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ABSTRACT: The proliferation of Industry 4.0 technologies in manufacturing has created an 
unprecedented opportunity to leverage Big Data for process optimization and efficiency improvements. 
However, the sheer volume of data can also lead to critical information being overlooked, potentially 
hindering productivity and competitiveness. This paper presents a straightforward Industry 4.0-based data 
visualization framework designed to transform raw manufacturing data into actionable insights. 
Specifically, this work focuses on the analysis of Overall Equipment Effectiveness (OEE) data. The 
framework utilizes a practical dashboard tool to enable manufacturers to perform in-depth data analysis and 
identify areas for improvement in real-time. Such a framework enables prompt intervention when corrective 
actions are needed, ultimately increasing efficiency and reducing production downtime. The framework 
was successfully implemented at a tire manufacturing company on a single machine within a short period 
of time. The results highlighted the effectiveness of data visualization in identifying specific operational 
losses and informing strategic decision-making. This work emphasizes the critical role of technology and 
proper policies in leveraging data to optimize production processes and drive continuous improvement in 
Industry 4.0 environments. 

Keywords: Big data; Data visualization; Industry 4.0; Manufacturing systems; Overall Equipment 
Effectiveness (OEE) 
 

1. Introduction 

Nowadays, manufacturing firms face new challenges on a daily basis. One challenge is keeping up 
with the changes in the surrounding environment, such as those attributed to changes in customer 
preferences, government regulations, and technology. All these changes lead to the existence of fierce 
competition among manufacturing firms, and to stay successful, firms need to continuously improve their 
efficiency and productivity, which could be achieved through adopting new emerging paradigms/practices, 
such as Industry 4.0 technologies. 
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Industry 4.0 is a notion/initiative that involves technological innovations applied in industrial processes. 
The term “Industry 4.0”, which was first proposed in 2011 at the Hannover Fair in Germany [1,2], is 
generally associated with the fourth industrial revolution and with achieving better efficiency, productivity, 
and automation [1]. Industry 4.0 includes a wide range of technologies/concepts, such as, but not limited 
to, the Internet of Things (IoT), Cyber-Physical Systems (CPS), Cloud Computing, Big Data Analytics, and 
Blockchain [1–6]. For instance, Big Data Analytics refers to advanced techniques that can extract value 
from large volumes of data that are too large to be handled using traditional methods [2]. 

One natural consequence of all such technologies and their integration within the manufacturing 
environment is a change in the methods used to obtain production data and in the amount of collected data, 
which is constantly increasing. With the interconnection of different manufacturing equipment and 
advancements in sensor technology, large amounts of production data can be obtained at an almost 
continuous rate, replacing periodic manual data collection. As an example, Overall Equipment 
Effectiveness (OEE) data is typically available in large quantities [7]. 

While such an abundance of data could be beneficial in optimizing manufacturing processes, 
suggesting corrective actions, and providing preventive maintenance alerts through online system 
monitoring, it may also cause accidental inattention to key production data [8]. Moreover, this data could 
be underutilized or even wasted, despite the investments made in collecting it [9]. 

Since the goal of any manufacturing firm is to be profitable and competitive, the overarching objective 
of this research is to improve the efficiency and productivity of manufacturing systems. More specifically, 
the aim of this paper is to present a straightforward Industry 4.0-based data visualization framework for 
improved data analysis and potential subsequent decision-making, which simplifies the analysis of big 
amounts of data collected within manufacturing environments, along with avoiding the accidental neglect 
of critical information. The key component of the proposed framework is a practical data visualization 
tool/dashboard that would enable manufacturers to perform better data analysis and intervene promptly 
when corrective action is needed. While there currently exist many data visualization tools in the academic 
setting, most researchers do not necessarily integrate the visualization tool within a comprehensive 
analytical framework that allows: (1) multi-level data exploration through dashboard-based drill down 
capabilities, and (2) subsequent data-driven decision-making. Furthermore, the proposed work enables 
manufacturers without software development experience to develop an easy-to-use framework for 
analyzing their operational data. 

It should be noted that the type of collected data considered in this work is the ones related to the 
efficiency and productivity of the manufacturing system. As a specific application area, Big Data collected 
for OEE analysis is considered in this work. The OEE metric is one of the most widely used critical metrics 
in the industrial field, as it summarizes the overall efficiency variables of the machine or even of the whole 
factory in a single value. Improving the OEE metric value leads to increasing the availability, performance, 
and quality of the manufacturing system. 

