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Abstract: The integration of Digital Twins into energy systems is redefining asset management by
enabling real-time monitoring, predictive maintenance, and lifecycle optimization. A central
challenge in this context is the structured assessment of asset condition, where the Asset Health Index
(AHI) plays a critical role by consolidating heterogeneous data into a single, actionable indicator. This
paper presents a structured data model specifically designed to integrate AHI methodologies into
Digital Twins for energy converters. The model incorporates standardized practices like RAMI 4.0,
organizing asset-related information into interoperable domains including physical hierarchy,
operational monitoring, reliability assessment, and risk-based decision-making. A Unified Modeling
Language (UML) class diagram formalizes the model architecture, which is deployed on Microsoft
Azure using native IoT and analytics services to enable automated AHI calculation. The proposed
approach is validated through a case study involving three high-capacity converters in distinct
operating environments, demonstrating the model’s effectiveness in anticipating failures, optimizing
maintenance strategies, and improving asset resilience. These results support the implementation of
scalable, cloud-based digital twin solutions for advanced asset health management in the energy
sector.

Keywords: Asset Health Index; Digital Twin; data model; energy converters; predictive maintenance;
Azure cloud; ISO 14224; RAMI 4.0

1. Introduction

The energy sector is undergoing a profound transformation driven by the urgent need to
decarbonize operations, improve infrastructure efficiency, and enhance system resilience. These
objectives are being pursued in an environment shaped by increasingly stringent regulatory
frameworks, the integration of renewable sources, and growing public expectations for sustainability
[1]. Within this evolving landscape, the ability to manage critical energy assets effectively throughout
their lifecycle has become a strategic priority for utilities, manufacturers, and operators [2,3].

In response, digitalization has emerged as a foundational enabler of modern asset management.
The convergence of the Internet of Things (IoT), cloud computing, artificial intelligence (Al), and big
data analytics has paved the way for new paradigms in operations and maintenance [4-9]. One of the
most transformative developments in this space is the concept of the Digital Twin—a dynamic,
virtual representation of a physical asset that continuously synchronizes with real-world data. These
digital replicas integrate historical records, real-time telemetry, and predictive models, allowing for
continuous assessment of performance, degradation, and operational risk.

However, unlocking the full potential of digital twins requires a robust and structured data
infrastructure [10-13]. Capturing data alone is not sufficient; it must be properly organized,
contextualized, and linked to actionable decision-support mechanisms [14-17]. A particularly critical
aspect of this data infrastructure is the ability to assess the health status of assets in a way that is both
comprehensive and operationally meaningful. This is where the Asset Health Index (AHI) becomes
central.

© 2025 by the author(s). Distributed under a Creative Commons CC BY license.
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The AHI is a methodology that condenses a range of variables—including operational
conditions, reliability indicators, usage intensity, and degradation patterns—into a single,
interpretable score that reflects the asset’s current condition [18]. By synthesizing both real-time and
historical data, the AHI facilitates predictive maintenance planning, risk prioritization, and long-term
asset investment strategies [19]. As such, it plays a key role in shifting asset management from
reactive to proactive modes.

Despite its value, the integration of AHI into digital twin frameworks remains limited in
practice. Many organizations rely on fragmented, non-standardized implementations that lack
interoperability, scalability, or transparency. In particular, the lack of a structured data model for
organizing and linking the various components involved—physical hierarchy, operational
monitoring, reliability data, and maintenance decisions—creates barriers to effective deployment.
Moreover, without such a model, the health status computed via AHI cannot be reliably integrated
into automated workflows or digital twin simulations.

To address this gap, this paper proposes a structured data model for the integration of AHI into
Digital Twins applied to energy converters, with a particular focus on DC/AC inverters used in
photovoltaic and energy storage systems. The model draws upon internationally recognized
standards such as ISO 14224 [20], which provides guidelines for asset breakdown structures and
reliability data, and digital architectures such as RAMI 4.0 [21] and the Industrial Internet Reference
Architecture (IIRA) [22]. These foundations ensure that the proposed approach is compatible with
existing industrial practices while enabling modern digital capabilities.

