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ABSTRACT : Digitalization and smart manufacturing (SM) systems are driving the development 

of the modern manufacturing, production, and industry core. Through the blockchain, edge 

computing, and machine learning, the smart manufacturing system is developed and made easier 

by the practical and meaningful design of smart manufacturing. The proposed smart 

manufacturing system for this process takes into account the incorporation of blockchain, edge 

computing, and machine learning techniques. Edge computing balances the computational 

workload and provides devices with prompt responses. The manufacturing system's transactions 

and data transmission are made use of by blockchain technology, and the machine learning 

approach offers advanced data analysis for a huge manufacturing dataset. The model employs a 

swarm intelligence-based method to address the computational environments of smart 

manufacturing systems and solves the issues therein. 

Keywords: smart manufacturing, edge computing; machine learning, blockchain, Industrial 

Internet of Things 

I INTRODUCTION 

Automation has been replaced by 

digitalization as industrialization has 

advanced. Similarly, the Internet industry in 

the United States, which is made by China, 

Japan's Industry 4.1, and South Korea's 

manufacturing of Industry Innovation 3.0, 

all face the same issues in Germany's 

Industry 4.0. Two main characteristics 

underlie the connection of entities. For 

entity connection, digitalization and 

identification are crucial features. From a 

different angle, the Industrial Internet of 

Things (IIoT)'s identification issues can be 

managed through the Internet of Things 

(IoT). The definition of the cyber-physical 

system is to solve the entities' connection 

issues. 

In a recent development, the 

manufacturing industry's digitalization 

included smart manufacturing as one of its 

core components of modern production. 

Similarly, it is the foundation of the smart 

factory [1]. The shrewd assembling process 

utilizes data innovation (IT) to interface the 

offices and terminal gadgets that are 

digitalized [2]. Multiple requirements for 

data processing arise as a result of the 

devices' interactions, such as being 

unstructured, capable of handling massive 

amounts, and requiring less time delay. 

Enormous information procedures, 

distributed computing strategies, and man-

made brainpower methods are introduced to 

improve on information handling, which is 

important for data technology (DT). 

Besides, operational technology (OT) 

Journal of Engineering Sciences Vol 14 Issue 01,2023

ISSN:0377-9254 jespublication.com Page 557



accomplishment depends on the blend of 

definite control machines and information 

calculation, e.g., a disseminated control 

framework, programmable rationale 

regulator, information securing, and 

administrative control. Cloud manufacturing 

services are used in additional smart 

manufacturing internal performance 

processes. 

1.1 Edge Computing 

In recent years, many researchers have 

focused on the edge computing issue 

regarding intelligent manufacturing. To 

address some of the low latency and limited 

resources of this system, Yin et al. [3] 

proposed a novel visualization service for 

task scheduling based on fog computing and 

explored a new approach to the task 

scheduling algorithm based on a container 

role. The proposed system is able to reduce 

the delay rate of the tasks and improve the 

concurrent tasks on fog nodes. Lei et al. [4] 

presented the architecture of adaptive 

transmission containing edge computing and 

software-defined network (SDN) to solve 

the problem of data exchanging in IIoT and 

intelligent devices. Suganuma et al. [5] 

proposed the Flexible and Advanced 

Internet of Things (FLEC) to overcome the 

integration of traditional Internet of Things 

and edge computing problem that focuses on 

user positioning adapting to the 

environment. Lin et al. [6] presented the 

swarm optimization algorithm connected 

with a genetic algorithm to overcome the 

load balancing problem in traditional data 

placement based on optimizing the transfer 

time.  

To achieve detailed control of smart 

manufacturing systems, communication 

latency and a reliable environment are 

required. The multi-access edge computing 

(MEC) provides all the mentioned 

requirements. Similarly, cloud computing’s 

capabilities and information technology 

provide environmental services on the edge 

network, despite the access technology [7]. 

Chen et al. [8] proposed a multi-micro-

controller structure, which is the gateway for 

the Industrial Internet and combines the 

array-based programmable gateway of 

hardware with multiple scalable micro-

controllers. Li et al. [9] proposed adaptive 

transmission architecture based on the 

centralized global support for am IIoT edge 

computing network. Another approach 

presented by Yu et al. [10] is the survey of 

edge computing performance on IoT 

applications—smart cities, smart farms, 

smart transportation, etc. Porambage et al. 

[11] showed an MEC overview for IoT 

applications realization and synergy. 