This paper is organized as follows: a brief overview of the OEE metric, along with a review of the 
related efforts in this area, is presented in the following section. Next, the details of the followed approach 
and the proposed Industry 4.0-based data visualization framework are then discussed in the section after 
that. In Section 4, the results of implementing this approach in a practical case study are shown. Lastly, the 
paper concludes and provides ideas for future work in Section 5. 

2. Background 

In this section, a brief overview of the details of the OEE metric is provided, along with a review of 
the related efforts that involved the use of different visualization tools to improve the manufacturing 
systems performance in general and those of the OEE metric in particular. 
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2.1. The Overall Equipment Effectiveness (OEE) Metric 

The Overall Equipment Effectiveness (OEE) metric was developed from the Total Productive 
Maintenance (TPM) concept launched by Nakajima [10], which aims to increase equipment’s productivity 
and reduce both maintenance costs and machine breakdowns [11]. The OEE metric is an indispensable 
performance indicator for manufacturers that identifies the percentage of production time that is actually 
productive [12]. More specifically, the OEE metric is the product of a machine’s availability, performance, 
and quality [7,13–16], as shown in Equation (1). These three factors correspond to downtime, speed, and 
quality losses, respectively, within manufacturing systems and are typically calculated from different datasets. 

The Availability factor represents the fraction of scheduled time that the machine or process is available 
for manufacturing. It is a measurement of a machine or process uptime after excluding the effects of quality, 
performance, and downtime events. This factor is calculated from the ratio between the net available time 
and the planned production time, as shown in Equation (2). The planned production time is also known as 
the loading time, while the net available time is the total production time minus the downtimes [7,15,17]. 
The downtimes result from either unplanned stops (e.g., breakdowns) or planned stops (e.g., changeovers) 
[7]. In other words, the net available time is just the loading time minus the unplanned stops. 

Availability  
Net Available Time

Planned Production Time
Loading Time Unplanned Stops

Loading Time
 (2)

The Performance factor represents the efficiency of operating speed, taking into account conditions 
that cause a production process to run at a speed below normal. As shown in Equation (3), it is the ratio of 
net operating time to the net available time [7,13,15,17]. The net operating time is the ideal cycle time, 
which is the minimum cycle time that a process is expected to achieve in ideal circumstances [18], 
multiplied by the total number of manufactured products. 

Performance  
Net Operating Time
Net Available Time

Ideal Cycle Time Total Number of Products 
Loading Time Unplanned Stops

 (3)

The final factor, Quality, is a measure of the ability of a machine or process to make good products. 
As shown in Equation (4), this factor is the ratio between the products that meet quality standards (non-
defectives) and the total number of manufactured products [7,13,15,17]. 

Quality  
Non defective Products
Total Number of Products 

Total Number of Products Defect Amount
Total Number of Products 

 (4)

An OEE metric of 100% means that the machine or process is manufacturing only good parts, as fast 
as possible, and with no downtime. Therefore, measuring the OEE metric and the underlying losses will 
give an important overview of how the manufacturing system performs across different aspects, along with 
providing insights into the areas that could be improved. 

2.2. Related Work 

In the era of the fourth industrial revolution, manufacturing systems have become a data-rich 
environment, which means that there is an increase in the amount of data available. To maximize 
productivity and profitability, data-driven decision-making frameworks are needed. The challenging part 
for manufacturing firms is to find suitable data-driven methodologies to make the collected data more 
valuable and to utilize dashboards capabilities in a decision support system. 

Since the main component of the proposed framework is to provide better visualization of manufacturing 
data, this sub-section focuses on related efforts in OEE data visualization across different manufacturing 

OEE Availability Performance Quality (1)
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environments and presents case studies that demonstrate how the use of appropriate data acquisition and 
visualization tools can support the firm’s improvement goals and enhance its efficiency and productivity. 