The model is organized into a set of interconnected domains that collectively support asset
identification, criticality assessment, real-time monitoring, health evaluation, and risk-based
decision-making. A Unified Modeling Language (UML) class diagram formalizes the relationships
among these domains, making the architecture transparent and extensible. Furthermore, the model
is implemented using Microsoft Azure cloud services, leveraging its suite of IoT, data processing,
and visualization tools to automate the calculation of the Asset Health Index and facilitate scalable
deployment.

To demonstrate the practical applicability of this approach, the paper presents a case study
involving three high-capacity energy converters operating in different environmental and load
conditions. The analysis illustrates how variations in operating stress, maintenance history, and
environmental exposure are captured through the AHI and how these insights support differentiated
maintenance strategies. The case also shows how the cloud-based implementation enables
continuous monitoring and rapid feedback for asset managers.

The remainder of this paper is structured as follows: Section 2 reviews the functional role of
energy converters and summarizes current trends in digital twin applications within this asset class.
Section 3 introduces the proposed asset data model, explaining its structure and alignment with
international standards. Section 4 presents the UML class diagram that formalizes the model
architecture. Section 5 applies the model in a real-world scenario, demonstrating its utility and
flexibility. Finally, Section 6 presents the conclusions and outlines future lines of research.

2. Background

2.1. The Critical Role of Energy Converters and the Advancements in their Digitalization

Energy converters are essential components of modern power systems, enabling the
transformation of energy from one form to another to support efficient, reliable, and sustainable
distribution. Their function is particularly relevant in applications such as renewable energy
infrastructures, battery energy storage systems (BESS), and industrial power networks, where they
facilitate the integration of intermittent sources and ensure proper load balancing and energy flow
optimization. The performance of these units directly impacts energy efficiency, system reliability,
and operational costs [23].


https://doi.org/10.20944/preprints202504.1152.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 15 April 2025 d0i:10.20944/preprints202504.1152.v1

3 of 16

However, these devices are subject to a variety of operational stresses that can lead to critical
failures. Among the most common issues are thermal degradation, insulation breakdown,
semiconductor malfunction, and electromagnetic interference. Such problems often result in
unplanned downtime, reduced efficiency, and increased maintenance needs. In critical
infrastructures —such as utility grids or industrial manufacturing plants —malfunctions may trigger
widespread disruptions and safety hazards [24].

To address these challenges, a comprehensive life cycle cost (LCC) approach is necessary. This
methodology considers all phases of asset ownership, including design, operation, maintenance, and
decommissioning, helping decision-makers evaluate long-term sustainability and cost-effectiveness.
When paired with digital monitoring and predictive maintenance strategies, LCC analysis supports
extended equipment lifespan and the prevention of unexpected failures [25].

The engineering and operational management of these systems are increasingly being enhanced
through digitalization and Model-Based Systems Engineering (MBSE). These methodologies enable
robust modeling, simulation, and verification from early design to full deployment. MBSE facilitates
the early detection of design inefficiencies, improves traceability of requirements, and shortens
integration times. When coupled with digital twins, MBSE also enables real-time system validation
and performance optimization. Tools such as System Composer by MathWorks have proven effective
in supporting architecture design and system-level verification [26].

Reliable operation depends on monitoring a range of key parameters, including voltage, current,
temperature, power output, efficiency, and harmonic distortion. These indicators allow operators to
assess device conditions in real time and detect early signs of degradation. With the support of IoT-
enabled sensors, machine learning, and advanced analytics, operators can deploy real-time
diagnostics and predictive models that enhance resilience and reduce operational risk. As highlighted
in [27], the convergence of digitalization and asset intelligence enables energy systems to evolve
toward smarter, more adaptive infrastructures aligned with Industry 4.0 principles.

In conclusion, these conversion systems are central to the functionality and reliability of today’s
energy infrastructure. The complexity of their operation and the risks associated with failure demand
a comprehensive approach that integrates lifecycle thinking, predictive analytics, and digital twin
technologies. A structured, digital strategy is thus essential to ensuring their long-term performance
and reliability.

2.2. Digital Twin Implementation for Energy Converters

The adoption of digital twin technology in energy converters provides significant advantages,
including real-time performance monitoring, enhanced predictive maintenance, and lifecycle
optimization. By creating a virtual replica of physical assets, digital twins enable improved
diagnostics and operational efficiency, reducing downtime and enhancing decision-making
processes.

