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Abstract

Cloud-integrated data lake architectures that enable exploratory production data analytics offer
an efficient and flexible approach to mining data for new patterns and insights that can drive
improvement. Such discoveries can enhance production quality and performance, facilitate
predictive maintenance, or even support decision-making automation through Al and machine
learning. Concrete ideas for supporting production analytics in a smart factory environment are
provided, along with a cloud-enabled data lake reference architecture for manufacturing
environments. The core components, data ingestion and integration pipelines, storage strategies,
and modeling considerations are considered in the context of exploratory production analytics
use cases focused the mining of production data for anomalies and failure patterns. Together,
these considerations can help practitioners realize new value from cloud-integrated data lake
architectures and services. However, moving production data to the cloud introduces new
challenges that must be faced to make the analytics-ready data lake a successful reality. Enabling
real-time analytics requires consideration of end-to-end latency, data freshness, and supported
analytics features. From a data governance perspective, novel approaches to policy definition,
access control, and proof-of-compliance must be developed. Even with the right design, the
sensitivity and business-critical nature of production data mean that its movement must be
carefully monitored, including the prevention of AET loss and potential data inconsistency
during sync processes. For mission-critical decision-making, the automated orchestration of the
entire pipeline chain is also essential.

Keywords: Cloud-Integrated Data Lake Architectures, Smart Factory Data Platforms,
Exploratory Production Data Analytics, Industrial Data Lake Systems, Manufacturing Data
Ingestion Pipelines, Predictive Maintenance Analytics, Al-Driven Manufacturing Intelligence,
Production Anomaly Detection Systems, Industrial Machine Learning Platforms, Real-Time
Manufacturing Analytics, Data Governance in Industrial Data Lakes, Manufacturing Data
Access Control Systems, Cloud-Native Industrial Data Platforms, End-to-End Manufacturing
Data Pipelines, Industrial Data Integration Frameworks.

1. Introduction
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Manufacturing production-analytics domain and associated goals; cloud-integrated data-
lake architecture types and components; research summary. Digital technologies, integrated
systems, and data-driven decision support for smart manufacturing are key areas of industrial
innovation and research. Cloud-integrated data-lake architectures support the implementation of
a variety of production-analytics tasks, such as real-time monitoring and anomaly detection,
predictive maintenance and reliability analytics, and quality prediction. The focus of these
architectures is the ingestion, integration, storage, and management of production data from
diverse data sources and different environments; the query and data-analysis services are not
emphasized, given the vast volume of literature in this area. Cloud providers deliver a variety of
services that support the development and deployment of cloud-based data-lake systems. The
specific service offerings and their capabilities vary across the major providers (Amazon,
Microsoft, Google, IBM, Alibaba, and Oracle); during selection, therefore, care should be taken
to consult the proper service documentation. The major service categories include data ingestion
and integration, storage for data lakes and warehouses, analytics and machine-learning services,
and data-management controls for Linage tracking, access-control policies, governance, and
quality and performance considerations.

2. Theoretical Foundations of Data Lakes in Manufacturing

Data lakes support a wider range of data types and use cases than data warehouses, which
offer mainly structured, highly consolidated data. They consume and store almost all data
produced by business applications, 10T sensors, industrial devices, enterprise resource planning,
and customer relationship management systems. Collections can also be consumed by external
services, such as a third-party label company in a factory. Generally, cloud computing service
providers offer all data lake functionalities: ingestion and integration, storage, analytics, and
management, delivered as separate services. Nevertheless, it is the business needs that determine
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the architectural pattern, types of services, and integration along the data lake building blocks.
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Fig 1: Architecting Cloud-Based Data Lakes for Smart Manufacturing: A Comparative
Analysis of Ingestion, Integration, and Advanced Analytics for 10T and Enterprise Systems

Data lake architectures have been proposed for cloud-based smart manufacturing
production analytics. Cloud service providers include ingestion pipelines with built-in connectors
to centralize and standardize data before storage. However, the components and design choices
vary. Supporting technologies include message queues, warehouses, vaults, and streaming
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analytics. Two typical use cases—real-time monitoring with anomaly detection and predictive
maintenance—demonstrate the principal characteristics. Data ingestion, integration, storage, and
modeling represent the key architectural building blocks.

3. Methodology

Data lakes that serve analytics in manufacturing scenarios and are integrated with cloud
services are the focus of this study. The design, dataflow and interconnections between data lake
components and cloud services are described; the cloud providers and tools for supporting the
applications are compared; and deployment and operating challenges are identified.

Data lakes and related technologies for smart manufacturing and smart industry are
abundant, but no consolidated description of their integration with the services of cloud providers
for data analytics in production operations is available. This study addresses that gap, providing
an overview of the architecture, operating Principles and preparations needed for real-time
monitoring and anomaly detection, predictive maintenance and reliability analytics.

Conceptual end-to-end latency decomposition from the article's use cases

Predictive maintenance

Real-time monitoring
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Illustrative latency budget (seconds)
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B Network I Storage I Alert/Action
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Equation 1) End-to-end latency equation

Let

Ling = ingestion latency

L,0; = network latency

Lyroc = processing latency
Lgiore = Storage/write latency
Lquery = query latency

Lqc: = action/notification latency

Then total end-to-end latency is the sum of all pipeline stages:

Ltotal = Ling + Lnet + Lproc + Lstore + Lquery + Lact

Step-by-step derivation

Start from total time:

Ltotal = taction - tgeneration

Insert intermediate timestamps:

to = tgeneration
t1 = tingested
t2 = treceived
t3 = tprocessed
ty = tstorea

ts = tqueried
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® g = laction
So,
Liotar =t — to
Add and subtract intermediate terms:
Leotar = (b1 —to) + (t3 —t1) + (t3 — tp) + (ty — t3) + (t5 — t4) + (ts — t5)
Define each difference:
Ling =t =ty Lpet =t — 4 Lproc =13 =ty Lstore =ty — L3 Lquery =tls—ty Lot =t — ts

Hence,

Ltotal = Ling + Lnet + Lproc + Lstore + Lquery + Lact

4. Objective of the Study

Cloud-integrated data lake architectures support flexible production analytics and data-
driven decision-making in smart manufacturing. Producers can benefit from cloud-based services
without altering an on-premises architecture. Data analytics can exploit separate cloud storage
and cloud-native production analytics tools such as machine learning for building predictive
models without data movement between data sources and tools. Such architectures also allow
enabling cloud services for real-time monitoring and anomaly detection, predictive maintenance,
and reliability analytics. These enable data ingestion, integration, and analytics functionality to
be deployed in the cloud. Architectural details of a typical deployment scenario and some
verified pilot implementations support the proposition. The analysis confirms such cloud-
integrated data lake architectures offer valuable capabilities in a smart manufacturing context.