Perhaps one of the earliest efforts was in 2007 by Chakravarthy et al., where a map-based approach for 
data visualization was presented. More specifically, within a semiconductor fabrication plant, a 2D 
visualization interface was used to direct the manufacturing team to the “flow inhibitors”, where they could 
spend resources to improve the cycle time. Such an interface was based on combining the Overall 
Equipment Productivity (OEP), which is just a simple variation of the OEE, with what was referred to as 
an “X-factor” that provides a measure of overhead time relative to actual processing time [19]. The authors 
then identified the areas of the plant that require the most attention using the developed interface. 

Other efforts included the use of Microsoft Excel for visualization, where the OEE metric and its factors 
were represented with bar charts. In most cases, the authors used the charts to display a comparison of the 
metric values before and after proposing an improvement in the manufacturing environment, such as 
applying quality and Lean manufacturing principles. For example, Suryaprakash et al. applied TPM and 
Single Minute Exchange of Dies (SMED) within a manufacturing plant producing power steering housings 
to reduce stoppage times and minor losses, leading to a significant improvement in OEE values [20]. 
Similarly, Senthilkumar and Nallusamy applied E-Kanban, Just in Time (JIT), and TPM tools within a 
medium scale rubber moulding unit, to reduce breakdown times and operational costs, and to improve the 
OEE value [21]. Additionally, within an additive manufacturing environment, Excel was used to visualize 
the sensitivity of changing a few process parameters, such as the allowable build height, order lead time, 
and part size variety, on the OEE metric value [22]. 

More recently, there was a trend towards using more customizable tools, such as Microsoft Power BI 
software. As an example, an interactive dashboard was developed via Power BI for multiple Key 
Performance Indicators (KPIs), such as the OEE, Overall Operations Efficiency (OOE), Quality Rate (QR), 
and Performance Rate (PR), in order to support the decision-making processes within the production 
departments of a pharmaceutical company in Tunisia [23]. As another example, Power BI was used to 
develop dashboards within an automated assembly line in a smart manufacturing plant in Thailand, to (1) 
visualize the OEE metric and the related losses, (2) detect abnormal situations, and (3) try to eliminate the 
losses using the Kaizen process [24]. More specifically, the authors reported improvements in the OEE 
metric value and the performance factor from 53.11% to 57.05% and from 78.55% to 84.38%, respectively, 
by reducing the minor stops from 156 to 78 s [24]. Similarly, Elhabashy and Fors used Power BI to develop 
an interactive dashboard, not only for the OEE metric and its factors, but also for visualizing other related 
critical information, such as the different production and stoppage durations and amount of scrap within a 
given timeframe. Such a dashboard was applied to a case-study within a manufacturing setting in Egypt 
and provided recommendations for OEE improvement to practitioners [25]. This study, however, didn’t 
include a structured framework for developing the dashboard to improve data analysis and subsequent 
decision-making. 

It should be noted that some researchers also used the same software, but for other types of data. For 
example, dashboards were developed using Power BI to visualize operational data related to quality 
deviations during products’ assembly and to present detailed information about stop times and quality 
remarks. These dashboards were used to detect and analyse problems in the assembly lines [26]. In addition, 
research has been conducted on OEE data visualization using other software tools. For instance, MATLAB 
was used to develop a visualization dashboard for a smart lathe’s various machine-related data, including 
OEE information, which would allow for real-time monitoring of the machine’s status [27]. 

From these examples, it is apparent that researchers focused on providing visualization of different 
data for the sake of improving the efficiency and productivity of manufacturing systems. Despite being a 
critical step towards better decision-making, a visualization tool that facilitates straightforward analysis is 
still needed. Hence, the work presented here can be considered as an extension to other researchers’ efforts 
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in this area, where the visualization tool is part of a larger comprehensive framework for improved data 
analysis and potential subsequent decision-making. Such a framework, which allows practitioners to go 
beyond just data visualization, is discussed in detail in the following section. 

3. Materials and Methods 

The aim of this work is to transform the abundant manufacturing Big Data into useful information, 
provide manufacturers with visual tools, and support better subsequent decision-making, thereby increasing 
productivity and competitiveness while preventing the accidental neglect of critical information. This aim 
will be achieved through a straightforward Industry 4.0-based data visualization framework for developing 
dashboards, which aids with data analysis. The inputs and outputs of this framework are depicted in Figure 
1 and discussed in the following subsections; the arrows represent the flow among its components. For 
instance, the collected data is fed into the “Data Processing” component, while the analyzed data is used to 
provide recommendations. 