1.2 Block chain 

One of the most well-known areas of trust 

and safety is blockchain technology, which 

can be used in any related field to keep data 

and information private. In a similar vein, it 

is a novel technology for distributed and 

decentralized computing architecture that 

encrypts blocks to keep the dataset in a 

chain [12–14]. Digital transaction data, such 

as the date, time, and amount, which are 

further developed during the transaction 

process and are all kept in blocks. 

The saved data, which include 

participants from nodes to verify the 

transaction, are accessible within the 

distributed network. The crypto and 

transaction codes are supported by all 

blockchain nodes, which are connected to 

one another. One more significant element 

in blockchain innovation is the numerical 

Journal of Engineering Sciences Vol 14 Issue 01,2023

ISSN:0377-9254 jespublication.com Page 558



calculations, which are serious areas of 

strength for exceptionally this organization. 

Blockchain is secure and transparent 

because it provides block validation to 

minor nodes without affecting the data that 

moves through the network [15–23]. For 

addressing security issues and 

recommendation systems based on 

blockchain and knowledge discovery 

technology, there are numerous research 

requirements [24–29]. The integration of 

blockchain and IoT must be carried out in 

this process, and the security issues cited by 

numerous authors point to blockchain as an 

effective solution. Trust, security, 

programmability, and other key 

characteristics of blockchain are defined in 

[30]. A blockchain can be one of three 

distinct sorts — a public blockchain, a 

private blockchain, or a consortium 

blockchain. Digital currencies are famous on 

the public blockchain. The integration of 

stakeholder and service trading entities is the 

primary goal of a consortium blockchain. Li 

and co. 31] presented the consortium 

blockchain-based energy trading system. 

Min [32] suggested using blockchain 

techniques to make supply chains more 

flexible in risky situations. Blockchain 

technology can be assumed for IoT 

applications that implement private 

blockchains in a business trading system. An 

IoT-focused data exchange system based on 

the Hyperledger Fabric was developed in 

[33] to address the issue of distributed 

management system automatic maintenance. 

1.3 Internet of Things 

The environment of digitalization is 

significantly supported by the IoT system's 

expansion. In addition, the IoT applications 

cover a variety of topics, including traffic 

monitoring, smart cities, and smart farms. 

IoT systems also cover machine-to-machine 

(M2M) techniques, which are a step toward 

digitalizing the manufacturing system [34]. 

When the Industrial Internet of Things 

(IIoT) meets the cyber-physical system 

(CPS), which is the best way to increase 

productivity and efficiency in smart 

manufacturing, the abstraction of Industry 

4.0 becomes clear. Yang and others 35] 

discusses the smart manufacturing system's 

IoT applications and issues. The conclusion 

of the proposed work demonstrates that IoT 

represented the connection between 

cyberspace and the physical world. In 

contrast, a cyber-physical production system 

(CPPS) based on an intelligent network and 

reliable communication technology was 

proposed in [36] to authorize the efficient 

transfer of datasets. One of the most well-

known technologies developed by the top 

five companies in the United States—GE, 

AT&T, Cisco, Intel, and IBM—is the 

Industrial Internet Consortium (IIC). The 

standardization of network innovations, 

applications, and constructions is the 

primary focus of this method; growth in data 

circulation; and digitalization of the 

industrial sector. With the name Industry 4.0 

and global partial CPS facts based on 

artificial intelligence in smart 

manufacturing, the IIoT sub-concept was 

first introduced in Germany. In a nutshell, 

CPS makes use of the interconnectedness of 

things to illustrate the connections that exist 

between information and the real world. The 

IoT technology selects the physical address 

interconnections between objects to 

determine whether or not they are industry-

related.  

II PROTOTYPE SYSTEM BASED ON 

EDGE COMPUTING 
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The primary idea behind the edge 

computing system is to apply the computing 

method as close to a data source as possible. 

The smart manufacturing system's edge 

computing architecture is depicted in Figure 

2. The nearby foundation is utilized to 

handle the information in an edge-

processing framework, and it takes the cloud 

server to the equipment. The physical layer, 

the network layer, and the application layer 

are the three main layers of the edge 

computing system. Sensors, robots, 

actuators, and other components make up 

the physical layer. arranging the primary 

components of the physical layer. The 

various edge servers that process terminal 

devices for the input of the third layer are 

located in the second layer. An edge server, 

in contrast to a cloud server, offers a limited 

computational service. The IIoT cloud 

server data processing that takes place at the 

application layer is the foundation of 

enterprise-level applications. Some 

examples of the application layer include 

supply chain management (SCM), enterprise 

information systems (EIS), and smart 

contracts (SC). Edge computing surpasses 

cloud server supplementary resources in 

smart manufacturing. The success of edge 

computing is heavily dependent on 

virtualization technologies. Containers and 

virtual machines are components of 

virtualization technology. The degree of 

isolation and implementation are the 

primary distinctions between them; 

Hardware visualization is required for the 

implementation in the virtual machine. The 

performance of the virtual container is based 

on lightweight visualization. 

