Volume 8 Issue 3 @ May - June 2020 IJIRMPS | ISSN: 2349-7300

Implementing Predictive Maintenance in Industry
4.0 with Thingworx Platform

Ashok Kumar Kalyanam

SME & Solution Architect
ashok.kalyanam2020@gmail.com

Abstract

Predictive maintenance has revolutionized industrial operations with the integration of Industry 4.0
through smarter, more efficient, and preventive maintenance strategies. This approach utilizes 10T-
enabled platforms like Thing Worx for real-time data collection, advanced analytics, and remote
monitoring to foresee equipment failures before they occur. The article discusses an approach that
could be used in the implementation of predictive maintenance using ThingWorx, starting from data
acquisition and analysis to applying the gained insight. With this strategy, industries will reduce
downtime, extend equipment life, and improve operational efficiency. Further, this translates to a cost
reduction for the customer due to reduced maintenance costs, system reliability, and increased
productivity. Additionally, evaluation of practical implementations of Industry 4.0 solutions,
highlighting real-world applications of augmented reality and 10T in industrial settings, highlighting
their effectiveness in optimizing processes.

Keywords: Industry 4.0, Predictive Maintenance, Thingworx, 10T, Equipment Management, Data
Analytics, Real-time Monitoring, Augmented Reality, Industrial Automation.

I. INTRODUCTION

Industry 4.0-a production and industry characterized by the integration of cyber-physical systems,
0T, and smart technologies-promised a sea change in manufacturing and industrial processes. One of the
important areas to be influenced by such innovations was maintenance management. Predictive maintenance
is part of this trend, relying on data from various connected devices to predict failures and perform
maintenance work before it becomes necessary, which reduces unplanned stops in production and limits
expensive repairs. This is contrary to most traditional maintenance strategies, which are often reactive or
scheduled, thus inefficient and bound to raise operation costs. Such advanced platforms include ThingWorx,
important in the deployment of predictive maintenance solutions in the Industry 4.0 environment. loT-based
systems are at the heart of PdM, as they can provide an end-to-end capability of collecting, processing, and
visualizing data from production facilities in real time. The industrial sector can keep a check on machinery
health, trace any anomalies, and analyze trends for prediction of failures to reduce risk by using such
platforms. Predictive maintenance not only optimizes equipment reliability but also assists in efficient asset
management, reduces superfluous maintenance efforts, and prolongs the life of assets by taking timely
interventions. The role of 10T platforms, such as ThingWorx, in facilitating these functions has been well
documented, touting their contribution to improved service planning and data-driven decision-making
[1][2]. Predictive maintenance advantages do not stop at operational benefits. PdM solutions meet the
principles of Industry 4.0 by optimizing production, encouraging innovation, and following the goals of
digital transformation in companies. Such technologies provide real-time data visualization and insights that
assist in strategic decision-making and contribute to higher productivity [3][6]. Moreover, they ensure
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equipment reliability and operational safety, key factors that enhance overall productivity and service
quality [4][5]. This combination of real-time data processing and predictive analytics is also basic to
addressing challenges in modern industrial environments, where the complexity of machinery and
interconnected systems demands continuous monitoring and rapid response capabilities [7][8]. Platform
capabilities like those found in ThingWorx offer seamless integration of sensors, 10T data, and advanced
analytics to facilitate PdM. Furthermore, such integration provides real-time monitoring and analytics, but
also the automation of the workflows of maintenance, together with an alerting system. All these are
extremely important for industries that tend to avoid gigantic failures while smoothening their processes
[10] [12]. These capabilities have set up predictive maintenance as a catalyzer in operational as well as
strategic benefits .

ILLITERATURE REVIEW

Menon et al (2016): Highlighted how industrial internet platforms would be essential in managing
the lifecycle of products and related knowledge. This work, presented in the context of Product Lifecycle
Management for Digital Transformation of Industries, underlined the possibility to enhance data integration
and lifecycle decision-making by exploiting such platforms, leading to improved operational efficiency and
innovation in industry settings [1].

Mahmoodpour et al (2018): Reported on the role-based visualization of industrial 10T systems.
Their contribution summarized that, based on the key finding of the IEEE/ASME International Conference
on Mechatronic and Embedded Systems, adaptive interface enhancement improves user interaction, reduces
complexity in data perception by users, and develops further personalization in both systems management
and decision support based on specific roles [2].

Fraga-Lamas et al (2018): Made a comprehensive presentation of the industrial AR systems
specially designed for Industry 4.0 shipyards. The authors, in their IEEE Access paper, described how
augmented reality can facilitate maintenance, improve training, and allow for more complex operations by
overlaying digital information on top of the physical environment and enhancing the productivity and safety
of industrial workers [3].

