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Abstract  

The shift from traditional manufacturing techniques to the fourth industrial revolution era has 

brought about significant changes to the manufacturing landscape. One such noticeable 

change is the shift from mass production to customised production. This shift has emanated 

from the demand for product variety in today’s market, implying that assembly lines, which 

are the backbone of a production line, must now be re-designed to produce multiple variants 

of a product. However, this accentuates the system’s complexity and has therefore created a 

need for a system that can perform real-time monitoring and fault-finding in order to avoid 

the bottlenecks that are caused by an increased cycle time. Cycle time is a key factor in 

assembly line balancing, as it influences efficiency and cost of an assembly line and as such 

cycle time reduction is seen as a critical element in the optimised operation of an assembly 

line. Currently, most of the techniques used for cycle time reduction in an assembly line 

revolve around heuristics approaches and simulation-based techniques. The drawback of 

these approaches, as postulated in the literature, is that there is limited research on using real-

time data as inputs, and they are mostly only suitable for a limited set of inputs. This is not 

suited for the stochastic nature of the modern-day assembly line. The industry 4.0 era has 

brought about many new strategies to ensure that production processes are customised to 

satisfy individual customer demands. Among the new strategies developed to improve 

production efficiency in the manufacturing arena is the digital transformation of the 

manufacturing line. Two of the popular tools that are used for implementing this digital 

transformation are Digital Twins (DTs) and Digital Shadows (DSs). Unlike heuristics and 

simulation-based techniques, DTs can utilise real-time data as inputs and therefore provide 

real-time visualisation and prediction of several what-if scenarios. This research looks at the 

design of a real-time data-driven Digital Twin (using MATLAB/SIMULINK) for a Mixed 

Model Assembly Line Balancing Problem (MALBP), with focus on cycle time reduction. A 

case study of a water bottling plant operating at the Central University of Technology (CUT) 

capable of producing multiple variants of water bottles will be used in this research. The 

Digital Twin will be synchronised with the plant for real-time monitoring of the process flow 

with the aim of reducing the cycle time and optimising production. The results of this 

research study highlight the impact of real-time data and using Digital Twins in a Mixed 

Model Stochastic Straight-type Assembly Line, with the cycle time reduced by 19% on 

average, compared to when using the Digital Shadow.   
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Chapter 1: Introduction to Study Environment  

1.1 Introduction  

Prior to the Fourth Industrial Revolution (henceforth referred to as Industry 4.0), 

manufacturing industries focused on producing products in volume ahead of the customer 

demand and kept them in stock until they were ready to be shipped once an order is 

processed. This manufacturing strategy is referred to as the Make-To-Stock (MTS) approach 

[1]. Some of the disadvantages of this strategy, but not limited to these, are that there is less 

variety in the products, loss of capital if the number of products produced is higher than the 

demand, and the associated risk if the products produced have a shorter lifespan [2].  

The advent of Industry 4.0 has shifted the focus from mass production to customised 

production. This shift is in order to keep up with the continuous improvements and the 

competitiveness of the current global market [3]. Unlike in the MTS mode, Make-To-Order 

(MTO) is a manufacturing strategy that enables product variety, as in this approach the 

production orders are not predictable and production only initiates after the customer’s order 

is placed and received, reducing the exposure to financial risk [2]. 

The increased product variety that comes with the MTO approach and the fact that MTO 

systems are stochastic in nature means that assembly lines must be designed in a way that 

they meet the demands of product variety [4]. The assembly lines that are major enablers to 

handle product variety are Mixed Model Assembly Lines (MMALs) [5]. MMALs can 

assemble different products on the same assembly line without any changes to the sequencing 

of these products [6]; as a result, more and more industries now opt for MMALs to meet the 

demands of the current market. 

However, there are some challenges that comes with using MMALs for product variety, 

which increase complexity and therefore bear a negative impact on productivity and quality 

[7]. Two of the common challenges are line balancing and sequencing, with line balancing 

being considered a long-term planning problem and sequencing being a considered short-

term [8]. This research focuses on line balancing. 
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The Mixed-Model Assembly Line Balancing Problem (MALBP) occurs during the design 

stages of mixed-model assembly lines, and it can be defined as the assignment of assembly 

tasks to different workstations in the production line to level workload, while satisfying 

specific constraints [9]. There are two types of MALBPs which are referred to as dual 

problems, namely: MALBP-I and MALBP-II [10]. In MALBP-I, the focus is on minimising 

the number of workstations with a given cycle time, and in MALBP-II the focus is on 

minimising the cycle time with a fixed number of workstations [10]. 

Workstation reduction, reduced smoothness index, cycle time reduction and lead time 

reduction are some of the main assembly line balancing objectives [11]. However, this 

research will only focus on cycle time reduction, implying that the focus of this study is on a 

type II MALBP.  

Cycle time can be defined as the amount of time it takes to convert raw materials into 

finished products [12]. Cycle time reduction has a positive impact on the productivity, costs 

and enables faster response to the customer demand [12], thus, longer cycle times mean a 

decrease in the quality of customer service [13]. 

Authors [14][15][16] have previously proposed solutions for assembly line balancing 

problems, however, very few have researched cycle time reduction. The few studies that 

focused on cycle time reduction used optimal solutions. The limitation of optimal solutions is 

that they have a limited number of variables and constraints that can be used in the software 

that solves models; therefore, they cannot solve large-size problems of mixed-model 

assembly lines [17]. 

This research therefore proposes a Digital Twin (DT) as a possible solution to the cycle time 

reduction challenge. A Digital Twin is a virtual copy of a real-world object that is designed to 

predict, simulate, optimise and control the conditions of this real-world system [18], using the 

historical data of the system and the live data that comes from the sensors [19]. In this 

research, a DT will be designed to monitor the process flow in a Mixed-Model Stochastic 

System in real-time in order to reduce the cycle time and optimise production. An MMSS 

assembly line is chosen in this research as it is more complex than other assembly line 

systems.   
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1.2 Problem Statement  

The advent of Industry 4.0 has resulted in the move from the traditional Make-To-Stock 

(MTS) approach to the Make-To-Order (MTO) approach. The MTO approach adds 

considerable pressure on an already strained production line. One such challenge is that of 

increased cycle time. This challenge is accentuated when considering a mixed-model 

stochastic production line. 

1.3 Research Question  

How can the manufacturing cycle time of a Mixed-Model Stochastic Straight-type (MMSS) 

Assembly Line be reduced to increase production efficiency? 

1.4 Research Hypothesis and Objectives  

1.4.1 Research hypothesis  

The design of a real-time data-driven Digital Twin of a physical Mixed-Model Stochastic 

(MMS) assembly line that will be able to monitor the process flow and reduce cycle time, 

thereby optimising production. 

1.4.2 Research aim  

The aim of this research is to design a data-driven Digital Twin of a Mixed-Model Stochastic 

assembly line for continuous real-time monitoring of the process flow and prediction of 

bottlenecks in the production line in order to reduce the cycle time and thereby improve 

efficiency. 

1.4.3 Research objectives  

The main objectives are as stated: 

• Create a software model for a Mixed-Model Stochastic assembly line. This model will 

function as a Digital Shadow. 
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• Install and integrate sensors to the Mixed-Model Stochastic assembly line and use the 

real-time data from the sensors as inputs to the Digital Shadow model, thereby 

converting the Digital Shadow model into a Digital Twin.   

• Analyse and compare the value of cycle time calculated by the Digital Shadow and 

the Digital Twin for a similar production process and establish the advantage of the 

Digital Twin. 

1.5 Research Methodology  

This research will be conducted using the case study of the Make-to-Order (MTO) water 

bottling plant at the Central University of Technology, Free State (Bloemfontein campus). 

The MTO water bottling plant is made up of three Smart Manufacturing Units (SMUs) for 

filling, capping and packaging. The plant produces two variants of water bottles (330ml and 

500ml). The methodology deployed in this research study is summarised as follows: 

• Design Digital Shadow model for the water bottling plant using 

MATLAB/SIMULINK. This model will use the customer orders as inputs to run tests 

and simulations in order to calculate the cycle time. 

• Integrate sensors to convert the Digital Shadow into a Digital Twin. This will be 

accomplished by installing the following Internet of Things (IoT) sensors; Ultrasonic 

sensor (for water level), flow meter, infrared sensor(s) for 330ml and 500ml water 

bottles to the different SMUs of the plant and using the live data from the sensors, the 

Digital Shadow model will now be converted into a Digital Twin model. The live data 

from these sensors will be brought to the Digital Twin on MATLAB/SIMULINK 

through ThingSpeak (a cloud server) for real-time monitoring, simulation and to 

calculate the cycle time.  

• Analyse and compare the performance of the Digital Shadow model and the Digital 

Twin model based on the cycle time calculations. This will be accomplished by 

providing a similar set of customer orders as inputs to the Digital Shadow as well as 

the Digital Twin. 
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1.6 Dissertation Layout  

Chapter 1:  Chapter 1 is the introduction to the research; the background information and 

current operation of the manufacturing sector is partially discussed in this chapter. This 

chapter also introduces aspects such as the problem statement, hypothesis, research objectives 

and research methodology.  

Chapter 2:  Chapter 2 details the literature review that was conducted prior to this study. 

This chapter firstly provides an overview on different types of assembly lines, along with 

their classifications. It then discusses the assembly line balancing problems. Next, the factors 

affecting the production time, with focus to cycle time, is explored. The different techniques 

that are currently used to reduce cycle time in assembly line balancing are also discussed in 

this chapter. The chapter is concluded with an overview on the limitations of existing 

research. 

Chapter 3:  Chapter 3 reviews the research methodology that was undertaken in this study. 

The chapter first highlights the importance of the selected case study, in support to the study. 

Next, the chapter details the design and development of the Digital Shadow model and the 

Digital Twin model, both developed using the MATLAB and SIMULINK platforms to 

optimise production in the case study.  

Chapter 4:  Chapter 4 details the cycle time tests that were performed on the Digital Shadow 

and Digital Twin model, using the customer orders as inputs. Next, a comparison between the 

results of the models is done, to showcase the model which optimises production more 

efficiently. 

Chapter 5:  Chapter 5 discusses the results of the Digital Shadow and Digital Twin models, 

developed on SIMULINK, and a performance comparison is made between the models and 

the existing methods. This chapter also answers the questions raised in the problem statement 

in Chapter 1 and the limitations of existing research elaborated upon in Chapter 2. 

Chapter 6: Chapter 6 concludes the study by summarising the work done in this study, 

highlighting the research goals, recommendations and future works. 
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 Chapter 2: Literature Review  

2.1 Introduction  

The aim of this chapter is to showcase the detailed literature review that was undertaken prior 

to this study. This will be used as a guideline in establishing the research gap and 

familiarising the researcher with the selected research niche. This chapter will discuss the 

assembly lines, assembly line classification, and assembly line balancing problems in detail. 

This chapter will also discuss the different factors that affect the production time and the 

techniques that are available and currently used for the reduction of cycle time. Finally, the 

limitations of existing techniques, which necessitated this study, will be elaborated upon. 

2.2 Assembly Lines 

An assembly line is a production line that consists of a conveyor belt which carries the 

product through a series of workstations, from raw materials to a finished product [20]. 