Cloud-based and on-premise digital twin solutions present key differences. Cloud solutions
offer scalability, remote access, and advanced analytics powered by Al and machine learning. On the
other hand, on-premise solutions provide greater data security and lower latency for critical
applications, making them suitable for sensitive industrial environments.

Major cloud platforms for digital twin implementations include Microsoft Azure Digital Twins,
Google Cloud IoT, Amazon AWS IoT TwinMaker, and FIWARE. These platforms provide robust
infrastructure and tools for real-time monitoring, simulation, and analytics of energy assets.

Azure Digital Twins stands out for energy converters due to its seamless integration with Azure
IoT Hub, Al-driven analytics, and scalable data processing. It allows energy companies to optimize
operations by enabling predictive maintenance, reducing failures, and enhancing energy efficiency.

Azure is one of the most employed platforms for digital twin on industrial assets, and for the
energy converters it has been developed a economic and simple architecture for any size of company.
A robust digital twin architecture for energy converters integrates several Azure modules to ensure
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efficient data acquisition, processing, and visualization. The following components form the

backbone of this architecture are the following as basis [28]:

e  Azure IoT Hub - Serves as the main communication gateway between energy converters and
the cloud. It enables secure, bi-directional communication, allowing real-time data collection and
remote control. This module is essential for managing many connected devices while ensuring
data integrity

e Azure IoT Central - Provides a scalable, low-code interface for managing IoT devices. It
simplifies device provisioning, monitoring, and data visualization, making it easier to deploy
and manage energy converter networks at scale.

e  Azure Functions - Facilitates serverless data processing. It triggers data cleaning, normalization,
and aggregation tasks when new telemetry is received. This automation ensures that only high-
quality, structured data is sent to analytics platforms, reducing computational overhead.

e  Azure Data Explorer — Offers advanced time-series analysis and anomaly detection. This module
enables real-time analytics on large datasets, supporting predictive maintenance and fault
detection in energy converters.

e  Power Bl - Provides intuitive dashboards and visualizations, allowing operators to monitor key
performance indicators (KPIs), detect anomalies, and generate predictive insights based on
historical data.

This simple and cost-efficient architecture for Energy Converters provides the following
advantages:

e Improved Diagnostics: The integration of IoT Hub and Data Explorer enables real-time anomaly
detection, identifying potential issues before they escalate into failures.

e  Enhanced Predictive Maintenance: The combination of Azure Functions and IoT Central
automates data processing and device management, ensuring timely insights into asset health.

e  Scalability and Cost Efficiency: The use of serverless computing with Azure Functions and
managed services like IoT Central reduces infrastructure costs while maintaining high
performance.

e  Comprehensive Visualization: Power BI offers user-friendly dashboards that enhance decision-
making, providing stakeholders with actionable intelligence for optimizing energy conversion
processes.

This architecture represents a cost-effective, scalable, and high-performance solution for
implementing digital twins in energy converters, leveraging Azure’s powerful suite of cloud-based
tools to drive operational efficiency and reliability.

2.3. AHI Development and Practical Issues in Digital Twin Implementation

As industries adopt digital transformation initiatives, the integration of Asset Health Index
(AHI) methodologies into digital twin ecosystems is becoming increasingly relevant. Digital twins
offer a virtual environment in which asset behavior can be simulated, monitored, and optimized in
near real-time. In this context, the AHI serves not only as a monitoring tool but also as a predictive
feature that enables early detection of failure risks and supports what-if analysis of maintenance
strategies [5,29].

While the theoretical foundations of the AHI are well-established, its practical application within
digital twin environments remains a developing field. For example, health indices have been used in
the energy sector for asset prioritization, particularly in power transformers and rotating equipment,
using historical and real-time data such as temperature, load, and dissolved gas analysis [30]. In
railways and aviation, similar indices—while not always formally referred to as “AHI” —are used to
assess asset degradation and plan maintenance interventions based on usage patterns, fault history,
and environmental factors [31].

However, many of these implementations remain siloed or tailored to specific asset types.
Integration into full-fledged digital twin architectures — enabling real-time updates and predictive
simulation based on health indices — remains limited. In many industrial settings, AHI computations
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are performed periodically and offline, based on exported data, which undermines the potential of
digital twins as living models for continuous decision-making [32].

