
Analysis and Evaluation of Indian Industrial System
Requirements and Barriers Affect During
Implementation of Industry 4.0 Technologies
ABINASH JENA  (  abinashjena741@gmail.com )

National Institute of Technology Rourkela https://orcid.org/0000-0001-7292-813X
Saroj Kumar Patel 

National Institute of Technology

Research Article

Keywords: Industry 4.0, Fuzzy, System Requirements, Barriers, Correlation

Posted Date: June 22nd, 2021

DOI: https://doi.org/10.21203/rs.3.rs-603058/v1

License:   This work is licensed under a Creative Commons Attribution 4.0 International License.  
Read Full License

Version of Record: A version of this preprint was published at The International Journal of Advanced
Manufacturing Technology on February 19th, 2022. See the published version at
https://doi.org/10.1007/s00170-022-08821-0.

https://doi.org/10.21203/rs.3.rs-603058/v1
mailto:abinashjena741@gmail.com
https://orcid.org/0000-0001-7292-813X
https://doi.org/10.21203/rs.3.rs-603058/v1
https://creativecommons.org/licenses/by/4.0/
https://doi.org/10.1007/s00170-022-08821-0


Title: 'Analysis and Evaluation of Indian Industrial System Requirements and 

Barriers Affect During Implementation of Industry 4.0 Technologies' 
 

Abinash Jena1 and Saroj Kumar Patel2 

 

1. (Corresponding Author) Research Scholar, Department of Mechanical Engineering, National 

Institute of Technology, Rourkela, Email: abinashjena741@gmail.com, 

abinash_jena@nitrkl.ac.in ;  

2. Professor, Department of Mechanical Engineering, National Institute of Technology, Rourkela, 

Email: skpatel@nitrkl.ac.in 

 

ABSTRACT 

In recent years, competition among the Indian Manufacturing Industries (IMI) has increased 

enormously in the global market. The current uncertainty in the market context is characterised and 

governed by the customised requirements of the customers. Thus, the manufacturing system in the 

industries should be capable of adapting the parameters like flexibility in scalability, variety, agility, 

system responsiveness, inter-connectivity, automatic data exchange with communication among 

the manufacturing systems, transparency and human-machine interaction, which are the main 

components and principles of Industry 4.0 (I4.0). Thus, adopting I4.0 plays a vital role to corroborate 

and its long-term survival in the global marketplace. However, very few research work 

considerations contribute to the issues induced during the adoption of I4.0 in manufacturing 

industries. This paper aims to minimise the gap between the existing Industrial System 

Requirements (ISR) and the challenges faced during the implementation of I4.0 technologies in 

existing Industries. The identified ISR and barriers were evaluated and analysed based on the data 

set collected from a questionnaire-based survey. Fuzzy multi-criteria analysis is conducted to 

identify the most weighted SR and barriers and ranked them concerning their importance. 

Furthermore, the inter-item correlation between both of them is analysed. This research work offers 

the researchers, practitioners, and industrialists an opportunity to formulate MCDM problems 

through numerous case studies, prioritising the top barriers and system requirements and the inter-

relationship shared between them. 

Keywords: Industry 4.0, Fuzzy, System Requirements, Barriers, Correlation 

1. INTRODUCTION 

Today the survival of a manufacturing industry depends on its flexibility, agility, quick 

responsiveness to fluctuating market demand, scalability, variability, mass customisation as per the 

preference of the customer, excellent quality and post-sale service (Hu et al., 2008; Lotter & 

Wiendahl, 2008; Wang & Koren, 2012; Pattanaik & Jena, 2019). These factors are driven by data 

sharing and monitoring, data transparency and connectivity among the manufacturing systems 

without any barriers (Salam, 2019). 'Industrie 4.0' (I4.0) or the Fourth Industrial Revolution is the 

integration and interconnection of Machines and Robots, Sensors and Actuators, Basic Physical and 

Software Systems, Interoperability, Logistics and Storage Systems, Real-Time Data Transfer and 

Data Transparency, Customers and People, Man to Machine Interaction, Market and Other 

Economic Sectors, Standardisation of Production Process, Information and Communication 

Technologies, Cyber-Physical Systems, Internet of Things, Big data and Cloud Computing which 

are interconnected among themselves and communicate with one other in their social 

communication platform with the help of wired or wireless networks (Gilchrist, 2016; Kamble et al., 

2018; Li et al., 2018; Calia & D'Aprile, 2020; Matt & Rauch, 2020). It integrates the feedback loop 
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from the machines, systems, sensors, clouds storage, inventory stock, customers, workers, 

employees, logistics, management, market demand with each other with the support of internet 

connectivity to monitor the production, sales and services continuously as well as storing the data 

for continuous improvement in productivity (Ustundag & Cevikcan, 2018).   

In the emerging global economy, for the long-term survival of the manufacturing industries to remain 

intact in the global market competition, there is a need for serious upgradation of the existing 

manufacturing system to the smart factory that is the fourth industrial revolution. As of now, the I4.0 

technologies are still in the research and development phase, mostly confined to the implementation 

phase, as specific unavoidable driving barriers affect during adoption in the current manufacturing 

industries (Frank et al., 2018; Kamble et al., 2018; Luthra & Mangla, 2018; Sanders et al., 2016).  

Few papers point out the barriers that affect the implementation of I4.0 technologies in existing 

industries. However, the literature is silent on addressing the gap between the requirements of 

existing Indian Industries in the context of I4.0 and the issues caused while implementing I4.0 

technologies. As a result, research interest grew in the I4.0 implementation strategy. This paper 

explores and identifies various current industrial system requirements (ISR) and the barriers to 

implement I4.0 in existing manufacturing systems from the literature review and interaction with 

numerous industry experts. First, the existing ISR in Indian Manufacturing Industries (IMI) was 

identified through an exhaustive literature review and finalised thirteen requirements (such as 
Reducing cost, increasing flexibility in scalability and variability, mass customization etc., elaborated 

in section 5.1)  by interviewing and opinions of the Industrial experts.  

Similarly, in the next phase, the implementation issues or the implementing barriers faced by IMI 
(such as inadequate digital culture, implementation cost, etc.) were identified through the literature 

review. With a lengthy discussion, many industry experts and academicians currently working in 

smart factory technologies, from their opinions, eighteen barriers that affect I4.0 implementation 

were finalised.  