 

Figure 1. The proposed framework outline. 

3.1. Data Specification and Collection 

The input of the proposed framework is the collected data that needs to be analyzed. The manufacturer 
needs to first identify the data of interest, which could be related to a certain KPI. For instance, to analyze 
the OEE metric, the data relating to availability, performance, and quality of the considered 
processes/machines is required. After specifying the required data, the actual data must be collected. The 
manufacturer would need to determine the data collection frequency (how often to collect data) and how 
the data will be collected (semi-automatically, automatically using perhaps in-process sensors, etc.). 

3.2. Data Processing 

The first component of the proposed framework is data processing, as the collected data may contain 
irregularities and/or irrelevant data (out of scope) that needs to be removed. The collected data needs to be 
checked if it contains duplicates, missing values, or other issues. In addition, the collected data might need 
a change in structure (reorganization), such as converting the data from being in rows to columns or vice 
versa, so that the visualization tool could handle it easily. 

3.3. The Visualization Tool 

After the data has been processed, the next component in the proposed framework is a tool for data 
visualization through graphs and other displays. The main goal of this visualization tool is to provide 
manufacturers with displays (in the form of dashboards), to aid them with (1) monitoring manufacturing 
equipment, (2) better understanding of the manufacturing system’s interrelationships, (3) assessing the 
system’s performance, and (4) promptly intervening with corrective actions when needed. 
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It should be noted that while developing the dashboards/displays, further data processing may be 
required; hence, there is mutual interaction between the data processing and visualization tool components 
as shown in Figure 1. In addition, the processed data is not analyzed directly, without going through the 
“Visualization Tool” component. It is through this visualization, more insights are obtained and better 
recommendations can be made. 

3.4. Data Analysis and Recommended Actions 

The final component of the proposed framework is responsible for analyzing the data displayed in the 
visualization tool. The aim here is to provide manufacturers with useful insights about the production 
system. For example, data analysis could highlight losses that delay the production processes or recurring 
maintenance issues. 

Using the visualization tool, developed by suitable software, manufacturers would be able to perform 
different types of analyses. Based on such analyses, different actions can be recommended, either to 
improve the production system or to remedy current issues, as an output of the proposed framework. It 
should be noted that both the visualization tool and the data analysis components of the proposed framework 
are intended to help manufacturers make more accurate decisions about the manufacturing environment. 

4. Case Study 

4.1. Company Overview 

The framework discussed in the previous section has been applied to a single machine in a tire 
manufacturing company in Egypt. This tire manufacturing company is a leading international company in 
manufacturing and commercializing branded truck, bus, agricultural vehicles, and off the road tires. The 
machine considered in this work is the one responsible for fabricating the tire bead. This machine is used 
to manufacture three different tire sizes (7 by 5, 7 by 6, and 7 by 7). In addition, the machine can be 
customized for other types of tires that endure high loads. 

4.2. Proposed Framework Implementation 

4.2.1. Data Specification and Collection 

The company is interested in collecting and analyzing data related to the OEE metric. In order to 
calculate the three factors used in computing the OEE metric, the necessary generic data for the analysis 
were first identified, including the number of shifts, duration of each shift, planned stops duration, etc. Then, 
the required inputs for analysing the studied machine were determined, including the number of 
manufactured products, the amount of scrap, the duration of unplanned stops, etc. 

Some of this data is straightforward to identify, such as the number of working shifts, while others may 
require calculations to determine. As an example of the latter, the planned stops include stoppage time for 
adjusting the machine to switch products before work and for lunch and coffee breaks, whereas unplanned 
stops include stops for breakdowns and for both electrical and mechanical defects. 

The data collection process was completed by the company, where they provided the OEE related data 
for two months, but only one (January of 2021) was used just as a proof-of-concept pilot study. A sample of 
such data is provided in Table 1, where the data is displayed for three shifts (I, II, and III) across three random 
days (X, Y, and Z), as a sample of the situation before applying the proposed visualization framework. 
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Table 1. A condensed sample of the given OEE related data for three random days (before applying the framework and better 
visualization). 