Cloud-integrated data lake architectures support flexible production analytics and data-
driven decision-making in smart manufacturing. Producers can benefit from cloud-based services
without altering an on-premises architecture. Data analytics can exploit separate cloud storage
and cloud-native production analytics tools such as machine learning for building predictive
models without data movement between data sources and tools. Such architectures also allow
enabling cloud services for real-time monitoring and anomaly detection, predictive maintenance,
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and reliability analytics. These enable data ingestion, integration, and analytics functionality to
be deployed in the cloud. Architectural details of a typical deployment scenario and some
verified pilot implementations support the proposition. The analysis confirms such cloud-
integrated data lake architectures offer valuable capabilities in a smart manufacturing context.

5. Research Summary

Essential principles, findings, and use cases from the literature provide context and
inspiration. Data lakes are repositories that aggregate large volumes of diverse data in their
native form for future analytic use without the need for upfront schema definition. Their schema-
on-read approach and lack of dedicated data ingestion and storage processes reduce time and
cost. Data lakes also support advanced analytics requirements, such as massive unstructured data
volumes and rapid data and model churn. However, data quality, correctness, completeness, and
usability have not been adequately addressed. Reliable, correct, and usable products require a
data stewardship process similar to the traditional data warehouse data consolidation process. A
controlled hierarchy of data categories, governing operational data flow, and a permissive
nonoperational category support data lake usability. A data lake that stores diverse data types and
supports diverse analytics needs can be built by integrating suitable internal, external, and
community cloud services.

Cloud-integrated architecture patterns support various manufacturing production
analytics scenarios. Common use cases include near-real-time monitoring and anomaly
detection, predictive maintenance and reliability analysis, data-driven process analytics, and
hybrid data-driven process control. For example, production equipment data from sensors,
Supervisory Control and Data Acquisition (SCADA) systems, and other sources can be
aggregated in near-real-time for monitoring dashboards. Anomaly detection leverages
established methods and tools for anomaly detection and predictive maintenance and is delivered
as a service. Alternatively, a community cloud deployed using the CloudTamil framework allows
shared failure pattern access across factories using similar assets. Data-intensive components are
typically hosted in the cloud, while latency-sensitive components may be deployed on-site or in a
nearby region.

No. Topic Final equation Meaning
1 | Total latency Liotar = Ling + Lnet + Lproc Total pipeline delay
+ Lstore + Lquery
+ Lact
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No. Topic Final equation Meaning
Freshness F(At) = e~ kAt Freshness decays with age
Throughput Throughput = N/T Records processed per unit

time

4 | Network Throughput ,, = B/s Max throughput under
throughput bandwidth limit

5 | Anomaly score z=((x—-p/o Standardized anomaly

measure

6 Reliability R(t) =e™* Survival probability

7 | Maintenance t* = —In(Rppin) /2 Latest safe maintenance
threshold time

8 | Cost model Ct) =Cp+C(1—e™™) Expected preventive +

failure cost

9 | Sync load Lgync = nfsd Total edge-cloud data load

6. Cloud-Integrated Architectures for Production Analytics

Analytical frameworks based on cloud-integrated data lake architectures support
production analytics use cases in smart manufacturing. The architecture is composed of four
layers: data ingestion and integration, storage strategies and data modeling, computation
modeling and management, and application development. Data flows across service categories
like data analytics, cleansing, and orchestration, using connectors, functions, and services inside
and outside the lake. The integration pattern reflects the enveloped cloud-leverage concept: all
external cloud services can be used, but a single service (lake) is the main provider. Such
architecture applies to typical production analytics use cases—real-time monitoring, anomaly
detection, predictive maintenance, and reliability studies—enabling capabilities like streaming
ingestion with event processing, streaming dashboards, failure-pattern analysis, condition health
monitoring, and optimized maintenance scheduling with respect to reliability-centered
paradigms.

Cloud-integrated data lake architectures facilitate the modelling and building of cloud
data lakes that serve a variety of production analytics use cases. Four architectural layers guide
the technical specification of the data-integration subsystem, the deployed storage strategy, the
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data models adopted, and the facilities used for analytical development. Components are
holistically described using integration patterns that depict data flows across lake components
and external services. The enveloped-cloud-leverage concept formalizes the actual data-
integrating solutions: all external services can be exploited, but the lake is the major cloud
provider. Typical production-analytics use cases are revisited (real-time monitoring, anomaly
detection, predictive maintenance, and reliability studies) to assess the range of capabilities
attainable through such architectures. Cloud cloud-computing solutions constitute a novel
support for data-lake architectures in smart manufacturing production analytics.

and Integration Use Cases

~ Patterns N

N/

Enveloped
Cloud-Leverage
Concept

Fig 2: Optimizing Smart Manufacturing: A Cloud-Integrated Data Lake Architecture and
Enveloped Integration Framework for Advanced Production Analytics
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6.1. Data Ingestion and Integration

Data ingestion and integration are crucial processes within data lake architectures,
enabling the subsequent storage and processing of a wide range of data sources to support
production analytics. Manufacturing production environments typically utilize hybrid cloud
services, with platforms from listed providers acting as glue for multiple service components.
Therefore, a diverse set of ingest mechanisms is required to funnel data into the cloud-integrated
data lake architecture that supports production analytics.

