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This paper introduces an innovative process cycle time measurement system with 
sensor applications designed for production line monitoring in manufacturing 
industries to address the challenges faced by manufacturing industries, such as 
inefficient production lines, machine downtime and manual production line 
recording. To tackle these issues, the research employs a methodology that 
integrates infrared sensors and microcontrollers, enabling real-time data capture 
and analysis. Three distinct case studies are conducted, involving balanced 
production lines, un-balanced production lines and production lines with machine 
downtime, to assess production line performance and efficiency. The results 
demonstrate the system's ability to accurately capture process cycle times and 
highlight areas for improvement in future studies. In conclusion, this research 
contributes to the field of production line monitoring, offering valuable insights for 
enhancing manufacturing processes and efficiency, with potential applications in 
real-world manufacturing industries. 
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1. Introduction 
 

Malaysia's manufacturing sector is the second-largest contributor to economic growth, 
employing a significant number of Malaysians [1]. Malaysian manufacturing's leading sub-sectors 
include petroleum, chemicals, rubber, plastics, electricals, electronics and optical products [2]. While 
some segments of this sector are fully or semi-automated, with machines performing the majority of 
tasks with human assistance, certain manufacturing processes, such as wired harness assembly, 
remain to rely on manual operating systems [3,4]. Regardless of the manufacturing operating model, 
common challenges remain, such as machine downtime, bottlenecks and inefficient production line 
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processes [5-7], reducing production efficiency and affecting company profitability. To address these 
issues, many industries have implemented lean manufacturing methods [8]. 

Lean manufacturing has gained widespread popularity due to its objective of increasing 
production productivity by reducing waste, including waiting times, overproduction, downtime and 
other non-value-added activities [9-13]. One critical parameter in lean manufacturing and line 
balancing is process cycle time, which plays a pivotal role in optimizing production efficiency [14,15]. 
Process cycle time is the total time required to complete one cycle of a specific process, from the 
arrival of raw materials to the production of a finished product. By optimizing cycle time through line 
balancing studies, manufacturers can reduce bottlenecks, minimize downtime, enhance output and 
ultimately improve overall production efficiency [16,17]. This approach aligns with the principles of 
lean manufacturing, which seek to eliminate waste and optimize operations for maximum efficiency. 
Reducing cycle time allows manufacturers to minimize idle time, streamline workflows and enhance 
overall output, as demonstrated by Rahul Patni [18], Taifa et al., [19], Aikhuele et al., [20] and Selamat 
et al., [21]. 

As industries worldwide increasingly leverage innovations like artificial intelligence, the Internet 
of Things (IoT) and advanced sensors, the manufacturing sector is transitioning towards fully 
automated processes for monitoring, assembly, testing and quality inspection [22-24]. This paper 
introduces a novel sensor application system specifically designed for real-time process cycle time 
measurement, integrating IoT for lean manufacturing line balancing. Unlike existing systems, our 
approach offers precise real-time data capture across various production scenarios, including 
balanced, unbalanced and machine downtime environments. The proposed system enables 
continuous cycle time monitoring, addressing inefficiencies in production lines, particularly for 
conveyor-based systems. This contribution will facilitate not only the analysis of overall production 
line trends but also the identification of bottlenecks, ultimately improving production efficiency. 

 
2. The Key Parameters in Lean Manufacturing  

 
In the context of lean manufacturing, the optimization of production line processes relies on 

various parameters to ensure efficiency and smooth operations. Two key parameters that play a 
crucial role in achieving these objectives are takt time and cycle time. Takt time holds significant 
importance in lean manufacturing environments, representing the available time per production 
cycle that precisely matches the production rate to customer demand [25,26]. This parameter serves 
as a fundamental indicator used in the manufacturing industry to meet customer order deadlines. By 
calculating takt time obtained by dividing the available production time by customer demand within 
a specific time period as shown in Eq. (1), manufacturers can align their production processes with 
the pace required by customer demand. 

