206 KBAJIUTIOTIS KHUTY * 2026 / 1 (49)

UDC 004.057.3+004.451.53+655.1

REFERENCE ARCHITECTURE FOR INDUSTRIAL INTERNET
OF THINGS BIG DATA ANALYTICS IN SHORT-RUN PRINTING

T. V. Neroda'
Institute of Printing Art and Media Technologies in Lviv Polytechnic National

University, 19 Pid Holoskom St., Lviv, 79020, Ukraine;,
ORCID: 0000-0002-5728-7060, e-mail: tetyana.v.neroda@lpnu.ua

@ WOE Jliyensis Creative Commons Attribution 4.0 (CC BY 4.0).

EY MC MDD

Scientific research on engineering solutions for the integration of streaming and
stored data flows remains insufficient, which complicates the implementation of end-
to-end analytics, reduces production process transparency, and limits timely response
to deviations in technological parameters. The relevance of this issue is emphasized, and
the development of a parametric model for integrating operational printing production
systems with target Big Data platforms for analytical processing of Industrial Internet
of Things telemetry flows is justified. A multi-layer model of Big Data generation within
a network of printing enterprises is structured, encompassing the communication layer
of web-to-print order intake, the organizational layer of Customer Relationship Mana-
gement and Enterprise Resource Planning information systems, and the technological
layer of the production hub. The specific characteristics of file-based, event-based, and
telemetry data flows at each layer are described, enabling the systematization of data
sources according to their types and generation conditions.A mathematical formaliza-
tion of production event flows is carried out, based on which the design of an event-dri-
ven reference architecture of a full-stack technological solution based on edge and cloud
services is performed, eliminating fragmentation of the technology stack and ensuring
an end-to-end cycle of analytical processing of heterogeneous production data.

Keywords: short-run printing, Big Data, production metrics, event-driven layer,
edge and cloud services, end-to-end analytics.

Problem statement. Intensive digitalization of printing production, driven by the
proliferation of network-integrated printing equipment, the development of software-
controlled systems for data preparation and processing, and the implementation of web-
oriented order intake and production planning services, leads to the rapid accumulation
of large-scale and structurally heterogeneous datasets. In the domain of short-run prin-
ting, these data emerge in the form of streaming equipment telemetry, technological
process logging, metadata of graphic file processing, and transactional records of ma-
nagement information systems. A key characteristic of such data is high ingestion ra-
tes combination, formats heterogeneity, and the requirement for targeted utilization
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to support mechanisms of streaming integration, asynchronous processing, and high-
performance querying, while simultaneously ensuring production continuity and real-
time decision support.

The accumulation of large volumes of heterogeneous data requires the application
of integrated approaches to the organization of storage systems and processing work-
flows that enable the combination of traditional relational databases, analytical data wa-
rehouses, and caching systems with message streaming brokers and asynchronous pro-
cessing tools. Such integration provides a unified technological pipeline that supports
continuous ingestion, aggregation, and analysis of data from different types and sources.
At the same time, it is necessary to consider the specific conditions of small and medium-
sized printing enterprises, particularly limited computational resources and a minimal
number of specialists capable of administering complex distributed systems, which de-
termines the feasibility of using cost-efficient and interoperable software components.

Analysis of recent research and publications. The search for approaches to the
development and improvement of Big Data processing methods across various do-
mains and types of industrial organizations constitutes a significant research cluster in
contemporary scientific studies, encompassing the analysis of existing models for pro-
cessing streaming and stored data, their capabilities evaluation and limitations, as well
as comparison of practical implementation outcomes in manufacturing and service en-
vironments.

In the production domain, multilayer stream processing models combine data ag-
gregation, transformation, and real-time analytics, ensuring a consistent representation
of heterogeneous data flows and improving the accuracy of detecting deviations in
technological parameters [1]. Studies on the integration of sensor and operational data
demonstrate the effectiveness of approaches based on distributed processing and adaptive
resource management, which enable reduced latency and improved data consistency in
complex production systems [2].

In analytical processing domain of stored data within business and service or-
ganizations, research efforts are focused on the development of multidimensional models
for analyzing transactional, customer, and logistics data, as well as on integration of
statistical and machine learning approaches for demand forecasting and risk assessment
[3]. The proposed models enable the integration of structured and semi-structured data,
supporting formation of adaptive analytical frameworks and improving decision-making
efficiency. Studies further emphasize the applicability of hierarchical data organization
approaches that provide scalability and flexibility of analytical processing under increasing
data volumes, particularly in categorized processes of short-run printing production [4].