Streaming services from cloud providers, such as Amazon Kinesis Data Streams, Azure
Event Hubs, or Google Cloud Pub/Sub, are typically used as first stages for real-time ingestion
from industrial equipment. In addition to native producers, such services provide ready-made
connectors for various event sources, such as 10T devices, databases, and third-party
applications. Nevertheless, these connectors require careful configuration to ensure data quality
and minimize latency. Despite the availability of such integrated connectors, additional ingestion
pipelines must often be developed using general-purpose stream processing frameworks, such as
Apache Flink, Apache Spark Structured Streaming, or Apache NiFi, to complement the
simplified ingestion of raw data produced by the providers and address other specialized use
cases. The supporting architecture for production analytics supports ingestion of structured,
semi-structured, and unstructured data. When necessitated by the storage component within the
architecture, connectors for batch ingestion into a data lake can take advantage of the diverse
open-source and commercial libraries that are available.

6.2. Storage strategies and data modeling

Data storage strategy represents one of the key architectural decisions when designing a
data lake. Contrary to conventional wisdom a data lake can be designed using alternative storage
approaches, including a data warehouse, vault, or hybrid strategy. Each option has its specific
strengths, weaknesses, and deployment scenarios, and the choice among them should consider
the analytical workloads and queries that will be executed. For example, when real-time
monitoring and anomaly detection are of prime value, a data lake is best supported using a
hybrid lake-warehouse approach, possibly with image management facilities. Similarly, when
addressing predictive maintenance, a vault-based architecture may create the most value.

Separate from the choice of storage strategy, the partitioning scheme applied during file
or object creation has a significant impact on query performance. Partitioning a dataset
introduces metadata that can be leveraged to increase query performance and reduce costs.
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Optimizing metadata freshness helps users capitalize on these benefits. A key advantage of a
data lake architecture is the flexibility offered by schema-on-read approaches. However, this
flexibility should not be abused, and possible data issues should be detected and resolved as early
as possible in the data lineage. To aid rapid data discovery, a catalogue enumerating the datasets
and their characteristics represents best practice for data lakes.

Conceptual trade-off: latency, freshness, and quality risk

Normalized score

Freshness retention
——— Data quality risk

o 2 a 6 8 10
Pipeline delay / batch interval (arbitrary units)

Equation 2) Data freshness equation
Let

e t.=currenttime

e t, = last update time

o At =t,—t, =ageof data

A simple freshness score is:

This gives lower freshness as data age increases.

A more common exponential decay form is:
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F(At) = e~ 4t
where k > 0 is the decay constant.
Step-by-step derivation

Assume freshness decreases proportionally to its current value:

dF LF

dt
Separate variables:

aF _ k dt

=

Integrate both sides:
[ +dF =] —kdtInF =kt +C
Exponentiate:
F = e~kt+C — okt
At t = 0, freshness is maximum, so F(0) = 1. Then:
1=C

Therefore,

F(t) = ekt

Ift = At =t,. —t,, then

F(At) = e~ kte=ta)

7. Data Lake Architectures in Smart Manufacturing: Use Cases
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Typical deployment scenarios and value propositions of cloud-integrated data lake
architectures in smart manufacturing environments for advanced production analytics are
reviewed.

Introduction

Cloud-integrated data lake architectures support advanced data-driven production
analytics in smart manufacturing environments. Use cases include real-time monitoring and
anomaly detection, predictive maintenance and reliability analytics, energy consumption
modeling, production process analysis, and quality prediction and control. Data is ingested,
integrated, and stored in a schema-on-read, any data format, any scale, and cost-effective
manner. The cloud model’s multi-service pattern enables orchestration across a wide range of
cloud services at an affordable price. Therefore, cloud-integrated data lake architectures facilitate
a variety of production analytics types beyond what is provided by any single service.

Architecture integration patterns based on the specific service requirements of typical
production analytics use cases are applied to demonstrate how cloud-integrated data lake
architectures meet a broader collection of smart manufacturing production analytics needs. The
analysis reveals two commonly deployed use cases: real-time monitoring combined with
anomaly detection, and predictive maintenance supported by reliability analytics. For the first
use case, data from equipment conditions, control parameters, and process outputs is ingested at
streaming speed and used to drive dashboards for monitoring normal operational conditions
while also enabling early warning of abnormal situations via an anomaly detection algorithm.

7.1. Real-time monitoring and anomaly detection

Real-time services operate on constant data streams and deliver ongoing insights. A
typical use case involves monitoring equipment parameters (e.g., temperature, speed, vibrations)
and detecting impending failures. Anomalies can indicate various situations ranging from
imminent equipment breakdown to process deviations or attempts at sabotaging production. The
architecture supports real-time analysis of data streams from machines equipped with streaming
capabilities (e.g., 0T devices) or from gathered historical data. Data from sensors and equipment
are promptly ingested and processed using stream-processing engines (e.g., Apache Flink, Azure
Stream Analytics) to extract events. These events are then displayed on dashboards created using
visualization tools (e.g., Tableau, Microsoft Power BI), enabling real-time monitoring with
instantaneous feedback. Alternatively, automatically detected anomalies trigger alerts for
designated personnel.
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Anomaly detection leverages historical data to define a statistical model of the normal
operating condition of the component, such as time series or unsupervised machine learning
models. Scoring is performed continuously over streaming data using the same logic that
generated the statistical model. Any detected anomaly results in a score above a defined
threshold. The model may include correlational checks, enabling joint status verification of
multiple equipment parameters; an alarm is triggered only when all parameters are satisfied. In
situations where an accurate model of normal operation cannot be constructed, online supervised
anomaly detection approaches may be applied. Here, labeled training data from equipment that is
evaluated as normal during the production process is used to generate classification-based
models, which are then used to score the incoming data stream on an ongoing basis.