Assembly lines have been an integral component in the manufacturing industry, since their 

first design by Henry Ford in the manufacture of the Ford Model T motor vehicles in the 

early 1900s [21][22], up to the present Industry 4.0 era. The goal of an assembly line is to 

accelerate the production process and enhance efficiency, while minimising the production 

time and, thereby, costs [22].  

Assembly lines have evolved over the years from their initial design by Henry Ford to 

become more flexible and autonomous. The evolution in assembly line design was 

necessitated to keep up with today’s market demands and for industries to adapt to the shift 

from the traditional mass production to customised production that is occurring in Industry 

4.0. This implies that there must be a shift from the fixed assembly lines to the flexible ones, 

mainly to enable product variety [23]. 

However, opting for more flexible assembly lines to enable product variety has led to more 

challenges, as this accentuates the already complex process of assigning tasks to the different 

workstations. This process of grouping tasks into the different assembly line’s workstations is 

referred to as Assembly Line Balancing (ALB). ALB aims to maximise the total production 

rate [11]. 
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2.2.1 Definitions of related terms  

The related terms that are used in assembly line balancing are named and defined in this 

section for clarity: 

• Assembly line – An assembly line is a production line made of workstations, where 

these workstations are linked together by a transportation system known as a 

conveyor belt for moving products from one station to another [24]. 

• Workstation – A workstation is a station on a production line where certain tasks are 

performed [25]. 

• Task – A task is a set of work that is performed in a workstation by an operator(s) 

[24]. 

• Line Balancing – Line balancing is a process that occurs in an assembly line where 

the workload is levelled across the workstations to reduce the bottlenecks [26]. 

• Cycle Time – Cycle time is the maximum amount of time taken to complete all of the 

tasks assigned to a workstation before the product can move to the next workstation 

[27]. 

• Lead Time – Lead time is the total amount of time taken from when a customer is 

placing an order to when the product is delivered to the customer [28]. 

• Bottleneck – Bottlenecks are delays in the production line that have a negative impact 

on the production rate. Line balancing is a solution to bottlenecks [29]. 

• Smoothness Index – Smoothness index is the indication of how smoothly a product 

flows through the production line. The smoothness index must be zero or close to zero 

for a production line to be classified as a perfect, well-balanced line [22]. 
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2.2.2 Assembly line classification  

This section investigates the classification of assembly lines. Figure 2.1 shows some of the most important parameters of the classification 

of assembly lines. 

 

 

 

 

 

 

 

 

 

Figure 2.1: Assembly line classification
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2.2.2.1 Product characteristics  

There are three different types of assembly lines that are used in product assembly. These 

assembly lines are: 

• Single model assembly lines – This type of assembly lines are the simplest version 

of assembly lines, as they produce a large quantity of only a single product at a time 

[30]. All assembled products are the same in these assembly lines, there are no 

variations [30]. 

• Multi model assembly lines – This is the type of assembly lines where multiple 

products are produced and divided into batches [30][31]. These are the most complex 

assembly lines out of the three assembly lines as, after every batch, some changes 

must be made on the assembly line; these changes are referred to as changeovers 

[22]. 

• Mixed-model assembly lines – This type of assembly lines are designed in such a 

way that they are capable of producing a variety of products at the same time without 

any changes to the sequencing of these products or any changeovers [32].  

2.2.2.2 Task time characteristics  

The time at which the tasks are executed in a workstation is referred to as task time [33]. 

There are two types of task times in assembly lines and selection of the task time depends on 

the goal that particular assembly line must achieve. The two types of task time are: 

• Deterministic task time assembly lines – The inputs in this type of assembly lines 

are known and constant throughout the entire production [34]. 

• Stochastic task time assembly lines – The inputs in this type of assembly lines vary 

throughout the entire production [34]. 

© Central University of Technology, Free State



10  

  

2.2.2.3 Layout characteristics  

The physical arrangement or setting of the workstations in a production line is referred to as 

line layout [30]. The two well-known types of line layouts are [35]: 

• Straight-type (also known as the S-type) layout – The workstations in this type of 

assembly line are set up in a straight line along the conveyor belt [36]. Workers in the 

S-type layout perform the tasks allocated to each workstation, standing only on one 

side of the of the assembly line [36].   

• U-shaped type (also known as the U-type) layout – As the name implies, in these 

assembly lines the workstations are set up in a “U-shape”. The aim of the U-type 

layout is to provide flexibility and improve efficiency, while also increasing the 

functionality, as workers can work on either side of the assembly line [37]. 

2.2.2.4 Level of automation  

The performance of tasks by machines rather than operators in a production system is referred 

to as automation [38]. The main aim of assembly line automation is to reduce labour costs, 

errors, and the operator workload in order to optimise production [38]. There two main 

categories of the level of automation in assembly lines [39]: 

• Manual assembly lines – These are the type of assembly lines whereby operators are 

preferred to do majority of the tasks allocated to the multiple workstations of the 

production system with little or no assistance of machines, for economic reasons [40]. 

• Automated assembly lines – These are the type of assembly lines whereby machines 

are preferred to do the tasks in the multiple workstations of the production system 

with little or no assistance from the operators [41]. 
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2.3 Assembly Line Balancing Problems (ALBPs) 

Multiple workstations are connected end-to-end to form what is referred to as an assembly 

line [42]. The tasks must be evenly distributed to these workstations to keep the production 

efficient, as not doing this will result in bottlenecks [42]. However, there are problems 

encountered when deciding on how to evenly distribute these tasks to workstations and these 

problems are referred to as Assembly Line Balancing Problems (ALBPs) [43]. 

2.3.1 Classification of Assembly Line Balancing Problems 

Different kinds of problems are encountered when balancing an assembly [44]. Various 

researchers have documented the classification of ALBPs. One such classification was 

proposed by Baybars [31], in which he divides the assembly line balancing problems into two 

major studies [31], namely: Simple Assembly Line Balancing Problems (SALBP) and 

Generalised Assembly Line Balancing Problems (GALBP), as shown in Figure 2.2. 

.  

• SALBP – This is the most common and the simplest version of ALBPs [45]. The 

objective in these type of assembly lines is to minimise the number of workstations 

for a fixed cycle time and vice versa [45]. The simple assembly line balancing is 

usually preferred when the line is required to produce the same type of product [46]. 

• GALBP – The problems that are not included in SALBP are considered as GALBP 

[45]. The GALBPs are Mixed-Model Assembly Line Balancing Problem (MALBP), 

Mixed-Model Sequencing Problem (MSP), and U-shaped Assembly Line Balancing 

Problem (UALBP) [47]. 
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Figure 2.2: Classification of ALBPs according to Boysen, Fliender and Scholl [47] 

 

The SALBP can be split into the following four groups [48]: 

• SALBP-1 (Type-1) – The objective of type-1 is to group tasks in a way that the 

number of workstations is minimised for a fixed cycle time [49].    

• SALBP-2 (Type-2) – The objective of type-2 is to group tasks in a way that the cycle 

time is minimised for a fixed number of workstations [50]. 

• SALBP-E (Type-E) – The objective of type-E is to minimise both cycle time and 

number of workstations, while maximising the efficiency (E) of the production line 

[50].  

• SALBP-F (Type-F) – The objective of type-F is to determine the feasible line for a 

combination of the number of workstations and cycle time [49]. 
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The GALBP can be split into the following three groups [49]: 

• MALBP – Looks at problems that arises in mixed-model assembly lines [51]. 

• MSP – Looks at the sequencing problems in mixed-model assembly lines and 

needs to find a sequence for all the products to be produced, in a way that ensures 

work overloads, line stoppages and off-line repairs are minimised [52]. 

• UALBP – Looks at the problems in U-shaped assembly lines, where the 

workstations are arranged in a U-shape and workers can work on either side of the 

U. Therefore, the modification in precedence needs to be observed [53].  

Eghtesadifard et al. [54] progressed on this ALBP classification research, taking a different 

direction, considering product variety (looking at single model and multi/mixed-model 

assembly lines), task times and the line layout. The proposed classification by Eghtesadifard 

et al. is shown in Figure 2.3: 
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Figure 2.3: ALBPs classification by Eghtesadifard et al. [54] 

• Single Model Deterministic Straight Type (SMDS) – The SMDS type is the easiest 

and simplest out of all the assembly line balancing problems. This type focuses on 

assembly lines whereby only a single model is manufactured, and the workstations are 

arranged in a straight line, with a deterministic task time in each workstation. 

• Single Model Deterministic U-Type (SMDU) – The SMDU type focuses on 

assembly lines whereby only a single model is manufactured, and the workstations are 

arranged in a U-shape layout, with a deterministic task time in each workstation. 
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• Single Model Stochastic Straight Type (SMSS) – The SMSS type is similar to the 

SMDS and SMDU types in the way that it also focuses on assembly lines whereby 

only a single model is manufactured. The difference is that the task time in each 

workstation is stochastic in this type, and workstations are arranged in a straight line. 

• Single Model Stochastic U-Type (SMSU) – The SMSU type is similar to the SMSS. 

The difference is that in this type, the workstations are arranged in a U-shape, with a 

stochastic task time for each workstation. 

• Multi/Mixed-Model Deterministic Straight Type (MMDS) – The MMDS type 

focuses on assembly lines whereby multiple models are manufactured. Even though 

the workstations are arranged in a straight line with a deterministic task time like in 

SMDS, the fact that multiple models are manufactured in MMDS increases its 

complexity much more compared to the SMDS. 

• Multi/Mixed-Model Deterministic U-Type (MMDU) – The MMDU is similar to 

the MMDS in that they both focus on assembly lines whereby multiple models are 

manufactured. The difference is that in MMDU the workstations are arranged in a U-

shape, with a deterministic task time in each workstation. 

• Multi/Mixed-Model Stochastic Straight Type (MMSS) – The MMSS is similar to 

the MMDS and MMDU types in that it focuses on assembly lines whereby multiple 

models are manufactured. The difference is that the workstations are arranged in a 

straight line and the task time in each workstation is stochastic. It should be noted that 

the MMSS is much more complex than the SMSS.   

• Multi/Mixed-Model Stochastic U-Type (MMSU) – The MMSU is considered the 

most complex out of the already mentioned eight types, as it focuses on assembly 

lines whereby multiple models are manufactured in a line where workstations are 

arranged in a U-shape with each workstation having a stochastic task time. 
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2.3.2 Summary of Assembly Line Balancing Problems and Solution Methods 

This section summarises the studies done on various assembly line balancing problems 

discussed in Section 2.3.1. This done by, firstly, tabulating the number of recorded studies 

with respect to the assembly line balancing techniques, as shown in Table 2.1. Secondly, the 

table is analysed for better understanding of the most common assembly line balancing 

problems and the suitable techniques. 

Table 2.1: Number of studies done on assembly line balancing problems with respect to the balancing methods 
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Mathematical Modelling 9  4  5  1  

Heuristics 13 2 3 1  2   

Ant Colony Optimisation 7 3   2  1 1 

Genetic Algorithm 15  4 1 7 3 1 1 

Simulated Annealing 5 1 2  2   1 

Tabu Search 4   1 1    

Petri Net 2        

Lean Manufacturing     1 1   

Digital Shadows 1    1    

Digital Twins 1    1    

Total 57 6 13 3 20 6 3 3 

 

 

© Central University of Technology, Free State



17  

  

A graphical representation of Table 2.1 depicts that, at the time of writing this thesis, there 

were no studies done on Mixed/Multi-Model Stochastic Straight-type (MMSS) assembly 

lines along with the Mixed/Multi-Model Stochastic U-type (MMSU) assembly lines using 

Digital Twins as a balancing technique with the aim to reduce the cycle time. This is depicted 

in Figure 2.4. 