 

 

 

 

 

Fig 1 : Overview of edge computing 

architecture 

III MACHINE LEARNING BASED 

SMART MANUFACTURING 

Smart facilities are positively developing 

intelligence manufacturing to influence the 

cross-organization in smart manufacturing 

systems on the basis of the most recent new 

technologies—big data, IoT, etc. Based on 

the collection of data from sensors in a 

variety of formats, structures, and semantics, 

the manufacturing system is experiencing an 

unexampled data extension. The various 

manufacturing systems, such as product 

lines, manufacturing equipment, processes, 

and so on, serve as the foundation for data 

collection. In order to support real-time data 

processing and manage the growth of large 

datasets in the manufacturing system, data 

modeling and analysis are required. 

Techniques for machine learning have some 

advantages for enhancing smart 

manufacturing: cost savings, fault reduction, 

increased production, operator safety, and 

other benefits One of these benefits is a 
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strong bond for the surgical procedure. In 

addition, one of the most important aspects 

of predictive preservation is the system's 

fault detection, which is crucial in the case 

of industry. The architecture of smart 

manufacturing as a whole, based on the 

integration of edge computing, blockchain, 

and machine learning, is shown in Figure 4. 

Although each of these techniques is well-

known, their integration has a significant 

impact on the manufacturing sector in terms 

of safety, cost reduction, production growth, 

and other aspects.  

The application, network, and 

physical layers serve as the foundation for 

the section on edge computing. The smart 

sensors that are connected to the IoT 

platform and allow for real-time data 

collection and monitoring are provided by 

the physical layer. In a similar vein, 

machines can be checked for condition in 

this layer as well. The information is 

updated and the dataset is tracked over time 

by the network layer. The quality of the data 

is checked and corresponded with by the 

application layer, and then the monitoring 

results are measured and reported. The edge 

figuring interaction's last report moves to a 

blockchain administration for getting the 

gathered data in blocks. This information 

pertains to block security, design, and assets. 

To control service quality and predict fault 

rates, the process moves to the machine 

learning section. There are various levels of 

data analysis in this section. Prescriptive, 

diagnostic, descriptive, and predictive 

analyses are all part of this procedure. The 

primary objective of distinct investigation is 

to give the item fabricating interaction and 

activity data, catching the ecological 

conditions and boundaries. On the off 

chance that the item's presentation 

diminishes, the determination investigation 

analyzes the issue and presents the 

justification behind the issue. Based on a 

historical dataset, the predictive analysis 

uses statistical models to make predictions 

about potential future equipment and 

products. The prescriptive analysis, also 

known as the final analysis, entails further 

recommendations for actions, measurements 

of the identification, and a presentation of 

each final decision outcome. The smart 

facilities are highly optimized thanks to 

cutting-edge machine learning analysis. The 

benefits of this procedure include lowering 

operating costs, adapting to shifting 

consumer preferences, increasing 

productivity, and minimizing downtime. 

IV CONCLUSION 

The trend toward smart manufacturing is 

advantageous for the development of a new 

industry's production and manufacturing 

processes. The implementation of the 

manufacturing system results in the support 

of operational technology, data technology, 

and information technology, as well as the 

development of integrated edge computing, 

blockchain, and machine learning based on 

the Industrial Internet for the manufacturing 

environment's operational processes. In 

order to support the manufacturing system's 

design, the proposed system in this paper 

was developed by incorporating edge 

computing, blockchain technology, and 

machine learning. The optimization model 

served as the foundation for the formulation 

of the system's assignment problem. The 

stresses of the presented method, in contrast 

to other research in edge computing and 

IIoT, highlight the integration method's 

significance for future developments. 

The manufacturing system will be 

improved and analyzed in greater depth as 
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part of the planned future research. The 

applications of the blockchain system can be 

quantified and further analyzed. The 

manufacturing system's development can be 

enhanced through the incorporation of 

additional technologies. An on-site dataset 

can be used to analyze the experiments and 

results to determine the potential impact 

factors and adjust the parameters of the 

proposed model. 
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