A separate research direction is associated with the development of Big Data pro-
cessing models for small and medium-sized enterprises, where resource constraints de-
termine the need for economically justified and technologically simple solutions [5, 6].
The cited studies propose hybrid architectural approaches that integrate asynchronous
processing, multi-level caching, and adaptive data aggregation mechanisms, enabling
the handling of heterogeneous information sources while maintaining a controlled level
of system complexity [7].
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Analysis of the reviewed publications indicates the presence of approaches aimed
at reducing barriers to the adoption of Big Data technologies in resource-constrained
enterprises, demonstrating significant interest in and demand for methods that enable a
balance between data consistency, flexibility, and processing efficiency, thereby opening
opportunities for further investigation of reference design approaches for full-stack
solutions in small and medium-sized organizations. However, the issue of consistent in-
tegration of different data types [8] within a unified technological pipeline [9] remains
insufficiently addressed. Existing approaches to the organization of information in-
frastructure in small business environments [10] are predominantly oriented toward the
isolated use of individual software solutions performing accounting, file preparation, or
equipment management functions [11]. Under such conditions, a unified model for the
integration of streaming and stored data is absent, which complicates the implementation
of end-to-end analytics, reduces the transparency of production processes, and limits
the capability for timely response to deviations in technological parameters [12]. An
additional factor is the use of diverse communication protocols and data representation
formats, which complicates their unification and subsequent processing [13].

The situation is further constrained by the limited resources of small and medium-
sized printing enterprises, which are characterized by restrictions in production capa-
city and computational infrastructure [9], absence of specialized support services for
complex distributed systems, and the requirement to minimize costs associated with
software deployment and operation [12]. Consequently, the adoption of full-scale
enterprise Big Data processing platforms [13] is economically and organizationally
impractical, whereas simplified solutions [14, 15] do not provide the required level of
integration and analytical capabilities. Accordingly, there is a need for a holistic ap-
proach to the design of a reference architecture for Big Data processing that considers
the specific characteristics of rapidly generated data sources throughout the order
fulfillment lifecycle, ensures consistent integration of streaming and transactional da-
ta, and accounts for the resource constraints of small and medium-sized printing en-
terprises. The deployment of such an architectural solution should incorporate intero-
perable software components capable of supporting reliable data collection, storage,
and processing across heterogeneous data types within a unified technological pipeline,
with the capability for subsequent scaling.

Aim of article is to develop a parametric model for integrating short-run printing
production systems with target Big Data platforms for the analytical processing of
Industrial Internet of Things telemetry flows and to design an event-driven reference
architecture of a full-stack technological solution based on edge and cloud services.

Presentation the main research material. Arrays of production telemetry nodes
integrated with web-to-print platforms and telemetry flows form a multi-layer model
of potential spontaneous Big Data generation within a network of printing enterprises.
The structure of these data is characterized by high dynamics, heterogeneity, and a
complex hierarchy of events and attributes, necessitating the formalization of data flows
and parameterization for subsequent analytical processing and the design of reference
architecture.
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In the study of potential Big Data sources within networks of short-run printing
enterprises, data flows are examined in relation to the order fulfillment processes during
which they are generated. Since these processes belong to different segments of the
printing-oriented infrastructure and involve the generation of heterogeneous data types,
treating them as a homogeneous dataset complicates the identification of data generation
and accumulation patterns. Therefore, for further analysis of Big Data sources, the pro-
duction system should be represented as a structured model that associates data genera-
tion with corresponding process groups (Fig. 1). Such representation provides a basis for
the organization and classification of data sources according to the types of data gene-
rated during print job execution and subsequent system operation.
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Fig. 1. Parametric model of workflow circulation in short-run printing production

At the communication layer of order intake (web-to-print), Big Data sources are
represented by customer layout files, Portable Document Format documents, graphic
templates, and media files uploaded through web platforms. Event-driven flows include
incoming orders, order status changes, user sessions, Application Programming Interface
requests, and access logs. Each of these elements forms an initial data flow transmitted to
the organizational layer of order management systems. The volume and structure of such
data depend on the intensity of user activity, the number of simultaneously submitted
orders, and the diversity of file formats, determining potential peak loads and conditions
for spontaneous Big Data generation.