Then for quantifying and evaluating the identified ISR and barriers, a questionnaire survey was 

conducted where the expert's opinion and ratings are collected, especially those working on I4.0 

and its core technologies in industries, research organisations, and academicians. Then the 

collected linguistic data were analysed and classified into barriers and adaptation factors. This paper 

analyses the collected data set to identify the most weighted ISR factors and barriers that affect the 

implementation of I4.0 through evaluation. It is obtained from the fuzzy multi-criteria analysis. Next, 

correlation analysis between these ISR and the barriers of I4.0 is obtained, which determines the 

relationship between them. It was obtained and analysed by IBM SPSS software version 25. 

The structural layout of this paper is organised as follows. Theoretical background about I4.0, some 

of its core components and the Existing Indian manufacturing scenario in the context of I4.0 are 

presented in Section 2 and 3, respectively. The literature survey related to this work is given in 

Section 2. The research methodology is presented in Section 3. Data analysis and evaluation are 

presented in Section 4. Results and discussions are presented in Section 5. Conclusion and future 

works are presented in Section 6. 

 

2. THEORETICAL BACKGROUND 

The first industrial revolution began at the end of the 18th century, represented by mechanical 

production plants based on water and steam power, in which the products were made in a family 

workshop by craftsmen and their apprentices; the second industrial revolution started at the 

beginning of the 20th century which brought a paradigm of mass labour production based on 

electrical energy to produce a large volume of standardised products with division of labour and 



specialised skills at a low unit cost; the third industrial revolution began in the 1970s with the 

characteristics of automation based on electronics, computers applications and information 

technology, where the manufacturing evolved from mass production to mass customisation, with the 

help of programmable machines to produce standardised products with some degree of flexibility at 

the production line and sub-assembly or final assembly (Zhou et al., 2016; Santos et al., 2017; 

Rojko, 2017; Laudante, 2017; Moktadir et al., 2018; Dean & Spoehr, 2018; Ustundag & Cevikcan, 

2018; Fatorachian & Kazemi, 2018; Iyer, 2018; Lasi & Kemper, 2019; Moeuf et al., 2019); and the 

fourth industrial revolution which is Industry 4.0 has emerged recently over the last few years (Iyer, 

2018; Lu, 2017; Xu et al., 2018). It has emerged as a promising technology framework that can be 

used for integrating and extending manufacturing processes at both intra-organisational and inter-

organisational levels where machine to machine communication, real-time data transparency, 

human to machine interaction with the help of information and communication technology (ICT), 

Internet of things (IoT), smart factory, cyber-physical systems (CPS) and cloud computing is 

integrated for manufacturing. The core concept of Industry 4.0 is the integration of the basic physical 

system and the software system, integration with other branches and economic sectors, integration 

with other industries and industry types (Li, 2018). Industry 4.0, otherwise known as smart 

manufacturing and cognitive manufacturing, offers new manufacturing firms opportunities to analyse 

and use design, production, sourcing, and inventory data to realise their modernisation vision (Yin 

et al., 2018).  

In I4.0, the entire industrial production system is transformed and digitalised by merging the 

traditional production process with the internet and information and communication technologies 

(ICT) infrastructures (Cohen et al., 2019). In I4.0, the Industrial IoT (IIoT) is the primary tool that 

applies analytical models and data science to analyse real-time data sharing, real-time monitoring, 

also uses smart devices to sense, capture, measure and transfer data from multiple machines, 

manufacturing processes and its systems and finally reconfigure and automates the manufacturing 

systems as per the requirement of the customer (Da Xu et al., 2018). It combines the data from 

intelligent sensors with artificial intelligence and performs data analytics, optimising the 

manufacturing process in real-time (Lu, 2017). It consists of Industrial Wireless Networks (IWN), 

internet, machines, equipment, networks, cloud storage and computing. In this system, the 

customers can customise and personalise their products to be manufactured from its end. The 

customised data are transmitted to the industrial cloud and manufacturing plant via wired or wireless 

networks. Based on these received data, the manufacturer integrates the design for the product and 

then optimises production and simulates it. It also manages and monitors the production process 

and diagnosis to produce the required products efficiently. With self-optimisation and self-directed 

decision-making, machines, cloud computing, and equipment adapt and reconfigure to improve 

performance (Roblek et al., 2016; Wang et al., 2016; Schmidt et al., 2015). 

In I4.0, Cyber-Physical System (CPS) is an entirely data-driven application that inter-connects the 

virtual space with physical components systems through integrated computing, complex algorithms, 

sensors data, embedded systems, communication, data analytics and storage capabilities with the 

help of complex networks and Internet (Cheng et al., 2016; Gilchrist, et al., 2016). It collaborates 

planning, analysis, modelling, design and implementation, and maintenance in the manufacturing 

process more securely with information exchange among embedded computer systems. CPS 

maximises efficiency and industrial growth, modifies workforce performance, minimises errors, and 

produces higher-quality products with lower costs.  Interoperability is the critical factor of Industry 

4.0, enabling the two systems or machines to communicate, cooperate and understand each other, 

make decisions by exchanging data and sharing information and knowledge without human 

interference (Lu, 2017). 



3. INDIAN MANUFACTURING INDUSTRIES AND INDUSTRY 4.0 

At present, the concept of Industry 4.0 is still in the developing stage in India. It needs proper 

empirical research and analysis, awareness and practice. The statistical data have been surveyed 

and reviewed through various sources from government websites, world bank, government financial 

reports, yearly manufacturing reports, Indian brand equity foundation reports and various news 

articles to analyse India's present manufacturing scenario, its performance, capacity utilisation, 

exports, growing demand and measures to meet the demand of the customer.  

Recently, India's manufacturing sector has witnessed strong growth over the past few years, as the 

estimated gross value added is up to US$ 390.43 Billion and projected to grow more up to USD$ 

398 billion (IBEF, 2016). It is observed that the growth of the manufacturing sector of India weighs 

77.63 per cent in the Index of Industrial Production (IIP) and dominating to no small extent to that of 

mining and electricity production ("MSPI," 2019). This not only shows the production levels of the 

industries but also specifies the potential for future investments. As per the latest review, capacity 

utilisation in India's manufacturing sector is around 74.8 per cent in the second quarter of 2018-

2019. In the same period, the average new demands of customers also increased as the 

manufacturing units grew 26.1 per cent compared to the previous years. India's Merchandise export 

performance witnessed a 9.52 per cent growth to reach US$ 271 billion. It also reflects India's 

emergence to compete with other countries worldwide market scenario (IBEF, 2019). 

These reviews based on market context and uncertainty in global performance, the fastest emerging 

economy motivate the research work to use it to adapt I4.0 in existing manufacturing industries. 

