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Abstract—The evolution of Industry 4.0 demands seamless
integration of intelligent assets capable of interoperating across
various systems and contexts. This paper proposes an interoper-
ability evaluation in intelligent systems structured according to
the Industry 4.0 principles, namely the Reference Architecture
Model Industrie 4.0 and the Asset Administration Shell as a
digital representation standard. Two intelligent system architec-
tures were developed and compared: a centralized approach
emphasizing data interoperability and a federated learning
setup demonstrating model interoperability. Both scenarios were
validated using a realistic predictive maintenance dataset, and
interoperability was assessed through metrics related to model
performance, computational cost, and data quality. Semantic
interoperability was also qualitatively analyzed, highlighting the
importance of standardized data dictionaries. The results show
that while the centralized model achieved higher predictive
performance, the federated approach provided computational
efficiency and data privacy without loss of interoperability. The
study also highlights the impact of technology-related constraints,
such as limitations of the machine learning framework, on the
outcomes of interoperability. These findings demonstrate the
viability of AAS-based architectures for developing intelligent,
interoperable Industry 4.0 systems.

Index Terms—Interoperability, Industry 4.0, Intelligent Sys-
tems, Federated Learning

I. INTRODUCTION

Industry 4.0 (I4.0) represents a transformation driven by
the integration of information and communication technologies
into industrial systems [1]], responsible for providing new func-
tionalities to assets, in addition to their native functionalities. It
aims to create Smart Factories, with intelligent processes that
adapt to market demands and enable effective interconnection
among system entities [2].

The intelligence of Smart Factories is primarily artificial,
often enabled by artificial intelligence (AI) techniques, partic-
ularly machine learning (ML) and deep learning (DL), which
allow assets to learn from data and adapt to dynamic environ-
ments [3]], [4]. These techniques support flexibility, production
robustness, energy efficiency, and continuous learning, making
data a central resource for intelligent behavior in 14.0 systems.
Equally important is interoperability, which ensures that assets
can be effectively integrated and interact within industrial
processes. Several initiatives have highlighted interoperability
as a foundational requirement for the digital transformation
envisioned by 14.0 [5].

Although prior studies offer valuable frameworks for inter-
operability in Industry 4.0 [6]-[9], they often lack empirical



validation, particularly in distributed or multi-agent contexts,
and typically focus on intra-asset integration. This paper
presents a practical approach based on the Asset Admin-
istration Shell (AAS) for integrating assets into intelligent
systems. Each asset is structured as an Industry 4.0 Component
(I4.0C), comprising two digital parts specified according to
AAS standards. These components interact—either directly
or via their virtual counterparts—to form intelligent cyber-
physical systems (CPS). The virtual part serves to configure
assets and streamline their integration. The proposed approach
was evaluated in two scenarios: a centralized system and
a distributed system based on federated learning (FL). The
main contribution of this work is to empirically demonstrate
how I4.0 standards, particularly RAMI 4.0 and AAS, can
be effectively applied to support interoperability in intelligent
systems.

The remainder of the work is organized as follows: Section
presents a technological context of the interoperability-
related topics necessary for this paper. Section presents
a literature analysis of related works. Section describes
the approach adopted in this work for the development of
interoperable intelligent systems from both centralized and
federated perspectives. Section [V] presents the results obtained
from experiments conducted with these systems in simulated
environments. Finally, Section describes the conclusions
derived from this paper.

II. TECHNOLOGICAL CONTEXTUALIZATION
A. Interoperability in Intelligent Systems

Interoperability is the ability of devices, applications, and
systems to interact, exchange data, and use this information
efficiently [10]. This capability is essential for ML and DL
models to operate in conjunction with different systems and
technologies, eliminating the need for manual adaptations. In
this context, interoperability in ML and DL emerges as a
crucial aspect to enable different technologies and systems to
communicate and operate in different scenarios without com-
promising efficiency, information integrity or model quality
[10].It is not just a technical capability but a central element to
effectively integrate diverse systems and technologies, meeting
the growing demands for collaboration and efficient informa-
tion exchange without compromising model performance and
quality.