Blanco-Novoa (2018): Evaluated commercial AR systems for practical applications in the context of
an Industry 4.0 shipyard. The analysis revealed strengths and limitations in the use of AR for real-time
decision-making and collaborative environments, showing how augmented reality can improve operational
workflows [4].

Fernandez-Caramés et al (2018): Presented an AR system based on fog computing and cloudlets
for Industry 4.0 applications in shipyards. Their work underlined how the integration of edge computing
with AR can reduce latency and enable operations on mobile devices, hence real-time data processing
contributes to industrial tasks such as equipment monitoring and navigation [5].

Kireev et al. (2018): Investigated predictive maintenance through IoT and distributed data
processing models. Their work underscored how data analytics could anticipate engineering system failures,
contributing to reduced downtime and maintenance costs through a proactive approach in system
management [6].

Jalali and Bhatnagar (2015): Highlighted the integration of 10T technologies with equipment data
for better service planning and execution. Their research showed how harnessing the Internet of Things can
lead to comprehensive service strategies, promoting real-time decision-making and enhancing system
efficiency crucial for maintaining complex industrial infrastructures [7].

Hejazi et al. (2018): Conducted a survey on platforms designed to handle large-scale loT
applications. Their analysis emphasized scalable and interoperable platforms as very important in managing
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the growth in data demand within the industrial use of 10T, which itself is crucial to sustaining connectivity
and functionality in industrial networks [8].

111.OBJECTIVES

Key Objectives for Implementing Predictive Maintenance in Industry 4.0 Using ThingWorx Platform are

e Integration of IoT and Data Management: Advanced 10T systems are to be utilized for gathering and
processing real-time equipment data to predict maintenance, enhancing operational efficiency and
reducing downtimes in industrial systems as a whole [1][2][7].

e Harness Industrial Platforms for Predictive Analysis: Avail specialized platforms, including but not
limited to, ThingWorx; enable the seamless integration of the various streams of data into advanced
predictive analytics to construct schedules of maintenance events before the actual failure takes place
[61[8] [15].

e Visualization and User-Centric Interfaces: Create visualizations based on user roles that will enable the
operator to easily access diagnostics and predictions for decision making easily [2] [12].

e Application of Big Data and Machine Learning: Utilize machine learning capability along with 10T for
progressive improvement in the accuracy of predictions related to the evolving behavior of the system
over a period [16].

e Real-Time Decision-Making: Allow real-time analysis of data through ThingWorx for instant decisions
to be made based on the derived insight, hence making the equipment maintenance more proactive with
the use of real data [1][5] [10].

e Customer Benefits and Operational Excellence: Organizations applying this predictive maintenance
from, for example, ThingWorx, generate better asset management, with reduced downtime that results in
the enhancement of customer satisfaction and improvement in service provision [4] [14].

IV.RESEARCH METHODOLOGY

Implementation methodology in Industry 4.0 through the ThingWorx platform of predictive
maintenance is multi-stepped. Firstly, data integration from loT-enabled machinery and systems should be
done to provide real-time monitoring and analysis, employing advanced platforms with substantial
capabilities to process and visualize production diagnostic data to support decision-making [1] [6] [15].
Machine learning and big data analytics are crucial in the establishment of predictive models, which forecast
the failure of equipment by establishing a pattern from historic and real-time data [2] [16]. Indeed,
ThingWorx allows the creation of these predictive models by creating a platform with enormous connective
and processing powers for seamless handling of data streams [3] [12]. In addition, a role-based visualization
would further enhance user interaction by tailoring data representation to various levels of needs of
stakeholders [2]. Further, the enhancement of data with tools like augmented reality for interactive
visualization enhances the capability of operators to decide quickly and with insight [4][5]. The platform
can handle distributed data processing, which is helpful in scalable predictive maintenance solutions,
assuring minimization of equipment downtime and evasion of costly failures [8] [13]. Finally, this research
will use the adaptive infrastructure provided by ThingWorx with the aim of optimizing the schedules of
maintenance, consequently reducing operational costs while enhancing overall equipment effectiveness [7]
[10].

V.DATA ANALYSIS
Example of Predictive Maintenance Practical Evaluation of Commercial Industrial Augmented
Reality Systems in An Industry 4.0 Shipyard [4]:
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Industry 4.0 characterizes the fourth industrial revolution by embedding smart technologies, loT, and
advanced data analytics within the process of manufacturing and industrial operations. Among such critical
applications in Industry 4.0 is predictive maintenance; this is where forecasts are to be made about
equipment failure well before the actual time to minimize the downtime and maximize the efficiency of
operations. ThingWorx is the 10T platform by PTC designed for developing and deploying applications in
industrial 10T with minimum time consumption. It empowers companies to connect, analyze, and manage
data from machines and devices. Its extended analytics capabilities are suitable for developing predictive

maintenance solutions using ThingWorx [4].
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Table.1. Real-Time Examples and Key Elements