Today the leading countries have already geared up and started implementing advanced 

technologies and Internet and Information Technology on a large scale in their existing systems. 

India is majorly focusing on implanting its new policies and improving infrastructure (Grant Thornton 

Report, 2017). 

At present, industry 3.0 is not entirely implemented throughout the manufacturing sector of India as 

per the industrial reports from an audit and advisory firm KPMG in association with All India 

Management Association, and many sectors, especially the SMEs, are still in post electrification 

phase, that uses basic machinery systems for production and lacks core technology. India's Existing 

manufacturing industry is still a resource consumption type, has labour-intensive industries and 

resides at the industrial chain's low end. The integration of physical systems on cyber platforms, the 

basic premise of I4.0, is still at its early stages (AIMA-KPMG Report, 2018).  

The Government of India policies is continuously pushing to adopt modern technology and digital 

transformation by collaborating with more FDI for domestic production. The national manufacturing 

policy also predicts that the GDP share in manufacturing increases to 25 per cent by 2021 (IBEF, 

2019). However, there is an increment in R&D funding, not compared to match to developed 

countries (United States, Germany and Japan) (Agarwal, 2019; Samarth Udyog, 2018). Policies like 

Samarth Udyog Bharat 4.0, an Industry 4.0 initiative for IMI  launched by the Ministry of Heavy 

Industry and Public Enterprises, Smart Cities projects enabling the Internet of Things Platform, and 

Digital India policies in 2018 were formed and governed research and development in existing 

manufacturing environments. The rate of adoption of I4.0 are expected to be highest in Industries 

such as Utilities, Manufacturing, Automotive and Transportation & Logistics are expected (Petit et 

al., 2019). 

4. LITERATURE REVIEW 

'Industrie 4.0' also known as 'Industry 4.0' (I4.0) or the Fourth Industrial Revolution, was initially 

introduced during the Hannover Fair in 2011 and was officially declared in 2013. It is a German 

strategic initiative to take a ground-breaking role in industries that are currently revolutionising the 



manufacturing sector by integrating with modern technologies and connectivity and quick 

adaptability of manufacturing systems to provide maximum output as per the demand with efficient 

utilisation of resources along with maintaining better product quality (Kamble et al., 2018). Since 

then, numerous research has been conducted in recent years on IoT, Artificial Intelligence (AI), 

CPS, Cyber Security, Universal Standardization, Horizontal and Vertical Integration, ICT, Cloud 

Computing, Man-Machine Interactions integration into I4.0 systems. Nevertheless, major research 

works are yet to be done on Industrial integration, Data Privacy, Implementing Strategy, Empirical 

validation and testing of the I4.0 technologies, real-time studies on ERP, Smart Devices, Smart 

Sensors, Reconfiguring tools and equipment, Machine-Machine communications, BlockChain, CPS, 

Data Science and Data Analytics (Liao et al., 2017; Mueller et al., 2017; Pereira & Romero, 2017; 

Ghobakhloo, 2018; Kamble et al., 2018; Li et al., 2018;  Pico & Holgado, 2018; Xu et al., 2018).  

Although the literature survey in I4.0 and its technologies is quite vast and exhaustive, this paper's 

literature survey is circumscribed to our core area of research interest. Identifying the existing ISR 

and the relevant barriers of I4.0 implementations is a crucial task. In this literature, we reviewed the 

recent progress in identifying the challenges to adopt I4.0 and its implementation and its related 

publications from the last five years.  

(Zhou et al., 2016) addressed various challenges for implementing I4.0 paradigms, such as the 

development of smart devices, the construction of the network environment, big data analysis and 

processing, and digital production, are also identified and also proposed strategic planning includes 

constructing a CPS network and discussing two significant themes based on the smart factory and 

intelligent production. (Lu, 2017) identifies and presents the critical issue and conceptual framework 

of the interoperability and various research challenges of Industry 4.0 and its implementation.  

Potential barriers to adapt industry 4.0 are identified and analysed by (Kamble, 2018); the 

relationships among them were developed using interpretive structural modelling (ISM) and fuzzy 

MICMAC methodology in the Indian manufacturing context with the help of experts. This work helps 

identify and classify the significant barriers, revealing each identified barrier's direct and indirect 

effects on the I4.0 adoption. Various challenges to adopt I4.0 technologies in IMI  were identified by 

(Luthra & Mangla, 2018). These were evaluated and prioritised potential challenges for supply chain 

sustainability through survey and ratings from the experts and analysed through Explanatory Factor 

analysis and Analytical Hierarchy Process tools. It also helps the industrialists incorporate 

environmental protection and directing to eliminate the potential challenges in adopting I4.0 

technologies for the sustainability of the supply chain.  Several challenges for implementing I4.0 

were identified and evaluated using the best-worst method, a multi-criteria decision-making method 

(Moktadir et al., 2018) to identify the most weighted challenges and ranked in decreasing order 

along with a case study. This results in addressing these challenges for the industrialists and 

practitioners to build up specific strategies for implementing I4.0 technologies. 

The research objective is quite clear from the above literature and confined to implementing barriers 

from another perspective, which needs more empirical evaluation and analysis. Most of the findings 

are confined to identify the challenges faced during the implementation through surveys and 

validating using various research tools. 

Strategic decisions were suggested by (Zhang et al., 2016) to adopt German "I4.0" in Chinese 

manufacturing industries, which provided a path for advanced manufacturing industrial development 

with clear goals and practical measures. Suggestions were provided to materialise the 

transformation and upgradation of the present manufacturing scenario to I4.0. The relationship 

between lean production practices and the implementation of Industry 4.0 is examined by (Tortorella 

& Fettermann, 2018), in which relevant data were collected through a questionnaire survey from 

various industries. Clustering tools are used to find the relationship within the database, LP practices 

and I4.0. (Kamble et al., 2019) investigates the direct and indirect effect of I4.0 technologies, lean 

manufacturing practice, sustainable organisational performance, and the relationship between them 



based on survey and data collected from respondents. This paper also provides empirical validation, 

which is a critical factor for the implication of I4.0 technologies in existing manufacturing industries.  

The above literature points out the implementation strategy, inter-item relationship, effects of I4.0 

technologies with different manufacturing practices. But the literature is silent on how ISR is affected 

by barriers caused while implementing I4.0 technologies. More research work needs to be 

addressed to connect the bridge and the relationship between the ISR and the barriers affecting the 

implementation of I4.0 technologies. 