Day X Y Z 
Shift I II III I II III I II III 

Planned Stops (minutes) 30 60 480 60 60 480 60 60 60 
Loading Time (minutes) 450 420 - 420 420 - 420 420 420 

Unplanned Stops (minutes) 56 121 - 79 39 - 152 18 153 
Scrapped Units - 4 - 4.2 4 - 9 10 - 

Available Time (minutes) 394 299 - 341 381 - 268 402 267 
Availability Rate (%) 88 71 - 81 91 - 64 96 64 
Performance Rate (%) 90 94 - 96 93 - 81 100 89 

Quality Rate (%) 100 97 - 97 99 - 92 95 100 
OEE (%) 79 65 - 76 84 - 48 90 56 

The original data included all the daily expected different types of planned and unplanned stops for 
every shift, and the calculations of different times. It should be noted that with the ongoing advancements 
in sensing technology, it is expected to be able to collect data more frequently; yet, the framework should 
still be able to handle larger sizes of data. 

4.2.2. Data Processing 

The data provided by the company was in a format that did not allow it to be easily visualized or 
analyzed in the following steps, and it also contained duplicates and errors, such as missing values. It is 
believed that the errors may have originated in the data collection method, including manual data entry into 
worksheets/spreadsheets and rounding up numbers, which may have caused some miscalculations. 

As a result, the data was reorganized and stacked into columns, as the ones shown in Table 2, to make 
it easier to extract the most important information from within. In addition, the calculations performed on 
the provided dataset were reevaluated to ensure their correctness. Such data processing was done using 
Microsoft Excel, since it allows quick calculations, is user-friendly, is a commonly used tool for data 
processing, and contains a wide range of built-in functions that were extremely useful in this step. 

Table 2. A sample of the reorganized and recalculated data for one day. 

Day Shift Availability (%) Performance (%) Quality (%) OEE (%) 

Z 
I 64 81 92 48 
II 96 100 95 91 
III 64 89 100 57 

4.2.3. Data Visualization 

After processing the data, visual displays in the form of a dashboard were built using Microsoft Power 
BI (Version: 2.149.1429.0) to get insights and some statistics for a better understanding of the current 
situation and highlighting the areas of potential improvement. Excel was not used here, as it would not have 
been as effective. Instead, Power BI was used because it: (1) provides better visual displays, (2) has the 
option of alerting users when specific metric values changes, (3) is a great option for building visual 
dashboards containing different KPIs, (4) allows interactivity through different filtering options, and (5) 
has been successfully used for similar applications by other researchers (as discussed in Section 2.2). 
Despite these advantages, it should be noted that Power BI is not necessarily effective for data processing 
and, therefore, was not used for that component in the proposed framework. 

The developed dashboard includes two interfaces, a main and a secondary one. The main interface 
provides aggregate information, whereas the secondary interface provides detailed information. These two 
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interfaces are shown in Figure 2 and Figure 3, respectively. These figures are showing data related to only 
the 3rd shift over one month, as part of the proof-of-concept pilot case-study. The descriptions of the 
components/visual displays in both interfaces are provided in Table 3. While this data is currently static, 
dynamic data that would be updated frequently, every shift, for example, could be easily integrated within 
to provide more up-to-date information. 

 

Figure 2. Dashboard’s main interface for only the 3rd shift, just as a proof-of-concept. 

 

Figure 3. Dashboard’s secondary interface for only the 3rd shift, just as a proof-of-concept. 
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Table 3. Description of the dashboards’ components/visual displays. 

# Description 
1 The average OEE value 
2 The average Availability factor value 
3 The average Performance factor value 
4 The average Quality factor value 
5 The average value of the OEE and its three factors for each product type 
6 The daily values of the OEE and its three factors 
7 Total production time 
8 Total unplanned stoppage time 
9 Total planned stoppage time 

10 Total number of units produced 
11 Total number of scrapped units 
12 Date filter 
13 Shift filter 
14 The losses distribution of the planned stops 
15 The losses distribution of the unplanned stops 
16 The duration of the unplanned stoppage times for each product type 
17 The daily duration of the unplanned and planned stoppage times 
18 The daily values of the scrapped units 
19 The number of produced, scrapped, and accepted units for each product type 

The different visual displays were included to provide in-depth insights about the machine considered. 

