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Abstract—The transition to Industry 4.0 in the mining sector is increasingly driven by the deployment of Digital Twin (DT) technologies,
which offer real-time virtual replicas of physical assets to optimize operational efficiency and safety. However, the efficacy of these DT
models is fundamentally constrained by the quality, integrity, and security of the underlying data. This manuscript explores the critical
intersection of Digital Twin architecture and comprehensive Data Governance within mining operations. By synthesizing the DAMA-
DMBOK framework with industrial Internet of Things (I1oT) topologies, we propose a multi-layered data governance model tailored for
the unique challenges of the mining environment, including harsh sensor conditions, IT/OT convergence, and remote connectivity
constraints. We analyze the role of metadata management, data lineage, and zero-trust security protocols in ensuring the reliability of
predictive maintenance and geotechnical monitoring models. The findings underscore that a robust data governance strategy is not merely
a compliance mechanism, but a foundational prerequisite for realizing the full strategic value of Digital Twins in modern mining
enterprises.

Index Terms—Digital Twin, Data Governance, Mining Industry 4.0, Industrial IoT, DAMA-DMBOK, Predictive Maintenance, Data Quality,

IT/OT Convergence.

L. INTRODUCTION

The global mining industry is undergoing a profound digital
transformation, characterized by the shift from traditional,
siloed operations to highly integrated, data-driven ecosystems
[1]. At the vanguard of this transition is the Digital Twin (DT)—
a dynamic, virtual representation of a physical asset, process, or
system that continuously updates via real-time data streams
from Industrial Internet of Things (IloT) sensors [2]. In mining,
DTs are deployed across the value chain, from geological
modeling and fleet management to mineral processing and
tailings dam monitoring [3].

Despite the immense potential of DTs to enhance safety,
reduce unplanned downtime, and optimize resource extraction,
their implementation frequently encounters systemic
bottlenecks. A primary challenge is the management of the vast
data volumes generated by modern mine sites, which can
exceed terabytes daily [4]. This data is often characterized by
high velocity, varied formats, and varying degrees of veracity
due to sensor degradation in harsh underground or open-pit
environments [5].

Without a rigorous data governance framework, the
principle of “garbage in, garbage out” prevails, rendering the
sophisticated analytics and simulation capabilities of the DT
ineffective or, worse, dangerously misleading [6]. This paper
evaluates the imperative of integrating formalized data
governance methodologies—specifically adapting the DAMA
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International Data Management Body of Knowledge
(DMBOK)—into the architectural design of mining Digital
Twins.

II. THE DIGITAL TWIN ARCHITECTURE IN MINING

The architecture of a mining Digital Twin is inherently
complex, requiring the seamless integration of operational
technology (OT) and information technology (IT). A standard
deployment comprises five distinct layers, each with specific
data management responsibilities that must be governed
systematically [7].

A. Physical and Sensor Layer

The foundation consists of the physical assets—excavators,
conveyor belts, ventilation fans, and the geological environment
itself. IIoT sensors capture critical parameters such as vibration,
temperature, gas concentration, and ground displacement [8].
The harsh mining environment necessitates ruggedized sensors,
yet signal noise and calibration drift remain persistent issues
that directly compromise data quality at the source.

B. Data Acquisition and Edge Processing

Data collected at the physical layer is transmitted via
industrial protocols such as OPC-UA and MQTT. Given the
latency and bandwidth constraints of remote mine sites, edge
computing is frequently employed to perform initial data
filtering, compression, and localized anomaly detection before
transmission to central repositories [9]. Edge nodes also serve
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as the first line of data validation, enforcing schema
conformance and range checks in near-real time.

C. Data Integration and Storage

This layer aggregates structured and unstructured data from
disparate sources, including SCADA systems, Enterprise
Resource Planning (ERP) software, and geological block
models. Data lakes and data warehouses serve as the central
repositories, requiring robust Extract, Transform, and Load
(ETL) pipelines [10]. Standardized data schemas and controlled
vocabularies are essential at this layer to prevent semantic
fragmentation across source systems.

TABLE I
Five-Layer Digital Twin Architecture for Mining Operations

Layer Function Data Governance

Priority

Physical / Sensor | Asset telemetry capture Sensor calibration &
quality
Edge Processing Local filtering & Schema validation &
compression latency
Data Integration ETL, data Lineage & metadata
lake/warehouse mgmt.
Analytics ML models, simulation Model versioning &
auditability
Visualization Dashboards, HMI, Access control & RBAC

control

D. Analytics and Simulation

The core intelligence of the DT resides in the analytics layer,
where machine learning (ML) algorithms, physics-based
simulations, and predictive models process the integrated data
to forecast equipment failure, optimize scheduling, and assess
geotechnical risks [11]. The governance of this layer extends
beyond data to include model versioning, performance
monitoring, and explainability requirements.

E. Visualization and Control

The top layer provides human-machine interfaces (HMIs),
three-dimensional spatial visualizations, and actionable
dashboards for mine operators, enabling data-driven decision-
making and, in advanced implementations, automated closed-
loop control of physical assets [12]. Governance at this layer
focuses on role-based access controls and audit logging of all
operator interactions.

