and intelligent inventory management.

To formalize and visualize the functional interactions within
the proposed system, a UML use case diagram was developed,
representing three primary actors: the User, the Automated
System, and the Online Store [11]. The diagram defines
the system boundaries and illustrates the division of responsi-
bilities between human actions and automated processes.

The user is responsible for the initial configuration
of the system, including sensor calibration, network setup,
product parameter definition, and authorization in the online store.
After configuration, the system operates autonomously,
periodically measuring product weight, updating inventory data,
and identifying shortages based on predefined threshold values.

When a product deficit is detected, the automated system
generates a purchase list and initiates interaction with the online
store through an RPA-driven workflow. The RPA component
performs product search, price verification against user-defined



36

constraints, and basket management. Final actions such as order
confirmation and payment remain under user control, ensuring
security and compliance with transactional requirements.
The UML use case diagram provides a high-level representation
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of the system logic and interaction flow, supporting the archi-
tectural design and facilitating the structured implementation
of RPA processes without overloading the article with low-level
procedural details (Figure 9).
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Fig. 9. Automated system (UML use case diagram)
4. Results

A load cell-based weight measurement system requires careful
planning and selection of appropriate solutions. When choosing
a microcontroller for a prototype, it is important to determine
the needs and the price-performance ratio, as the market offers
many options, from simple to quite complex.

Initial results were obtained during a control measurement
of the weight of an object with a known mass. At this stage,
the correct operation of the strain gauge, HX711 amplifier
and WeMos D1 microcontroller as part of a single system
was verified. Visual confirmation of the procedure is shown
in the Figure 10.

The obtained values demonstrated the stability of the signal
at room temperature, which allowed us to proceed to the calibra-
tion procedure. Calibration was carried out by repeatedly
weighing the control weight and correcting the calibration
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coefficient in the microcontroller program code. The corres-
ponding process is illustrated in the Figure 11.

After calibration, the system was placed in a refrigerator,
where the ambient temperature was approximately 20.1°C
at the time of the initial measurement, and then varied according
to the operating mode of the cooling device. This allowed
us to assess the effect of temperature on the stability of the strain
gauge readings.

Additional observations during the experiment indicated
that sudden temperature fluctuations inside the refrigerator did
not cause critical measurement instability. The HX711 module
and strain-gauge sensor exhibited gradual drift rather than abrupt
signal jumps. Short-term temperature changes within the typical
refrigerator operating range (approximately 3-8°C) resulted
in deviations that remained within the acceptable measurement
error margin.
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Mechanical disturbances such as short-term vibrations
or accidental product displacement produced temporary measu-
rement spikes; however, these anomalies were effectively
suppressed by the averaging procedure implemented in the micro-
controller firmware. As a result, the system demonstrated stable
operation under typical domestic usage conditions.
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Fig. 10. Control measurement of the object weight
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Fig. 11. Calibration and measurement results

Although strain-gauge sensors exhibit temperature-dependent
sensitivity, the observed deviations remained within acceptable
limits for household monitoring applications. In practical imple-
mentations, such deviations may be further reduced using
software-based temperature compensation techniques or periodic
recalibration. To quantitatively evaluate the relationship between
temperature variation and measurement accuracy, a Pearson
correlation analysis was performed between recorded temperature
values and the corresponding measurement errors. The calculated
correlation coefficient was r = 0.18, indicating a weak positive
correlation between temperature fluctuations and measurement
deviation.

This result suggests that, within the observed refrigerator
operating range, temperature variations have only a minor influ-
ence on measurement accuracy. The magnitude of the tempe-
rature-induced error remained significantly below the predefined
acceptance threshold of 2%, confirming the suitability
of the sensing subsystem for household monitoring applications.

The system successfully recorded a critical weight loss
and promptly generated a corresponding entry in a CSV file
on the server. The reaction time between the physical weight loss
and the digital registration of the event was small enough
for practical use in real refrigerator use.

To assess long-term stability, the experiment was repeated
after 24 hours without recalibration of the sensor. Comparison
of the results showed the absence of significant drift of the indi-
cators, which indicates the reliability of the combination
of HX711 and WeMos D1 in long-term operation. Minor
deviations were explained by temperature fluctuations and mecha-
nical micro-displacements of the product on the sensor platform.
The main sources of measurement error include temperature-
dependent drift of the strain gauge, non-uniform load distribution,
and external mechanical disturbances. Additionally, electrical
noise in the HX711 module and Wi-Fi transmission delays
may introduce minor variability. These factors collectively contri-
bute to the observed measurement uncertainty.

Previous studies indicate that the measurement accuracy
of low-cost load cells may depend on load placement across
the sensor platform [4]. In the proposed prototype, the load
cell was mounted beneath a rigid support platform designed
to promote approximately central placement of the product during
normal refrigerator use. A dedicated positional sensitivity expe-
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riment was not included in the present study because the main
objective was to validate the integrated 10T-RPA system archi-
tecture rather than to perform a detailed metrological characte-
rization of the sensor. Nevertheless, systematic evaluation of load
distribution effects will be included in future experimental work.

Quantitative evaluation of the RPA subsystem demonstrated
stable operational behaviour under real web conditions.
The average execution time of the RPA scenario was 27.4 s,
with a standard deviation of +4.8 s. The minimum observed
execution time was 19.2 s, while the maximum reached 41.6 s,
mainly due to variable page loading times.