Interoperability is a multidimensional concept encompass-
ing organizational, technical and semantic levels [11]. This
work focuses on the semantic aspect, more specifically on
the exchange of data and models in cyber-physical intelligent
systems. Ensuring that information is consistently interpreted
and usable across platforms pertains to data exchange, while
the ability to transfer and execute models in heterogeneous
environments relates to model integration. Data-related as-
pects are typically evaluated through metrics such as data
quality (conversion success, error rates, availability), similarity
(semantic and structural alignment), and effectiveness (com-
pleteness and missing values). The model-related aspects are
assessed based on computational cost, model performance,

and preservation of original characteristics. Together, these
dimensions provide a comprehensive basis for analyzing in-
teroperability in intelligent systems.

B. Asset Administration Shell

The AAS is the standardized digital representation of an
asset in the context of Industry 4.0. It provides a minimal,
unique, and sufficient asset description from different perspec-
tives relevant to each use case [12]. The AAS represents an
asset’s digital and standardized form in the context of 14.0,
which in turn ensures interoperability between components
[13]. An asset, physical or logical, is described through a
set of standardized elements organized in a rigid, hierarchical
structure. The combination of an asset and its AAS gives rise
to the 14.0C [14], which consists of the combination of the
real and digital worlds. Combining these two elements enables
services and functionalities to be offered on the standardized
network for interaction between 14.0Cs.

The AAS elements are divided into two main classes:
Identifiable and Referable [[13]]. Identifiable elements have a
globally unique identifier and may include proprietary domain-
specific identifiers. Key subclasses include the AAS itself,
the Asset it describes, and the Submodel, which allows an
asset to be represented from different functional or domain-
specific perspectives. Submodels are composed of Submodel
Elements, which form a broad superclass encompassing other
classes such as Data Elements and Property. The “Property”
subclass plays a central role in this work, as it defines asset
characteristics (e.g., model parameters, hyperparameters, data
fields) using standardized formats such as those from the IEC
61360 Common Data Dictionary (CDD) and eCl@ss [12],
(15[, [16].

This structure ensures that both data and models can be
represented consistently across assets, enabling semantic in-
teroperability. By anchoring descriptions in standard reposi-
tories, the AAS minimizes ambiguity and facilitates reliable
automation and analytics across diverse industrial contexts.

III. RELATED WORKS

Interoperability in 14.0 intelligent systems has been widely
explored. Prior works have addressed integration at various
levels, often focusing on data and model exchange. Among
these, some proposals stand out for their alignment with the
principles and goals of this work.

Bousdekis and Gregoris (2021) [[17] propose an architec-
tural framework for big data-driven processes in Industry
4.0, grounded in the principles of RAMI 4.0 and the AAS.
The framework addresses interoperability across technical,
semantic, and organizational layers, with an emphasis on
integrating predictive analytics within the scope of a single
asset. Semantic interoperability is supported through structured
Submodels and standardized data representations that promote
consistency across layers. Although based on similar architec-
tural principles, the approach presented in the current study
differs in both scope and application. The focus here is on
coordinating multiple interoperable 14.0Cs within intelligent



systems environments. In contrast, the framework in [17]
concentrates on intra-asset interoperability without evaluating
interaction among distinct 14.0Cs. The contribution of the
present study lies in demonstrating cross-asset interoperability.

Sun et al. (2020) [18]] propose an architecture that extends
the RAMI 4.0 by integrating Distributed Ledger Technology
and semantic modeling to address challenges related to data
transparency, privacy, and interoperability. While it presents
relevant contributions, particularly in securing data ownership
and promoting information sharing among stakeholders, it
overlooks key developments already present in the 14.0 ecosys-
tem. Specifically, the concerns raised about RAMI 4.0’s ability
to support semantic interoperability do not take into account
the role of the AAS, which is designed to standardize the
semantic representation of industrial assets through structured
submodels and established data dictionaries. It is important
to recognize that RAMI 4.0, as a reference architecture, is
intentionally abstract and extensible; it does not prescribe
implementation constraints but instead provides a structured
foundation upon which interoperable solutions can be built.
Its ongoing evolution naturally leaves room for enhancements,
but many of the identified challenges may stem not from limi-
tations of the model itself, but from incomplete or inconsistent
application of its principles.