At the organizational level of order management systems (CMS/MIS), data acquire
a structured form and include print job files, production instructions, intermediate PDF
files, and prepress processing files. Event flows comprise order creation and updates,
workflow state transitions, and user and system activity logs. At this level, incoming
flows from the web-to-print platform are aggregated and transformed, resulting in struc-
tured order and event flows transmitted to technological layer of the production hub.
The structure of files and events at organizational level is characterized by increased
variability and dynamic behavior, as workflow state changes and task modifications may
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occur asynchronously, leading to temporary accumulation of heterogeneous data arrays
with varying structures.

The technological layer of the production hub constitutes the primary source of
Big Data within the short-run printing production system. File-based data include RIP
data, raster print images, and postpress files, including branded PDF files and layouts
for folding and cutting operations. Event flows comprise print job execution statu-
ses, equipment failures, and job queues within prepress and printing systems. In addi-
tion, this layer generates telemetry encompassing equipment performance indicators,
diagnostic signals, process parameters, and machine sensor data. The concentration of
event, file-based, and telemetry data at the technological layer determines the largest
volume of information subject to analytical processing and creates conditions for the
spontaneous emergence of Big Data flows during peak workloads or equipment ano-
malies.

Thus, event data are present at each layer of the production environment; howe-
ver, their characteristics and structural complexity vary according to process specificity.
Web-to-print layer is responsible for user-generated data and interaction events, organi-
zational layer performs aggregation, transformation, and routing of data flows, whereas
technological layer concentrates resulting files, production events, and equipment tele-
metry. This multilayer classification of Big Data sources provides basis for paramete-
rizing data flows, developing integration models with Big Data platforms, and designing
an event-driven reference architecture for analytical processing of production telemetry
in short-run printing.

Event flow formalization in IloT systems for short-run printing requires conside-
ration of data source specificity, heterogeneity of structural representations, differences
in generation frequency, and subsequent analytical utilization within the production en-
vironment. In contrast to traditional information systems, where data are predominant-
ly transactional and accumulated in structured form, short-run printing environments
are characterized by the concurrent operation of multiple independent event-generation
domains, including network-integrated printing equipment, prepress graphic file pro-
cessing systems, web-to-print services, production information systems, and operator
actions associated with technological operations. Under these conditions, the establish-
ment of a unified analytical environment requires prior formalization of event genera-
tion, transmission, and aggregation mechanisms describing the state of the production
system.

In general, the short-run printing production environment can be represented as a
set of data sources (1):

S=1{s,,85, ....8 }, (1)
where each element of the set s, corresponds to a distinct class of production data sources.
Such sources include digital printing presses, RIP-systems, order management software
modules, web-based layout submission interfaces, warehouse material tracking systems,
and sensor devices for monitoring physical equipment parameters. Representing data
sources as a set enables a platform- and hardware-independent description of the infor-
mation environment and supports subsequent scalability of the architecture.
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Each source generates a stream of production events whose intensity and structure
are determined by the characteristics of the technological process. The event stream for
an individual source can be represented as (2):

E(t)=1e,e, .., e}, 2)
where E () denotes the set of events generated by source s, within the time interval ¢,
and each element e corresponds to an individual production event. Such events include
print job initiation, completion of an order execution cycle, material feed errors, color
correction parameter adjustments, completion of raster image processing, job queue state
changes, or operator interventions in the printing process. Within a single production
shift, the number of events may reach tens of thousands of records, while in a network of
printing facilities they may form a near-continuous high-volume data stream.

A key characteristic of streaming data is arrival intensity, which determines the load
on the information infrastructure and influences the selection of processing mechanisms.
For an individual source, stream intensity is defined as the number of events generated
by source s, within a time interval Az. This formulation captures heterogeneity across
sources that produce data at different temporal granularities, ranging from equipment
telemetry generated at sub-second intervals to events associated with the completion of
discrete production operations or the creation of transactional records.

However, individual event flows (2) do not provide a complete representation
of the production process, as they reflect only local states of individual subsystems.
Consequently, there is a need to integrate heterogeneous event flows within a unified
information pipeline. The aggregated production event flow can be represented as (3):

F()=2 E ). 3)

where F(¢) denotes the integrated set of events received from all sources within the pro-
duction system. This representation enables the fusion of equipment telemetry data, pre-
press file processing events, order lifecycle information, and administrative transactions,
thereby providing an end-to-end representation of the print job execution lifecycle.