The system requirement factors of I4.0 and implementation barriers, finding the highest weighted 

among them and the inter-relationship shared among them with the application of fuzzy multi-criteria 

decision analysis and inter-item co-relation analysis, respectively, is the unique findings in this 

paper. The concept is novel and needs extensive understanding from the theoretical, practical and 

managerial aspects of the ethical implications of approaching I4.0 technologies in existing 

manufacturing industries. There's a need to adapt and determine the customer's fluctuating 

demands, inter-connectivity, mass customisation, transparency, and agility in the production 

process.   

5. RESEARCH METHODOLOGY 

This section of the paper identifies the factors, questionnaire development and collection of data 

through a survey. At first, the existing Industrial System Requirements (ISR) and Barriers to adapt 

Industry 4.0 (I4.0) technologies in Indian Manufacturing Industries (IMI) are identified and finalised. 

A survey-based approach is considered, where the industrial experts provide their valuable ratings 

and feedbacks as per the designed questionnaire. The ratings are collected as a linguistic database 

where further analysis and evaluation of the identified ISR and Barriers are carried out in the next 

section.  

The following research works that were performed are presented in the subsequent subsection. 

5.1  IDENTIFICATION OF EXISTING ISR 

The following thirteen crucial ISR were identified and finalised from the literature review and 
interviewing industrial experts from several IMI. These factors are the core parameters of Industry 
4.0, and its application is highly required in existing IMI  ( Shrouf et al., 2014; Gilchrist et al., 2016; 
Oesterreich & Teuteberg, 2016; Sanders et al., 2016; S. Wang et al., 2016; J. Xu et al., 2016; Rojko, 
2017; Mueller et al., 2017; Sevinç et al., 2018; Fettermann et al., 2018; Frank et al., 2018; Telukdarie 
et al., 2018; Ustundag & Cevikcan, 2018; Sony & Naik, 2019). These ISR are the critical elements 
to improve productivity, implement innovative ideas, access and analyse the performance measure, 
and eliminate complexities virtually before final implementation. The industries need to adapt these 
following system requirement factors for their long-term survival and compete in the global market: 

1. Reducing cost (A 1) 
2. Increase flexibility in scalability and variety (A 2) 
3. Increasing system responsiveness (A 3)  
4. Improving inter-connectivity among all the systems (A 4) 
5. Automatic data exchange and communication (A 5) 
6. Transparency through real-time data monitoring and exchange (A 6) 
7. Human-machine interaction (A 7) 
8. Mass customisation (A 8) 
9. Achieving greater efficiency (A 9)  
10. Improving productivity (A 10) 
11. Higher resource utilisation (A 11)  
12. Increasing global business (A 12)  
13. Reducing the lead time of production (A 13) 

 



5.2  IDENTIFICATION OF BARRIERS TO ADAPT INDUSTRY 4.0 

After going through the various research publications papers, related published books and 
interviewing experts for their valuable inputs, the following eighteen barriers have been identified 
and finalised. The following identified factors are the challenges faced during implementing Industry 
4.0 in IMI  ( Lotter & Wiendahl, 2008; Sanders et al., 2016; Iglesias-Urkia et al., 2017; Mueller et al., 
2017;  Kamble et al., 2018; Li et al., 2018; Luthra & Mangla, 2018; Moktadir et al., 2018; Frank et 
al., 2018; Petit et al., 2019; Kamble et al., 2019; Singla et al., 2019). 

1. Lack of understanding and knowledge (C 1) 
2. Inadequate digital culture (C 2) 
3. Employee flexibility required to learn and adapt (C 3) 
4. Implementation cost (C 4) 
5. Virtualisation and dynamic Integration (C 5) 
6. Integration of physical systems with cyber systems (C 6) 
7. Lack of proper global standards and reference architecture (C 7) 
8. Uniform standards for tools & equipment, systems, languages, networks, data services and       

reference architecture like design and selection (C 8) 
9. Quick reconfiguration of manufacturing systems, assembly systems, inspection and material 

handling systems (C 9) 
10. Real-time full data sharing and monitoring among various units, customers, suppliers, 

logistics and a few selected data sharing with other industries (C 10) 
11. Government policies and support (C 11) 
12. Data and Information security (C 12) 
13. Privacy protection (C 13) 
14. Clearly defined investment returns and economic benefits of digital investment (C 14) 
15. Uncertainty in the interests of industry 4.0 (C 15) 
16. Several complex legal issues (C 16) 
17. Lack of Integration of technology (C 17) 
18. Data quality and big data (C 18) 

 
Brief descriptions of the identified ISR and barriers are presented in Table 1. 
 

5.3  QUESTIONNAIRE DEVELOPMENT 

A set of elaborate questionnaires was designed initially as per the ISR and barriers that affect 
industry 4.0 implementation in IMI. Taking two types of rating using five-point Likert scale which 
varies as per the question (for example, ratings for the first scale ranging very low (VL), low (L), 
medium (M), high (H) and very high (VH) and the second scale ranging strongly disagree (1), 
disagree (2), neither agree nor disagree (3), agree (4) and strongly agree (5) as shown in Table 2. 
A five-point Likert scale was used to increase the responses rate and response quality and helps 
the respondents to respond to the questionnaire with ease. As the response data obtained is highly 
uncertain, the best mathematical simplification and approximation of such complex functions of the 
data set is Trapezoidal Fuzzy functions (Zhang et al. 2005). Thus, Trapezoidal fuzzy numbers were 
considered in this methodology according to which the questionnaire is designed for the survey. 
Later on, the questionnaire was modified and tweaked as per the data's requirements, such as to 
receive qualitative data with less ambiguity for accurate analytical results. Finally, a set of forty-six 
questions were designed, structured and finalised for the survey, which would take about twenty 
minutes for the experts to answers the questions. Various extra questions were added about the 
respondents about their work experience, department, sector, educational qualifications, 
organisation name and any remark they wanted to provide along with the survey. 

The respondents were also asked some other questions like how much they are aware of Industry 
4.0, its core technologies, and the first thing that comes to mind upon hearing about its core 
technologies and implementation. Questions related to sectors in an organisation that could be 



benefitted from the application of Industry 4.0 and how much they believe that the factors of Industry 
4.0 would help their organisation.  

It was focused mainly on the following factors that are considered as systems requirements of 
Industry 4.0;  Reducing cost, Increase flexibility in scalability and variety, Increasing system 
responsiveness, Improving inter-connectivity among all the systems, Automatic data exchange and 
communication, transparency through real-time data monitoring and exchange, Human-machine 
interaction, Mass customisation, Achieving greater efficiency, Improving productivity, Higher 
resource utilisation, Increasing global business and Reducing the lead time of production. Some 
questions were made mandatory without which the respondent could not submit the form, which 
eradicates the risk of incomplete data sets; hence all the questionnaire can be used for analysis 
(Kamble et al., 2019). Participation in this survey was kept voluntary to the respondents instead of 
mandatory. 

