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The possibilities of introducing intelligent production process control systems in the food
industry, taking into account modern challenges and automation needs, are investigated. The
relevance of the study is due to the need to increase the efficiency of production lines, reduce
costs, improve quality control and compliance with international food safety standards,
in particular 1SO 22000, HACCP, BRC Global Standard, FSSC 22000 and IFS. It has been
established that traditional approaches to automation do not provide sufficient flexibility and
adaptability to changes in technological parameters and market conditions, which necessitates
the implementation of systems based on machine learning, predictive analytics, and IoT.

The purpose of the study is to develop approaches to automation of production lines in the
food industry by integrating machine learning, robotics, and IoT to improve the efficiency of
production processes. The methodological basis is based on analytical and comparative research
methods that allowed us to evaluate the effectiveness of existing automation approaches, as well
as modeling an adaptive control system.

The results of the study confirm that the integration of IoT sensors, machine learning
algorithms, and predictive analysis can significantly improve the accuracy of monitoring and
control of production processes. The main problems of implementing such systems are identified,
including the high cost of modernization, the complexity of integration with existing infrastructure,
the need for qualified personnel and compliance with regulatory requirements. It is proved that
the gradual introduction of intelligent systems using predictive analytics to monitor the technical
condition of equipment and prevent failures can reduce risks, minimize production losses and
improve product quality.

Prospects for further research include the development of deep learning algorithms to improve
the accuracy of the analysis of production parameters, as well as the study of the economic
aspects of implementing such technologies in various segments of the food industry.

Key words: production automation, predictive analytics, cyber-physical systems, quality
control, digital transformation.

Hixynin A. C. Inmenexkmyanwvhi cucmemu ynpaeiaiHHa eupoonuyumu JiHiAMU y Xapuosiil
npoOMuUCI060CMi HA OCHOGI MAUWIUHHO20 HAGYAHHA

Hocniosceno moxcausocmi 6npo6aodNceHHs IHMeNIeKmyaIbHUX CUCeM YNpAeiiHHsL 6UPOOHU-
YuUMU npoyecamu 8 Xapuogiti NPOMUCTOBOCMI, 3 YPAXYBAHHAM CYHACHUX GUKIUKIE ma nomped
asmomamuzayii. AKmyanbHicmb 00CTIONCEHHS 3yMOBICHA HeOOXIOHICMIO RIOSULEeHHS eeKmue-
HOCMi UPOOHUYUX NIHIL, 3MEHUEHHs 6UMPAMm, NOKPAWEHHs KOHMPOLIO AKOCMI ma 8i0N08iOHO-
cmi MidCHapoOHum cmanoapmam 6e3nexu xapuoeux npooykmis, sokpema 1SO 22000, HACCP,
BRC Global Standard, FSSC 22000 ma IFS. Bcmanosneno, wo mpaouyitini nioxoou 00 agmo-
mMamuzayii He 3a6e3neuyioms 00CMAMmHbOL SHYUKOCII Ma a0anmueHOCi 00 3MIH MeXHONL02IY-
HUX napamempis i pUHKOBUX YMO8, W0 00YMOBIIOE NOMpPedy Y 6NPOBAONHCEHHT CUCEM HA OCHOBI
MAWUHHO20 Ha8YanHs, npedukmuenol anarimuxu ma loT.

Memoro docnioxcenHs € po3podra nioxodie 0o asmomamuzayii BUPOOHUYUX TIHIU Y XapUosiil
NPOMUCTOBOCIIE ULTSIXOM IHMe2payii MauunHo20 Hasuanus, pobomomexuiku ma loT ons niosu-
WeHHs eheKmueHoCmi upoOHUYUX npoyecis. Memooonoeiuny 0CHO8Y CIAHOBIAMYb AHANIMUYHT
ma KOMRapamueHi Memoou O0CIIONCEHHS, WO 00360MUNU OYIHUMU eDEeKMUBHICIb ICHYIOYUX NiO-
X00i8 00 agmomamu3ayii, a MaKo’c MOOETOBAHH A0ANMUBHOI CUCTNEMU YNPAGTIHH.