Relevant contributions are presented by [[19] and [20] ,
which offer a comprehensive analysis of existing approaches to
semantic interoperability CPS within the context of 14.0. The
authors emphasize the central role of ontologies in establishing
a shared understanding of data and enabling communication
and integration across heterogeneous systems. These papers
also propose that combining ML techniques with semantic
models can enhance interoperability in CPS architectures (even
those based on RAMI 4.0 principles). While these perspectives
are valuable, a noteworthy limitation lies in the fact that the
intelligent system itself is expected to act as an enabler of
interoperability while remaining vulnerable to the very inter-
operability challenges it aims to mitigate. This dual role raises
important concerns about the robustness and generalization of
such solutions in complex, distributed industrial environments.

Finally, [5] explore the use of the AAS to model and
implement production scheduling agents within multi-agent
systems for decentralized optimization. The proposed architec-
ture leverages the collaborative capabilities of agents to solve
complex problems beyond their individual scope, with a partic-
ular emphasis on the integration of intelligent agents powered
by machine ML and DL techniques. While the conceptual
framework presents a promising approach to distributed intel-
ligence in 14.0 environments, it lacks an empirical evaluation
of interoperability-related metrics. The actual effectiveness of
the proposed architecture in supporting interoperability across
heterogeneous systems remains unverified.

In light of the reviewed work, this paper aims to address
important gaps that remain open in the current literature.
Although previous studies offer valuable conceptual frame-
works and emphasize semantic and organizational aspects of
interoperability, they often lack empirical validation in multi-

agent or distributed contexts. This work builds on the founda-
tions of 14.0 to propose and evaluate a concrete architecture
that enables data and model interoperability across multiple
interoperable 14.0Cs.

IV. MATERIALS AND METHODS

The proposed methodology aims to evaluate interoperability
in 14.0 environments by implementing and comparing two
machine learning scenarios: one focused on model interoper-
ability through FL, and the other on data interoperability using
a centralized learning approach. Both scenarios are grounded
in the principles and architectural layers of RAMI 4.0 and
make use of standardized communication protocols and AAS
to ensure strict compliance with the 14.0 requirements.

To evaluate the proposed methodology, a realistic yet syn-
thetic dataset for predictive maintenance was employed. The
dataset, extracted from a publicly available research work [21]],
was specifically designed to reflect real-world industrial con-
ditions while remaining accessible to the research community.
It comprises 10,000 samples, each containing six features:
product ID, air temperature, process temperature, rotational
speed, torque, and tool wear. In addition, each data point
includes a binary “machine failure” label indicating whether
a failure occurred due to one or more of five independent
failure modes: tool wear failure, heat dissipation failure, power
failure, overstrain failure, or random failure. These failure
modes are defined based on realistic operational thresholds and
interactions among the recorded variables, though the specific
cause of failure is not disclosed in the label, aligning with
real-world conditions.

In both the centralized and federated scenarios, logistic
regression was selected as the classification technique. The
model was configured with a set of hyperparameters to op-
timize performance. The primary objective of the logistic
regression model was to predict whether a machine failure
would occur, without distinguishing between the different
types of failure modes. This binary classification approach
simplifies the prediction task to detecting failure presence or
absence.

A. Federated Approach

To demonstrate model interoperability, a federated cyber-
physical learning system was developed. This system com-
prises two main 14.0Cs: multiple federated clients and a central
server. In each training round, the client is responsible for
developing and evaluating a local model, then sharing both
the model weights and evaluation metrics with the server. The
server, in turn, initializes a global model and, in subsequent
rounds, aggregates the model weights received from all clients,
calculates global model evaluation metrics, and distributes the
updated global model back to the clients. This process enables
iterative training and aggregation across the system.

Both the client and the server are virtually and consistently
represented by their respective AAS which are shown in
Figures [l| and respectively. In the simulated scenario,
the clients correspond to industrial equipment enhanced with



functionalities related to new communication and information
technologies. In addition to technical specifications related to
operational functions, the client’s AAS contains local model
information such as variables and hyperparameters, and server
connection details. The AAS of the server includes spec-
ifications for global model variables and hyperparameters,
aggregation and client selection strategies, and connection
details for interacting with clients.

mrderatedclient" [https://example.com/ids/sm/4422_1290_4052_6417]

M Assetinformation

m “Documentation” [https://example.com/ids/sm/6523_6131_2052_9267]