5.4 SURVEY AND DATA COLLECTION 

For conducting the survey, the link to the survey form was initially sent to more than three hundred 
respondents through Emails, LinkedIn direct message, text message, social platforms, and personal 
contacts in the first month. At first, the survey was confined to the manufacturing industries across 
major cities in India. Then it was expanded to service-based and solution-based industries and finally 
to all types of organisations. One cover letter was attached with the form and which mentions the 
respondents to fill it up only if they have the knowledge or working in Industry 4.0 technologies. The 
respondents were also given a limited time frame of about five weeks to submit their response.  
From the initial survey, only 30 complete responses were received after the end of one month. The 
pilot Reliability test for the first ten then thirty were analysed in SPSS for the received data to check 
whether the questionnaire set is applicable and robust for surveying the next phase or not. The 
Cronbach's Alpha scored 0.90 and 0.91, respectively, which is more than 0.70 and is sufficient to 
carry on with the survey without any modification of the questionnaire (Kamble et al., 2018).  

After getting a satisfactory result, more than seventy per cent next phase of the survey was 
conducted. In the next month, two hundred respondents were sent through secondary sources such 
as Industrial websites, Industry 4.0 forums, institute alumni, google searches, industrial sites and 
articles, newspaper articles and other sources. Then in the next month, the survey was sent to 
subsequent four hundred respondents, counting fifty respondents each week for the next two 
months through the same medium and telephonic interview.  

A week later, multiple remainder emails, telephonic calls, and text messages were sent to the rest 
of them. After numerous reminders and discussions about this survey with some respondents, a 
total of 224 responses was received finally at the end of six months. The response rate is 24.8 per 
cent which is sufficient to analyse the research work. All these responses were structured, 
categorised and noted into an excel sheet database for each respondent separately (Malhotra & 
Grover, 1998). 

The respondents were from various departments and designations so that there shouldn't be any 
biases in the survey, such as working as in Sales, CEO, Assistant Professor, Consultant, Director, 
Manager, Data Scientist, Design and Release Engineer, Senior Analyst, Marketing strategist, HR 
and Marketing, Lead Mechanical Engineer, Procurement Manager, Senior Engineer, Automation 
Technologist, Co-founder, Digital Manufacturing - System Specialist, Technical Engineer of 
Projects, Manager of Industry Automation Team, Presales & Manager, Digital Domain Lead 
Consultant, Software Engineer and R&D Analyst.  

 

6. DATA ANALYSIS AND DISCUSSION 
In this section, the pilot data analysis is conducted, and necessary tests like KMO and Bartlett's 

were run, which are prerequisites for validating the data set and checking the legitimacy of the 

identified factors. Then Descriptive statistics analysis is conducted to check the significance of the 



identified system requirement factors and barriers. Then Fuzzy techniques used to evaluate and 

prioritise the identified ISR and the barriers. Then, and finally, inter-item correlation analysis is 

conducted among them.  

6.1 Initial Statistical Analysis 

The statistical data have been initially surveyed and collected through various sources from 

government websites, world bank, government financial reports, yearly manufacturing reports, 

Indian brand equity foundation reports and various news articles to analyse the modern 

manufacturing environment, its performance, capacity utilisation, exports, growing demand and 

measures to meet the demand of the customer. These data help determine the decisions and 

remarks for the market context's current uncertainty based on the customers' demands and variable 

production.  

The next step, the collected data's pilot analysis, was conducted to know about the respondent's 

background, educational qualification, working experience, and industrial background. Fig.1 shows 

the survey's timeline and the responses received from the respondents from the various sectors. 

Fig. 2 shows the type of organisation to which the respondents belong. It characterises the type of 

industries in which the respondents are currently working. About seventy-six per cent of the 

respondents were from various private sectors and MNCs throughout the country, and little more 

than eight per cent were from educational and public sectors combined. Most of the respondents 

are from product-based sectors that are about twenty-nine per cent, the next twenty-five per cent 

are from service-based sectors, and the rest belongs to IT, R&D, educational sectors. Fig 3. This 

shows how much the respondents are aware of I4.0 and its core technologies. It is observed that 

the maximum number of respondents to a total of about sixty-seven per cent of them are highly 

aware, and about twenty-seven per cent of them are somewhat aware and very few of them are less 

aware of I4.0 technologies. Fig. 4 shows the respondent's educational background. It is observed 

that the maximum number of respondents are about fifty-three per cent are postgraduates, and 

thirty-nine per cent are graduates.  Fig. 5 represents the respondent's years of working experience 

ranging from one year to fifty years. From the pilot analysis, it is observed that most of the 

respondents belonging to private sectors and MNCs are currently working on I 4.0 and its core 

technologies. 

6.2 Necessity Analysis 

The following necessity analysis was conducted using IBM SPSS 25 to validate the legitimacy of 

the collected data. Any future analysis and evaluation can be conducted, relying on this data set. 

The whole data set's reliability coefficient test was performed to check the survey's data set's 

ambiguity, clarity, and relevance. Table 3 shows the Cronbach alpha values score to 0.88 (above 

0.70), ensuring the survey data's appropriateness and can be analysed further without modification 

and reframing the questionnaire (George & Mallery, 2018 ).   

Kaiser-Meyer-Olkin (KMO) analysis is performed to measure the proportion of variance in factors 

identified and quantified for analysis due to the underlying factors' presence. The KMO proportion 

value must be lower (Robert and Popović, 2015; George & Mallery, 2018; S. Kamble et al., 2019b; 
Luthra & Mangla, 2018). Table 3 shows that the KMO proportion obtained is 0.872, greater than 0.5 

and is considered meritorious for factor analysis and the identified factors are legit.  

Bartlett's Test of Sphericity is also analysed to identify the identified barriers' correlation matrix and 

the ISR. We obtained the result for these identified factors, whose significant value is significantly 

less, that is (p<0.01), hence factor analysis can be used in our data set in future works ( Meyers et 

al., 2013; Field, 2017; Luthra & Mangla, 2018).  



Descriptive statistics analysis was carried out for both barriers and ISR and tabulated and plotted in 

Fig 9 and Fig 10. It is observed that the resulting mean value for both barriers and ISR stands out 

to be higher than '3'. Thus it is concluded that the data set collected are significant and can be used 

for various future analysis (Field 2017; Luthra & Mangla, 2018). 