Pesynomamu docnioxcennss niomeepoicyioms, wo inmezpayis loT-cencopis, ancopummie
MAWUHHO20 HABYAHHA MA NPEOUKMUBHO20 AHANIZY O0360JAEC 3HAYHO NIOBUWUMU TMOYHICHb
MOHIMOPUHZY Ma KOHMPONIO BUPOOHUYUX npoyecis. Busgneno ocuosni npobnemu 6npo8adicenHs
makux cucmem, cepeo AKUX BUCOKA 8APMICIb MOOEPHI3ayil, CKIAOHIicmb iHmezpayii 3 icHy04010




XapuoBi TeXHOJIOTI] |

| 401

ingpacmpyxmyporo, nompeba y K6aniQiko8aHOMy NEPcoOHANi ma OOMPUMAHHI pe2yIsiMOPHUX
sumoe. Jlosedeno, wjo nocmynoge 6npo8ao0#CeH s IHMeIeKmyaIbHUx CUCmem i3 BUKOPUCHAHHAM
NPeOUKMUBHOL AHANIMUKY OJIsL KOHMPOIIO MEXHIYHO20 CMAHY 00IAOHAHHS Ma 3an00ieants 3009M
00360JI51€ 3HUBUMU PUSUKU, MIHIMIZY8amu UpoOHUYL smpamu ma niOSUWUMU SKICIb NPoOyKyii.

Iepcnexmueu nodanbuux 0OCHONCEHb NONAAIOMY Y PO3POOYT aNeopummis eiuboKo20 Ha6-
YQHHSL 0151 NIOBUYEHHSL MOYHOCMIE AHANIZY NAPAMEMPI8 GUPOOHUYMEA, A MAKONC Y OOCTIONCEHHT
EKOHOMIUHUX ACNEeKMiE NPOBAOICEHHS MAKUX MEXHONO02IU Y PI3HUX Ce2MEeHMAax Xapuogoi npo-
MUCTOBOCMI.

Knrwuoei cnosa: asmomamusayisi 6upoOHUYMEa, NpeOUKmueHa aumaiimuka, xioepgizuumi
cucmemu, KOHMPOIbL AKOCMI, Yyudposa mpanchopmayis.

Problem statement. Intelligent production line control systems in the food indus-
try based on machine learning are a key research area, as traditional approaches do not
provide sufficient adaptability to changing conditions, which leads to resource overruns
and reduced productivity. The introduction of machine learning allows automating data
analysis, predicting deviations, and optimizing production processes in real time, which
increases efficiency and product quality. The growing demands on the food industry
require the development of systems that are adaptable, energy efficient, and integrated into
digital platforms. The use of artificial intelligence in combination with sensor technologies
and cloud computing contributes to the implementation of the concept of smart factories,
where automated control ensures continuous process improvement. The scientific signif-
icance of the problem lies in the development of methods to improve the reliability and
efficiency of such systems, while the practical value lies in the creation of technological
solutions for automation and increasing the competitiveness of food enterprises.

The analysis of scientific research confirms that intelligent production line man-
agement systems in the food industry based on machine learning are aimed at improving
the efficiency of production processes, optimizing resources, and ensuring the stability
of food supply.

Research on the automation of production processes considers the potential of arti-
ficial intelligence to increase productivity, reduce costs, and minimize the impact of the
human factor. I. Kollia, J. Stevenson, S. Kollias [1] investigate how Al-oriented sys-
tems contribute to the efficiency and safety of food supply, emphasizing the importance
of optimizing logistics operations and demand forecasting. E. Drijver, R. Pérez-Dat-
tari, J. Kober, C. D. Santina, Z. Ajanovi¢ [2] analyze the use of reinforcement learning
algorithms to optimize packaging processes in the food industry, which reduces costs
and increases productivity. G. Bai [3] explores real-time technologies for optimizing
production lines in the food industry, demonstrating the role of intelligent systems in
improving operational efficiency. Further research should be aimed at assessing the
long-term impact of automation on the costs and productivity of food production, as
well as at analyzing the effectiveness of adaptive production lines.