 

𝑇𝑎𝑘𝑡 𝑇𝑖𝑚𝑒 =  
𝐴𝑣𝑎𝑖𝑙𝑎𝑏𝑙𝑒 𝑃𝑟𝑜𝑑𝑢𝑐𝑡𝑖𝑜𝑛 𝑇𝑖𝑚𝑒

𝐶𝑢𝑠𝑡𝑜𝑚𝑒𝑟 𝐷𝑒𝑚𝑎𝑛𝑑
                      (1) 

 
Process cycle time, on the other hand, refers to the duration needed to complete a specific 

process or the entire production cycle, from raw material acquisition to the completion of the 
finished product [19,27]. It represents the time taken from the beginning to the end of a process, 
including any necessary wait times, processing time and additional activities involved in completing 
the cycle [28]. This also includes process micro-stoppage or idling time. Figure 1 depicts a block 
diagram illustrating the concept of process cycle time measurement for a line balancing study. 
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Fig. 1. Process cycle time concept [29] 

 
Based on Figure 1, cycle time measurement comprises several important components, namely 

"product in," "process" (time measurement) and "product out." The cycle time count begins at the 
"product in" stage when the raw materials for manufacturing the product are entered into the 
process. Subsequently, the process takes place, during which the process cycle time is measured, 
taking into account factors such as downtime, bottlenecks or any other elements that contribute to 
delays in production. Finally, at the "product out" stage, the product is completed through assembly 
and the cycle time count comes to an end, enabling the determination of the final process cycle time 
for that product. 

 
3. Recent Study on Real-Time Systems for Production Line Applications 

 
Over the last few decades, numerous research studies related to monitoring systems have been 

conducted across various manufacturing industries, all with the shared objective of minimizing 
operational costs, optimizing production output, reducing waste and maintaining product quality. As 
a result, a comprehensive literature review was conducted to identify the most current real-time 
monitoring systems. Table 1 provides a summary of recent studies examining production line 
monitoring systems in various industries and applications. The table highlights the diverse 
parameters that are monitored to enhance production productivity and efficiency. 

 
Table 1  
Summary of findings of recent studies on IoT production line monitoring 
Year Connectivity Production 

Type 
Monitoring  
Parameter 

Sensor  
Application 

GUI  
Approach 

Notification 
Feedback 

2020 
[30] 

IoT Hybrid Worker  
Productivity 

RFID Desktop  
Application 

None 

2020 
[31] 

IoT Hybrid Machine  
Operational  
Status,  
Downtime 

None Web  
Application 

None 

2020 
[32] 

IoT None Biogas Volume Flowmeter Sensor Web  
Application 

None 

2021 
[33] 

IoT None Worker 
Productivity 

RFID Desktop  
Application 

None 

2021 
[34] 

IoT None None None Web  
Application 

None 

2021 
[35] 

IoT None Temperature, 
Humidity,  
Position, Product 
Output 

DHT-11,  
Ultrasonic, 
Photoelectric Sensors 

Desktop  
Application 

None 

2021 
[36] 

IoT Discrete Power  
Consumption, 
Machine Speed 

Current, Meter 
Counter  
Sensors 

Desktop  
Application 

None 
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2021 
[37] 

IoT None Machine  
Operational  
Status 

Camera Mobile  
Application 

None 

2022 
[38] 

IoT Discrete Worker  
Productivity 

Ultra-Wide Band Real-
Time Locating System 

Mobile  
Application 

Smart Watches 
Notification 

2022 
[39] 

IoT Discrete Production  
Delay,  
Production Level, 
Product Quality  
Assessment 

None Desktop  
Application 

None 

 
Table 1 reveals several significant research gaps within the area of real-time production line 

monitoring systems. Firstly, despite extensive studies on parameters such as machine operational 
status, product quality and worker productivity, a notable gap exists in the field of cycle time 
monitoring. This critical aspect of production line performance has not received sufficient attention 
and there is a lack of robust mechanisms for accurately measuring cycle time at individual 
workstations. Addressing this research gap underscores the necessity for this study to focus on real-
time cycle time monitoring systems capable of data capture and analysis. 

Furthermore, another conspicuous research gap is the absence of notification feedback 
mechanisms. When abnormal data signals issues like production machine failures, bottlenecks or 
downtime, there is currently no established mechanism for promptly notifying the responsible 
personnel. Consequently, the development of notification feedback systems to promptly alert 
relevant individuals to deviations in the monitoring system represents a crucial avenue for further 
research and development. 

As a result, a new approach to the measurement of process cycle time, using sensor applications, 
has been proposed to address this research gap. The system will utilize an infrared sensor (IR) in 
conjunction with an ESP32 microcontroller and LabVIEW software for analysis. Additionally, LabVIEW 
will also serve as a graphical user interface for displaying results to users via the internet. 