6.3 Multi-Criteria Analysis 

As the current Indian manufacturers, the ISR and the challenges generated by barriers to adapt 
Industry 4.0, the respondents believe these factors would play a vital role in their respective 
organisation (Moktadir et al., 2018). The identified factors are rated and evaluated to identify the 
most dominant barrier that affects Industry 4.0 in their organisation and identify the most dominant 
existing ISR that the respondents believe would benefit their organisation.  As these several barriers 
and ISR may contain several conflicting criteria, and the ratings from the respondents are subjective, 
therefore to reduce the effect of vagueness in the feedback and to narrow down the selection 
process fuzzy multi-criteria decision analysis tool is implemented for obtaining the weightage of each 
criterion (Zhang et al., 2005). This weightage leads to identify the most dominant factor. 

As shown in Figure 6, five fuzzy sets are used to collect the ratings from the respondents through 
the questionnaires in the linguistic terms of VL, L, M, H and VH for very low, low, medium, high and 
very high, respectively as well as 1, 2, 3, 4 and 5 for strongly disagree, disagree, neither agree nor 
disagree, agree and strongly agree respectively. All the rating was collected and categorised for 
efficient use of the data for analysis. These five fuzzy sets are numerically expressed as trapezoidal 
fuzzy numbers (TrFNs), as produced in Table 2.  

At first the linguistic terms for each respondent are converted into fuzzy ratings. For example, 
Respondent 1(k=1), provided the ratings for each barriers Cj1 as, 4, 4, 4, 3, 3, 5, 4, 4, 5, 5, 3, 3, 2, 
3, 4, 2, 4 and 4. This is represented by the set in fuzzy ratings such as, (0.5  0.6  0.7  0.8), (0.5  0.6  
0.7  0.8), (0.5  0.6  0.7  0.8), (0.4  0.5  0.5  0.6), (0.4  0.5  0.5  0.6), (0.7  0.8  0.9  1.0), (0.5  0.6  0.7  
0.8), (0.5  0.6  0.7  0.8), (0.7  0.8  0.9  1.0), (0.7  0.8  0.9  1.0), (0.4  0.5  0.5  0.6), (0.4  0.5  0.5  0.6), 
(0.2  0.3  0.4  0.5), (0.4  0.5  0.5  0.6), (0.5  0.6  0.7  0.8), (0.2  0.3  0.4  0.5), (0.5  0.6  0.7  0.8) and 
(0.5  0.6  0.7  0.8) respectively. 

Similarly, all the ISR' ratings are converted into fuzzy numbers, generating a fuzzy matrix. The 
ratings are aggregated by the following mathematical expressions for computing—the aggregate 
fuzzy weights for both barriers to adapt (C) and implementation factor (A) for calculating this data. 

Aggregated fuzzy weights and Defuzzification  

The set of 'k' respondents is represented as Pk = (P1, P2, P3,…, Pk), where k = 1 to 224. The set of 
‘j’ barriers and ‘m’ ISR are represented as Cj = (C1, C2, C3,…, Cj) and Am = (A1, A2, A3, …, Am) where, 
j = 1 to 18 and m = 1 to 13. As per the kth respondent's ratings, the fuzzy rating for the jth barriers' 
weights to adapt industry 4.0 is represented as Wjk = (Wjk1, Wjk2, Wjk3,…, Wjk4). Similarly, The fuzzy 
rating for the weights of the mth ISR of industry 4.0, as per the ratings given by the kth respondent, 
is represented as Wmk = (Wmk1, Wmk2, Wmk3,…, Wmk4) ( Zhang et al. 2005; Wang, 2006; Liu & Jin, 
2012; Zhang et al., 2013; Musani & Jemain, 2017). The aggregated fuzzy weights (Wjk) concerning 
each barrier is calculated as (Wjk1, Wjk2, Wjk3, …, Wjk4) such that j = 1, 2,…18 and k = 1, 2,… 224 
and 

Wjk1 = mink{Wjk1} 

Wjk2 =
k

1
  ∑ 𝑊𝑗𝑘2𝐾𝑘=1  

Wjk3 =
k

1
  ∑ 𝑊𝑗𝑘3𝐾𝑘=1  

Wjk4 = maxk{Wjk4}     
The aggregated fuzzy weights (Wmk) with respect to each ISR is calculated as (Wmk1, Wmk2, Wmk3, 
…, Wmk4) such that m = 1, 2,…,13 and k = 1, 2,… 224 and 
Wmk1 = mink{Wmk1} 



Wmk2 = k

1

  ∑ 𝑊𝑚𝑘2𝐾𝑘=1  

Wmk3 = k

1

  ∑ 𝑊𝑚𝑘3𝐾𝑘=1  
Wmk4 = maxk{Wmk4}              
 
All the ratings given for each barrier, Cj, given by all the two hundred twenty-four respondents are 
clustered together vertically and forming two hundred twenty-four fuzzy sets. For example, the 
respondents P1, P2, P3,…, Pk given the ratings for the 1st barrier C1 as  (0.5 0.6 0.7 0.8), (0.5 0.6  
0.7 0.8), (0.4 0.5 0.5 0.6),…, (0.4 0.5 0.5 0.6). Similarly, it is done for the rest of the seventeen 
barriers and the thirteen ISR Am. Now, Wjk1 is the lowest limit of the aggregate fuzzy weight, the 
minimum of the lowest numbers for these two hundred twenty-four fuzzy sets, i.e. minimum of (0.5, 
0.5, 0.4,…, and 0.4) is 0 for the 1st barrier. Similarly, it is calculated for rest barriers and the ISR. 
Next, Wjk4 is the highest limit of aggregate fuzzy weight: the maximum of 0.8, 0.8, 0.6,… and 0.6, 
that is 1. The rest two in-between numbers of the aggregate fuzzy weight are calculated as Wjk2 = 
W112 = 1/224 (0.6 + 0.6 + 0.5 + …. + 0.5) = 0.6143 and Wjk3 = W113 = 1/224 (0.8 + 0.8 + 0.6 + … + 
0.6) = 0.6924. Similarly aggregated fuzzy weights are also calculated for the requirements of the 
system. The weight matrix for both barriers and ISR can be expressed as  jJ WWWW 21  and 

 mm WWWW 21 respectively. Referring to Table 5, the aggregate fuzzy weight for the barrier 

C1 is, therefore [0.0  0.6143  0.6924  1.0]. Similarly, the rest of the weights and ratings are computed 
and tabulated for each factor. A similar calculation is done for the aggregate fuzzy weights for the 
ISR tabulated in Table 6. 