4 M"FederatedLearning" [https://example.com/ids/sm/4422_1290_4052_8417]
4 m"LogisticRegressionlgnitionErerlassifica‘tor" (5 elements)
@ "Method"” = Supervised
m "Technique” = LogisticRegression
@ "Procedure” = Classification

4 m “Variables"”
m "Air_temperature_C"
m "Rotational_speed_rpm"”
m "Torque_Nm"
m "Tool_ wear_min"
m "Temperature_difference_C"
m "Target”

4 m “"Hyperparameters” (4 elements)
m “solver” = liblinear @{Default=Ibfgs}
m “"max_iter” = 1000 @{Default=100}
m “penalty” =11 @{Default=12}
m “c" =0.07 @{Default=1}

E m "Connection” (2 elemenis)

m “Endpoint”
m “PublicationTopic"

m “SubscriptionTopic"

Fig. 1. Federated client AAS.

To align with the 14.0 requirements, specifications defined
in the RAMI 4.0 axis layers were adopted. Interaction be-
tween clients and the server was implemented using MQTT,
while the integration between each asset and its AAS utilized
HTTP. These protocols correspond to the Communication
and Functional Layers of RAMI 4.0, respectively, ensuring
strict adherence to 14.0 standards. It is important to note that
this work does not detail the internal structure of the 14.0Cs
according to the layers and elements defined by RAMI 4.0.
Instead, the system’s dynamics are described at a higher level
of abstraction as shown [3] and [f] focusing on the processes
and interactions among components rather than their internal
architectural implementation .

To simulate a realistic scenario, the client and server assets
were implemented in different programming languages and
without the use of a FL framework. The client asset was
developed in Kotlin with ”Smile” as the ML library, while the
federated server was implemented in Python using the “’scikit-
learn” framework. Model interoperability between clients and

"FederatedServer™ [https://example.com/ids/sm/6502_1270_1142_9623]

Assetinformation htips://ufabc.com/asset/federated_server

m "Contactinformations” [https://admin-shellio/idta/SubmodelTemplate/Contactinformation/1/0]
4 M'FederatedLearningServer“ [https://example.com/ids/sm/6502_1270_1142_2114]
4 M“ClientManagement" (8 elements)
m “NumberAvailableClients”
m “MinAvailableClients”

m “NumFitClients”
m “MinFitClients”

m “FractionFit”

m “"NumEvaluateClients”

m “MinEvaluateClients”
m “FractionEvaluate™
4 m "AggregationStrategy” (4 elements)
m “AggregationAlgerithm"
m "ConvergenceCriterion™

™ Moder
m "AcceptFailures”

4 m“GlohalModel" (8 elements)
m “InitialModelParameters”
m “CurrentModelParameters”
m “ModelVersion™
m "ModelLastUpdate”
m "ModelUpdatePeriod”
[ m "CurrentEvaluationMetrics™ (1 elements)
[ m "CurrentFitMetrics™ (1 elements)
[ m “Rounds” (3 elements)
4 M“Connection" (3 elements)
m "Endpoint”
m “PublicationTopic”

m "SubscriptionTopic”

Fig. 2. Federated server AAS.

server was evaluated based on classification performance met-
rics and computational cost.

The system operates dynamically based on a standardized
initialization and communication workflow, represented in Fig-
ure E} Upon instantiation, both clients and the server retrieve
their operational parameters by sending an HTTP request to
the API provided by the RAMI 4.0 Functional Layer. The
parameters received from their respective AAS are then used to
configure and initialize the assets. Once initialized, clients and
server are ready to communicate using the MQTT protocol.
Their interaction follows an iterative process consisting of
local model training, evaluation, and sharing by the clients,
followed by global model aggregation, evaluation, and redis-
tribution by the server. This cycle continues until a predefined
stopping criterion is met.

B. Centralized Approach

In this centralized learning scenario, the focus shifts from
model interoperability to data interoperability. Instead of fed-
erated clients and a server, the system comprises industrial
equipment enhanced with information and communication-
related functionalities and a data consumer module (DCM),
both represented as 14.0Cs. The industrial equipment is respon-
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Fig. 3. Federated Cyber-Physical Learning System’s Dynamics.

sible for generating operational data, while the DCM handles
data extraction, preparation, and the development of a ML
classification model. Once trained, the model is made available
for prediction through an APIL.