 Total count visuals: Displays 10 and 11 illustrate the production quantity and scrap rate of the machine 
in terms of the number of units produced and the total scrapped units, respectively. 

 Time visuals: These visuals show the total, unplanned stoppage, and planned stoppage times of the 
machine (displays 7, 8, and 9, respectively). 

 Product type visuals: These visuals show the OEE and its factors for each product type (display 5), the 
unplanned stoppage times per product type (display 16), and the total units produced for each product 
type, along with the accepted and scrapped units (display 19). 

 Daily values visuals: These visuals help in monitoring the daily values of the OEE and its three factors 
for the machine, the critical times of the machine, including the unplanned stoppage and planned 
stoppage times per day, and the daily number of scrapped units from the machine (displays 6, 17, and 
18, respectively). 

 Losses distribution visuals: These visuals help identify the different types of losses that cause planned 
and unplanned stoppage times, along with their proportions (see displays 14 and 15, respectively). 
From these visuals, it can be concluded which losses have the greatest negative effect on the OEE value 
and should have higher priority for reduction (or elimination, if possible). 

4.2.4. Data Analysis and Recommendations 

Using the visual displays within both interfaces, the collected data can now be more effectively 
analyzed and the factors impacting the OEE value the most can be easily identified. In general, the OEE 
metric is affected to a great extent by the planned and unplanned stoppage times and the number of scrapped 
units, as clarified next. 

 OEE Factors: As presented in the main interface (displays 2, 3, and 4), any change in each of the three 
factors will consequently affect the OEE value. More specifically, the Availability factor has the most 
negative impact on the OEE in the presented case. Such a negative impact could be attributed due to 
the existence of frequent planned and unplanned stops that make the available time of the machine less 
than the planned working times. Reducing the stoppage times is a must to increase the availability and 
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performance of the machine and consequently the OEE values. In addition, reducing the number of 
scrapped units will improve the Quality factor and, in turn, enhance OEE values. 

 Planned Stops: As shown in the main interface (display 9), the total time of the planned stops in shift 
3 over one month was more than 2 and a half days. When all shifts are considered, the total duration 
of the planned stops was 8845 minutes representing 19.8% of the total time (around 6 days). This 
number, which is obtained by summing all the planned stops values across the three shifts, is an 
important indicator showing the large losses in the availability of the machine considered due to the 
planned stops. It was noticed, from display 14, that the main planned stops in all shifts were rest (lunch 
breaks), canteen (coffee breaks), non-programmed times (time for adjusting the machine at the 
beginning of the shift in case of producing different products), and planned absences, respectively. 
Although the first two losses represent food and drink breaks, they could still be reduced by splitting 
them into two shorter breaks at different times during a shift, rather than just one. Each operator will 
be assigned to one of the breaks. In this manner, machines would be operational for longer periods of 
time, and their supervision would be the responsibility of the operators working while their colleagues 
are having their break.  
For the non-programmed time losses, they can be reduced by training the employees to adjust the 
machines in a shorter time or by applying a strategy for reducing the changeover time through creating 
a production plan that guarantees manufacturing products on specific machines without the need for 
changing tools (if possible). For the planned absences, appropriate labor scheduling is needed to avoid 
having planned absences for the same positions on the same day, along with perhaps enforcing a 
maximum limit on the number of the operators that could be absent (excluding sick leaves) on any day. 

 Unplanned Stops: As seen in the main interface (display 8), the total time of the unplanned stops in 
shift 3 over one month was over a day. When all shifts are considered, the total duration of unplanned 
stops was 6169 minutes, which was obtained by summing all the unplanned stops values across the 
three shifts, representing 13.8% of the total time (around 4 days). The main unplanned stops could be 
observed from display 15. The top four observed unplanned stops in all shifts were waiting for material, 
breakdowns, start/end work, and setup time. Regarding time loss due to waiting for material, it is 
recommended to apply Lean manufacturing principles/tools, such as TPM, Lean Six Sigma (LSS) 
methodologies, Value Stream Mapping (VSM), and the 5S (Sort, Sweep, Standardize, Shine, and 
Sustain) [28–31], to provide the required material for the machine at the right time. As for the 
unexpected breakdowns, they could be reduced through applying a rigorous maintenance program that 
implements preventive maintenance regularly, along with perhaps performing a quick inspection on 
the machine status at the beginning of each shift (if cost-effective). With respect to start/end work 
losses, which are usually due to unnecessary delay by operators at the start or end of operations, they 
could be reduced by rewarding operators based on the number of products they complete per shift, as 
an additional incentive. Finally, the setup time losses could be reduced by applying the SMED concept. 