 

Figure 2.4: Comparison of studies done on various assembly line balancing problems 
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It can also be observed in Figure 2.4 that the Mixed/Multi-Model Stochastic Straight and U-

type assembly lines are the least researched along with the Single Model Stochastic U-type 

assembly lines. Another graph depicts that, owing to the novelty of Digital Twins and Digital 

Shadows, there is very little research done using Digital Shadows and Digital Twins as a 

solution to line balancing problems, as compared to meta-heuristics methods such as Genetic 

Algorithms and heuristics along with mathematical modelling techniques. This is depicted in 

Figure 2.5. 

 

 

Figure 2.5: Commonly used assembly line balancing techniques 
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2.4 Factors Affecting the Production Time 

This section looks at some of the factors that affect the production time in the manufacturing 

set. These factors are: 

• Number of Workstations – In the early 1900s, Hendry Ford introduced the first 

assembly line [55]. The aim of the designed assembly line was to make the way of 

manufacturing a certain product efficient and highly productive [56]. A basic 

assembly line is made up of workstations connected end-to-end in a straight-line 

layout [56], with products moving from one workstation to the next [57]. A 

workstation can be defined as any point in the assembly line where a product stops, 

and certain tasks are performed on the product [58]. The reduction of the workstations 

is playing a significant role in improving production efficiency [59], as reducing the 

number of workstations will have a positive impact on both the space requirements 

and labour costs, provided that constraints such as cycle time, precedence and the 

production rate are known [58]. 

• Lead Time – Lead time plays an important role in the planning and execution of 

customer orders, as it has a huge impact on the inventory costs and customer service 

[60]. Lead time can be defined as the time it takes to complete a single order, from the 

placement of the order to the order being received by the customer [61]. Continuously 

reducing the lead time can have tremendous benefits, some of these benefits being 

improved productivity which will result in the company being able to compete in the 

current global market [62], as increased lead time will have a negative impact on the 

production time, resulting in poor customer service [62].  

• Smoothness Index – This is one of the optimisation methods that are used in line 

balancing [63]. However, smoothness index is an index that defines the relative 

smoothness of operation of an assembly line [64]. The smoothness of a perfectly 

balanced line should be equal to or close to 0, as the lower the value of the 

smoothness index, the better the assembly line [65][64].  
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• Bottlenecks – Bottlenecks are delays in the manufacturing process that slow down 

production and therefore result in an increased production time which, in turn, causes 

late deliveries [66]. One of the ways to optimised production, is the identification and 

clearing of bottlenecks in the production system [67], as this will keep the production 

of the system efficient. 

• Cycle Time – Cycle time in manufacturing refers to the sum of all the processing and 

waiting times that are required to turn raw materials into a complete product [68]. The 

demand for manufacturing firms to respond more quickly by customers has increased 

since the advent of Industry 4.0 [69], hence, the shift from make-to-stock to make-to-

order. This has made reduction of cycle time one of the most important elements in 

the manufacturing process when a company is trying to improve productivity and 

hasten the customer response [70]. One of the ways to reduce cycle time is by clearing 

the bottlenecks in the production process [70]. Net Production Time is the time taken 

from the beginning of the production to the end of production, dividing the Net 

production time with the number of products produce results into the cycle time. The 

expression to calculate cycle time: 

𝐶𝑦𝑐𝑙𝑒 𝑇𝑖𝑚𝑒 (𝐶𝑇) =
𝑁𝑒𝑡 𝑃𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑜𝑛 𝑇𝑖𝑚𝑒

𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑈𝑛𝑖𝑡𝑠 𝑃𝑟𝑜𝑑𝑢𝑐𝑒𝑑
 

These factors all have a significant impact on the production time. However, this research 

will only focus on the reduction of cycle time, as reducing cycle time means taking into 

consideration the number of workstations, the lead time (reduced cycle time means reduced 

lead time), the smoothness index and the minimisation of bottlenecks, therefore minimising 

labour costs and optimising production. 
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2.5 Techniques that are Currently used for the Reduction of Cycle Time 

The goal of any manufacturing firm is to stay competitive in the global market and remain 

efficient. Cycle time is one of the parameters that manufacturing firms investigate when 

trying to improve the customer response, efficiency and costs [71]. Therefore, cycle time 

should be optimised as much as possible [71]. This section looks at some of the methods that 

are currently used for the reduction of cycle time with the aim to optimise production. These 

methods are: 

• Lean Manufacturing (LM) – Lean manufacturing (also referred to as Lean System) 

can be defined as a technique that consists of tools and practices that aim at 

continuously eliminating all kinds of waste (non-value-added activities) in the 

manufacturing process to improve efficiency and the customer responsiveness 

[61][72]. These tools and practices assist lean manufacturing in reducing the cycle 

time by reducing the waiting times in the different workstations of the production line 

[73]. According to Bhamu and Sangwan [74], the lean manufacturing concept was 

first implemented in the Japanese manufacturing industry, to be specific Toyota [75], 

when manufacturers realised that it had become costly to invest in rebuilding devasted 

facilities [74]. The drawback of lean manufacturing systems is more time is spent 

searching for an accurate solution and as a result latency is very high [76]. 

• Heuristics – Heuristics can be defined as techniques that search for an optimal 

solution when solving a problem [77]. The use of heuristics to solve real-world 

problems has increased over the years, as they are also capable of improving on 

existing optimisation solutions by looking at other possible solutions, while 

considering the restrictions [78]. One of the advantages of heuristics is that when 

applied, they provide feedback very quickly and this is very helpful to engineers in the 

design process, as these results can be used as a benchmark to the initial problem [77]. 

There are several heuristics that are available and that can be used to reduce the cycle 

time. Khlil et al. [79] used a heuristic named “Greedy” to reduce the cycle time and 

maximise efficiency in a SALB by reducing the difference between process times of 

each workstation and the highest process time among all workstations [79]. This 

proved heuristics to be very fast and effective in obtaining feasible solutions in 

© Central University of Technology, Free State



22  

  

SALBP. However, the performance of heuristics does not seem to be satisfying when 

it comes to large-scale problems such as MALBP, MSP and UALBP [80]. 

• Meta-heuristics – Meta-heuristics can be defined as a class of stochastic algorithms 

that were developed to be a possible solution to the complex real-world problems 

(such as MALBP, MSP and UALBP) that heuristics would fail to overcome, as they 

provide much more improved solutions than heuristics [81]. They do so by using the 

results of heuristics as a benchmark and then generate a more improved solution in a 

single run with reasonable computational costs [82]. According to Razali et al. [83], 

the literature reviews that cover Mixed-Model Assembly Lines Balancing Problems 

find Genetic Algorithm (GA), Particle Swarm Optimisation (PSO), Ant Colony 

Optimisation (ACO) and the Simulated Annealing (SA) to be the most researched 

metaheuristic algorithms [83], with GA ranked as the most used in MALBP out of the 

four algorithms [82], followed by SA, ACO and PSO, in that order [83]. Rabbani et 

al. [84] used metaheuristics in a robotic U-shaped mixed-model assembly line to 

reduce the cycle time and optimise production [84]. However, none of these studies 

focused on the reduction of cycle time in multi/mixed-model stochastic straight type 

assembly line and the inputs are not in real-time in meta-heuristic algorithms.  

• Digital Shadow (DS) – Industry 4.0 standards in this new digital transformation era 

have resulted in more challenges in the manufacturing industry [85], one of the 

challenges being high number of customised customer orders [86]. This has created a 

need for more complex manufacturing systems that can assist companies in remaining 

relevant and competitive in the current global market [86]. A Digital Shadow is a 

virtual data-generating system developed in the on-going digital transformation era to 

support decision-making in the manufacturing industry for the design and 

implementation of the complex manufacturing systems [87]. The decision making in 

DS is near real-time [88]. Digital Shadows have the ability to identify the bottlenecks 

and monitor, using historical data, the production line, thereby enhancing efficiency 

and minimising the cycle time [89]. However, Digital Shadows have a one-way data 

flow, between the physical system and the digital model, which is manual, and the 

inputs are not in real-time [90]. 
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• Digital Twins (DT) – Digitalisation of manufacturing systems has been proven to be 

one of the ways that can assist manufacturing firms to deal with the increasing 

number in variety of products and the high customer demand, as it enables 

transparency throughout the entire production process [91]. Digital Shadows and 

Digital Twins are the two popular technologies that enable digitalisation in this new 

digital transformation era [92]. They do so with the help of some the new Industry 4.0 

technologies such as Internet of Things (IoT), Big Data, Fifth-generation cellular 

network (5G), Cyber Physical Systems (CPS), Artificial Intelligence (AI) and Cloud 

Manufacturing (CM) [93]. However, the Digital Shadow is a by-product of the Digital 

Twin [94]. The concept of Digital Twin technology has been gaining interest from 

several manufacturing firms over the past few years, to stay competitive in the global 

market and above the traditional manufacturing systems [95]. A Digital Twin can be 

defined as a virtual system that acquires real-time data (enabling real-time interaction) 

from a real-world system or component and presents it in a digitalised format [96]. 

The roles of Digital Twins include, but are not limited to, real-time visualisation, 

analysis of the physical system’s performance and optimisation, therefore reducing 

the maintenance time and the cycle time [92]. 

2.5.1 Digital Shadow versus Digital Twin   

Digital Shadows and Digital Twins are both virtual systems that represent a real-word system 

and can use the data from the physical system for simulations [97]. However, the data flow 

and the level of integration is what separates Digital Twins and Digital Shadows [98][99]. In 

Digital Shadows, the data flow between the virtual system and the physical system is one-

way (from the physical system to the virtual system) [100], meaning a change in the state of 

the physical system will cause a change in the state of the virtual system but not vice versa 

[101]. 

It should be noted that the Digital Shadow is not a full representation of the physical system, 

but it is designed with a specific purpose and can therefore use historical data from the 

physical system to perform specific tasks [102]. On the other hand, Digital Twins have a bi-

directional data flow (between the virtual system and the physical system) [103] and use 

Digital Shadows as one of the core components that make up a Digital Twin [85]. 
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This is because in Digital Twins there is full integration between the virtual system and the 

physical system [104]. This is through the help of IoT sensors that are installed on the 

physical system prior to designing the virtual system (a Digital Shadow), to feed the virtual 

system with continuous real-time data [105]. A Digital Twin is more than just a simulation 

model, as Digital Twins can use historical data, depict the present status and predict the 

future [90]. 

2.6 Current Use of Digital Twins in Manufacturing 

Numerous technology concepts have emerged since the advent of Industry 4.0, one of the 

technology concepts being the Digital Twin [106]. The interest in the Digital Twin concept 

has increased throughout the years from different industry sectors with the aim of improving 

the performance of the physical systems [107]. The concept of a Digital Twin was first 

proposed by Michael Grieves of the University of Michigan and John Vickers of NASA in 

2003 [106], in one of the product life-cycle lectures [108].  