From the literature, two main approaches can be observed. One is standards-based, aligning
models with frameworks such as ISO 14224 for failure data or ISO 55000 for asset management. This
ensures consistency but often involves significant effort in data modeling and integration. The other
is more pragmatic or ad hoc, relying on simplified spreadsheets or proprietary logic within SCADA
or CMMS platforms. While faster to deploy, these approaches tend to lack scalability and
transparency.

Common implementation barriers include poor data quality, unclear model design, and the
need to define update frequency and input selection. Without a robust asset data structure linking
condition monitoring, reliability history, and operational metadata, the AHI may lose effectiveness
as a tool for comprehensive digital asset management.

3. Asset Data Model

The digitalization of assets is a multifaceted process that requires comprehensive frameworks to
manage and optimize assets across their lifecycle. To fully harness the potential of digitalization, a
structured approach is essential —one that incorporates different aspects of asset management.
Drawing from established standards such as ISO/IEC/IEEE 42010:2011, EN IEC 81346:2022, ISO
14224:2016 and architectures like RAMI 4.0 and IIRA, we propose four key models that address the
various dimensions of asset digitalization and management. These models not only align with
existing systems engineering principles but also enhance the integration, monitoring, and decision-
making capabilities of digitalized assets.

Based on this, a suitable recommendation would be to collect data to populate the following
asset models [33]:

1. Asset Definition Model (ADM). The Asset Definition Model provides a comprehensive
framework for defining the structure, properties, and relationships of an asset within a digital
system. This model aligns with the standards of ISO/IEC/IEEE 42010:2011, which emphasizes
the need for a well-structured architecture description that defines the fundamental components
and relationships of a system. The ADM is essential for creating a digital twin of the asset,
ensuring that the digital representation is complete and can serve as the foundation for further
processes, such as monitoring and maintenance. Additionally, the EN IEC 81346:2022 standard
on object classification further supports this model by offering a systematic way to categorize
and manage asset data within complex systems, ensuring consistency and interoperability
across platforms.

2. Asset Criticality Model (ACM). The Asset Criticality Model addresses the prioritization of assets
based on their impact on operations and their associated risks. This model is critical in ensuring
that digitalization efforts focus on the most essential assets, maximizing value and minimizing
downtime. RAMI 4.0, with its emphasis on asset lifecycle and hierarchical structures, supports
this model by integrating the importance of criticality within the broader context of Industry 4.0.
The ACM helps organizations focus on the assets that are most likely to influence operational
efficiency and safety, ensuring that resources are allocated effectively in both short-term and
long-term management.

3. Asset Monitoring Model (AMM). The Asset Monitoring Model facilitates real-time condition
monitoring of assets using IoT networks and other digital technologies. This model draws from
both RAMI 4.0 and IIRA, which emphasize the need for interconnected systems and continuous
data flow between physical assets and digital systems. By integrating IoT sensors and signal
processing, the AMM enables real-time visibility into asset conditions, supporting predictive
maintenance and minimizing unplanned downtime. This model also resonates with the Asset
Administration Shell (AAS) in RAMI 4.0, which acts as the digital representation of the physical
asset, ensuring seamless data exchange and analysis.

4. Intelligent Asset Management Models (IAMMs). The Intelligent Asset Management Models
provide a higher-level view of asset health and performance, utilizing advanced analytics to
deliver actionable insights. These models are closely tied to Asset Performance Management
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(APM) and Asset Investment Planning (AIP) systems and supports the goals of ISO 55000 on
asset management, which emphasizes the need for integrating asset management practices into
broader organizational goals. The IAMMSs enable organizations to predict future asset
conditions, optimize maintenance schedules, and align asset management with business
objectives. Asset’s health index model provides critical insights for long-term asset management
planning, ensuring that digitalization efforts lead to sustainable value creation.

3.1. AHI Data Model

The Intelligent Asset Management Models (IAMM) represents the final layer in asset
digitalization, focusing on integrating real-time and historical asset data for advanced decision-
making processes. Once an asset’s data has been captured, processed, and structured (via the Asset
Definition and Monitoring Models), and its criticality is addressed (via the Asset Criticality Model),
the need arises to connect this data with human reasoning and decision-making tools.