Out of 120 RPA executions, 112 runs were completed
successfully, resulting in a success rate of 93.3%. The remaining
8 failures (6.7%) were analysed and classified according
to their root causes, as summarized below: Ul structure changes
of the online store website — 3 cases (37.5% of failures);
temporary network delays or timeouts — 3 cases (37.5%);
unexpected pop-up dialogs or CAPTCHA elements — 2 cases
(25%). Based on the observed execution sequence, the mean
time between failures (MTBF) was estimated as 14.0 successful
runs, which confirms acceptable robustness of the RPA module
for non-critical household automation tasks. Importantly,
no failures resulted in system deadlock or data corruption. After
each unsuccessful execution, the RPA scenario was able to restart
correctly without manual intervention, indicating functional fault
tolerance of the proposed automation logic.

Regarding data transmission, the system demonstrated high
reliability: more than 10,000 telemetry records were successfully
transmitted and stored without loss of information. This indicates
the stability of the WeMos D1 Wi-Fi connection and the correct
operation of the Flask-based server part. The integration of loT
sensors with RPA creates an effective closed loop of automated
inventory management, which can be scaled to a larger number
of products or integrated into commercial smart refrigerators.
At the same time, further research can be aimed at using more
powerful microcontrollers (e.g., ESP32), implementing algorithms
for predicting product consumption, and developing a specialized
mobile application for real-time balance monitoring.

To provide a clearer overview of the experimental evaluation,
the main performance indicators of both the 10T sensing
subsystem and the RPA automation module are summarized
in Table 2. The results are compared with the predefined
acceptance criteria used in this study.

Table 2. Summary of experimental performance indicators of the proposed l0T-RPA
system

Subsystem Pe_rfo_rmance Experimental Acceptance Status
indicator value criterion
) Mean Absolute o o
10T sensing Error (MAE) <2% <2% Met
: Coefficient of o o
10T sensing Variation < 5% <5% Met
. Long-term drift o o
10T sensing (24 h) <0.5% <1% Met
RPA Average 27454485
automation execution time
RPA Minimum
. L 19.2s
automation execution time
RPA Maximum
. L 416s
automation execution time
RPA_ Execution 93.3% >90% Met
automation success rate
Mean time
RPA. between 14 runs
automation .
failures

Compared to similar loT-based inventory monitoring systems
reported in [6, 8], which primarily focus on data acquisition
and user notification, the proposed system demonstrates not only
comparable measurement accuracy (MAE < 2%) but also extends
functionality toward fully autonomous operation. In particular,
while existing household 10T solutions typically lack automated
decision execution, the integration of RPA in the proposed
architecture enables direct transition from sensing to action
without user intervention.
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In contrast to more complex retail-oriented systems such
as [5], which combine load cells with computer vision and require
higher computational and infrastructural resources, the proposed
solution achieves reliable performance using a low-cost embedded
sensing approach. Additionally, the RPA subsystem demonstrated
a success rate of 93.3% with an average execution time of 27.4 s,
indicating that practical end-to-end automation can be achieved
without dedicated APl integration. These results confirm
that the proposed system provides a favourable balance between
accuracy, system complexity, and level of automation compared
to existing approaches.

5. Conclusions

Experimental evaluation confirmed that the proposed system
provides reliable measurement performance and stable operation,
while the RPA subsystem demonstrated consistent execution
under real-world conditions. The RPA subsystem achieved
a 93.3% execution success rate across 120 automated runs,
with an average execution time of 27.4 s and an estimated mean
time between failures of 14 runs.

The results confirm that the integration of low-cost loT
sensing with robotic process automation enables the creation
of a practical cyber-physical system for autonomous household
inventory monitoring and replenishment. The proposed
architecture combines weight-based sensing, Wi-Fi telemetry
transmission via ESP8266, server-side processing using Flask,
and automated ordering implemented through Microsoft Power
Automate Desktop.

Despite  the promising results, several limitations
of the present study should be clearly acknowledged. First,
the experimental validation was conducted using a single product
type and a single sensor configuration, which limits the genera-
lizability of the results to a wider range of food products
with different geometries and mass distributions. Second,
the experimental duration was relatively short, and long-term
system behaviour under continuous operation was not systema-
tically evaluated. Third, the study did not include large-scale
validation with multiple sensor nodes operating simultaneously,
which may affect system performance under increased load.
In addition, the RPA subsystem depends on the stability
of external web interfaces, making it sensitive to Ul changes,
dynamic content, and security mechanisms such as CAPTCHA.
From a practical deployment perspective, challenges may arise
in integrating the system with commercial online platforms,
ensuring secure user authentication, and maintaining long-term
operational reliability. These limitations indicate the need
for further research focused on scalability, robustness, and real-
world deployment scenarios.

Future work will focus on extending the system through
the use of more powerful microcontrollers such as ESP32,
implementing MQTT-based communication for improved energy
efficiency, integrating food consumption forecasting algorithms,
and increasing the robustness of the RPA subsystem to dynamic
web-interface changes.

Overall, the proposed loT-RPA architecture demonstrates
the feasibility of closing the loop between physical inventory
sensing and automated digital ordering, contributing to the deve-
lopment of intelligent household cyber-physical systems.
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