ITII. DATA GOVERNANCE: THE DMBOK
FRAMEWORK ADAPTED FOR MINING

Data governance is the exercise of authority and control over
the management of data assets [13]. Applying the DAMA-
DMBOK framework to the mining DT context requires
focusing on specific knowledge areas critical to industrial
operations. The framework establishes clear ownership,
accountability, and stewardship responsibilities across the five
architectural layers described in Section II.
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A. Data Quality Management

The accuracy of a DT’s predictive models relies entirely on
data quality. In mining, sensor drift or failure can inject
erroneous data into the system. Governance protocols must
define automated wvalidation rules, acceptable tolerance
thresholds, and imputation methods for missing data [14].
Continuous monitoring of data health metrics—completeness,
timeliness, and accuracy—is essential to maintain the fidelity of
the virtual model and prevent cascading errors in downstream
analytics.

B. Metadata Management and Data Lineage

Understanding the context of data is crucial for operational
trust. Metadata management involves cataloging sensor
specifications, calibration histories, and data transformation
logic. Establishing clear data lineage ensures traceability from
the physical sensor through the ETL pipeline to the final
analytical output [15]. This traceability is vital for auditing Al-
driven decisions, particularly following safety incidents or
equipment failures, and is a core requirement under emerging
industrial Al accountability standards.

C. Master Data Management

Mining operations utilize complex asset hierarchies
spanning thousands of pieces of equipment, hundreds of
geological zones, and multiple operational shifts. MDM ensures
consistent definitions and identifiers for equipment, locations,
and personnel across all IT and OT systems [16]. A unified asset
ontology prevents data fragmentation and enables the DT to
accurately correlate telemetry data with maintenance records
and financial systems, eliminating the ambiguity that arises
when different departments use inconsistent naming
conventions.

D. Data Security and Sovereignty

The convergence of IT and OT expands the cyber threat
landscape, making critical mining infrastructure vulnerable to
remote exploitation [17]. Governance frameworks must enforce
zero-trust architectures, role-based access controls (RBAC),
and end-to-end encryption protocols for all data in transit and at
rest. Furthermore, multinational mining corporations must
navigate complex data sovereignty regulations, ensuring
compliance with regional data localization laws that may
restrict the transfer of operational data across national borders
[18].

TABLE I1

DAMA-DMBOK Knowledge Areas Applied to Mining Digital
Twin Governance

Mining DT Application | Key Governance
Control

Sensor validation & drift | Automated threshold
detection alerts

DMBOK

Knowledge Area

Data Quality

Metadata Mgmt. Asset ontology &

calibration logs

Centralized data catalog
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Master Data Equipment & location Unified asset register

Mgmt. IDs

Data Security OT/IT zero-trust RBAC & encryption
architecture

Data Architecture Edge-cloud hybrid Schema standards
topology (OPC-UA)

Governance council
charter

Cross-functional
stewardship

Data Governance

IV.IMPLEMENTATION CHALLENGES AND
STRATEGIC MITIGATIONS

Deploying a governed Digital Twin in a mining context
presents unique sociotechnical challenges that extend beyond
the technical architecture. These challenges are organizational,
cultural, and regulatory in nature, and they must be addressed
proactively through deliberate governance design.

A. The IT/OT Cultural Divide

Historically, OT teams prioritized availability and safety,
while IT teams focused on security and data integrity. These
divergent priorities frequently produce conflicting governance
policies. Bridging this divide cross-functional
governance councils that establish shared objectives and unified
data standards, fostering collaboration between mine engineers,
data scientists, and IT security professionals [19]. Governance
charters must explicitly define escalation paths and conflict
resolution mechanisms.

requires

B. Legacy System Integration

Many mines operate with legacy equipment lacking native
digital connectivity. Retrofitting these assets with aftermarket
sensors is capital-intensive and introduces integration
complexities [20]. Governance strategies must account for
hybrid environments, employing middleware and standardized
APIs to normalize data from diverse generations of equipment.
Data quality rules must be calibrated to reflect the inherent
limitations of legacy sensor accuracy.

C. Scalability and Change Management

A DT is not a static software deployment but an evolving
ecosystem. As the mine expands or geology changes, the virtual
model must adapt. Agile data governance practices are required
to manage changes to the asset ontology, update ML models,
and integrate new data sources without disrupting ongoing
operations [21]. Formal change management procedures,
including impact assessments and rollback protocols, are
essential components of a mature mining data governance
framework.

V. CONCLUSION

The realization of Industry 4.0 in the mining sector through
Digital Twin technology offers unprecedented opportunities for
operational optimization and risk mitigation. However, the
sophisticated analytical capabilities of DTs are fundamentally
dependent on the integrity of the underlying data. By
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embedding  robust data  governance frameworks—
encompassing data quality, metadata management, MDM, and
security—mining enterprises can ensure that their virtual
replicas accurately reflect physical realities.

The five-layer DT architecture proposed in this paper,
governed through the adapted DAMA-DMBOK model,
provides a structured pathway for mining organizations to
transform raw industrial telemetry into a trusted strategic asset.
Addressing the IT/OT cultural divide, legacy system
integration, and change management challenges through
deliberate governance design is essential for sustaining the
operational resilience and regulatory compliance that modern
mining enterprises demand.
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