In the field of production planning and management, research focuses on the use
of machine learning to improve the accuracy of forecasting and optimization of pro-
duction processes. J. P. Usuga Cadavid, S. Lamouri, B. Grabot [4] analyze the role
of artificial intelligence in the management of production processes, emphasizing its
importance in optimizing planning and control. O.E. Oluyisola, S. Bhalla, F. Sgarbossa
[5] investigate the development of smart production management systems in the context
of Industry 4.0, which allows to improve forecasting accuracy and reduce raw material
losses. J. Wang, Y. Ma, L. Zhang, R. X. Gao, D. Wu [6] describe the application of deep
learning for smart manufacturing, in particular in predicting production parameters and
process optimization. It is advisable to complement this area by analyzing specific cases
of Al implementation in production management and assessing its economic efficiency.
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In the context of digitalization of quality control and energy management, research
is aimed at improving safety standards and efficient use of resources. J. A. Garcia-Este-
ban, B. Curto, V. Moreno, I. Gonzalez-Martin, 1. Revilla, A. Vivar-Quintana [7] investi-
gate strategies for digitalizing quality control based on artificial intelligence algorithms,
emphasizing their role in improving food monitoring. I. Kumar, J. Rawat, N. Mohd,
S. Husain [8] analyze the possibilities of Al and machine learning in improving food
technology, focusing on improving product quality and safety. L. Zhu, P. Spachos,
E. Pensini, K. N. Plataniotis [9] investigate the use of machine vision for automated
product quality control, including defect recognition and sorting. Additionally, S. Bali-
uta, L. Kopylova, V. Kuevda, 1. Kuievda, I. Lytvyn [10] propose the development of an
intelligent energy management system based on forecasting electricity consumption in
food production, which helps to reduce energy costs and optimize resource use. Further
research should consider the integration of such technologies into large-scale produc-
tion and their ability to improve food safety standards.

A separate set of studies concerns the use of Al to ensure food safety. R. Khan [11]
analyzes the possibilities of artificial intelligence in the food industry, emphasizing its
role in preventing food threats and improving supply chain traceability. J. He, H. Huang,
Y. Wang [12] investigate the latest food detection technologies using machine learn-
ing to detect fakes and contaminants. M. R. Mahmood, M. A. Matin, S. K. Goudos,
G. Karagiannidis [13] conduct a comprehensive analysis of the use of machine learning
in agriculture, which affects the food industry through the optimization of growing and
storage of products. An important area for further research is to evaluate the effective-
ness of such systems in real production conditions and to develop integrated platforms
for food safety monitoring.

The general analysis shows that intelligent production line management systems in
the food industry based on machine learning are a key factor in increasing efficiency,
reducing costs, and ensuring product quality. Despite significant progress in the devel-
opment of intelligent production line management systems, issues related to the inte-
gration of machine learning, IoT, and predictive analytics into a single adaptive system
remain unresolved. The absence of unified standards makes it difficult to be compatible
with different production platforms, and most solutions focus on controlling individual
parameters without providing autonomous process adjustments in real time. Cybersecu-
rity issues have also been insufficiently explored, as loT integration increases the risk of
unauthorized access to production data, which can threaten the continuity of production
processes.

The proposed study fills these gaps by developing a conceptual model of an intel-
ligent system that combines automated control of technological parameters with the
ability to autonomously control production. The analysis of the use of machine learning
and IoT allows to improve the accuracy of deviation prediction, and the development
of approaches to strengthening cybersecurity contributes to the protection of data in the
digital production environment. The implementation of such solutions ensures not only
flexibility and adaptability of automated systems, but also increases their cost-effective-
ness and compliance with modern international standards.

The purpose of the study is to analyze effective approaches to automating produc-
tion lines in the food industry based on machine learning, robotics, and IoT.