A Digital Twin is a virtual system that runs on its own, and with the help of the sensors 

integrated to the physical system, real-time synchronisation between the physical system and 

its Digital Twin is enabled [109][110]. Therefore, this makes Digital Twins one of the 

emerging Industry 4.0 technologies that can support digital transformation and decision 

making in various fields [111]. The Digital Twin concept originates from the aerospace 

industry [112]. However, with the value Digital Twins bring, multiple industry sectors such 

as manufacturing, construction, healthcare and smart farming [113], to name a few, have 

started utilising Digital Twin technology. 

The manufacturing sector is evolving and has therefore been moving towards customised 

production since the advent of Industry 4.0 [114]. Digital Twins have been proven to be one 

of the new concepts that has potential to enable efficient smart manufacturing [115]. Digital 

Twins are often confused to be the same as SCADA (Supervisory Control and Data 

Acquisition) systems in the manufacturing industry [116]. However, SCADA systems only 

provide real-time visualisation of the physical system’s present status, while DTs can do 

more than real-time visualisation [116] and one can consider SCADA systems as one of the 

basic components that make up a DT.  
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Digital Twins in manufacturing can be used for performing simulations, predictions, real-time 

controlling in complex working conditions and diagnostics on the physical manufacturing 

system, other than just visualisation [117]. Feng et al. [118] used Digital Twins in the 

manufacturing sector to create a smart manufacturing environment that is Digital Twin driven 

for predictive maintenance (with the help of metaheuristics), with the aim to reduce the total 

maintenance costs and improve decision making [118]. Da Cunha et al. [119] looked at the 

design phase of a Digital Twin and a prototype system of a reconfigurable manufacturing 

system was developed, to showcase the importance and benefits of DTs during modification 

of real-world manufacturing systems [119]. 

2.7 Limitations of Existing Research 

As alluded to in the previous sections, this research will specifically focus on the reduction of 

cycle time in a Mixed-Model Stochastic Straight (MMSS) Assembly Line, which is a system 

that is designed to adhere the Industry 4.0 requirements, making it a MTO system. As 

discussed in Section 2.2.2.2, the MMSS assembly lines are for productions where the inputs 

cannot be predetermined and are hence suitable for MTO systems, as they are stochastic in 

nature. 

There are two groups that MMSS assembly lines can be split into, namely, MMSS type 1 and 

MMSS type 2. These groups are similar to the SALBP-1 and SALBP-2 types that were 

discussed in Section 2.3.1, where SALBP-1 is for problems that are concerned with the 

reduction of number of workstations for a fixed cycle time and SALBP-2 is for problems that 

are concerned with the reduction of cycle time for a fixed number of workstations. 

This research will only be focused on type 2, as the aim is to reduce the cycle time in a 

MMSS assembly line that has a fixed number of workstations. As seen in the discussion 

under Section 2.6, at the time of writing this thesis, the amount of research done into the use 

of Digital Twins in the manufacturing sector was limited and almost no research on the use of 

Digital Twins in MMSS assembly lines specifically had been done. 
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Vijayakumar et al. [71] studied the reduction of cycle time in manufacturing companies in 

India using lean manufacturing fused with the Black Widow Based Deep Neural Network 

(BWDBN) with the objectives to trace and eliminate all kinds of waste in the improved, 

streamlined process and therefore reducing cycle time [71].  

Clarion et al. [120] used the simulated annealing metaheuristic in a manufacturing sector to 

reduce the distance travelled by an automatic guided vehicle (AGV) to transport products in 

different workstations; this method confirmed that taking into account the shape of the 

workstation can reduce the distance travelled by the AGV [120].  

Aguilar et al. [121] used several heuristics and metaheuristics to solve the buffer sizing 

problem in a parallel assembly line system with multiple workstations and different cycle 

times, and the results have proven heuristics and metaheuristics to be a better solution for this 

problem than exact procedures [121]. 

Lugaresi et al. [122] used the Digital Twin architecture in a closed-loop manufacturing 

system with five workstations and two parallel production lines, with a stochastic processing 

time for production service control, in order to manage the material flow using simulation-

based predictions of the remaining cycle time [122]. 

The drawback of these studies is that there is very little research on the reduction of cycle 

time in the manufacturing sector and the techniques that were used to reduce cycle time do 

not take in real-time data as inputs. Therefore, they are not able to do real-time predictions. 

Lugaresi et al. [122] developed a Digital Twin and were therefore capable of real-time 

predictions. However, the Digital Twin was not used in a Mixed-Model Stochastic Straight-

type (MMSS) assembly line and not for cycle time reduction. 

This research aims at optimising and reducing the cycle time in a MMSS assembly line using 

a data-driven Digital Twin. It is hypothesised that the Digital Twin will reduce the cycle time 

better than the existing models, as Digital Twins can use real-time data as inputs for future 

predictions and controlling. Figure 2.6 shows the research localisation of this study. 
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Figure 2.6: Research problem localisation 

 

2.8 Chapter Conclusion 

This chapter focused on the different types of assembly lines along with their classification, 

as part of the literature review. The factors affecting the production time in a manufacturing 

assembly line, were also addressed in this chapter with cycle time being the main focus. Next, 

the unique techniques used currently for cycle time reduction were listed and discussed. The 

chapter was rounded off by looking at the limitations of existing research. 

In the next chapter, Chapter 3, the proposed solution of the study as well as the selected case 

study will be introduced. This chapter will discuss the experimental setup of the study. Next, 

the different stages of the development of the proposed solution will be detailed. 
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 Chapter 3: Methodology 

3.1 Introduction  

The aim of the study is to develop a data-driven Digital Twin for a mixed-model stochastic 

system to monitor the process flow in real-time in order to reduce cycle time and enhance 

production efficiency. This chapter discusses the research methodology that was undertaken 

to address the challenges mentioned in the limitations of existing research, in Section 2.7.  

In this chapter, the design and development of the two virtual models of the water bottling 

plant will be discussed. These models will be designed using the MATLAB and SIMULINK 

platforms. The first model is a Digital Shadow, and the second model will be the Digital 

Twin. The Digital Twin will be fed with continuous real-time data through a cloud server and 

the results of the Digital Twin will be compared with that of the Digital Shadow in the results 

section, to showcase the impact real-time inputs have on cycle time reduction. 

A real-world system is needed when developing a Digital Twin and, in this case, a smart 

water bottling plant at the Central University of Technology in the Free State (Bloemfontein 

campus) was selected as this is where the study was conducted. As discussed in Section 1.3.2, 

the research methodology will be implemented in these three stages: 

• Step 1 – The design and development of a Digital Shadow. 

• Step 2 – Integration of sensors to the physical system. Providing the real-time data as 

inputs to the Digital Shadow. Therefore, converting the Digital Shadow into a Digital 

Twin. 

• Step 3 – Analysing and comparing the cycle times calculated by the Digital Shadow 

and Digital Twin, to showcase the impact of real-time data. 

The next section details the consideration of the plant and why it was selected for this study. 
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3.2 The Water Bottling Plant – A Case Study  

As alluded to in Section 3.1, a real-world system is needed for developing a Digital Shadow 

and its Digital Twin. It is for this reason that a water bottling plant was selected as the case 

study for this study. The water bottling plant was based on a business plan that was 

developed and implemented at the Central University of Technology (CUT) [123].  

This water bottling plant is made up of two parallel production lines which can be configured 

either as parallel, straight line or in a U-shape. However, for this study only one of the two 

production lines was used and in a straight-line layout, as shown in Figure 3.1. Therefore, the 

water bottling plant was considered for this study, as the assembly line layout of the water 

bottling plant was configured in a straight-line layout and was designed to fulfil the demand 

of product variety in the current global market. Thereby, this made the plant a Mixed-Model 

Stochastic Straight (MMSS) type assembly line.  

 

Figure 3.1: Water Bottling Plant assembly line layout 
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This water bottling plant is made up of three Smart Manufacturing Units (SMUs), for filling, 

capping and packaging, as shown in Figure 3.2. However, this study will only focus on SMU 

1 and 2, since the aim is to reduce cycle time and cycle time is considered as the time it takes 

to convert raw materials into a complete product. Therefore, SMU-3 will be omitted from this 

study.  

The plant is designed to produce two variants of water bottles, namely, 330ml and 500ml 

bottles. These SMUs are connected end-to-end in a straight-line layout, where each SMU is 

driven by the Siemens S7-1200 Programmable Logic Controller (PLC). Table 3.1 details the 

function and execution of each SMU. 

 

Figure 3.2: Smart Manufacturing Units 

Table 3.1: SMU function and execution 

SMU Function Execution 

SMU-1 Filling S7-1200 PLC 

SMU-2 Capping FESTO Gripper 

SMU-3 Packaging KUKA Robot 
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3.3 The Experimental Setup  

This section details the experimental setup that was undertaken in achieving the hypothesis of 

this study mentioned in Section 1.3.1. The Digital Shadow and Digital Twin models that are 

designed for the Mixed-Model Stochastic System in this study, were tested using the same set 

of customer orders as inputs and the results of the models compared thereafter. This was done 

to showcase the impact the Digital Twin has in the reduction of cycle time and ensuring an 

efficient production line. 

Even though the Digital Shadow and Digital Twin are designed for the same system, the 

programming behind the Digital Shadow and the Digital Twin is different, and therefore do 

not operate the same. The water level is 100% at the beginning of every customer set for both 

the Digital Shadow and the Digital Twin. The programming behind the Digital Shadow and 

Digital Twin models is detailed in Table 3.2. 

The Digital Shadow uses the formula in equation 1 to monitor the water level in the tank. 

This is done by calculating the amount of water required to complete a single order and 

comparing it to the remaining water in the tank. The operator decides as to when to do a 

refilling based on these calculations. The Digital Shadow is programmed to have some pauses 

during production, and the duration of these pauses is determined by the water level, to allow 

refilling, as shown in Figure 3.3. 

 

𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝐵𝑜𝑡𝑡𝑙𝑒𝑠 =
𝑊𝑎𝑡𝑒𝑟 𝑅𝑒𝑞𝑢𝑖𝑟𝑒𝑑 (𝐿)

𝐵𝑜𝑡𝑡𝑙𝑒 𝑆𝑖𝑧𝑒 (𝑚𝐿)
    (1) 
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Figure 3.3: Digital Shadow flowchart 
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Unlike the Digital Shadow, the Digital Twin model uses the real-time data provided by the 

IoT sensors, which are installed and integrated to the mixed-model stochastic system. 

Therefore, making a Digital Twin more than just a simulation model, as the real-time data 

enables the Digital Twin to visualise and monitor the water level, the flowrate and the 

number of complete orders, in real-time. Therefore, no pauses to the production process are 

required in the Digital Twin, as the refilling of the tank and the processing of orders can 

happen concurrently without affecting the efficiency of the system. The programming of the 

Digital Twin is as shown in Figure 3.4. 
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Figure 3.4: Digital Twin flowchart 
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Table 3.2: Operation of the Digital Shadow and Digital Twin 

Water Level Digital Shadow Digital Twin 

100% Process the next order. Process the next order. 

< 75% but > 50% Pause production for 15 

seconds before processing 

the next order. 

Process the next order. 

< 50% but > 25% Pause production for 30 

seconds before processing 

the next order. 

Alerts the operator, to 

refill the tank. 

NB: No pauses to the 

production. 

< 25% but > 0% Pause production for 45 

seconds before processing 

the next order. 

Alerts the operator, to 

refill the tank. 