Nevertheless, the integrated data flow in its initial form (3) is not directly suitable for
analytical processing due to significant heterogeneity, redundancy, and lack of contextual
structuring. Consequently, the next step involves analytical event aggregation aimed at
constructing structured representations of production processes. The generalized repre-
sentation of this process can be expressed as (4):

4,=f(F().p,) @)
where 4, denotes the analytical representation of production data obtained by applying
the transformation function fto the integrated event flow F(¢), subject to aggregation
parameters p,. Such parameters may include the observation time interval, equipment
type, order identifier, category of technological operation, or production unit.

In practical implementation, aggregation involves transforming discrete events into
structured analytical representations suitable for production state monitoring, statistical
dependency modeling, and detection of deviations in technological parameters. Event
sets associated with an individual order can be aggregated into temporal characteristics
of file preparation stages, print execution duration, equipment stoppages, or job re-runs.
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Similarly, telemetry streams can be grouped into time windows to evaluate equipment
load levels, error frequency, and deviations from prescribed process parameters.

The formalization of event flows and their analytical aggregation enables a tran-
sition from fragmented accumulation of heterogeneous production records to a struc-
tured representation of short-run printing processes, establishing a foundation for sub-
sequent design of an integrated analytical architecture for Big Data processing in the
Industrial Internet of Things. Representation of the production hub as a set of data
sources generating an integrated event stream highlights the asynchronous nature of data
ingestion, heterogeneity of data formats, and the need to unify telemetry, transactional, and
process-level data within a single information pipeline (Fig. 2). Under these conditions,
the designed full-stack architecture must provide an event-driven interaction mechanism
capable of supporting independent message ingestion from heterogeneous production
sources without compromising processing integrity. Concurrently, the construction of
analytical representations of production data requires separation of operational storage
and historical data retention layers, necessitating distinct mechanisms for low-latency
access and long-term analytical storage.
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Fig. 2. Full-Stack Integration of the Production Hub with a Cloud-Based Analytical Layer
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Heterogeneity of data sources necessitates support for multiple exchange for-
mats and system scalability without altering the core logic of production data flow.
Consequently, the proposed reference architecture for Industrial Internet of Things Big
Data analytics in short-run printing constitutes a layered full-stack system built upon
a unified event-driven data transmission and processing pipeline. At the data source
layer, IIoT connectivity modules interfacing with production equipment via MQTT and
OPC UA enable standardized acquisition of machine state telemetry, print parameters,
process cycle events, and service signals (3). An additional data source is the Web-to-
Print subsystem, which generates order lifecycle events and digital layout metadata (2).
Event unification and delivery are implemented via Redpanda as a unified streaming
broker acting as an ingestion layer, providing buffering, ordering, and routing of events
while eliminating the need for multiple heterogeneous queues. All production and user-
generated events are transformed into standardized messages and propagated through a
unified streaming pipeline, thereby bridging operational and analytical processing layers.

The computational processing layer is implemented using a microservice archi-
tecture based on Java and Spring Boot. Services perform event-driven stream proces-
sing, including event filtering, normalization, and aggregation into intermediate ana-
lytical structures. Inter-service communication is realized via Redpanda, enabling an
asynchronous data exchange model without dedicated message queues. The API Gateway
provides a unified access point through REST interfaces for client applications and
integration components. The data storage layer is separated into operational and analytical
domains. Operational data are maintained in PostgreSQL as transactional backbone of
production system. Redis is used for caching, providing low-latency access to order sta-
tes and production queues. MinlO object storage, compatible with the S3 interface, is
employed for storing templates, graphical assets, and large production workflow files.
The analytical layer is implemented using ClickHouse, which accumulates aggregated
events and supports near real-time analytical query execution. The analytical processing
layer derives secondary indicators from aggregated event streams, including time series
of production metrics, consolidated equipment load characteristics, and statistical esti-
mates of process deviations (4). Processing results are delivered to visualization sub-
system implemented as a React-based web client, providing real-time representation of
production status and analytical indicators.

The proposed architecture constitutes a coherent system in which Redpanda serves
as a unified event core, microservices provide distributed processing, and ClickHouse
and MinlO implement the analytical and object storage layers, respectively. This design
enables an end-to-end data processing pipeline from IloT data sources to analytical re-
presentation, eliminating fragmentation across the technology stack.