Intelligent asset management relies heavily on the development and integration of robust data
models that allow for the digital execution of key methodologies, such as RCFA, RCM, CBM, RAMS,
LCC, AHI, etc. These data models provide the essential framework to capture, organize, and analyze
the wealth of information generated by industrial assets, supporting decision-making processes that
drive asset optimization.

The organization of asset data into structured models—covering identification, criticality,
monitoring, and intelligent management—lays the foundation for the effective deployment of
advanced maintenance techniques in a digital environment.

The integration of these data models ensures that decision-making processes are streamlined,
and that predictive analytics and simulation tools are leveraged to generate actionable insights. This
approach enables organizations to move beyond manual methods, optimizing maintenance
strategies and aligning them with broader business goals through data-driven insights.

For the present article, the methodology proposed to be implemented as part of the Intelligent
Asset Management Models (IAMM) is the Asset Health Index (AHI). The AHI provides a key tool
for evaluating and monitoring the health status of assets comprehensively, integrating both historical
and real-time data. Its ability to synthesize information into a single indicator facilitates informed
decision-making and the prioritization of maintenance strategies, aligning asset management with
organizational objectives.

Assuming a high level of criticality for the asset and without delving into the criticality model
itself, Figure 1 illustrates the proposed data model required to achieve an advanced level of maturity
in asset digitalization, taking into account the information system in which each activity is developed.
This data model establishes a comprehensive framework for managing and analysing asset
information, beginning with the precise definition of the physical asset within its designated
functional location.

A critical component of this framework is the monitoring model, which systematically records
the information generated within the Internet of Things (IoT) network. This enables the continuous
assessment of the asset's condition through a structured process encompassing the sensing,
extraction, transformation, and loading (ETL) of data. This data pipeline ensures that relevant
information is efficiently processed and made available for subsequent analysis, forming the
foundation for determining the asset's health status.

The proposed health index data model takes this a step further by interpreting the processed
variables through a series of well-defined indicators. These indicators serve as a means to assess the
asset's operational performance and condition, allowing for the generation of health and reliability
modifiers based on the insights derived from the data. These modifiers play a pivotal role in
accurately determining the current health status of the asset under analysis, enabling informed
decision-making processes and supporting predictive maintenance strategies aligned with the overall
objectives of asset optimization and organizational efficiency.

This integrated approach underscores the critical importance of leveraging structured data
models in achieving high levels of digitalization and operational excellence in asset management.
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Figure 1. Pipeline for the Assed Data Model implementation.

4. UML Diagram Class for the Data Model Proposed

The UML diagram (Figure 2) represents the Asset Health Index (AHI) Data Model for Digital
Implementation, emphasizing the sources of information and the relations among them. For this
purpose, the diagram is structured into different information domains that interconnect, facilitating
comprehensive asset health assessment inside a structured model for complete asset management.

The UML diagram shows an explanation of the primary classes and their interrelations, focusing
on the calculation of a AHI and its provided Risks serving as specific purpose in asset health
assessment and maintenance management, deploying it in a optimized and economic architecture in
Azure Cloud Solutions with the idea to provide support to operational and strategic decisions.

Each multiple domains of the UML diagram are divided in the main classes according to mostly
employed asset management systems.
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Physical Domain

This domain represents the physical assets attributes and describing the relations of the parts,
that is, owing to a hierarchical breakdown of assets according to standards such as ISO 14224.
e  System: The highest-level entity that includes subsystems.
e  Subsystem: Defines a part of the system (e.g., bogies, wheels).
¢  Maintainable Item: The specific components subject to maintenance (e.g., wheel bearings,
brakes).

These classes are interconnected, in a hierarchical tree with relations of 0 to many upwards.

Logical Domain

This section links assets to their functional locations within the entire organization.

e  Organization, Segment as sections of the plant or network, and Functional Location define where
the assets are placed.

e Topology and asset relationships between physical and logical domain must be ensured for
traceability within the organization.

In this domain the relationship among classes is also in a hierarchical tree with relations of 0 to
many upwards.

Property Domain

This domain handles variables affecting asset condition and operation, some in real time and

others offline.

e  Operation & Maintenance Variable: Captures operation and monitored parameters, and some
reliable calculations, that can affect asset health.

e  Property: Based on previous variables defines measurable asset and processed characteristics
(e.g., temperature, vibration), and any combination of them (e.g. power efficiency).
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Any maintainable item has several O&M variables, that have to be particularized for employing
in the asset health assessment, and store for future and batch analysis.