7.2. Predictive maintenance and reliability analytics

Manufacturing production systems are susceptible to unplanned failures of machines,
components, and devices. Such failures typically result from a complex interaction of external
and internal factors—such as environmental stresses affecting machines and incomplete material
models leading to product failures—and ultimately endanger production performance. Therefore,
these failures need to be anticipated and avoided under the current paradigm of reliable, cost-
conscious production with minimal delays and interruptions. The aim of predictive maintenance
is to leverage predictive models to increase the time to failure of production elements. The fault
condition or life cycle of an element, machine, or groups of machines operated under certain
conditions can be derived from digitally-enhanced process and/or equipment data. Condition-
monitoring sensors can assist in addressing single points of failure by modeling a deteriorating
characteristic critical to the production process.

The data lake technology serves to collect and combine condition-monitoring data with
historical failure records available to the maintenance department. Machine-learning models
detect abnormal behavior during the machine’s normal operation and predict potential failures.
The models can be applied to automatically recommend preventive maintenance actions that
extend the remaining useful life of the machine at minimal cost. The complete solution
description includes the following aspects: (i) Learning from historical failure patterns; (ii)
Predicting remaining useful life of components under condition-monitoring values; and (iii)
Using condition-monitoring data for online monitoring.

8. Evaluation of Cloud Providers and Tools
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Evaluating cloud-integrated data lake architectures for smart manufacturing production
analytics across major cloud providers (AWS, Azure, Google Cloud, Alibaba Cloud, IBM
Cloud) using a framework that examines compute, storage, and analytics services as well as data
management tools and trade-offs in latency and data freshness.

Researchers are often unclear about which cloud services best suit their particular
production analytics use cases and whether to develop in-house solutions or leverage specialized
commercial offerings. To better inform these decisions, the architectures of cloud-integrated data
lakes for smart manufacturing production analytics deployed in AWS, Azure, Google Cloud,
Alibaba Cloud, and IBM Cloud are compared. The analysis defines seven categories of data
analytics and compares compute services, storage services (object stores, data warehouses, and
data vaults), analytics services (databases, query engines, AI/ML), and data management
services (catalogs, lineage, governance, security) for each cloud provider.

Platform capabilities—streaming and batch data ingestion, storage mechanisms, and data
modelling strategies—are assessed in the context of production analytics pipeline requirements,
while key end-to-end latency-sensitive connectors are highlighted. By synthesizing cloud-
provider capabilities related to cloud-integrated data lake architectures, supporting EC-secretary-
assisted clouds, and guiding organizations in the adoption of cloud services for smart
manufacturing production analytics applications, the comparative analysis helps validate prior
research on cloud-integrated data lake architectures for smart manufacturing production analytics
and offers a foundation for future developments.

8.1. Comparative analysis of platform capabilities

Cloud providers and their associated cloud-based services vary across dimensions such as
functional capabilities, APIs for cloud service integration, enablement of application design and
development, and transaction models. A comparison of the leading public clouds is presented
across eight different categories.

Compute services. The major public clouds offer a range of compute services that differ
in terms of pricing models, instance families, virtual machine operating systems, container
capabilities, and functional features. Google Cloud Platform (GCP) leads the pack with support
for more than 20 different instance families. Google also provides serverless compute
capabilities for containers through Cloud Run. Microsoft Azure is the only cloud that provides a
service for physical servers on-demand.
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Storage services. Public cloud providers offer storage services for structured and
unstructured data, each presenting a distinct architecture and set of requirements. Amazon Web
Services (AWS) provides a specialized database service for time-series data, Amazon
Timestream, that’s tuned for fast ingestion and querying of time-intervals. SoftLayer (now part
of IBM Cloud) stands out with the ability to deploy file and block storage on virtual and bare
metal servers.

Analytics services. The mature analytics service offerings from public cloud providers
help to simplify the integration of business intelligence and analytics across multiple
applications. These Bil/Al- services of the three major public clouds, AWS, Microsoft Azure,
and Google Cloud Platform (GCP), support the same capabilities. The billing model of the data
warehouse offerings varies widely from pay-per-quer, flexible usage, reserved instance pricing,
and sponsor-a-node for an entire region.

Interoperability and connectors. Inter-cloud connectivity and orchestration have become
necessary because most enterprises are using multiple public clouds or a combination of private
and one or more public clouds. Consequently, most major public clouds provide native
interoperability capabilities for workloads that span multiple providers. Apart from cross-cloud
orchestration, native service connectors and helpers also play an important role, especially during
application design and integration.

Equation 3) Latency—freshness trade-off equation
Let

e L =latency

e F(L) = freshness

e R, (L) = quality risk
A conceptual model is:

F(L) = e

and

R,(L) = a +bL
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with a, b > 0.
A combined objective can be written as:

J(L) = wyF (L) — waRq(L)
Substitute the definitions:

J(L) = wye ¥ —w,(a + bL)

Optimal latency

Differentiate:

aj _
L= —kw e * — pw,

If instead we want to minimize a loss:
C(L) = wy(1—F(L)) + wyRy(L)
then
C(L) =wi (1 —e ™) +w,(a+bL)
Differentiate:

dc
E = Wlke_kL + bW2

A better batch-vs-stream trade-off can be modeled as:
QL) =a(l—e™™)
where Q(L) is quality gain from larger batch context.
Then net utility:
UL)=QL)—BLU(L) =a(l—e™™)—BL

Differentiate:
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—mL=1n(L) | = -2m (L)
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8.2. Data management services and performance considerations

Data management services play a crucial role in cloud-integrated data lakes. Capabilities
and performance in these areas intersect with other categories, as they relate to data freshness,
storage system selection, and queries performed on the lake or data warehouse. Key criteria
include

- Data catalog services: A centralized catalog of datasets and metadata greatly eases the
use of data lakes by offering a single entry point for all resources. It also helps to discover and
reuse datasets, thus enhancing cost efficiency. The popularity of open-source catalogs such as
Amundsen, DataHub, and Apache Atlas indicates the importance of this service category.
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- Data lineage tracking: Tracing the origin and the journey of data through different
transformations and aggregations is necessary for auditing, testing, compliance verification, and
alleviating the stupidity of repeated analysis. However, it is an expensive and challenging task,
especially in highly automated pipelines.