Defuzzification is the process of finding an equivalent single crisp value for a fuzzy set. Thus, the 
aggregated fuzzy weights and rating are to be defuzzified using a suitable defuzzification method. 
The centre of the area or COA method for Defuzzification is applied here to find the crisp weights 
and ratings, and the result obtained is plotted in Fig. 7 and Fig 8, respectively. The mathematical 
explanation for the COA method of Defuzzification is given below: 
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Similarly, Defuzzification of the fuzzy weights for the ISR is presented in the following relation: 
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Calculating defuzzification, for example, the aggregated fuzzy rating corresponding to barrier C1 is 
[0.0  0.6143  0.6924 1.0]. Hence, Wij1 =0.0, Wij2 = 0.6143, Wij3 = 0.6924 and Wij4 = 1.0. Using the 
expression (2) for defuzzification by COA method, we get,  

C
   

55482.0
0.16924.06143.00.0

0.06143.0
3

1
6924.00.1

3

1
)0.16924.0()6143.00.0(

1

22





C  

Similarly, the rest of the factors' crisp values are computed and then the results are plotted in the 

column chart for better understanding, as shown in Fig. 7 and Fig. 8, respectively. Each of the crisp 

values is arranged in descending order and tabulated in Table 6 and Table 7.     

6.4 Discussion Part 1 

The initial phase of the implementation of Industry 4.0 technologies completely depends on effective 

solutions to the top dominant factors, as obtained in Table 6 and 7. Thus, out of all the identified 

barriers and industrial system requirements, our main area of interest is focused on the top three 

factors as per their rankings in the Multi-Criteria Analysis, which motivates the researchers to focus 

on these dominant factors and find effective solutions for implementation. The top three dominant 

barriers that affect Industry 4.0 and its core technologies implementation in the present 

manufacturing industries, followed by the top three most existing Industrial systems requirements, 

are discussed below. This analysis helps the decision-makers, researchers and industrialists to 

focus on these findings. 

1. From Table 6, we find criterion C 3, the identified barrier - Employee flexibility required to 

learn and adapt becomes the most dominant barrier that affects the implementation of I4.0 

technologies in the Indian Manufacturing Industries. I4.0 is the latest technology consisting 

of digitalization of traditional systems, connectivity, data-centric, information and technology, 

internet of things and data-driven. Before the industrial system upgradation, the current 

employee should adopt the latest skills and latest technology-driven software and hardware. 

Thus, the employees need to upgrade their skills, learn data analysis, languages, acquainted 

with the latest technologies to monitor the new systems, and give their valuable inputs for 

efficient internet of things solutions. Most of the employees working in a traditional 

environment find difficulties and hesitant while upgrading themselves to multi-skills. The 

organization's employer finds it challenging to motivate the experienced employees, 

especially those who are reluctant to adopt the upgradation due to uncertainty about its future 

implications, thus creating disruptions and fear of losing their job. So, the debate between the 

organisation's officials, employees, contractors, and management becomes a major 

challenge to adapt I4.0 technologies in IMI. This challenge needs to be addressed and must 

be given the highest priority to develop a proper solution for the adaption of I4.0 technologies. 

2. The next dominant barrier comes C 6, Integrating physical systems with cyber systems. As 

discussed in Section 2 and 3, Cyber-Physical System is an entirely data-driven application 

that inter-connects the virtual space with physical components of the systems through 

integrated computing, complex algorithms, smart sensors data, embedded systems, 

communication, big data, data analytics and storage capabilities with the help of complex 

networks and internet. Most of the IMI, especially Micro, Small and Medium Enterprise 

(MSMEs), is still in the post-second industrial revolution. So, the upgradation of conventional 

systems and investing capitals in these enterprises is a major challenge. Large Enterprises 

such as Automobile Manufacturer, Original Equipment Manufacturer (OEM), Electronics 

Goods and Gadgets Manufacturer are likely to adapt I4.0 technology. But still end to end 

digital integration, real-time data sharing, installation and upgradation of smart sensors, smart 

actuators, new software and hardware in existing manufacturing systems without halting 

complete production is also challenging. Major research work needs to be carried out for 



providing a robust standard solution for implementing cyber systems and integrating them 

into physical systems in manufacturing industries. 

3. Then the next dominant barrier, C 10, real-time full data sharing and monitoring among 

various units, customers, suppliers, logistics and few selected data sharing with other 

industries. The main point of concern is the huge storage of big data, continuous analysis, 

and virtual simulation that is digital twin using real-time data for improving efficiency and 

prediction of defects and machine tool failure. Cybersecurity, data privacy, and continuous 

monitoring of shared real-time data create a huge challenge to implement I4.0 technologies 

in existing manufacturing systems. Extensive and empirical research works need to be 

carried out, especially by the solution-based consultancy currently working on this issue.  

4. Table 7, we find that the industrial system requirement A6, Transparency through real-time 

data monitoring and exchange, Industrial experts believed that it is highly required in the 

existing manufacturing industries. As in existing Indian manufacturing systems, there is no 

proper transparency in data collection or any information shared among the systems; hence, 

human interference increases and causing bottleneck issues, delay, defects in parts and 

products, etc. So, the data collected from sensors, components, devices of the manufacturing 

systems, human operators and tool systems need to be interconnected with a communicating 

medium to provide continuous feedback and monitoring from the real-time data during 

manufacturing. This helps improve and update the existing production process and send 

instructions to use the updated data in the next production batch. These multiple data and 

analysis in real-time assists the manufacturing systems to know the customer, their 

acquisition and predicting their type of demand and understanding the behaviour towards the 

products, which is highly essential in existing manufacturing scenario.  

5. This is followed by the ISR factor A 5, which is Automatic data exchange and communication. 

The respondents from various organisations believe that after real-time data transparency 

through interconnected networks, it's high time, looking at the fluctuating and aggressive 

market competition, the systems to communicate with each other and make decisions without 

any human intervention. These systems automatically receive and delivers the right data to 

the right place at the right time. This saves a generous amount of time and ultimately 

improves productivity. As the systems are interconnected through networks, these can make 

their own decision and share the data to the right place at the right time without any human 

interference. 