NB: No pauses to the 

production. 

 

Table 3.2 shows that the Digital Shadow is programmed to pause production for 15 seconds 

before processing the next order, and if there is no refill to the tank and the water level goes 

below 50%, the pausing time of production is doubled, resulting in the pausing time now 

being 30 seconds. If the tank is still not refilled and the water level drops below 25%, another 

15 seconds is added, resulting in a pausing time of 45 seconds. On the other hand, the Digital 

Twin uses IoT sensors to monitor the water level and alerts are sent to the operator 

continuously as soon as the water level drops below 50% and there are no stops to the 

production. 
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3.4 The Development of a Digital Shadow  

The development of a Digital Shadow is one of the first and most important stages when 

designing a Digital Twin. Therefore, a Digital Shadow that uses dummy data to calculate the 

cycle time was developed in this section. Digital Shadows are similar to the heuristics, 

metaheuristics and lean manufacturing techniques discussed in Section 2.6, in that the inputs 

are not in real-time. 

The final Digital Shadow model created on SIMULINK is shown in Figure 3.5. Two “From 

Workspace” blocks are used to collect data from the MATLAB “Workspace” and use it as 

inputs to the model. This will be done using the two variables named X and Y. The variables 

must be declared according to the customer orders, as X is the number of 500ml bottles and Y 

is the number of 330ml bottles. 

The two “multiply” blocks represent the time a 500ml bottle takes to complete the tasks in 

SMU-1 and SMU-2 each, similarly with the 330ml bottle. The two 500ml bottle “multiply” 

blocks are added together using the “adder” block, similarly with the 330ml. The outputs of 

these 330ml and 500ml bottles’ “adder” blocks are added to another “adder” block of which 

the output is the net production time. Net production time is calculated as the time it takes for 

a bottle or bottles to complete the tasks in SMU-1 and SMU-2. The net production time 

divided by the total number of products produced results in the production cycle time, as 

shown in equation 2. 

𝐶𝑦𝑐𝑙𝑒 𝑇𝑖𝑚𝑒 (𝐶𝑇) =
𝑁𝑒𝑡 𝑃𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑜𝑛 𝑇𝑖𝑚𝑒

𝑁𝑢𝑚𝑏𝑒𝑟 𝑜𝑓 𝑈𝑛𝑖𝑡𝑠 𝑃𝑟𝑜𝑑𝑢𝑐𝑒𝑑
    (2) 
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Figure 3.5: Digital Shadow model on SIMULINK 

3.5 The Development of a Digital Twin 

This section details how the research methodology of developing the data-driven Digital 

Twin was conducted, from the selection and integration of IoT sensors along with the cloud 

platform that is compatible with the selected IoT sensors for data logging, to converting the 

Digital Shadow model into a Digital Twin model by using real-time data as inputs. The 

design and development of the data-driven Digital Twin is split into three stages, as shown in 

Figure 3.6. 
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Figure 3.6: Three stages of the development of a Digital Twin 

The three stages of the development of a Digital Twin with their specific tasks are as follows: 

• STAGE A – Data collection 

• STAGE B – Data processing and cycle time calculations 

• STAGE C – Cycle time monitoring 

A SIMULINK model with three different subsystems is shown in Figure 3.7. The three stages 

of the development of a Digital Twin described in Figure 3.6 are shown in the SIMULINK 

model. 
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Figure 3.7: SIMULINK model that depicts the three stages of a Digital Twin 

Each of these subsystems are well detailed in the next sections, from stage A, stage B and 

then stage C. 

3.5.1 STAGE A – Data collection  

To collect data, a data collection system must be set up. Literature has shown that there are 

multiple technologies available that can be used to form a data collection system [124]. 

However, the method used in the data collection system in this study is the Internet of Things 

(IoT). IoT is one of the technologies in the ongoing Industry 4.0 which enable real-time 

integration and synchronisation between the digital and the physical system [124]. Therefore, 

the selection of IoT sensors is one of the first and most significant stages when setting up a 

Digital Twin model. The selection of IoT sensors relies on the aspects that the virtual model 

wishes to monitor and control. Therefore, wrong selection of IoT sensors may result in the 

designed virtual model not functioning as expected. 

The aspects that needed to be monitored by the Digital Twin for the manufacturing system in 

this study are: the water level in the filling tank, the flowrate, and the number of filled and 

capped 330ml and 500ml water bottles. As a result, the following IoT sensors were identified 

and selected for the Digital Twin model constructed in this study: 
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• Weather-proof Ultrasonic sensor – To monitor the water level in the filling tank in 

SMU-1. 

• Flowrate sensor – To monitor the water flowrate in SMU-1. 

• Adjustable infrared (IR) Proximity sensor – To monitor the number of filled and 

capped 330ml and 500ml water bottles in SMU-2. 

This data collection system uses the ESP32 microcontroller as the processing unit of the 

system, as all the selected IoT sensors are connected to ESP32 microcontroller. The 

microcontroller has a built-in Wi-Fi module which enables wireless connectivity between the 

microcontroller and the Wi-Fi network. The setup of this data collection system is shown in 

Figure 3.8. 

 

Figure 3.8: Data collection system setup 

The microcontroller collects and processes the data from the IoT sensors and send the data to 

the cloud for storage. There have been hundreds of cloud platforms released since the advent 

of IoT [125]. However, the cloud platform used in this study is ThingSpeak, as it has built-in 

libraries that support IoT devices and allow data collection, data visualisation and data 

analysis of real-time data [125]. Another reason for the selection of the ThingSpeak platform 

is the easy interface and data processing of the platform, and the support for MATLAB 

language and MATLAB toolboxes [125]. 
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3.5.1.1 Integration of Internet of Things sensors   

The IoT sensors were installed and integrated into the water bottling plant after the data 

collection system had been set up, see Figure 3.9. As mentioned in Section 3.2, packaging 

(SMU-3) is not aligned with the objectives of this study. Therefore, SMU-2 is considered the 

last workstation in the production. A weather-proof ultrasonic sensor and the flowrate sensor 

were installed in SMU-1 and the two IR sensors (for 330ml and 500ml bottles) were installed 

at the end of SMU-2, as shown in Figure 3.9. 

 

Figure 3.9: Installing IoT sensors to the plant 
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3.5.1.2 Sensor calibration  

The filling tank capacity is 50 litres and the distance from where the ultrasonic sensor (on the 

lead) is installed to the base of the tank is 50 centimetres (cm). However, the ultrasonic 

sensor is calibrated to start measuring from outside the radius of 20cm. Therefore, the tank 

will not be filled to the maximum capacity; this means the 20cm will be subtracted from the 

50cm to accommodate the sensor specifications. This means the tank’s maximum capacity 

will now be 30 litres and the sensor will detect 20cm when the tank is filled to the maximum 

capacity and the distance will start increasing as the water is utilised. 

 

Figure 3.10: Water tank 

The two infrared sensors were installed at the end of the production line, as shown in Figure 

3.9. The infrared sensors function as counters, one for filled and capped 330ml bottles, and 

one for filled and capped 500ml bottles. These sensors function as the AND logic gate, when 

both sensors detect a bottle, a 500ml bottle is counted, when only the below sensor detects a 

bottle, a 330ml bottle is counted. 

© Central University of Technology, Free State



43  

  

3.5.1.3 Creation of a channel for data storage on ThingSpeak  

A channel with the name “WATER BOTTLING PLANT” was created on ThingSpeak. This 

channel stores data collected from the four IoT sensors and is split into four different fields, 

as shown in Figure 3.11. 

 

Figure 3.11: “Water Bottling Plant” channel on ThingSpeak 

The stage A subsystem consists of two main blocks, which are the ThingSpeak input block 

and the Display block, as shown in Figure 3.12. The ThingSpeak input block enables real-

time synchronisation between the ThingSpeak channel, and the SIMULINK model and the 

Display block displays the last value that was sent to the field. 
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Figure 3.12: ThingSpeak input block setup 

Figure 3.13 shows how to configure the ThingSpeak input block parameters. The channel ID 

and the API read key of the “Water Bottling Plant” channel are needed to link the SIMULINK 

model to the channel, also the field which the ThingSpeak input block must livestream from 

needs to be specified. 

 

Figure 3.13: Configuring the ThingSpeak block parameters 
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3.5.2 STAGE B – Data processing and cycle time calculations  

This section discusses the development of the Digital Twin model. The data from the IoT 

sensors in Section 3.4.1 is processed in this section and the calculations of cycle time are 

made. The Digital Shadow and the Digital Twin developed in this study will be given the 

same set of inputs to calculate cycle time. The cycle times of these two models will be 

compared in the Results section, to showcase which one is more efficient.  

The live data from the IoT sensors discussed in Section 3.4.1 is used as inputs to the Digital 

Shadow that was created in Section 3.3. Therefore, converting the Digital Shadow into a 

Digital Twin, as one of the elements that separate the Digital Twins from the Digital Shadows 

is real-time inputs. A few changes were made to the Digital Twin, which will be detailed in 

the Results section.  

Shown in  Figure 3.14 is the conversion of the Digital Shadow model (depicted in Figure 

3.5), on SIMULINK, to a Digital Twin by providing the real-time data from the IoT sensors to 

the model as inputs. The Digital Twin model uses the real-time data from the two infrared 

sensors to calculate the cycle time as the plant is stochastic and, through the real-time data 

from the infrared sensors, the model can also be stochastic when processing and calculating 

the cycle time. However, it should be noted that this model is not only limited to stochastic 

systems. 

 

Figure 3.14: Digital Shadow conversion 
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A dashboard for the Digital Twin model was also developed on SIMULINK. This dashboard 

functions as a SCADA (Supervisory Control and Data Acquisition) system, as the water 

level, flowrate and the number of filled and capped bottles can be monitored through the 

dashboard. The operator can keep track of the raw materials through the simplified 

visualisation provided by the dashboard, as shown in Figure 3.15. 

 

Figure 3.15: Digital Twin dashboard 

Figure 3.16 provides a detailed overview of what makes a Digital Twin, as it is common to 

confuse Digital Shadows and SCADA systems for Digital Twins. However, Digital Twins are 

more than just simulation and visualisation models; in fact, Digital Twins use Digital 

Shadows and SCADA systems as some of the basic tools that makes up a Digital Twin. 

  

© Central University of Technology, Free State



47  

  

 

  

 

 

 

Manufacturing system 

 

          Digital Twin 

Figure 3.16: Digital Twin overview 

 

3.5.3 STAGE C – Cycle time monitoring  

After the data collection by IoT sensors, the data processing, and cycle time calculations 

discussed in the previous sections, the calculated cycle time values must be displayed. 

Therefore, this section is responsible for displaying and monitoring the cycle time. 

The SIMULINK “display” blocks are used to display the cycle times calculated, as shown in 

Figure 3.17. The net production time and cycle time of the two types of bottles produced by 

the plant will be displayed individually. Also, the actual net production time and cycle time 

will be displayed, proving that the Digital Twin model is more suitable for a mixed-model 

stochastic assembly line. 
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Figure 3.17: Digital Twin cycle time display blocks 

The Digital Shadow created in Section 3.3 will also display the calculated net production time 

and cycle time, as shown in Figure 3.18. This cycle time value will be compared to the cycle 

time of a Digital Twin to showcase which model will keep the production efficient. 