Each AAS of the industrial equipment encapsulates not only
its operational and technical specifications but also includes
a submodel for time series data (TimeSeries Standardized
Submodel) that defines how the equipment’s data is structured
and accessed. This specific Submodel is represented in Figure
@ Meanwhile, the DCM’s AAS shown in Figure [3] contains
detailed information about the machine learning model’s pa-
rameters and variables, facilitating model configuration and
management within the centralized learning framework.

“IndustrialAsset™ [https://company.com/shells/model/]

a Assetinformation https://company.com/asset/model/

m “Contactinformations™ [https://admin-shellio/idta/SubmodelTemplate/Contactinformation/1/0]
4 m “TimeSeries" V1.1 [https;//admin-shellio/fidta/SubmodelTemplate/TimeSeries/1/1]
« B -segments™ (1 elements) @(Cardinality=One)

. “I.jnkedSegmem" (12 eleme d{Cardinality=ZeroToMany}

[ Description” @i(Cardinality=ZeroToOne}
m'mm&um' @{Cardinality=ZeroToOne}
@ “StartTime"
2 -EnaTime
m “Duration” @{Cardinality=ZeroToOne}
m "Samplinginterval”
m's.lmplinghle' @{Cardinality=ZeroToOne}
M'sme' @{Cardinality=ZeroToOne}

m “LastUpdate” @{Cardinality=ZeroToOne}
m "Endpoint™ = PORT=3306;HOST=localhost;

dinality=ZeroToOne}

Cardinality=ZeroToOne}

ardinality=ZeroToOne}

m‘cuery' = SELECT * FROM new_car_data; @{Cardinality=0One}
Fl m "Metadata” (3 elements) @{Cardinality=0ne}
“Name™ - PowerTrain @{Cardinality=0One}
"Description™ — Power Train @{Cardinality=ZeroToOne}
“Record” (19 elements) @(Cardinality=0ne}

Fig. 4. Industrial equipment AAS.
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m "Method" = Supervised

m “Procedure” - Classification
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m "max_iter” = 1000 @{Default=100}
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Fig. 5. Data Consumer Module AAS.

Both components were implemented in Python, ensuring a
uniform technology stack. The system follows a centralized
ML architecture in which time series data are extracted by a
DCM, processed, and used to train an ML model. The overall
process is structured as follows:

Upon instantiation, the DCM accesses its AAS through the
Functional Layer and retrieves the model configuration param-
eters, including the relevant variables and hyperparameters.
These parameters, defined in the AAS, enable the creation
and proper configuration of the ML model. Subsequently, the
DCM accesses the AAS of the asset to which the time series
data is associated, again through the Functional Layer, and
obtains the data access parameters (e.g., endpoint and query).
With this information, the DCM extracts the data, performs the
necessary preprocessing steps, and trains the ML model. Once
trained, the model is made available via an API, allowing it to
be used for inference. For example, the model can be employed
in real time to make predictions based on new operational
parameter readings from the asset that generates the data. This
dynamics is schematically represented in Figure [6]

The evaluation process employed in the centralized learn-
ing scenario was aligned with the federated setup to enable
meaningful comparison. Standard classification performance
metrics were used to assess the ML model. Additionally, to
evaluate data interoperability, specific metrics were introduced,
including data quality and data transmission effectiveness.
These metrics aimed to assess the consistency, compatibility,
and utility of the data extracted the source. Together, these
metrics provided a comprehensive view of the system’s ability
to support interoperable data-driven applications in line with
14.0 principles.

V. RESULTS AND DISCUSSION

This section presents the results obtained from implement-
ing the proposed methodology and provides a discussion on
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their implications.

To analyze interoperability in the exchange of models
between client and server, three criteria were used: in terms
of preservation of original characteristics of the models, the
hyperparameters that can be configured in each framework
were considered. Regarding model performance, accuracy and
recall were used. Finally, regarding computational cost, the
time, memory usage, and CPU steps in the training and
aggregation stages of the models were evaluated.