S. | Example Application/Tec | Industry/Fiel | Key Refere
No | Title/Source hnology d Findings/Usage nce
Role of Product lifecycle
1 Industrial Industrial ~ loT | Manufacturi | management and 1]

Internet Platforms ng knowledge
Platforms sharing
Role-based Improved system
) visualization of | Visualization Industrial intsrface anguser 2]
loT-based techniques loT .
experience
systems
Augr_nented AU ST En_hanced worker
3 | Reality Systems Reality (AR) operations guidance and | [3]
for Industry 4.0 y P training
Evaluation  of : Practical testing
4 | AR in Industry gzrtzrr:imal AR Shipbuilding | and system | [4]
4.0 y feedback
Fog Computing | Fog computing, | Shipyard Real-tlme data
5 . processing  and | [5]
for AR Systems | AR operations
reduced latency
Proactive
6 Predictive Predictive Engineering t??;:?;ance [6]
Repair in loT Iyti -
epair in lo analytics systems distributed
processing
loT
Technologies loT, equipment | Equipment Integrated
7 . . approach to | [7]
for Service | data maintenance . .
: service execution
Planning
Overview of
8 Survey of loT | loT _platforms General loT technology 8]
Platforms overview platforms
supporting l1oT
Smart Operational | Smart system
9 | Connected loT applications | Technology | development for | [9]
Application (OT) enhanced
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Development connectivity
Review of
Survey of 10T | loT framework . .
10 y . Automation | commercial loT | [10]
Frameworks analysis .
solutions
Processing and .| Advanced
. Data Manufacturi . .
11 | Visualizationof | .~ . . diagnostic  data | [11]
. . visualization ng facilities .
Diagnostic Data presentation
. Real-tim t
VISP Ecosystem | Elastic data h:r?dliln ¢ d?O?
12 | for Data Stream | stream loT o g [12]
Processin rocessin distributed
g P g systems
. Enhanced
Machinery loT Industrial machine
13 | Communication . . . _ry [13]
. communication | settings interaction  and
inloT .
data sharing
Novel loT loT ower | Buildin I\rioarrlllatogr:gnind of
14 | Platform for . P g anag [14]
. quality management | building  power
Power Quality
systems

1.Real-Time Data Visualization: Real-time analysis and visualization of data assist operators in finding
anomalies, just like the way predictive maintenance platforms monitor and analyze data coming from
various equipment.

AR in Monitoring: Though based essentially on AR, the principle of layering digital data on top of real-
world views has several implications for machine diagnostics and predictive alerts.

2. Application of Thingworx to Predictive Maintenance: ThingWorx acts as a backbone for predictive
maintenance solutions, given its broad spectrum of data acquisition, processing, and visualization features in
real time. Let us discuss, step by step, the realization of predictive maintenance using Thingworx:

e Step 1: Data Acquisition

IoT Devices and Sensors: Mount sensors on the machinery to gather in-real time data from temperature,
vibration, pressure, among other performance indicators. Connect to ThingWorx via Device Cloud: Use
built-in Thing Worx Connectors and APIs that integrate the sensors and devices and allow data to flow
seamlessly from machines to the platform.

Table 1: Example of Sensor Data Collection Parameters [4]

Parameter Description Example Values
Equipment 85°C (normal)
Temperature temperature 120°C (high)
S . o 1.2 m/s? (low),
Vibration Equipment vibrations 4.5 m/s? (high)
Pressure Operating pressure (1;)igk;:i)r (normal), 15 bar
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e Step 2: Data Preprocessing and Analysis

Data Modeling: The Thing Worx data modeling tool will be used to construct predictive models, using both
historical and real-time data, to find patterns and anomalies.

Machine Learning Algorithms: Integrating ML algorithms with Thing Worx for predictive analytics;
regression models, anomaly detection, and decision trees are the algorithms to be used for helping to predict
possible failures.

Table 2: Example Predictive Analysis Workflow [4]

Step Description Output
Cleaning and .
Data Pre- g . Filtered and
: transforming raw :
processing normalized data
data
Identifying ke
Feature fying key : T.e mpgrature,
. parameters affecting | vibration,  pressure
Extraction -
performance indices
Model Using historical data | Trained predictive
Training to train algorithms model
Real-Time Applying models to | Predictive
Analysis current data maintenance alerts

e Step 3: Real-Time Monitoring and Alerting

Dashboards and Visualization: Develop interactive dashboards within Thing Worx for real-time data
visualization and predictive analytics. Operators can use these to monitor the health of the equipment and
receive notifications for scheduled maintenance.