 

Figure 3.18: Digital Shadow cycle time display blocks 
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3.6 Chapter Conclusion 

The focus in Chapter 3 was on the research design and methodology used in the study and all 

the procedures that were followed. The chapter introduced the Water Bottling Plant case 

study and highlighted the reasons it was selected for this study. The experimental setup and 

the development of the primary model (Digital Shadow) was discussed. The different stages 

of developing the data-driven Digital Twin model were also highlighted and discussed. 

In the next chapter, Chapter 4, the analysis of the output data obtained from the experiments 

will be discussed and presented as results. Customer orders in different scenarios will be 

introduced and the results for each scenario will be shown. The aim is to show the impact that 

real-time inputs have on the production efficiency. 

  

© Central University of Technology, Free State



50  

  

Chapter 4: Results 

4.1 Introduction  

This chapter aims to showcase the results of the tests and experiments that were done in the 

process of developing the data-driven Digital Twin model. The sequence of developing a 

Digital Twin was discussed in Chapter 3 and the same sequence will be used to discuss and 

analyse the results in this chapter. Therefore, the first tests are done on the Digital Shadow 

model and the results are discussed thereafter. Next, the tests and results of the Digital Twin 

model using real-time inputs will be laid out. Finally, a comparison between the tests and 

results of a Digital Shadow and the Digital Twin will be presented. 

4.2 Results of the Digital Shadow Design 

Prior to the development of the Digital Shadow model in Figure 4.1, a test experiment was 

conducted manually to determine the time each bottle takes on SMU-1 and SMU-2. The 

results are as shown in Table 4.1. The average time it takes for a single 500ml water bottle to 

complete all the tasks in SMU-1 is 25 seconds and the average time it takes in SMU-2 is 23 

seconds. The 330ml water bottle takes 21 seconds in SMU-1 and 23 seconds in SMU-2. The 

time a 330ml bottle and a 500ml takes in SMU-1 differs, due to the difference in the size of 

the bottles, which then affects the filling time. However, the time the bottles take on SMU-2 

is equal, see Table 4.1. 
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Table 4.1: Test experiments 

Number of 

Samples 

Time taken 

by 500ml 

bottle in 

SMU-1 

Time taken 

by 500ml 

bottle in 

SMU-2 

Time taken 

by 330ml 

bottle in 

SMU-1 

Time taken 

by 330ml 

bottle in 

SMU-2 

1 25s 22s 20.89s 22s 

2 24.64s 22.90s 21s 22.90s 

3 25.04s 22.13s 20.96s 22.13s 

4 25.04s 21.74s 21.02s 21.74s 

5 24.89 21.97s 21.01s 21.97s 

Average 25.722 22.148 20.97 22.148 

 

Figure 4.1 demonstrates how the Digital Shadow model calculates cycle time. The values 

from the experiment detailed in Table 4.1 are used as gain on each multiplier block, for 

330ml and 500ml bottles, respectively. Combining the time taken by each bottle in both 

SMU-1 and SMU-2 amounts to 48s for the 500ml bottle and 44s for the 330ml bottle. The 

inputs (X and Y) of this model are declared on MATLAB “command window” and stored in 

“Workspace” as arrays. 
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Figure 4.1: Development of a Digital Shadow model for cycle time calculations 

4.3 Data Collection Results   

A data collection system which consists of four IoT sensors was developed and integrated 

into the water bottling plant, as discussed in Section 3.5. Figure 4.2 shows the data from the 

IoT sensors during the actual operation of the plant. All four ThingSpeak fields are populated 

with the live data from the four IoT sensors. As discussed in Section 3.5, the ultrasonic sensor 

starts measuring from 20cm. During the initial stages of production, the water level is at full 

capacity, as the ultrasonic sensor measures 20cm. However, as the number of filled and 

capped 500ml and 330ml bottles increases, the distance between the ultrasonic sensor and the 

water increases. 
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Figure 4.2: ThingSpeak populated with live data 

Figure 4.3 shows the live data from ThingSpeak being livestreamed and fed as inputs to the 

Digital Twin model. As shown in the image, the model uses the last updated value on the 

ThingSpeak field. The number of filled and capped 500ml bottles is 4, the number of filled 

and capped 330ml bottles is 4, the distance between the ultrasonic sensor and the water is 

23cm, and the flowrate is 18L/min.  
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Figure 4.3: Livestreaming from ThingSpeak 

4.4 Data Processing and Cycle Time Calculations Results   

In order to convert a Digital Shadow into a Digital Twin, “adder” blocks are added to the 

Digital Shadow. One noticeable change is the inputs, as Digital Twins work with real-time 

inputs. This will facilitate the integration of real-time inputs and thereby enable the 

calculation of the cycle time and the net production time of each type of bottle. This is 

depicted in Figure 4.4. 
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Figure 4.4: Converting a Digital Shadow to a Digital Twin 

Figure 4.5 shows the real-time data livestreamed from ThingSpeak being utilised as the new 

inputs in the Digital Twin model. The model uses the last value updated in the channel fields; 

the values are the same as in Figure 4.2 under Section 4.3. 

 

Figure 4.5: Digital Twin using real-time data as inputs 
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The dashboard that is connected to the Digital Twin model on SIMULINK is shown in Figure 

4.6. The dashboard provides a more detailed and simplified visualisation of the live data from 

the ThingSpeak fields. It shows the exact number of bottles that have been filled and capped, 

how much water is left in the filling tank, as well as the water flowrate. The delay in updating 

data by ThingSpeak affects the capturing of the flowrate. 

 

Figure 4.6: Real-time data on the dashboard 

4.5 Cycle Time Monitoring   

The Digital Shadow model created in this study uses the data from MATLAB “workspace” as 

inputs to calculate the value of cycle time. After data processing and cycle time calculations, 

the calculated value must be displayed. Figure 4.7 shows the net production time and cycle 

time value calculated by the Digital Shadow model with the four 500ml bottles and four 

330ml bottles customer order. 
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Figure 4.7: Digital Shadow calculated cycle time 

The Digital Twin model uses the live data from the two IR sensors to calculate the value of 

cycle time. However, a Digital Twin provides a more detailed observation as the model can 

show the exact time the bottles take on SMU-1 and SMU-2, the net production time and cycle 

time of the 500ml bottles and of the 330ml bottles, and then the actual net production time 

and cycle time in the stochastic nature of the plant, as shown in Figure 4.8. 
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Figure 4.8: Digital Twin calculated cycle time 

The value of cycle time in this example is the same for both models. This is due to the 

relatively smaller number of 500ml and 330ml bottles that were ordered. The Digital Shadow 

and Digital Twin models in this study will be compared in the next section, with a high 

number of orders to showcase which model is more suitable for calculating cycle time in a 

stochastic system. 

4.6 Digital Shadow and Digital Twin Comparison   

This section looks at the performance of the Digital Shadow and Digital Twin, in a mixed-

model stochastic system. The two models were given the same set of customer orders as 

inputs to run tests and simulations in order to calculate the cycle time. The models are 

compared based on their results, and conclusions are drawn as to which model can reduce the 

cycle time more efficiently and thereby keep production efficient. Since this is a stochastic 

system, the orders were in no particular order. Table 4.2 shows the results that were obtained 

from the first set of customer orders by the two digital models. 
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Table 4.2: First customer set 

Customer Water Level 

No. of 

330ml 

bottles 

No. of 

500ml 

bottles 

Digital 

Shadow 

Cycle 

Time(s) 

Digital 

Twin 

Cycle 

Time(s) 

A 100% 4 4 46 46 

B < 100% but > 75% 4 3 45.71 45.71 

C < 75% but > 50% 7 7 53.5 46 

D < 75% but > 50% 9 10 55.18 46.35 

E < 50% but > 25% 6 8 63.43 46.29 

F 
100% 

(refilled after E) 
11 11 68.5 46 

Total  41 43 332.32 276.35 

 

After the completion of order E, the water level was below 25% and not enough to process 

the next order. Therefore, the tank needed to be refilled and the refilling time was 45 seconds, 

as discussed in Table 3.2 of Section 3.3. However, it should be noted that this only applies to 

the Digital Shadow, as the Digital Twin alerts the operator as soon as the water level is below 

50% through the Digital Twin dashboard. Therefore, there are no pauses to the production in 

the Digital Twin, as the tank can be refilled while production is taking place.  

The first set consists of six customised customer orders and shown in Figure 4.9 is the Digital 

Shadow model showing the calculated net production time and cycle time of the final 

customer order of set number one, with eleven 500ml bottles and eleven 330ml bottles being 

used as inputs to the model. This is how the cycle time is calculated for all the orders by the 

Digital Shadow. 
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Figure 4.9: Digital Shadow model cycle time calculation 

Unlike in the Digital Shadow model, the Digital Twin model uses the real-time data from the 

IoT sensors as inputs and therefore there are no pauses required in the production process. 

Instead, the Digital Twin is programmed to alert the operator(s) when the water level drops 

below 50% without stopping production, as discussed in Section 3.3. 

The Digital Twin model, particularly, uses the real-time data from the two IR sensors as 

inputs to calculate the net production time and the cycle time, as shown in the Digital Twin 

model in Figure 4.11. Figure 4.10 shows the “WATER BOTTLING PLANT” ThingSpeak 

channel populated with the data from the IoT sensors. The data shown in the four fields of the 

channel is for the final customer order. It is seen that before the final order was processed, the 

water level was at 42cm (which is below 25%) and the operator had to refill the tank before 

the next order was affected.  
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Figure 4.10: Data from the sensors during customer orders 

 

Figure 4.11: Digital Twin model used to calculate the cycle time 

The data from the ThingSpeak channel fields is displayed on the Digital Twin’s dashboard for 

simplified visualisation, as shown in Figure 4.12. The data that is displayed on this dashboard 

is for the final customer order of the first customer set, as there are eleven 500ml and 330ml 
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bottles completed, respectively, the water level is at 26cm, and the water flowrate is 13L/min. 

This data matches that in the ThingSpeak channel shown in Figure 4.10. 

 

Figure 4.12: Order F data displayed on the dashboard 

A total of six customer orders was received, where a total of 84 bottles were produced in the 

first set, 41 bottles being 330ml bottles and 43 being 500ml bottles. Figure 4.13 shows a 

comparison between the Digital Shadow and the Digital Twin models, which were used for 

testing and running simulations to calculate the cycle time. 
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Figure 4.13: Customer set number 1 cycle time comparison 

It is seen that during the initial stages of production, when the water level is still above 75%, 

the Digital Shadow and the Digital Twin provide the same cycle time. However, when the 

water drops below 75%, the Digital Shadow fails to keep up with the Digital Twin as the 

Digital Twin has the advantage of using real-time data as inputs and therefore can avoid 

bottlenecks and keep the production efficient. 