The frameworks used in the client and federated server,
Smile (Kotlin) and Scikit-learn (Python) respectively, offer in-
terfaces for creating logistic regression models with important
differences in the available hyperparameters, reflecting differ-
ences in design and flexibility. Table [[] presents a comparison
of the frameworks in terms of hyperparameters:

TABLE I
HYPERPARAMETER COMPARISON BETWEEN SMILE AND SCIKIT-LEARN
FOR LOGISTIC REGRESSION

Hyperparameter Smile Scikit-learn
Regularization lambda penalty,C,11_ratio
Convergence fol tol
tolerance
Maximum iterations maxIter max_iter

.. fit_intercept,
Intercept Implicit intercept_scaling
Solver Not available solver
Class weight Not available class_weight
Randomness Not available random_state

Incremental training Not available warm_start

As shown in Figures [I] and [§] in the logistic regression
model, the penalty is set to ’l11’ to allow feature selec-
tion, while C = 0.07 applies strong regularization to avoid
overfitting. The solver adopted was liblinear because of its
compatibility with L1 regularization, which promotes sparsity
by reducing some coefficients to zero. The maximum number

of iterations is increased to 1000 to ensure convergence, given
the complexity added by the L1 penalty.

Although model configurations are defined in the AAS,
differences between the ML frameworks hinder full model
interoperability, as stated by [22], [23]] in previous works. In
particular, the Smile framework lacks several key hyperparam-
eters, limiting model flexibility and performance. The absence
of penalty options restricts the use of sparsity-promoting
strategies, important for feature selection and overfitting con-
trol in high-dimensional data. The inability to choose a solver
forces reliance on a fixed optimization method, which may not
suit all data characteristics, affecting fit quality and conver-
gence. Additionally, Smile does not support class weighting,
which impairs performance on imbalanced datasets, nor does
it offer parameters for result reproducibility. The lack of a
warm start mechanism further limits incremental training—an
essential feature in federated learning to reduce computational
cost when models are updated frequently.

To evaluate interoperability in data exchange between the
time series data source and the DCM, alongside model perfor-
mance and computational cost, data quality was assessed using
both univariate and bivariate statistical analyses. Specifically,
the mean, standard deviation, and Pearson correlation coeffi-
cient with the class variable were calculated for each attribute,
both at the data source and after extraction by the DCM. Tables
0] and [ITT] summarize these results for the attributes effectively
used in model training.

TABLE 11
STATISTICAL SUMMARY OF ATTRIBUTES FROM DCM AND TIME SERIES
DATA SOURCES

Attribute DCM Time Series Data Source
Mean Std. Dev. Mean Std. Dev.
Air temp.
°C) 27.8549 2.0003 27.8549 2.0002
Process Temp.
°O) 37,8555 3,7894 37,8555 3,7893
Rotational speed
(RPM) 1538.7761 179.2841 1538.7761 179.2751
Torque
(Nm) 39.9869 9.9689 39.9869 9.9684
Tool wear
(min) 107.9510  63.6541  107.9510 63.6510
TABLE III
PEARSON CORRELATION COEFFICIENT WITH THE CLASS VARIABLE
Attribute DCM Time  Series
Data Source
Air Temperature
©C) 0.08256 0.08260
?fc"‘)’ess Temperature ) 13589 0.03590
Rotational Speed
(RPM) -0.04419 -0.04420
Torque
(Nm) 0.19132 0.19130
Tool Wear 0.10545 0.10540
(min)




The results show no significant differences between the
statistical metrics calculated directly at the time series data
source and those obtained after data extraction by the DCM.
The observed discrepancies are minimal, limited to the fourth
decimal place, and can be attributed to differences in the
computational kernels used during the calculations SQL-based
scripts were employed at the source, while Python-based
computations were applied at the destination. These negligible
variations support the conclusion that data quality is preserved
during the exchange process, reinforcing the interoperability
of the proposed solution.

An important dimension of data interoperability in 14.0 is
semantic interoperability, which refers to the ability of systems
not only to exchange data but also to interpret it consistently
and meaningfully, a facet that was qualitatively analyzed in this
study. This is particularly critical when integrating assets from
different vendors or domains. In this context, standardized
data dictionaries such as the IEC CDD and eCl@ss play
a pivotal role. These repositories provide unified definitions
and identifiers for properties and elements used within AAS,
ensuring that all components refer to data attributes with
shared semantics. Anchoring data descriptors in such stan-
dardized vocabularies enhances cross-system understanding,
reduces ambiguity in data interpretation, and supports reliable
automation and analytics across diverse industrial assets.