To achieve this goal, the following tasks have been identified:

1. To analyze modern methods of automation of production lines in the food industry
and machine learning, artificial neural networks and IoT tools used for quality control
and optimization of technological parameters.
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2. Develop a conceptual model of an intelligent production process management
system and identify the main problems of its implementation in the food industry.

3. Provide recommendations on the practical use of intelligent control systems to
improve production efficiency, taking into account technological and organizational
challenges.

Summary of the keynote material. Automation of production lines in the food
industry is a key area of development in the industry aimed at increasing productiv-
ity, reducing costs and ensuring consistent product quality. Modern automation meth-
ods cover a wide range of technologies, including robotic systems, intelligent sensors,
machine learning, the Internet of Things (IoT), and cyber-physical systems. The use of
these solutions can significantly increase the level of control over production processes,
minimize the human factor and ensure continuous monitoring of process parameters.
Automated control systems are integrated with production lines to optimize logistics,
regulate the supply of raw materials, control temperature conditions, identify deviations
from quality standards, and predict technical failures (Table 1).

Table 1
Modern methods of automation of production lines in the food industry
and their characteristics

Automation method Main features Areas of application
Robotic manipulators | Automated packaging, Packaging lines, product sorting,
packing, and slicing machining
operations
Intelligent sensors and | Real-time monitoring of Control of storage conditions,
IoT temperature, humidity, automated parameter adjustment
equipment status
Machine learning and | Data analysis, fault Detecting deviations in product
predictive analytics prediction, parameter quality, preventing production
optimization stoppages a
Automated conveyor | Adjustable transport Optimization of logistics,
systems mechanisms with electronic | reduction of manual labor
control
Cyber-physical Integration of physical Modeling and optimization of
systems devices with digital models | production processes in real time

Source: compiled by the author based on [1; 2, p. 3; 7, p. 223; 8; 12]

Modern methods of automating production lines in the food industry are aimed at
increasing productivity, process stability and product compliance with international
standards. Robotic manipulators are used for machining, packaging, and packing, which
reduces dependence on the human factor and increases the accuracy of production oper-
ations. Intelligent sensors and IoT provide continuous monitoring of production condi-
tions, controlling parameters such as temperature, humidity, and contamination levels.
Automated conveyor systems help to optimize logistics and synchronize technological
stages, which reduces delays in production cycles. The use of machine learning allows
analyzing data flows in real time, optimizing production parameters and predicting
possible deviations [4, p. 1547]. Cyber-physical systems integrate physical production
processes with digital models, which allows virtual testing and improvement of techno-
logical schemes without risk to real production. The use of these methods contributes to
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the flexibility of production systems, cost reduction and increased automation of food
enterprises.

Machine learning, artificial neural networks, and IoT technologies form the basis
of modern intelligent control systems in the food industry, automating quality control
and optimizing process parameters. The use of these tools allows companies not only to
analyze large amounts of data in real time but also to predict possible deviations, which
significantly increases production efficiency. Artificial neural networks are widely used
for product defect detection, spectral analysis, and compliance assessment. [oT technol-
ogies provide continuous monitoring of process parameters, allowing timely response
to changes in production conditions. Predictive analytics plays an important role in pre-
dicting equipment malfunctions and optimizing costly processes (Table 2).

Table 2
Machine learning, neural networks and IoT tools in quality control and
production optimization

Tool Appointment Example of application
Deep Learning Defect detection, image Product quality control using
recognition, spectral data computer vision
analysis
Artificial neural | Classification, forecasting, Automatic detection of non-
networks (ANN, | parameter optimization compliance with standards (ISO
CNN, RNN) 22000, HACCP, 16.BRCGS)
Predictive Predicting equipment failures, | Minimize downtime through early
analytics analyzing process efficiency |detection of technical deviations
Internet of Things | Equipment condition Optimization of storage and
(IoT) monitoring, temperature and | transportation of raw materials
humidity control
Smart sensors Product tracking in the Automate the supply chain and
and RFID production cycle, logistics reduce product losses
technologies control