- Data governance: Data lakes aggregate vast amounts of data from diverse sources.
Without proper governance, the quality and usability of the data cannot be guaranteed. Rules and
policies that define access authorizations and control over data shared or reused externally are
fundamental components of governance.

- Data security: Although cloud vendors implement state-of-the-art security mechanisms,
organizations must implement security measures tailored to their specific use cases and data.
With data privacy being a growing concern, encryption both at rest and in transit is a key
requirement. However, encryption reduces performance. Therefore, organizations should be
aware of the trade-offs between security and performance.

- Data freshness: The value of data diminishes over time. Organizations must implement
adequate mechanisms to ensure timely updates of data sinks, for instance, by combining
streaming ingestion through event processing platforms with the batch updates of data sources
with lower data change rates. Short end-to-end latencies are essential in several use cases,
especially in monitoring and anomaly detection. Keep-alive mechanisms are another way to
ensure that data are as fresh as possible.

- Latency and throughput: Are latency and throughput guaranteed by the services used?
Avre they sufficient given the volume of data being processed?

Symbol Definition Unit
Ling | Ingestion latency S
L.+ | Network latency S
L,roc | Processing latency S
Letore | Storage latency S
Lquery | Query latency S
Lgee | Action latency S
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Symbol Definition Unit
Liotar | End-to-end latency S
F Data freshness dimensionless
k Freshness decay constant 1/time
N Number of records count
T Processing time S
B Bandwidth bytes/s
s Record size bytes
X Observed value variable-dependent
U Mean same as x
o Standard deviation same as x
A Failure rate 1/time
R(t) | Reliability probability
C, | Preventive maintenance cost | currency
Cr Failure cost currency
n Number of devices count
fs Sync frequency 1/s
d Data per sync bytes

9. Challenges, Risks, and Mitigation Strategies

Data lakes are exposed to various risks that may hamper their usability and operation. A good
understanding of these risks, together with an adequate risk management framework supported
by best practices and mitigation strategies, has a significant impact on the success of cloud-
integrated data lakes. The most relevant risks and challenges together with possible mitigation
approaches have been identified. Governance issues, particularly related to data ownership,
access management, and data lineage, are among the most critical factors for successful data lake
implementations. Key strategies to mitigate these concerns include establishing stewardship
policies, implementing strong access control mechanisms, and deploying data cataloging
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solutions that track data origin and transformations.

Governance Issues and Mitigation Risks
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Fig 3: Governance and Latency Optimization: Critical Risk Mitigation Strategies for High-
Performance Cloud-Integrated Data Lakes

The end-to-end latency, specifically of non-real-time data, is another important risk, as
the data may lose their value before the analytics are delivered. Latency can be addressed by
minimizing data-handling delays along the entire pipeline, deploying event processing in the
streaming ingestion path, and ensuring that latency-sensitive and latency-tolerant applications are
separated. Storing ephemeral data in a data lake can also help reduce processing delays for time-
sensitive queries. On the cloud integration side, providing a synchronous data connection

21| Page



AMERICAN DATA SCIENCE JOURNAL FOR
ADVANCED COMPUTATIONS

VOLUME: 02 ISSUE: 04

between the source and destination is essential to keep data fresh. Moreover, data freshness is
also a critical concern for predictive maintenance and reliability analytics applications. In this
case, data may be considered stale if the condition monitored by the data has significantly
changed since the last data acquisition, even if the actual data are still in good shape.

9.1. Data governance and lineage

Specific policies define who can access which data. To comply with legal and industrial
standards, organizations must clearly establish data ownership and processes for controlling data
usage. Such policies should go beyond security regulations to include measures for preventing
threatening behavior. Security checks, such as malware detection, and business risk mitigation
procedures have an impact on the usage of sensitive information. Data access portals enable non-
technical users to discover the data they need whilst enforcing these policies.

An inventory of all data should be maintained, along with a catalogue that contains
standard descriptions of data. Organizations often use a separate directory or enterprise directory
to store data access permissions. Security policies can also go further by creating data access
rights classified by user role so that the same user can access different data at different times and
act on them differently based on context and security.

Data lineage mechanisms record throughout the data life cycle how data are ingested,
transformed, and consolidated from the original sources into a final database. Organizations
should therefore use databases that provide built-in support for lineage tracking. Moreover, if the
data lake is a multi-module analytical platform hosted by a data analytics provider, it must also
keep track of the data processing modules to demonstrate compliance with laws and internal
guidelines.

9.2. Latency and data freshness

Maintaining data freshness while ensuring low end-to-end latency is critical for
applications demanding real-time or near real-time operation, such as anomaly detection, fraud
detection, and planning decision support. Latency has multiple dimensions, including the time
from data generation to exploration, to the time when insights are acted upon. The trade-off
between latency and granularity has to be considered throughout the pipeline. A streaming
pipeline with low granularity, for example, might allow a business decision to be taken faster
than a high-granular scheduled batch pipeline.
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These effects of data freshness typically apply in the opposite direction. Streaming
ingestion with transformation on the fly introduces lower latency but higher end-to-end data
quality risk. Data lakes also permit stale data to coexist with freshly created data so that, by
means of a careful choice of data-science rules, the presentation of content becomes mostly
noise-free. But this can be achieved only to the extent that a large portion of the old data remains
unchanged and that the operator has a certain degree of freedom in merging and reconciling the
old and new knowledge contained in the data. Consequently, for some novel classes of
applications, such as demand estimation and planning, a periodical batch-like frequency of
ingestion might yield better-quality insights despite being noisier with respect to the present state
of the data.

For the freshness component, therefore, the requirement is that ingestion follows the
natural time continuity of the data being ingested and does not adopt a coarse-grained frequency.
Nevertheless, for periodic demand and supply estimation, batch rather than streaming ingestion
might be recommended; for demand-supply matches, streaming is preferable. However, unlike
with demand-supply matches, the actual constraints on the flow of demand-supply matching
points that affect latency and freshness, that is, how quickly these matching points become
available, are difficult to define a priori.