A second set of customer orders, which are in a descending order, were received and used as 

inputs to the Digital Shadow and Digital Twin models and the results are as shown in Table 

4.3. The results show that after customer Order A, the water tank had to be refilled, otherwise 

there would not be enough to process Order B. The same applies to the refilling after Order 

C. 
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Table 4.3: Second customer set 

Customer Water Level 

No. of 

330ml 

bottles 

No. of 

500ml 

bottles 

Digital 

Shadow 

Cycle 

Time(s) 

Digital 

Twin 

Cycle 

Time(s) 

A 100% 20 20 46 46 

B 

100% 

(Refilled to 

process B) 

17 17 61 46 

C < 75% but > 50% 15 15 53.5 46 

D 

100% 

(Refilled to 

process D) 

10 10 68.5 46 

E < 75% but > 50% 7 7 53.5 46 

F < 75% but > 50% 2 2 53.5 46 

Total  69 69 336 276 

 

 

Figure 4.14: Customer set number 2 cycle time comparison 
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The third set of customer orders was received, as shown in Table 4.4, with the customer 

orders being in an ascending order for the 330ml water bottles and in a descending order for 

the 500ml water bottles. The results show that the water tank was refilled during the 

processing of Order C, as the water would not be enough to process the next order, which is 

Order D. 

Table 4.4: Third customer set 

Customer Water Level 

No. of 

330ml 

bottles 

No. of 

500ml 

bottles 

Digital 

Shadow 

Cycle 

Time(s) 

Digital 

Twin 

Cycle 

Time(s) 

A 100% 4 20 47.33 47.33 

B < 75% but > 50% 7 17 57.46 46.83 

C 

100% 

(Refilled to 

process C) 

10 15 64.4 46.4 

D < 75% but > 50% 15 10 51.6 45.6 

E < 50% but > 25% 17 7 53.92 45.17 

F 

100% 

(Refilled to 

process C) 

20 2 48.45 44.36 

Total  73 71 323.16 275.69 
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Figure 4.15: Customer set number 3 cycle time comparison 

The fourth set of customer orders was received, as shown in Table 4.5, with the customer 

orders being in a descending order for the 330ml water bottles and in an ascending order for 

the 500ml water bottles. The results show that the water tank was refilled during the 

processing of Order C, as the water would not be enough to process the next order, which is 

Order D. The same applies in Order E, before processing Order F. 
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Table 4.5: Fourth customer set 

Customer Water Level 

No. of 

330ml 

bottles 

No. of 

500ml 

bottles 

Digital 

Shadow 

Cycle 

Time(s) 

Digital 

Twin 

Cycle 

Time(s) 

A 100% 20 2 44.36 44.36 

B < 75% but > 50% 17 7 49.54 45.17 

C < 50% but > 25% 15 10 57.6 45.6 

D 

100% 

(Refilled to 

process D) 

10 15 73.4 46.4 

E < 75% but > 50% 7 17 57.46 46.83 

F 

100% 

(Refilled to 

process F) 

2 20 74.91 47.64 

Total  71 71 357.27 276 

 

 

Figure 4.16: Customer set number 4 cycle time comparison 
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The fifth and final set of customer orders was received. In this set, the orders of both the 

330ml and 500ml bottles were in an ascending order. However, the orders in this set were of 

a much higher quantity and, therefore, there was more refilling throughout the orders 

compared to the other customer sets, as seen in Table 4.6. 

Table 4.6: Fifth customer set 

Customer Water Level 

No. of 

330ml 

bottles 

No. of 

500ml 

bottles 

Digital 

Shadow 

Cycle 

Time(s) 

Digital 

Twin 

Cycle 

Time(s) 

A 100% 10 10 46 46 

B < 75% but > 50% 15 15 53.5 46 

C 

100% 

(Refilled to 

process C) 

20 20 61 46 

D 

100% 

(Refilled to 

process D) 

25 25 61 46 

E 

100% 

(Refilled to 

process E) 

30 30 61 46 

F 

100% 

(Refilled to 

process F) 

35 35 68.5 46 

Total  135 135 351 276 

 

© Central University of Technology, Free State



69  

  

 

Figure 4.17: Customer set number 5 cycle time comparison 

A total number of five customer sets, with six customer orders each, was received and 

processed in a mixed-model stochastic system. The five sets were used as inputs in both the 

Digital Shadow and the Digital Twin, and the results based on overall performance are 

depicted in Table 4.7.  

Table 4.7:  All customer sets 

Customer 

set 

No. of 330ml 

bottles 

No. of 

500ml 

bottles 

Digital Shadow 

Cycle Time(s) 

Digital Twin 

Cycle Time(s) 

1 41 43 332.32 276.35 

2 69 69 336 276 

3 73 71 323.16 275.69 

4 71 71 357.27 276 

5 135 135 351 276 

Total 389 389 1699.75 1380.04 
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A total number of five customer sets was received and processed, where a total of 778 water 

bottles were produced (389 being 330ml bottles and 389 being 500ml bottles). Figure 4.18 

shows the overall cycle time performance of the Digital Shadow and the Digital Twin 

through the production of the 778 water bottles. Table 4.7 shows that the Digital Twin was 

more effective in cycle time reduction, with the cycle time improvement of 19% in overall 

performance, as compared to the Digital Shadow.   

 

Figure 4.18: Overall performance cycle time comparison 
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4.7 Chapter conclusion 

The focus in Chapter 4 was on presenting the results acquired from the tests and experiments 

conducted, using customer orders as inputs to the Digital Shadow and Digital Twin models 

developed in Chapter 3 to determine the cycle time.  The chapter first presented the results of 

the Digital Shadow model. Next, the results of the real-time data collection system, which 

sets up the Digital Twin model, were shown. Finally, the comparison between the results of 

the Digital Shadow and Digital Twin model were presented. Based on the comparison results, 

it is evident that the Digital Twin model is a more suitable model for reducing the cycle time 

and enhancing productivity in a manufacturing setup, as compared to the Digital Shadow 

model. 

In the next chapter, Chapter 5, the Digital Shadow and the Digital Twin models will be 

compared to the existing methods, based on the results acquired in Chapter 3. The aim is to 

showcase the reasoning behind the selection of the Digital Shadow as a competitor instead of 

the existing methods.  
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Chapter 5: Discussion 

5.1 Introduction  

This chapter discusses how the research gap identified in Section 2.7 has been filled through 

this study. The chapter does so by reviewing and discussing the results of the conducted 

experiments/tests of the previous chapter. Based on the results of the developed Digital Twin 

model, a comparison is made between the model and the existing techniques in the 

manufacturing industry. 

5.2 Comparison between the developed model and the existing methods  

The aim of this study was to develop a real-time data-driven Digital Twin model for a mixed-

model assembly line to monitor process flow and reduce the cycle time, thereby optimising 

production. To fulfil the aim of this study, firstly, a real-time data collection system needed to 

be implemented, then integrated into the physical system after the selection of suitable 

sensors, thereby forming a data collection system.  

Secondly, a cloud platform which is compatible with the microcontroller used in the real-time 

data collection system was selected for data storage. Lastly, the Digital Twin model was 

designed and developed after the Digital Shadow model, which then livestreams the real-time 

data stored in the cloud and uses it as inputs to determine the cycle time.  

The test results indicate the developed data-driven Digital Twin model as more efficient in 

production optimisation. Table 5.1 summarises the comparison between the developed 

Digital Twin model, the existing methods, and with the developed Digital Shadow model as 

the main competitor. The developed Digital Twin model allows real-time inputs, has a low 

latency, can solve complex large-scale problems and is cost-effective. 
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The current challenges when balancing an assembly line and the lack of research in cycle 

time reduction, specifically mixed-model stochastic assembly lines, is what necessitated this 

study. It was established in the literature review that a mixed-model stochastic assembly line 

accentuates the line balancing problem resulting in an increased cycle time. Section 2.5 

identified and detailed the techniques that are currently used in assembly lines to reduce the 

cycle time, along with their respective drawbacks.  

Section 2.7 discussed the studies done using the techniques mentioned in Section 2.5, which 

then highlighted that there is very little existing research in cycle time reduction in the 

manufacturing industry at the time of writing this thesis, specifically where there are 

mixed/multi-model stochastic assembly lines, and the few studies that have focused on cycle 

time reduction do not use real-time data as input. 

As discussed in Section 2.7, waste was eliminated and traced in a production line using Lean 

Manufacturing developed by Vijayakumar et al. [71] with the aim to reduce cycle time. 

However, Lean Manufacturing systems have a very high latency, due to lack of real-time 

inputs, which often slow the system down [72]. The developed Digital Twin model 

overcomes this factor by enabling real-time inputs which then result in very low latency. 

Heuristics and meta-heuristics were used by Aguilar et al. [121] in a parallel assembly line 

with multiple workstations and different cycle times to solve a buffer sizing problem. Meta-

heuristics provide much improved solutions as compared to heuristics [81]. However, the 

latency is very high in meta-heuristics, as compared to heuristics [81]. The drawback of 

heuristics approaches was that they do not produce satisfactory results when dealing with 

large-scale problems such as those encountered in the case of Mixed-Model Assembly Line 

Balancing Problem (MALBP), Mixed-Model Sequencing Problem (MSP), and U-shaped 

Assembly Line Balancing Problem (UALBP) [126].  

The developed Digital Twin model overcame the limitations of heuristics and meta-heuristics 

by allowing real-time inputs, as the heuristics and meta-heuristics do not use real-time inputs. 

Therefore, the latency in the Digital Twin is very low. The Digital Twin model was 

developed for reducing the cycle time in a mixed-model stochastic assembly line, making it a 

solution for large-scale problems that heuristics fail to overcome. 
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A Digital Twin was developed for a parallel assembly line in a closed-loop manufacturing 

system which has a stochastic processing time and is made up of five workstations, to predict 

the remaining cycle time in a study by Lugaresi et al. [122]. The Digital Twin model in this 

study varies from the one by Lugaresi et al. [122] in that it was developed for a mixed-model 

stochastic system for cycle time reduction. 

This research study developed a real-time data-driven Digital Twin model and a Digital 

Shadow model to test, analyse and compare the cycle time. The models received five 

customer sets of orders, each set containing six different customer orders, to process and 

calculate the manufacturing cycle time. This was done to prove the stochasticity of the 

system. The first customer set of orders was in an ascending order; the second set was in a 

descending order; in the third set, the 330ml bottles were in an ascending order, and the 

500ml bottles in a descending order; in the fourth set, the 330ml bottles were in a descending 

order and 500ml bottles in an ascending order, and in the fifth and final customer set, the 

bottles were in an ascending order. 

To ascertain the veracity of the developed Digital Twin model, the results showcased a total 

of 778 water bottles that were produced (389 being 330ml bottles and 389 being 500ml 

bottles) from the conducted tests. It is evident from the results that cycle time reduction is the 

same for both models when the water level in the filling tank is above 75%. However, as 

soon as the water level drops below 75%, it was observed that the cycle time of the Digital 

Shadow is greater than that of the Digital Twin. This is because the inputs in the Digital 

Shadow model are not in real-time. Therefore, it is necessary to have some pauses in the 

production process, to allow the refilling. Meanwhile, in the Digital Twin model, the inputs 

are in real-time. Therefore, there exists no need for production pauses, as refilling can occur 

while production is ongoing. The overall performance thus proves and validates the Digital 

Twin model to be efficient at cycle time reduction, with an improvement of 19% reduction in 

cycle time, compared to when using a Digital Shadow.     
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Table 5.1 shows a comparison between the developed Digital Shadow and Digital Twin 

models against the existing methods, in a manufacturing industry context. The table shows 

that the developed Digital Shadow and Digital Twin models are more efficient, as compared 

to the existing methods. However, it is also evident that the capability to take in real-time 

inputs makes the Digital Twin superior as compared to the Digital Shadow. 