Source: compiled by the author on the basis of [1; 3, p. 1191, 4, p. 15-35; 6, p. 146;
7, p. 222; 8; 14-16]

The application of these technologies in practice contributes to an integrated approach
to quality control and production management. Computer vision based on deep learning
is used for automated defect detection, which can significantly increase the accuracy of
inspection compared to visual inspection [6, p. 149]. Neural networks perform product
classification and help manufacturing companies optimize their compliance processes.
Predictive analytics allows not only to prevent equipment malfunctions but also to opti-
mize costs by determining the most efficient technological modes. [oT systems provide
continuous monitoring of critical parameters such as temperature, humidity, and con-
tamination levels, which is especially important for the food industry [13, p. 2580]. The
use of RFID tags and smart sensors contributes to the automation of logistics processes,
allowing enterprises to control the movement of raw materials and finished products
in real time. In modern conditions, such solutions ensure high efficiency of production
processes, minimize the risks of non-compliance with standards and help reduce costs.

An intelligent production process control system in the food industry is a complex
adaptive platform that combines machine learning algorithms, neural networks, IoT
technologies, and predictive analytics to optimize production. Such a system is needed
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to improve the efficiency of production lines, reduce quality control costs, automate
decision-making processes, and increase overall enterprise productivity. Unlike tradi-
tional automated solutions that operate according to strictly defined algorithms, the pro-
posed model has the ability to self-learn, analyze large amounts of data in real time, and
predict possible deviations in equipment operation.

The conceptual model is based on the integration of several key components: a sen-
sor system for data collection, a central analytical module based on machine learning,
predictive analytics for predicting possible failures, and adaptive management of pro-
duction parameters. It involves the use of IoT devices that transmit information to a
cloud or local analytical system, where the received data is processed. Neural network
algorithms analyze production parameters, recognize anomalies, and make optimal
decisions about equipment settings or the need for maintenance (Fig. 1).

IoT sensors Predictive analytics Proc.luction
equipment
T~ =4 Poal
Central analytical Adaptive control
module
_—
Local database Equipment
maintenance

Fig. 1. Conceptual model of an intelligent control system
for production processes in the food industry

Source: author’s own development

The proposed conceptual model of an intelligent production process control system
involves the integration of IoT sensors, an analytical module based on machine learning,
predictive analytics, and adaptive production control. IoT sensors collect data on key
parameters of the production process, including temperature, humidity, product flow
rate, and equipment condition. This data is transmitted to a central analytical module
that processes it using machine learning algorithms and detects anomalies.

A local database is used to store historical data and generate trends, which improves
forecasting accuracy. Based on the analysis, predictive analytics calculates the prob-
ability of equipment failures or product quality deviations, after which the adaptive
control module makes the necessary adjustments to the production process. This may
include changing process parameters, activating additional checks, or initiating preven-
tive maintenance of equipment.

Thanks to this approach, the system reduces downtime, reduces repair costs, improves
product quality, and optimizes resource utilization. The use of feedback between pro-
duction equipment and IoT sensors allows the system to learn from the data received,
which increases its efficiency in the long run. The implementation of this model con-
tributes to the transition of food companies to smart production, where processes are
controlled automatically with minimal human intervention.

The introduction of automated systems in the food industry is accompanied by a
number of challenges that cover technical, economic, organizational and regulatory
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aspects [4, p. 1545]. One of the main problems is the high cost of modernizing produc-
tion lines, which includes the purchase of robotic equipment, integration of IoT technol-
ogies and implementation of intelligent control systems. Many enterprises, especially
small and medium-sized businesses, face financial constraints, which complicates the
introduction of full automation and forces them to use mixed production models with
partial involvement of manual labor [12].