Table presents a comparative analysis between the
centralized and federated approaches based on several per-
formance and resource-related metrics. Given the nature of
the problem, fault prediction in industrial assets is the most
critical requirement, and it is necessary to correctly identify
actual failure events. In this context, false negatives (i.e., real
failures that go undetected) are significantly more detrimental
than false positives. Therefore, recall is the most appropriate
metric for evaluation. In addition to model performance,
training time, CPU usage time, and memory consumption were
considered to evaluate computational efficiency. For the FL
scenario, all metrics were collected only from the final training
round out of a total of 10 communication rounds. Additionally,
metrics associated with the federated clients represent average
values computed across all participating clients.

TABLE IV
PERFORMANCE COMPARISON: CENTRALIZED VS. FEDERATED LEARNING
Metric Centralized Federated Federated
Client (Avg.) Server
Accuracy 97.45 81.78 85.92
(%)
Recall
(%) 97.08 82.54 84.28
(Tsr)a‘“‘“g Time 5 5837 0.5734 2.17
CPU Usage 0.5001 0.4375 0.86
Time (s)
Memory
Consumption 9.3125 0.0039 1.66
(MiB)

The centralized model achieved the best performance in

terms of evaluation metrics, demonstrating that high-quality
models can be obtained while preserving data interoperability.
In the federated setting, although model performance was
inferior to that of the centralized approach, both clients and
the federated server maintained models with similar metric
values. This is consistent with the characteristics of FL, where
the global model is evaluated through a weighted average
based on client contributions rather than a simple arithmetic
mean. These results indicate that, despite differences in im-
plementation due to framework constraints, a reasonable level
of model interoperability can still be achieved in federated
environments.

From a computational cost perspective, the centralized
model requires significantly more resources as it processes a
larger volume of data during training. Federated clients, on the
other hand, operate on local subsets of the data and therefore
demand fewer computational resources. The federated server
also incurs lower computational cost in comparison to the
centralized approach, as its role is limited to aggregating local
models rather than training them directly.

A brief comparison between the results of this study and
those reported in the literature is presented. [24] provide an
extensive review of studies that used the same dataset for
binary classification, employing a variety of machine learning
techniques. In addition to their own results, evaluation metrics
from 16 other publications are available for comparison.
Among these, 13 achieved accuracy levels above 95% using
different classification methods. However, only five of them
also maintained a high recall (greater than 80%). Notably,
the review in [24]] highlights that most prior works prioritized
precision over recall, an approach that may be unsuitable for
failure prognosis, where capturing all relevant failures (high
recall) is critical. This brief analysis positions the present work
among the top-performing studies in terms of both accuracy
and recall.

VI. CONCLUSIONS

This work proposed and evaluated interoperability aspects
of intelligent systems in the context of in 14.0. By leveraging
the AAS and adhering to RAMI 4.0 principles, the proposed
scenarios enables seamless integration of assets and ensures
interoperability in both data and model dimensions.

The centralized approach demonstrated superior predictive
performance, benefiting from complete data access and uni-
form implementation. However, the federated scenario, despite
limitations in the ML frameworks used, achieved high-quality
results and highlighted the feasibility of model interoperability
even when using heterogeneous tools and environments with
the advantage of preserving data privacy. In particular, fed-
erated clients operated with significantly lower computational
costs, making this approach advantageous for scenarios where
data locality or privacy is critical. Importantly, this study also
revealed that technology-related factors, such as the capabil-
ities and limitations of frameworks, can impose constraints
on interoperability. Nevertheless, both scenarios could still
preserve key interoperability metrics.



The results confirm that AAS can serve as a key enabler
for interoperability in intelligent systems, supporting both
model exchange and data standardization. Moreover, this study
shows that even simple ML models, like logistic regression,
can benefit from a well-structured interoperability architecture
when properly integrated into 14.0 components.

One of the key challenges in evaluating interoperability
in intelligent systems is isolating its specific influence from
other confounding factors that may affect system behavior
or performance metrics. Given the complexity and interde-
pendence of components in such systems, it remains difficult
to determine the extent to which observed outcomes can be
directly attributed to interoperability itself. Addressing this
challenge represents an important direction for future research,
particularly in the development of evaluation frameworks
capable of distinguishing interoperability’s impact from that
of other system variables.
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