10. Future Directions in Cloud-Integrated Data Lakes for Manufacturing

Emerging capabilities of edge devices, processing, and storage open new possibilities for
orchestration across the entire data pipeline, from data collection at the shop floor to integrated
cloud-based analytics. Enabling orchestration, data-driven Al applications promise efficient and
automated decision-making, improving resilience and adaptability of both production systems
and manufacturing companies. Three critical topics deserve closer attention: edge-to-cloud data
orchestration, Al-driven optimization, and autonomous operations.

General-purpose platform-as-a-service environments support the execution and retraining
of Al models for predictive analytics, optimization, and autonomous operation, ranging from
reliability and maintenance optimization to by-product allocation and production planning.
Optimizations and decisions performed at the cloud level can further consider cross-line and
cross-company objectives and thus seek a more holistic utilization of resources. The challenge is
to ensure accurate and up-to-date data for the models while leveraging them in a manner that
does not hinder operations and performance. Automation can also be applied to reduce effort
spent on maintenance and service tasks, with self-adaptive production elements tuning their
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configuration and operations according to real-time data and continuously improving their
behavior based on monitoring feedback.

Equation 4) Throughput equation

Let
e N =number of records processed
e T =processing time

Then throughput is:

N
Throughput = T

If average record size is s bytes and bandwidth is B bytes/s, then transfer time is:

Tpor = —
net B

Hence network-limited throughput:

Throughput = —— =~ _ -5
U et =T T Ns/B s

So,

B
Throughput = 5
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Predictive maintenance interpretation from reliability analytics
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10.1. Al-driven optimization and autonomous operations

Cloud-integrated data lake architectures for smart manufacturing production analytics are
well positioned to leverage advances in artificial intelligence, providing the means to implement
system optimization and decision automation for more self-adaptive production resources and
processes.

Data-driven optimization is already a major target of Al development in manufacturing.
With the widespread adoption of smart factory concepts and devices, such methods are becoming
more prevalent across various levels of manufacturing planning and control, resource
management, and engineering processes. In addition to optimization, Al applications in
manufacturing are increasingly moving from descriptive models, which primarily provide
business insights, toward predictive ones that relate a set of potential decisions with their
expected outcomes. Such predictive models can thus be used to steer or take over routine
operational decisions, which is a common goal in autonomous operations.

Production analytics based on cloud-integrated data lake architectures move in the same
direction. They combine the cloud’s massive data storage and processing capabilities with Al
technologies to build models of asset and process reliability as well as of failures and
performance losses. These models, when realized as digital twins, can play a major role in
decision automation through the simulation of both normal and outlying operational conditions.
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Together with analytics at the edge of production networks, which provide visibility remotely or
on-site while minimizing latency, full autonomy of self-organizing production networks
endowed with digital twins is expected to be reached within a few years.

10.2. Edge-to-cloud data orchestration

Edge systems often serve specialized purposes within production sites, yet they also have
the potential to become authoritative data sources. By deploying well-defined processing
pipelines, edge devices can aggregate, filter, and analyze large data streams, yielding smaller
outputs that can be synchronized to central storage. Local processing greatly reduces bandwidth
requirements, thereby addressing latency and throughput limitations. When supported by
reliability mechanisms such as dual writes, control messages, and data shadowing, edge
processing can mitigate the risk of data loss in case of disconnection. Edge-to-cloud architectures
thus offer a compelling solution for real-time monitoring and anomaly detection.

Orchestration between edge and cloud systems is increasingly needed to guarantee up-to-
date information about current production conditions. These systems are often powered by
stream-based applications that require frequent synchronization with cloud data lakes. However,
each synchronization generates additional load on the cloud storage and network, negatively
affecting scalability and performance. Buttressing these requirements, maintenance operations,
such as inspection and preventive maintenance, can disrupt one or multiple production lines,
generating additional flows of data. Orchestrating these various operations in a holistic manner is
therefore essential to minimize the overall data freshness while guaranteeing a low-enough
latency for the cloud-based control applications.

Equation 5) Anomaly detection using z-score

For observed value x, mean u, and standard deviation o

X —u
Z=
o

An anomaly is detected if
|z| > 6

Commonly 6 = 3.
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Step-by-step derivation
Standardization converts data to units of standard deviations from the mean.

Difference from mean:

X — U
Normalize by spread:
xX— U
g
So standardized score:
X—U
Z =
g
Decision rule:
||Z| >3= anomalyl
11. Results

The results comprise a systematic evaluation of cloud-integrated data lake architectures.
Emphasis is placed on the use of cloud services for data ingestion, storage, analysis, and
operationalization. The analysis reveals that specialized components enable cost-efficient,
secure, and flexible data lakes capable of supporting a wide range of applications by integrating
diverse and complex data sources. The discussion highlights typical manufacturing use cases,
associated implementation details, and specific requirements for the capabilities of cloud
providers and tools. An open challenge for researchers is the design of data lakes that
simultaneously meet the requirements of multiple applications. Two deployment scenarios
illustrate the trade-offs: real-time operational monitoring with low latency, and predictive
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maintenance that seeks sub-hourly data freshness while reducing data preparation costs.
Implementation Scenario Distribution

Data Lake Governance

Reliability Analytics

Real-Time Monitoring

Predictive Maintenance

Fig 4: Implementation Scenario Distribution

Moreover, a pilot case study demonstrates a cloud-integrated architecture for predictive
maintenance and reliability analytics in an abrasive paper manufacturing plant. By combining
information from production logs and historical failure events, the solution identifies common
failure patterns, associates them with a set of position sensors (acoustic and vibration), and
derives predictive models for critical components. The models also serve as input to the
predictive maintenance optimization problem, which minimizes maintenance cost while ensuring
a target level of reliability. Testing the reliability condition on a non-historical failure dataset
assesses the predictive performance of the selected condition indicators.

12. Conclusion

The analysis of cloud-integrated, governance-aware data lakes in human-centric smart
manufacturing production analytics and decisions synthesizes a broad range of considerations,
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including customer engagement and satisfaction, real-time condition and failure information
availability, and low-latency automated decisions with minimal human intervention. Different
stages of usage have been considered, ranging from initial ad hoc data exploration through real-
time monitoring and anomaly detection to predictive maintenance, optimization, and beyond.
The value proposition of cloud-integrated data lake architectures for smart manufacturing
production analytics is corroborated through general examples and discussion of common
deployment characteristics.