Data Domain

This domain includes historical data and calculations based on manufacturer and company
specifications to be used in asset health assessment.

e  Locational Conditions has to be considered to adjust estimations based on environmental factors
that can contribute to reduce or improve the health of the same assets in different functional
locations.

e  Estimated Normal Life and Aging Rate therefore are developed as a previous prediction of asset
deterioration considering the specifications and locational conditions in general.

AHI Domain (Asset Health Index)

This domain is the development that integrates the necessary information on real time as a
virtual entity of the asset producing the health score of assets using this composition from bottom to
top:

e  Initial Health Index (HIi)

¢ Real Initial Health Index (HliReal), that includes the affections due to load operating
circumstances.

e  Load Modifier, recommended based on real time data.

e  Health Modifier, mainly based on real time data.

¢  Reliability Modifier, based on reliability calculations such as MTBF, MTTR, Availability, number
of preventives, frequency of preventives, overhauls, etc.

e  Final Health Index (HI(t)) which incorporates the affections to asset life by O&M properties and
the reliability history.

Each modifier adjusts the health score based on the real circumstances that affect the assets.

Decision-Making Domain

This domain supports risk-based decision-making by integrating:

e  Strategy Plan: Defines maintenance and asset strategies.

e  Proactive Work: Represents predefined maintenance tasks to minimize or eliminate the risks.

e  Model Risk: The most critical class, which assesses the risk level of the assets according to the
Final Health Index, producing warnings at different prioritization levels and for operative,
tactical and strategic decisions.

5. Implementing the UML Model in Azure Cloud Solutions
The UML model can be deployed using Microsoft Azure Cloud Services (Figure 3).
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The risk-model of AHI determines the probability of failure based
on asset health, operational conditions, and historical trends. The
calculation follows these steps:

Step 1: Data Acquisition and Ingestion

1. Retrieve Historical Data ( Historical_Data class)
e  Previous maintenance records, failure rates, environmental conditions.
e  Stored in Azure Data Lake Storage for analysis.
2. Real-Time Monitoring ( Operation_Maintenance_Variable class)
e  IoT sensors provide real-time data e.g. on temperature, vibration, and load.
e  Dataingested through Azure IoT Hub collects real-time sensor data and Azure Event Hubs
streams high-frequency telemetry data.

Step 2: Data Store and Processing

1. Store Manufacturer and organization specifications and statistics parameters for reliability
modifiers in a Cosmos DB.

2. Azure Machine Learning can be used to trains models for asset health prediction and for
defining the level of risks.

3. Preprocess Historical Data with Azure Functions and real-time data with the Azure Data
Explorer
e  Previous maintenance records, failure rates, environmental conditions from Cosmos DB.
e  Stored in Azure Data Lake Storage for analysis.

Step 3: Health Index Calculation

1. Azure Functions automate health index calculations, applying the different modifiers: load,
health and reliability, storing all in the Azure Data Lake Storage. Each modifier represents
specific risk adjustments.
e  Health Modifier: Accounts for environmental conditions.
e  Reliability Modifier: Based on past failures.
e  Load Modifier: Adjusts for operational stress.

2. Azure Data Lake Storage archives historical asset data.
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3. Azure Logic Apps automates predictive maintenance alerts, and Azure Functions trigger
maintenance actions based on risk level.

Step 4: Digital Twin Integration

1. Azure Digital Twins creates virtual representations of assets and predict maintenance
scheduling.

2.  DTDL (Digital Twins Definition Language) maps health attributes with the virtual assets.

Azure Digital Twins Explorer visualizes asset conditions.

4.  Visualization in Azure Power BI generating real-time dashboards.

w

In summary, using Azure Cloud Services to implement this UML model provides several
advantages:
e  Scalability: Azure Digital Twins can model complex systems.
¢  Real-Time Analysis: Azure Event Hubs and Data Explorer process sensor data instantly.
e  Automated Decision-Making: Azure Functions trigger maintenance actions.
e  Cost Optimization: Serverless architecture minimizes operational costs.
e  Enhanced Visualization: Power BI and Digital Twins Explorer improve insights.