Table 5.1: Comparison between the developed model and existing methods 

 

Lean 

Manufacturing 

[71] 

Heuristics 

[121] 

Meta-

heuristics 

[120] 

Digital 

Shadow 

Digital 

Twin 

Real-time 

Inputs 
No No No No Yes 

Latency High Low High Low Low 

Large-scale 

problems 
No No Yes Yes Yes 

Minimise 

costs 
Yes Yes Yes Yes Yes 

 

5.3 Research Contributions  

This research study developed a data-driven Digital Twin for a mixed-model assembly line 

for the reduction of cycle time. The following contributions from the study are considered to 

be novel.  

 

 

 

© Central University of Technology, Free State



76  

  

5.3.1 Contribution to existing knowledge  

To gain in-depth understanding on assembly line balancing, several journal articles were 

studied in this research study and specifically Eghtesadifard et al. [127]. In this article, 

updates performed within the assembly line balancing field from the year 2000 to 2018 were 

captured. As part of contribution to new knowledge, a journal article [97] titled “Analyzing 

the Performance of a Digital Shadow for a Mixed-Model Stochastic System” was published in 

2022. This article analysed the performance of the Digital Shadow in a mixed-model 

stochastic production line and highlighted the need for real-time inputs.   

The next journal article [90] titled “Designing an Experimental Setup for Digital Twins in 

Modern Manufacturing—A Case Study Using a Water Bottling Plant” was published in 2023. 

This contributed new knowledge by developing an experimental setup of a Digital Twin in 

mixed-model stochastic assembly line. Another journal article [72] titled “Integrating IoT 

Sensors to Setup a Digital Twin of a Mixed Model Stochastic System for Real-Time 

Monitoring” was published in 2023. This article contributed new knowledge by focusing on 

the integration of IoT sensors in a mixed-model stochastic system to set up a real-time data-

driven Digital Twin. 

The results of this research study were presented at the 9th International Congress on 

Information and Communication Technology (ICICT), 2024, in a conference paper titled “A 

Performance Comparison between a Digital Shadow and a Digital Twin in a Mixed Model 

Stochastic System”. 

5.3.2 Development of a data-driven Digital Twin model  

The inability of the existing methods to take real-time data as input necessitated the 

development of the Digital Twin model for the mixed-model stochastic assembly line. The 

Digital Twin model developed is a replica of the mixed-model stochastic assembly line 

presented in a digital format (on SIMULINK). The integrated sensors enable the Digital Twin 

model to use both historical and real-time data to make necessary predictions. 
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This would mean that the developed Digital Twin model can be used as basis for future 

studies in mixed/multi-model stochastic assembly lines and in other fields which require a 

data collection system. Therefore, experiments and tests can be conducted without any 

structural changes and without the requirement of new optimisation toolboxes. 

5.3.3 Contributions to Industry 4.0  

Industry 4.0 offers a wide range of new emerging technologies to better the future of 

manufacturing. These technologies include Cyber Physical Systems (CPS), Artificial 

Intelligence (AI) and Internet of Things (IoT), to name a few, to drive Smart Manufacturing 

(also known as Smart Factories). The Digital Twin model developed in this study comprised 

the IoT technology for data collection purposes. 

5.4 Chapter Conclusion 

The focus in Chapter 5 was on discussing, in summary, the results obtained from this study. 

The aim was to ensure that all research gaps identified as problem statement were filled. This 

was achieved by comparing the developed solution with the existing methods.  
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Chapter 6: Conclusion 

6.1 Introduction  

This chapter aims at highlighting the contributions of this study to existing research. To 

conclude this study, the research aims and objectives are revisited. A summary of the results 

achieved also forms part of this chapter. 

6.2 Summary  

The first chapter introduced the modes of operation used in manufacturing, and which modes 

are compatible with the Fourth Industrial Revolution (Industry 4.0) and the demands of the 

ongoing market. The research project was introduced in the first chapter, as well as the 

problem the research aimed to solve. Then, the research hypothesis was identified, and a list 

of research objectives were stated, from which the methodology of the research followed.  

The first chapter was concluded by looking at the layout of the dissertation. 

In the second chapter, the literature review was conducted in depth. This was done by initially 

focusing on the generalised problem of assembly line balancing and identifying the 

challenge. The chapter also introduced and looked at the concept of Digital Twins, and how 

Digital Twins are a possible solution to the stated problem. The chapter concluded by looking 

at the limitations of the existing research in the field that relate to this specific topic. 

In the third chapter, the focus was on the research methodology used to develop a data-driven 

Digital Twin as a solution to the problem. This chapter initially discussed the water bottling 

plant case study and why it was selected for this study. This chapter also showcased how the 

Digital Twin model of the Make-to-Order water bottling plant was designed and developed 

using the MATLAB and SIMULINK platforms.  
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The fourth chapter consisted of a detailed analysis and depicted the results of the research 

methodology used to develop the Digital Twin model. This was done by first describing the 

data from the experiment conducted to develop the primary model, the Digital Shadow, 

followed by the secondary model, the Digital Twin model, and then the collected data from 

the sensors. Thereafter, a cycle time performance comparison between the primary and the 

secondary model, as model validation, was conducted. 

6.3 Research Goals  

The main goal of this research was to reduce the cycle time in a mixed-model stochastic 

assembly line by monitoring the process flow in real-time, thereby improving efficiency. 

However, this posed a number of challenges as the existing systems are simulation-based and 

do not operate with real-time inputs. 

Therefore, to study this unique problem, a comprehensive review on literature focusing on 

assembly line balancing needed to be done. Secondly, a data-driven Digital Twin model for 

the water bottling plant case study was designed and developed using the MATLAB and 

SIMULINK platforms to conduct tests and experiments. Thirdly, a cloud platform that is 

compatible with the real-time data collection system of the model was selected. This would 

allow real-time data to be provided to the model as inputs. Next, the model was used to 

conduct tests related to cycle time. This step paved the way for the formulation of the cycle 

time problem by identifying conceivable constraints. Finally, a comparison was done 

between the Digital Shadow model and the Digital Twin model in relation to cycle time. 

The literature review was conducted in Chapter 2. It focused initially on assembly line 

balancing and the assembly line classification. The chapter then went on to discuss the 

problems associated with assembly line balancing. In Section 2.4, the factors that affect the 

production time were discussed and the importance of cycle time reduction was highlighted 

and detailed, which was the problem this study focused on. This chapter also provided a 

comprehensive discussion on the assembly line balancing techniques that are currently used 

to reduce the cycle time and the limitations of existing research. The limitations of existing 

research stimulated the need for the study as stated in the problem statement. 
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As mentioned previously, a case study was selected to demonstrate the experimental setup of 

the data collection system of the Digital Twin model. The data needed to be collected, 

processed, stored and used as input to the Digital Twin model. This was done in Chapter 3. 

Here, a case study of a water bottling plant was selected. The bottling plant can produce a 

variety (330ml and 500ml bottles) of the same product, making the bottling plant an example 

of a mixed-model stochastic assembly line, hence the selection of this case study. Section 3.3 

detailed the experimental setup. Section 3.4 detailed the design and development of the 

Digital Shadow model (the primary model) on SIMULINK. The primary model then used 

real-time data as inputs, converting the model into a Digital Twin model (the secondary 

model). This was discussed in Section 3.5. This chapter concluded by monitoring the 

different cycle time calculations from the models. 

The results of the research study were collated in a structured manner. This was done in 

Chapter 4. Here, a series of test experiments was initially conducted to determine the times it 

took each bottle in the two different SMUs (Smart Manufacturing Units) that made up the 

primary model. This was discussed in Section 4.2. Next, the results of the data collection 

system were portrayed, followed by data processing and cycle time calculation results. 

Section 4.6 showed the comparison results between the Digital Shadow and the Digital Twin 

models using the same set of customer orders as inputs. 

The chapter was concluded by ascertaining the veracity of the Digital Twin model. A total of 

five customer sets were received, in various sequences. The customer sets were provided to 

the developed Digital Shadow and Digital Twin models as input, to optimise production by 

reducing the cycle time. Each set was provided with six different customers where close to 

800 water bottles were produced in total. The results showed that both the Digital Shadow 

and Digital Twin models were successful in reducing the manufacturing cycle time and 

therefore optimising production. However, in instances where the water level was is below 

75%, the Digital Shadow model’s performance was not satisfactory. This was because the 

inputs into the Digital Shadow model were not in real-time and therefore resulted in some 

delays to the production process. It is evident that the ability to use real-time data as input 

makes the Digital Twin model a more suitable model for production optimisation, as the 

monitoring of raw materials is in real-time and therefore the refilling can occur while 

production is ongoing. 
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6.4 Recommendations and Future Work 

This dissertation is presented as part of the ongoing research project conducted by the Central 

University of Technology (CUT), Free State, focusing on various Assembly Line Balancing 

Problems and how assembly lines can be optimised by reducing the manufacturing cycle time 

to enhance production. 

The conclusions in this study provide a platform for more studies to be launched, extending 

from the findings in this study. The focus of this study was on cycle time reduction in a 

mixed-model stochastic assembly line. However, other types of assembly lines and their 

objectives can and should also be explored. 

The data-driven Digital Twin model developed in this study can be further used to formulate 

more studies. The first aspect for further studies will be to use the real-time data collection 

system of the Digital Twin model to develop a Model Predictive Controller (MPC) that can 

use the data collected to predict downtime in a South African manufacturing industry, based 

on the loadshedding schedule. This will help in reducing both the company costs and lead-

time, and therefore improve productivity.   

Another possible extension to this study will be to design and develop a data-driven Digital 

Twin model for predictive maintenance in last-mile delivery drones, since the advent of 

Industry 4.0 has brought an increase in the use of e-commerce. A new real-time data 

collection system will be set up, after the identification and selection of sensors that are 

compatible with the selected microcontroller. This will enable real-time monitoring of the 

drone’s electronic components and therefore predictions can be made as to when components 

need to be replaced, in turn minimising both the costs and the maintenance time.  
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6.5 Scientific Outcomes 

• P. Tshabalala and R. B. Kuriakose, “Analyzing the Performance of a Digital Shadow 

for a Mixed-Model Stochastic System,” in Lecturer Notes in Networks Systems, vol. 

461, Harish Sharma, Ed., Singapore: Springer, 2022, pp. 651–660. [Online]. 

Available: https://doi.org/10.1007/978-981-19-2130-8_50 

• P. Tshabalala and R. B. Kuriakose, “Designing an Experimental Setup for Digital 

Twins in Modern Manufacturing—A Case Study Using a Water Bottling Plant,” 

Lecture Notes in Networks and Systems, vol. 516, pp. 615–622, 2023, doi: 

10.1007/978-981-19-5221-0_58. 

• P. Tshabalala and R. B. Kuriakose, “Integrating IoT Sensors to Setup a Digital Twin 

of a Mixed Model Stochastic System for Real-Time Monitoring,” Lecture Notes in 

Networks and Systems, vol. 693, pp. 311–319, Jul. 2023, [Online]. Available: 

https://link.springer.com/Chapter/10.1007/978-981-99-3243-6_24. 

• P. Tshabalala and R. B. Kuriakose, “A Performance Comparison between a Digital 

Shadow and a Digital Twin in a Mixed Model Stochastic System,” presented at the 9th 

International Congress on Information and Communication Technology (ICICT), 

2024, conference. 
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