Cloud-integrated data lake architectures enhance a manufacturing enterprise's ability to
provide production analytics and decisions to its business ecosystem, enabling customer
satisfaction, engagement, and loyalty. Production-related customer requirements can be fulfilled
through a data lake environment that supports storage of both structured business data and
unstructured condition and failure history. Such a storage arrangement, coupled with relevant
connectors, allows analytics for customer relationship management, predictive maintenance
recommendations, and condition-related alerts for live delivery to customers.

References

1. Aivaliotis, P., Georgoulias, K., Arkouli, Z., & Makris, S. (2023). Methodology for
enabling digital twins using industrial 10T and cloud computing technologies. Journal of
Manufacturing Systems, 68, 370-384.

2. Ahmad, T., Zhang, D., Huang, C., Zhang, H., Dai, N., Song, Y., & Chen, H. (2024).
Acrtificial intelligence in sustainable energy industry: Status quo, challenges and
opportunities. Journal of Cleaner Production, 437, 140217.

3. Alcaraz Calero, J. M., & Aguado, J. G. (2022). Monolithic integration of cloud, edge, and
10T systems for industrial analytics. IEEE Access, 10, 63852-63869.

4. Yandamuri, U. S. (2024). Al-Driven Decision Support Systems for Operational
Optimization in Hospitality Technology. Metallurgical and Materials Engineering.

5. Bader, S. R., Maleshkova, M., & Lohmann, S. (2023). Data lake architectures and
metadata management: A review. Information Systems, 114, 102181.

29| Page



AMERICAN DATA SCIENCE JOURNAL FOR
ADVANCED COMPUTATIONS

VOLUME: 02 ISSUE: 04

6. Ben-Daya, M., Hassini, E., & Bahroun, Z. (2022). Internet of Things and supply chain
management: A literature review. International Journal of Production Research, 60(5), 1454—
1480.

7. Bhattacharya, S., Lane, N. D., & Georgiev, P. (2024). Cloud-edge intelligence for
industrial 10T applications. IEEE Internet of Things Journal, 11(3), 4721-4738.

8. Kolla, S. H., & Peddi, R. K. (2024). Designing Governance-Aligned GenAl Pipelines
Using Small Language Models for Enterprise Workflow Intelligence. International Journal of
Science, Research and Technology, 7(6), 13256-13268.

9. Cao, Y., Yang, B., Wang, X., & Li, Z. (2024). Federated learning for predictive
maintenance in industrial environments. IEEE Transactions on Industrial Informatics, 20(2),
1588-1600.

10. Cappiello, C., Francalanci, C., & Pernici, B. (2023). Data quality management in
industrial data lakes. Information Systems Frontiers, 25(4), 1197-1213.

11. Chen, J., Wan, J., Zhang, D., Li, D., & Zhou, K. (2023). Industrial big data analytics in
smart manufacturing: A review. Journal of Manufacturing Systems, 66, 522—-540.

12. Davuluri, P. S. L. N. . (2024). Al-Driven Data Governance Frameworks for Automated

Regulatory Reporting and Audit Readiness. Metallurgical and Materials Engineering, 30(4),
996-1010. https://doi.org/10.63278/mme.v30i4.1936

13. Corallo, A., Lazoi, M., Lezzi, M., & Luperto, A. (2023). Cybersecurity and governance
in industrial cloud platforms. Computers in Industry, 148, 103906.

14. Dai, H. N., Zheng, Z., & Zhang, Y. (2022). Blockchain for Internet of Things: A survey.
IEEE Internet of Things Journal, 9(18), 16546-16572.

15. Delsing, J. (2023). Local cloud Internet of Things automation: Technology and business
model features. IEEE Industrial Electronics Magazine, 17(1), 35-47.

30|Page



AMERICAN DATA SCIENCE JOURNAL FOR
ADVANCED COMPUTATIONS

VOLUME: 02 ISSUE: 04

16. Velangani Divya Vardhan Kumar Bandi. (2024). Intelligent Data Platforms For
Personalized Retail Analytics At Scale. Metallurgical and Materials Engineering, 30(4),
1011-1027. https://doi.org/10.63278/mme.v30i4.1938

17. Fatorachian, H., & Kazemi, H. (2023). Impact of Industry 4.0 on supply chain
performance. Production Planning & Control, 34(5), 412-426.

18. Frank, A. G., Dalenogare, L. S., & Ayala, N. F. (2022). Industry 4.0 technologies and
their implementation. Journal of Manufacturing Technology Management, 33(3), 589-609.

19. Gandomi, A., Haider, M., & Khan, A. (2024). Industrial artificial intelligence and big
data analytics for smart factories. Information Sciences, 675, 120755.

20. Sasi Kumar Kolla, & Venkata Akhilesh Ranga Reddy. (2024). Evaluating Cloud-Native
vs. Hybrid Architectures for Health Benefit Administration Systems. International Journal of
Medical Toxicology and Legal Medicine, 27(5), 1042-1053. Retrieved from
https://ijmtim.org/index.php/journal/article/view/1483

21. Gupta, M., Abdelsalam, M., Khorsandroo, S., & Mittal, S. (2023). Security and privacy
in smart manufacturing. IEEE Access, 11, 46528-46548.

22. He, Y., Guo, J., & Zheng, X. (2024). Cloud-native industrial analytics platforms for smart
manufacturing. Future Generation Computer Systems, 153, 233-247.

23. lvanov, D., Dolgui, A., & Sokolov, B. (2023). Digital supply chain twins and resilience.
International Journal of Production Research, 61(8), 2387—2404.

24. Kolla, T. (2024). Al-Powered Data Catalog Systems For Healthcare Data Discovery And
Governance. South Eastern European Journal of Public Health, 2296-2311.
https://doi.org/10.70135/seejph.vi.7077

25. Kamble, S. S., Gunasekaran, A., & Sharma, R. (2023). Big data analytics in Industry 4.0.
Computers & Industrial Engineering, 182, 109450.