 Scrap: In the second interface, the number of scrapped units of each product is presented in display 19 
for the third shift. When all shifts are considered, it was noticed that product type 7 by 5 has the largest 
number of scrapped units compared to other types. Accordingly, it is recommended to perform a 
fishbone diagram, the five whys method, and/or any other type of analysis to reveal the main causes 
for producing the defective units in this product type and for the other products as well, to reduce or 
even eliminate them completely. Furthermore, these problem-solving techniques could be used to study 
the main causes of the number of scrapped units being higher on certain days than on others (as shown 
in display 18). 

In addition to such recommendations, it is also suggested to enhance the data collection method within 
the company, as it affects the visualized and analyzed data in the proposed framework. Since improving 
data acquisition methods will enhance analysis accuracy and yield more reliable insights, it is recommended 
that the data collection method be at least semi-automated, if not fully automated. In semi-automated data 
collection systems, reports are usually filled and sent by certain operators at the end of each shift, and the 
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data included in the reports is fed into the system, which processes the data, resulting in graphical outputs. 
While the automated data collection system will allow real-time monitoring of the production system, 
which could help in (1) identifying hidden production capacities for better utilization of production 
machines, (2) justifying investments into new machines, and (3) providing more accurate maintenance 
schedule and OEE measurement settings. 

Furthermore, the company could benefit from incorporating additional Industry 4.0 technologies, such 
as automatic transportation of items and robotic arms, to reduce unnecessary waiting times, which could lead 
to improving the OEE metric. Not only that, but the company could also benefit from the Industrial Internet 
of Things (IIoT) concept by providing the machines with sensors and/or cameras to monitor critical variables. 
This concept would allow for automating data collection, help with improving the quality of collected data, 
and potentially enable real-time information on different process variables and used material status. 

5. Conclusions and Future Work 

In this work, an Industry 4.0-based data visualization framework was proposed for improved data 
analysis and potential subsequent decision-making. The idea of this framework is to transform the 
abundantly available manufacturing Big Data into useful information, prevent the accidental neglect of 
critical information when having to deal with a large amount of data that is not presented in a 
straightforward format, and provide manufacturers with key information to aid them in making better 
informed decisions to increase productivity and stay competitive. The main component of the proposed 
framework is a visualization tool that provides manufacturers with displays (in the form of a dashboard), 
to aid them with: (1) monitoring manufacturing equipment, (2) better understanding of the manufacturing 
system’s interrelationships, (3) assessing the system’s performance, and (4) promptly intervening with 
corrective actions when needed. It should be just noted that the proposed framework, in and of itself, does 
not “intervene” with corrective action; rather it provides manufacturers with critical information that 
enables them to take such action when needed. Furthermore, the proposed work enables manufacturers 
without software development experience to develop an easy-to-use framework for analyzing their 
operational data. 

As a practical application for the proposed framework, Big Data collected for the OEE metric analysis 
is considered in this work. More specifically, the framework was implemented at a tire manufacturing 
company on a single machine within a short period of time. Related OEE data were visualized within the 
framework through two different interfaces containing a wide variety of displays. Such data visualization 
allowed for better analysis of the machine’s performance and productivity, along with enabling numerous 
practical actions/strategies recommendations to aid in reducing operating losses and improving the 
production process within the company. 

Despite the useful contributions of this work, it is not without limitations. One example is the relatively 
short time period considered in this study; another is not implementing any of the suggested 
recommendations at the factory and studying their impact on productivity and efficiency. Consequently, 
there are still avenues for further improvements. Firstly, applying the framework should not be restricted 
to a single machine but could be expanded to include a complete production line or an entire factory for 
longer periods. Secondly, the framework could be upgraded to include dashboards that have the capability 
of providing users with real-time alerts when critical variables surpass pre-specified limits. Lastly, artificial 
intelligence techniques could be incorporated into the framework to develop an automated decision-making 
system capable of suggesting corrective actions (and perhaps even implementing them). 
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