The UML diagram represents a comprehensive Asset Health Index model that evaluates in
energy assets risks using real-time data, historical records, and predictive models. By deploying this
framework in Azure Cloud, manufacturers and their clients can optimize asset maintenance,
minimize downtime, and enhance safety standards.

6. Application for Energy Converters

Energy converters, particularly DC/AC inverters, are key components in modern energy
generation and storage systems. In the case of photovoltaic (PV) fields and battery energy storage
systems (BESS), these devices transform energy from direct current (DC) into alternating current
(ACQC). This step is essential for ensuring compatibility with commercial power grids.

In the context of this study, the converters process an input voltage of 1525 V DC with a
maximum current of 1600 A. Their AC output is characterized by a voltage of 690 V and a maximum
current of 3200 A. These specifications highlight the converters' high capacity to handle significant
power levels, making them fundamental elements in large-scale renewable energy systems, such as
solar parks and hybrid facilities that combine storage and generation.

An analysis of historical failure data for the converters considered in this case study reveals a
recurring pattern: power devices and capacitors account for more than 50% of recorded failures. This
underscores the importance of focusing on these two critical components to improve system
reliability and durability.

Failures in power devices are directly linked to thermal stress, which results from fatigue in
solder joints. This phenomenon occurs due to constant thermal fluctuations that cause expansion and
contraction of the materials. As these cycles repeat, microcracks form in the solder joints, increasing
their thermal resistance. This rise in resistance leads to additional overheating of the materials,
amplifying thermal fluctuations and accelerating the degradation process. This cycle of cumulative
damage impacts both the performance and the lifespan of the devices.

On the other hand, capacitors are subject to gradual wear due to factors such as temperature,
electrical overload, and the characteristics of dielectric materials. Aging of these components can
result in a loss of capacity, an increase in internal impedance, and ultimately failures that affect
converter stability.

Implementing an Asset Health Index (AHI) requires a comprehensive understanding of the
available operational and monitoring variables. In this case, real-time data was collected on key
parameters, including;:

e  Electrical variables: Voltage, current, harmonics, and power factor.
e  Thermal variables: Device temperature, thermal gradients, and overheating events.
®  Mechanical variables: Vibrations, mechanical stresses, and noise levels.
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e  Operational and maintenance events: History of corrective and preventive interventions,
downtime, and failure records.

Based on this data, the health status of three converters installed in different functional locations,
each operating under specific conditions, was evaluated:

e Converter 1: This converter operates in a moderate environment with relatively stable
conditions, and its load remains close to the expected values. Extreme temperature variations
are uncommon in this scenario. However, before its first major maintenance (overhaul), an
increase in the Health Index (above 7) is observed, coinciding with the onset of a series of
recurring failures. This reflects significant degradation of the converter, indicating that long-
term operational conditions, although moderate, have impacted the integrity of its critical
components.

e  Converter 2: This converter operates under a load environment that exceeds the expected
specifications, with frequent temperature fluctuations. As a result, failures begin to occur at an
early stage of its lifecycle, prompting the first overhaul to be performed earlier than planned.
This intervention restores its operational condition, eliminating the initial cause of failures.
Following this corrective measure, the converter operates for a greater number of hours before
requiring the next overhaul, demonstrating the effectiveness of preventive and corrective
maintenance in demanding environments.

e  Converter 3: This converter operates in an environment characterized by irregular load and
frequent temperature fluctuations. Despite these conditions, the number of recorded failures is
low, and its Health Index remains close to the initially predicted value. This suggests that
adaptive designs and operational strategies of the converter have effectively mitigated risks
associated with fluctuating operational conditions, ensuring reliable and consistent
performance.

The analysis demonstrated how variations in boundary conditions affect the performance and
longevity of the converters. The Health Index enabled proactive identification of converters at higher
risk of failure, thereby optimizing predictive maintenance scheduling and ensuring continuous
system operation.

This approach not only enhances the reliability of energy converters but also reduces
maintenance costs and minimizes downtime. The combination of advanced monitoring and health
assessment also lays the foundation for more effective integration of converters into digital twin
systems, enabling precise simulations and high-accuracy failure predictions.