Integration of AR: Integrate the interfaces of AR, to enhance visualization. The augmented views can show
key data directly on top of machinery for faster decision-making and maintenance actions.

Table 3: Benefits of Real-Time Monitoring [4]
Benefit Description

Identifies potential issues before failures

Early Detection
occur

Scheduling  maintenance  to  prevent

Reduced Downtime
unexpected breakdowns

Operators focus on high-priority tasks due to

Enhanced Productivity
alert systems

Reduces maintenance costs through proactive

Cost Savings .
actions

e Step 4: Execute Maintenance and Feedback Loop
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Automated Alerts and Scheduling of Maintenance: ThingWorx can automatically trigger alerts and schedule
maintenance events based on data-driven insights.

Feedback Loop: After performing the maintenance, the data from this process can be fed back into Thing
Worx for continuous learning and model improvement.

3. Real time Application: Applying ThingWorx in an Industry 4.0 Context to put a real face on how
ThingWorx can be used in predictive maintenance, consider the case study of an automotive manufacturing
facility utilizing ThingWorx to monitor machinery on assembly lines with the goal of preventing sudden
breakdowns.

> Initial Setup: Sensors will be installed on critical equipment to monitor operational data.
> Integration: ThingWorx is set up to gather and process information from sensors.

> Model Development: Historical performance data is used to build predictive models.
>

Real-Time Alerts: ThingWorx dashboards alert operators in real time when any potential issue has been
detected. The maintenance teams are informed, and repairs are scheduled in non-peak hours of
production.

Table 4: Real Time Application Results [4]

Before After
Metric Implementa | Implementa
tion tion
Downtim | 10 2
e hours/week | hours/week
Maintena | $5,000/mon | $2,000/mon
nce Cost | th th
Equipme
nt 3 per month 05 per
. month
Failure

By leveraging ThingWorx, companies can create a strong predictive maintenance strategy that reduces
downtime, lowers maintenance costs, and maximizes productivity. This is further enhanced with AR by
increasing the efficiency of augmented data visualization. The result of such an approach is better decision-
making, increased safety at work, and improved operational performance overall.

Era 2
Y, 31

2.

Fig.1.Pipe information on a sma”rytpﬁon‘e [4]
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Fig.2.EPSON Moverio BT-2000 software and hardware architecture [4]

Epson's new EPSON Moverio BT-2000s are the new and extended way of augmented reality smart glass
wearable in industries for professional service. With their transparent screen overlaying the digital over the
real, these pairs of smart glasses allow keeping one's hands free on important activities, hence bringing
efficiency through allowing the critical data and information instructions directly within sight. The Moverio
BT-2000 operates on an Android-based operating system that supports various applications for remote
assistance, training, maintenance, and visualization tasks. With integrated sensors and cameras, the smart
glasses interact seamlessly with the user's environment and access AR content to perform day-to-day
activities with unprecedented ease in sectors like manufacturing, logistics, and field service
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Fig.3.Screenshot of the AR Tool kit application. [4]

Fig.4.Modular offshore patrol vessel where the AR tests were performed. [4]
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Fig.5.Blueprint of the ship [4]

4. Challenges and Solutions

Challenge: The integration of a legacy system may be painful, especially for old yards or industrial
environments that have not taken up loT yet. Solution: Phased adoption should be done by using the
compatibility feature of ThingWorx, which will bridge the gap between the legacy and modern systems.
Challenge: Training operators to effectively use new AR and IoT technologies.

Solution: Advanced training programs and simulations shall be conducted within ThingWorx, ensuring that
an operator understands how to manage AR systems integrated with loT data.

—— —
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F|g6Arch|tectu re of the IAR system proposed. [4]
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Fig.7.Simplified AR pipeline [4].
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Fig.9.Traditional IAR architecture [4].

VI. CONCLUSION

Industry 4.0 Predictive Maintenance Implementation, and more so on such platforms as ThingWorx, will
revolutionize conventional industrial processes with its advanced data analytics integrated with loT. It
would allow the detection of probable machine failures through real-time collection and analysis of data and
ensure timely interventions, thereby reducing downtime and prolonging equipment life. Thus, ThingWorx
allows for connected device networking, thereby offering ways to build up to data-driven maintenance
solutions. These include cost reduction in operations, reliability of assets, and optimization of resources for
higher productivity. Predictive models also reduce routine time-based maintenance and improve safety
through the identification and mitigation of possible failures before they become major issues. This will help
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in maintaining a proactive maintenance culture for huge cost savings with an improved system performance.
loT-enabled sensors, data visualization, and machine learning models integrated seamlessly within
ThingWorx help industries stay competitive, minimize risks, and maintain customer satisfaction. Overall,
predictive maintenance facilitated by platforms like ThingWorx ensures more efficient, resilient, and
sustainable operations.
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