Technical difficulties are associated with the compatibility of new automated solu-
tions with old production lines, which requires significant costs for adaptation and mod-
ernization of infrastructure [2, p. 5]. The lack of common standards for hardware and
software integration creates problems when implementing integrated control systems
that combine IoT, machine learning, and predictive analytics. The quality of input data
is also a significant challenge, as the effectiveness of analysis and forecasting algorithms
depends on the accuracy, completeness, and speed of processing information received
from sensors and other sources [13, p. 2571].

Organizational barriers include the need to retrain staff to work with new automated
systems, which requires significant time and financial resources. Employee resistance
to change can also slow down the modernization process, as automation is often per-
ceived as a threat to traditional jobs [12]. Implementation of such systems requires a
new approach to human resources management, expanding employees’ competencies
and creating professional adaptation programs.

Regulatory requirements in the food industry, including compliance with interna-
tional safety standards such as ISO 22000 [14], HACCP [15], and BRC Global Standard
[16], impose additional restrictions on the implementation of automated systems. Such
standards require strict quality control, documentation of processes, and compliance
with sanitary and hygienic standards. The use of intelligent control systems requires
advanced cybersecurity mechanisms, as the integration of IoT solutions and cloud plat-
forms increases the risks of unauthorized access, possible failures and cyber threats
[6, p. 151].

Optimization of production processes in the food industry with the help of intelligent
control systems requires not only technical implementation but also a strategic approach
to their integration. Given the identified problems, the primary task is to gradually intro-
duce automated systems, which will allow enterprises to minimize the risks associ-
ated with the high cost of modernization and the complexity of adapting the existing
infrastructure. The choice of technologies should be based on a thorough analysis of
production needs, assessment of economic feasibility and compliance with food safety
standards, including ISO 22000 [14], HACCP [15], BRC Global Standard [16], FSSC
22000 [17] and IFS [18].

Successful integration of intelligent control systems is possible if solutions are grad-
ually implemented that maximize the effect at minimal cost. For example, the initial
stage may involve the installation of smart sensors and IoT devices to monitor crit-
ical parameters, which will allow the company to assess the real capabilities of the
technology without significant interference with production processes. The next stage
involves connecting analytical platforms that use machine learning algorithms to predict
malfunctions and optimize equipment performance. This will help reduce maintenance
costs and prevent unplanned production outages.

An important aspect is to train staff to work with new technologies, which requires
the implementation of training programs and adaptation of the company’s organiza-
tional structure. Employees should acquire the necessary skills to work with analyti-
cal systems, as well as an understanding of cybersecurity principles to minimize the




XapuoBi TeXHOJIOTI] |

| 407

risks of unauthorized access to production data. Additionally, the integration of quality
management systems should be considered, which will automate the control of product
compliance with established standards and reduce the risk of deviations.

The long-term effectiveness of automated systems depends on their ability to scale
and adapt to changing market conditions. Investing in flexible platforms that support
algorithm updates and integration with new technological solutions will allow busi-
nesses to remain competitive in the face of the dynamic development of the food indus-
try. Creating a unified information ecosystem where all production elements are inte-
grated into a single management network will significantly increase efficiency, reduce
production costs and ensure the stability of technological processes.

It has been established that automation of production processes in the food industry
is a key factor in increasing efficiency, reducing costs and ensuring compliance with
international quality and safety standards. The proposed conceptual model of an intel-
ligent control system is based on the integration of IoT sensors, machine learning, and
predictive analytics, which allows automating the control of technological parameters
and reducing the risk of deviations in production.

The main challenges of implementing such systems are the high cost of moderniza-
tion, the complexity of integration with existing equipment, the lack of digital readiness
of enterprises, the need for staff training and compliance with ISO 22000, HACCP, BRC
Global Standard, FSSC 22000 and IFS standards.

A phased introduction of IoT technologies, machine learning for parameter analysis,
and predictive maintenance to minimize downtime is recommended. Particular attention
should be paid to staff training and the development of strategies for the gradual digi-
talization of enterprises.

Prospects for further research are focused on improving automated control models,
increasing the accuracy of production data analysis algorithms, and assessing the eco-
nomic efficiency of implementing intelligent systems at real enterprises.
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