Figure 4 illustrates the development of the Health Index (AHI) calculation for the three
converters analysed, as visualized through a Business Intelligence application.
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Figure 4. AHI obtained for the converters represented in a Business Intelligence App.

Key observations from the AHI representation in Figure 4 include:

e  Converter 1: This converter was the first to be commissioned, followed by Converters 2 and 3.
Initially, an overhaul was scheduled for each converter after 10 years of operation.
Consequently, the first overhaul was planned for Converter 1. However, it was decided to
perform the overhaul on both Converters 1 and 3 to compare their levels of degradation, despite
Converter 1 having approximately 2,500 additional operating hours. The results confirmed
greater degradation in Converter 1, which began experiencing increasingly recurrent failures
after surpassing 15,000 hours of operation. In contrast, Converter 3, with a similar number of
operating hours, had not yet shown such failures.

e  Converter 2: Unlike the other converters, Converter 2 exhibited a higher level of degradation,
accumulating more failures at an earlier stage. This necessitated advancing its first overhaul to
approximately 12,000 operating hours. After the overhaul, the recurring failures were resolved.
However, the degradation rate of Converter 2 remained higher compared to Converters 1 and
3. This was attributed to the more demanding operating conditions it was subjected to.
Consequently, it became evident that the frequency of preventive maintenance and major
overhauls for Converter 2 would need to be adjusted to ensure optimal performance.

e  Converter 3: The second overhaul for Converter 3 was carried out earlier than the second
overhaul for Converter 1, despite both having accumulated roughly the same operating hours
(~16,000 hours). Notably, the degradation in Converter 3 was greater than that in Converter 1.
Following this second overhaul, Converter 3 demonstrated the capacity to sustain more
operating hours. As a result, it was decided to extend the operating period of Converter 1 before
scheduling its second overhaul.

e  Converter 2 (third overhaul): A third overhaul was performed on Converter 2 to address its
accelerated degradation under high-stress conditions.

e  Current Monitoring Practices: Presently, the degradation status of the converters is closely
monitored using the AHI as a key indicator. Risk levels are established based on the index,
enabling informed decision-making regarding maintenance and operation.
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7. Conclusions

This paper presented a structured data model designed to enable the integration of Asset Health
Index (AHI) methodologies within Digital Twins for energy converters. The proposed model
addresses the need for a systematic, scalable, and standards-aligned approach to asset health
assessment in the context of digitalization and predictive maintenance. By organizing asset-related
information into interconnected domains—covering asset definition, criticality, monitoring,
intelligent management, and decision-making —the framework provides the necessary infrastructure
to support real-time condition evaluation, reliability analysis, and risk-based maintenance planning.

The model was formalized using a Unified Modeling Language (UML) class diagram and
implemented in a cloud-native architecture using Microsoft Azure services. This practical
implementation demonstrates the model’s adaptability to real-world industrial environments, where
scalability, interoperability, and automation are critical success factors. The integration of AHI into
the Azure-based digital twin architecture facilitates continuous data ingestion, automated health
index calculation, and visualization through business intelligence tools, enabling timely and
informed decision-making.

A case study involving high-capacity DC/AC converters illustrated the application of the
proposed framework under varying operational conditions. The results confirmed that the AHI
provides meaningful differentiation in asset behavior over time, supporting the early detection of
degradation, the optimization of maintenance schedules, and the extension of useful life. In
particular, the study showed how environmental stressors, usage intensity, and maintenance history
affect the health trajectory of identical assets, reinforcing the importance of contextualized asset data
models.

The contributions of this work are threefold: (i) the development of a structured, standard-
compliant data model tailored for AHI implementation; (ii) the demonstration of its deployment in a
scalable digital architecture; and (iii) the validation of its effectiveness through empirical analysis.
This integrated approach not only supports operational efficiency but also aligns asset management
practices with sustainability and resilience goals, offering a robust foundation for digital
transformation initiatives in the energy sector.

Future research will explore the integration of machine learning techniques to dynamically
adapt AHI modifiers and improve predictive accuracy. Additionally, further work is needed to
generalize the model to other asset classes and industry sectors, and to quantify the economic impact
of AHI-based decision-making over the asset lifecycle. The continued convergence of digital twin
technologies, cloud platforms, and advanced analytics will open new opportunities for autonomous
and intelligent asset management systems.
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