Conclusions. The proposed target model for Industrial Internet of Things big data
processing in small and medium-sized short-run printing environments integrates an
event-driven paradigm for production data circulation with a multilayer structure for
analytical processing. The architecture enables consistent transformation of technological
equipment telemetry streams and order lifecycle events into a standardized analytical
representation suitable for aggregation, anomaly prediction, and visualization of
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production metrics. Integration of edge and cloud computing layers provides functional
separation of data ingestion, preprocessing, and analytical interpretation for high-velocity
and structurally heterogeneous data streams. The resulting full-stack reference architecture
supports incremental scaling of production capacity, is compatible with commonly used
print-oriented infrastructures, and ensures interoperability required for system expansion,
migration, and integration across heterogeneous production environments.
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Hocnioaceno Oacepena cmpimko2o HAKONUYEHHS 3SHAUHUX 3a 00CA2OM [ PI3HOPIOHUX
34 YCKAAOHEHOI0 CHPYKMYPOIO MACUBI8 OAHUX 8 NONICPADIUHO-0PIEHMOBAHTI BUPOOHUNYITLL
iHghpacmpyxkmypi. Haconoweno na eaxciusocmi 3acmocy8ants KOMNIEKCHUX Ni0X00i8
00 HAKONUYEHHS Md ONPAYIOBAHHS OAHUX, WO 003B0JAI0ONMb NOEOHYBAMU MPAOUYTUHT
penayiiuni 6a3u OaHUX, AHALIMUYHI CXO8UWA MA CUCEMU KeWYSaHHs 3 NOMOKOBUMU
Opoxepamu nogioOMIeHb 1| IHCMPYMEHMAMU ACUHXPOHHOI 00poOKU. Buxonano auanis
OCMAHHIX 00CNIONCEHb MA NEepedosUX NPAKMUK U000 Y32000ceHOl iHmezpayii pis-
HOMUNOBUX OAHUX Y MEICAX €OUHO2O MEXHOL02IUHO20 KOHMYpPY OJid Opeawizayii iH-
dopmayitinoi iHdpacmpykmypu niOnpueMcms i3 0OMENCeHUMU OOUUCTIOBATbHUMU
pecypcamit, KUl npOOeMOHCMPY8A8 GIOCYMHICMb Y320024ceHol Modeni inmezpayii no-
MOKOBUX | HAKONUYEHUX OAHUX, W0 VCKIAOHIE pPeani3ayild HACKPI3HOI aHAnIimuxu,
SHUIICYE NPO30PICMb SUPOOHUHUX NPOYECI8 T 00MENCYE MONCTUBOCTI ONEPATNUBHO2O
peazysanus Ha GIOXULeHHs mexnonoziunux napamempis. Ilokazano axmyanvHicms ma
0OIPYHMOBAHO OOYLIbHICIb PO3POONEeHHT napamempudroi mooeni inmeepayii eupoo-
HU4UX cucmem onepamusroi nouiepaghii 3 yireoeumu niameopmamu Big Data ons
aunanimuunoi 0opobKu nomoxie meiremempii npomuciogozo inmepneny peueti Cmpyx-
MypPo6aro 6azamopienegy Mooelb GUHUKHEHHS 8eIUKUX OAHUX Y Mepedici nouiepagiu-
HUX NIONPUEMCME, KA OXONIIOE KOMYHIKAYIUHUL pi6eHb NPULIOMY 3AMOGNEHb, 0p2d-
HI3QYIUHUIL PiBeHb cUCmeM KepyBauHs md MeXHON02IYHUL PIGeHb GUPOOHUU020 XAOD).
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Oxapaxmepusosano cneyughixy ¢haiinosux, nodiesux i menemempuyuHux nomoxie s
KOJCHO20 PiGHSsL, WO 00360NUNO CUCMEMATU3Y8AMU Odcepela OaHUX 3a MUnamu i ymo-
samu ix eenepayii. 30iticneno mamemamuyHy opmanizayiro NOMoKi6 UPOOHUUUX NO-
Oill, Ha OCHOBI U020 BUKOHAHO NPOEKMYBAHHS NOOIEBO-OPIEHMOBANOT peepencoi ap-
XimeKmypu no6HOCMEKO6020 MEXHOIO02TUHO20 PIULEHHA HA OCHOBI MENCOBUX M A XMAPHUX
cepesicis, wjo ycysae ppasmeHmayio mexHoi02iyH020 CmeKy ma 3a0e3neuye HACKpi3HUll
YUK AHATTMUYHOT 00POOKU PIZHOPIOHUX BUPOOHUYUX OAHUX.

Knrwouogi cnosa: onepamuena nonicpais, senuxi 0aui, 8UpoOHUYT MEMpuru, nooie-
80-0PIEHMOBAHULI KOHMYP, MENHCOBI MA XMAPHI cepaicu, HACKPI3HA aHATIMUKA.
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