6. Then the 3rd most essential system requirement is the factor A10, that is, Improving 

productivity. In general, every industrial expert wants their existing productivity to be improved 

either through traditional optimisation methods, industrial management and other techniques 

or by implementing advanced technology, re-tooling to latest equipment and hardware and 

upgrading and reforming their existing systems. With the application of I4.0 technologies such 

as advanced continuous monitoring process, machine to machine communication, real-time 

data sharing, data analytics and digital twin, the chances of system breakdown, prediction for 

maintenance of tools and equipment, predictive analysis of the failure of the components, 

proper resource management leads to improving productivity. It is highly required in current 

manufacturing industries. 

6.5  Co-Relation Analysis 

The inter-item co-relation analysis is performed for barriers' C' and systems requirements ' A' 

separately to investigate the linear relationship between the variables and observe how closely each 

variable is related to the other. Then, the inter-item individual co-relation analysis was performed 

between barriers and systems requirements to determine how closely the ISR is related to the 

barriers and vice versa. All the analysis was computed, and the results were tabulated in Table 8, 9 

and 10. The primary analysis is focused on the correlation between barriers and systems 

requirements of Industry 4.0 and drawing out conclusions from it. The correlation coefficient ranges 



from -1.0, a perfect negative correlation, to +1, a perfect positive correlation. The more the value 

gets closure to -1.0 or 1.0, the stronger the relationship between the inter-item variables; if the 

correlation coefficient is 0, then there is a weaker correlation (Meyers et al., 2013). A higher degree 

of co-relation is when its coefficient ranges above 0.75, moderate when it ranges between 0.25 to 

0.50, and the absence of co-relation ranges 0 to 0.25 in both positive and negative coefficient values 

(H., Robert, 2015).  

6.6  Discussion Part 2 

As each of the ISR and Barriers variables are obtained and tabulated, it is quite lengthy for explaining 

every coefficient of both barriers and ISR. So, as per the consideration, the following co-efficient has 

been chosen randomly for a brief explanation. With this explanation, it can be related to every single 

variable. The following are the key observation and the discussion that has been pointed out from 

the analysis. 

1. Table 8 and 9 represents the inter-item correlation of each variable. From both the table, it is 

observed that all the coefficients obtained are positive; that is, all the variables are of barriers, 

and ISR are positively correlated. For example, in Table 8, the coefficient of correlation of the 

industrial system requirement factor A6 (Transparency through real-time data monitoring and 

exchange) and the factor A10 (Improving productivity) is 0.6265. That is, the variables are 

positively co-related. If the value of the variable A6 tends to increase, the value of variable 

A10 would also increase. In a practical case, if the system were interconnected from where 

the real-time data could be monitored and exchanged with data transparency, it affects by 

increasing the value of the variable A10; that is, it would increase productivity through 

continuous monitoring real-time feedback. In this way, every co-efficient of every variable are 

related. The more the value of the coefficient, the more the variables are related to each 

other. From the obtained table, the rest of the variables and their relation are concluded, 

which can be used by different practitioners and solution providers to implement the I4.0 

technology in existing manufacturing systems. Similarly, in Table 9, all the variables are 

positively correlated with each other, some have very less coefficient, and some have very 

high coefficient.  

2. In Table 10, the positive coefficient values are positive co-relations. If the value of one 

variable increases, then ultimately, the second corresponding variable's value is also 

increased and vice versa.  For example, considering 4th column that is Factor A4 (Improving 

inter-connectivity among all the systems) and 3rd row that is barrier C3 (Employee flexibility 

required to learn and adapt) are positively co-related to a co-efficient of 0.195. In this, if the 

importance of improving inter-connectivity among all the manufacturing (which the 

respondent feels is an essential factor that should be present in the current organisation) 

increases then, it also affects the increasing importance of employee flexibility required to 

learn and adapt to the new technologies, which acts as a barrier to implement Industry 4.0. 

In this way, positive correlations are determined and concluded to learn how systems 

requirements are affected by implementing barriers and vice versa. As there is a prior 

requirement to find the positive co-relations, the top seven coefficients are selected and 

highlighted in italics, as shown in Table 13. These are given the highest importance and are 

considered a referring tool for the practitioners, solution providers, researchers and 

industrialists to implement Industry 4.0 technologies in their organisation.  

3. All the negatively correlated coefficients are marked with an underline, as shown in Table 10. 

This negative correlation determines that if one variable's values increase, the corresponding 

variable's value decreases.  It generates the type of relations between the factors and barriers 

which can be given the least importance by the researchers, practitioners, industrialists for 

analysis and implementation. For example, the implementing factor A2 increases flexibility in 

scalability and variety in manufacturing systems. The respondents believe it is vital in present 



manufacturing systems, and the barrier C1 that is the Lack of understanding and knowledge 

of Industry 4.0 technologies, are negatively related. If the importance of the ISR increases, 

then simultaneously, this barrier's value decreases and vice versa. 

7. CONCLUSION 

The present research work identifies the most weighted barriers that affect Industry 4.0 

implementation and the current ISR necessary for the existing manufacturing systems. This paper 

points out the relevant areas and narrows them down by minimising the gap between existing ISR 

and the barriers affecting implementation and prioritising the importance of the research to 

implement I4.0 technologies. At first, the necessity analysis such as the KMO, Bartlett's test of 

Sphericity and Descriptive statistics analysis was conducted to check the legitimateness of the 

identified barriers and ISR data set. It provides a guideline to conduct factor analysis, which could 

be considered in future works. In the next, Multi-Criteria analysis conducted in the fuzzy environment 

aids the decision-makers and industrialists identify and address this highest weightage ISR and 

barriers. That is arranged in decreasing order to give weightage for future research during 

implementation. The top three dominant barriers that affect Industry 4.0 and its core technologies 

implementation in the present manufacturing industries, followed by the top three most existing 

Industrial systems requirements was obtained. It also provides a roadmap to the researchers, 

practitioners, solution providers for solving MCDM problems to implement I4.0 technologies with 

weights of the identified ISR and the barriers obtained in this paper. Lastly, the inter-item co-relation 

between the ISR and the implementing barriers of Industry 4.0 was analysed, which determines the 

relationship shared by the most dominant positive correlation that is, ISR, The Increasing system 

responsiveness and the barrier, Quick reconfiguration of manufacturing, assembly systems, 

inspection and material handling systems. This correlation can be used as a referring tool and a 

gateway for minimising the gap between ISR and barriers.  

In the future, based on these analyses and findings, the authors seek to work on an architectural 

framework model that can be designed and developed in the context of the implementation barrier 

and ISR factors for adapting Industry 4.0 in IMI. It can be used as a tool for evaluation in numerous 

case studies. 
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