31|Page



AMERICAN DATA SCIENCE JOURNAL FOR
ADVANCED COMPUTATIONS

VOLUME: 02 ISSUE: 04

26. Khan, W. Z., Rehman, M. H., Zangoti, H. M., Afzal, M. K., Armi, N., & Salah, K.
(2023). Industrial Internet of Things: Recent advances and applications. IEEE Access, 11,
38221-38249.

27. Kritzinger, W., Karner, M., Traar, G., Henjes, J., & Sihn, W. (2022). Digital twin in
manufacturing: A review. IFAC-PapersOnLine, 55(10), 1016-1021.

28. Mangalampalli, B. M. Intelligent Data Profiling for Healthcare Data Lakes Using Al-
Enhanced Analytics.

29. Lee, J., Davari, H., Singh, J., & Pandhare, V. (2022). Industrial artificial intelligence for
Industry 4.0-based manufacturing systems. Manufacturing Letters, 18, 20-23.

30. Li, X., Wang, S., Ding, Y., & Yang, H. (2024). Real-time analytics frameworks for
cloud-edge industrial systems. IEEE Transactions on Industrial Informatics, 20(4), 3248-
3260.

31. Lin, K., Wang, Y., & Zhao, L. (2023). Explainable Al for predictive maintenance in
industrial systems. Reliability Engineering & System Safety, 235, 109250.

32. Mangala, N. (2024). Leveraging Microsoft Fabric Lakehouse as an Al-Ready Data
Platform for Enterprise Analytics. Journal of Information Systems Engineering and
Management.

33. Mahmood, T., Li, Y., & Li, J. (2024). Data governance frameworks for industrial cloud
platforms. Future Internet, 16(1), 28.

34. Malik, A. A., Bilberg, A., & Brem, A. (2023). Data-driven smart manufacturing and
predictive analytics. Procedia CIRP, 118, 396-401.

35. Mariani, M., Perez-Vega, R., & Wirtz, J. (2023). Al and machine learning in industrial
operations. International Journal of Contemporary Hospitality Management, 35(9), 3341—
3362.

36. HARNESSING GENERATIVE Al FOR ADAPTIVE RISK POLICY GENERATION
IN MULTI-REGULATORY DATA CENTER ENVIRONMENTS. (2024). Turkish Journal

32|Page



AMERICAN DATA SCIENCE JOURNAL FOR
ADVANCED COMPUTATIONS

VOLUME: 02 ISSUE: 04

of Computer and Mathematics Education (TURCOMAT), 15(3), 505-515.
https://doi.org/10.61841/vakvfh9l

37. Mourtzis, D., Angelopoulos, J., & Panopoulos, N. (2024). Smart manufacturing and
industrial metaverse technologies. CIRP Annals, 73(1), 345-348.

38. Nguyen, T. T., Reddi, V. J., & Das, S. K. (2024). Edge-cloud collaborative intelligence
for Industry 4.0. IEEE Internet of Things Journal, 11(5), 7821-7835.

39. Park, J., Kim, H., & Choi, S. (2023). Industrial anomaly detection using deep learning: A
survey. Sensors, 23(14), 6324.

40. Venkata Akhilesh Ranga Reddy, Sasi Kumar Kolla. (2024). Infrastructure-As-Code
Practices For Regulated Healthcare Cloud Environments. Metallurgical and Materials
Engineering, 30(4), 1028-1042. Retrieved from https://metall-mater-
eng.com/index.php/home/article/view/1984

41. Qian, C., Liu, X., Ripley, C., Qian, F., Liang, W., & Yu, W. (2024). Digital twin cyber-
physical systems for smart manufacturing. Journal of Manufacturing Systems, 72, 148-162.

42. Sestino, A., De Mauro, A., & Dell’Atti, S. (2023). Data-driven decision-making in
Industry 4.0. Business Process Management Journal, 29(6), 1651-1672.

43. Sharma, A., Shamkuwar, M., & Singh, S. (2024). Cloud-native architectures for
industrial big data platforms. Journal of Cloud Computing, 13(1), 41.

44. Rajesh Mattaparthi. (2024). Transformer-Based Fault Diagnosis for Large-Scale Standby
Power Generators: Partial Discharge Pattern Recognition at Hyperscale Data Center
Installations . Journal of Computational Analysis and Applications (JOCAAA), 33(08), 8781
8799. Retrieved from https://eudoxuspress.com/index.php/pub/article/view/5482

45. Tao, F., Xiao, B., Qi, Q., Cheng, J., & Ji, P. (2023). Digital twin and data-driven smart
manufacturing. Journal of Manufacturing Systems, 67, 282—295.

33|Page



AMERICAN DATA SCIENCE JOURNAL FOR
ADVANCED COMPUTATIONS

VOLUME: 02 ISSUE: 04

46. Wan, J., Tang, S., Shu, Z., Li, D., Wang, S., Imran, M., & Vasilakos, A. V. (2022).
Software-defined industrial Internet of Things in smart manufacturing. IEEE
Communications Magazine, 60(2), 48-54.

47. Wang, S., Wan, J., Li, D., & Zhang, C. (2023). Implementing smart factory systems
through cloud computing and industrial 10T. International Journal of Distributed Sensor
Networks, 19(2), 1-16.

48. Xu, X, Lu, Y., Vogel-Heuser, B., & Wang, L. (2024). Industry 4.0 and smart
manufacturing: State of the art and future trends. International Journal of Production
Research, 62(4), 1125-1148.

49. Reddy, V. A. R. (2023). API-First Design As A Strategy For Healthcare System
Interoperability. South Eastern European Journal of Public Health, 224-247.
https://doi.org/10.70135/seejph.vi.7128

50. Zhang, Y., Ren, S., Liu, Y., Si, S., Yang, H., & Huang, T. (2023). A big data analytics

architecture for cleaner manufacturing and maintenance optimization. Journal of Cleaner
Production, 385, 135714.

34|Page