 
4. New Concept of Sensor Application 
4.1 General Hardware Setup 

 
The proposed system's general hardware setup is illustrated in Figure 2. This system was 

implemented at each of the assembly stations in the manufacturing industry's production line. 
Furthermore, the proposed system is compatible with both manual and automated types of assembly 
stations, whether they involve humans or machines. 
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Fig. 2. General hardware setup 

 
In this proposed system, IR sensors were utilized to detect the presence of an object on the 

conveyor belt at the assembly station. The IR sensor operates with an emitter emitting an infrared 
light that propagates through the air and is reflected when it encounters an object in front of it. The 
reflected infrared light is then received by the receiver, generating a voltage signal that is output to 
the microcontroller. Conversely, no voltage signal is generated if there is no object in front of the IR 
sensor. Figure 3 illustrates the working principle of the IR sensor in detail. 

 

 
Fig. 3. IR sensor working principles 

 
The system operates as an object passes through the IR (IN) and (OUT) sensors, generating a 

voltage signal and transmitting it to the NodeMCU ESP32 microcontroller. The microcontroller then 
converts the analogue voltage signal to a digital format and wirelessly transmits it to the LabVIEW 
software. In LabVIEW, a "true" and "false" condition is used to capture the timestamps of the IR (IN) 
and (OUT) signals. The captured timestamp data is then employed to calculate the process cycle time 
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by subtracting the output timestamp from the input timestamp, as shown in Eq. (2). The analysed 
data was then processed and displayed in the LabVIEW Graphical User Interface (GUI) for the end 
user to view and store for future reference. 

 
𝑃𝑟𝑜𝑐𝑒𝑠𝑠 𝐶𝑦𝑐𝑙𝑒 𝑇𝑖𝑚𝑒 (𝑃𝐶𝑇) = 𝑇𝑖𝑚𝑒𝑠𝑡𝑎𝑚𝑝 (𝐼𝑅 𝑂𝑈𝑇) − 𝑇𝑖𝑚𝑒𝑠𝑡𝑎𝑚𝑝 (𝐼𝑅 𝐼𝑁)          (2) 

 
4.2 Conveyor System and Electrical Circuit Design for Simulation 

 
Figure 4 illustrates the 2D design of the proposed straight line conveyor system for simulating 

manufacturing production lines, comprising four distinct processes. Each product enters from the 
right side of the conveyor and passes through four different types of processes at each assembly 
station before becoming a completed product. 

 

 
Fig. 4. 2D design of conveyor system 

 
Next, a 3D conveyor system was designed using SolidWorks software and then 3D printed. The 

final result of the conveyor system is shown in Figure 5 below, consisting of four conveyors attached 
in a straight line to create a straight-line production system. Each conveyor station is equipped with 
a stepper motor to move the conveyor belt and a servo motor to temporarily block a product for a 
specific amount of time, known as the process cycle time. This represents a simulation of a typical 
manual or semi-autonomous production process using the servo motor mechanism. Additionally, an 
IR sensor is attached at the beginning and end of each conveyor station to capture the timestamp of 
the product entering and exiting. 

 

 
Fig. 5. Simulation of model scale production line 
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Moving on to the electrical circuit design part which is used to move the conveyor and capture 
data of the proposed system. It consists of two separated electrical circuits design with different 
proposed which is one of it used for capturing the process cycle time through IR sensor as shown in 
Figure 6 and another one is for simulating the conveyor system as shown in Figure 7. 

 

 
Fig. 6. Electrical circuit design for capturing the process cycle time 

 
Figure 6 shows the electrical circuit comprising eight IR sensors connected to the ESP32 

microcontroller, which is used to capture the timestamp of product entry and exit at each conveyor 
station. Both the IR sensors and ESP32 microcontroller are powered by a Direct Current (DC) power 
source with a voltage of 5 volts and a current of 1 ampere. The ESP32 microcontroller was 
programmed using the Arduino IDE, configured to transmit data wirelessly to Firebase and 
subsequently from Firebase to LabVIEW for further analysis and display. 

 

 
Fig. 7. Electrical circuit design for simulating the conveyor system 
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Figure 7 shown the electrical circuit design for controlling the stepper motor and servo motor of 
the conveyor system using the Arduino Mega 2560 microcontroller, powered by two separate 
sources one with 5 volts and 4 amperes of current and the other with 5 volts and 1 ampere of current. 
Each of the stepper motors is controlled using a ULN2003APG driver to move the belt at each 
conveyor station. Additionally, a servo motor is placed between the IR sensors to simulate the 
process of machine or human assembling a product. The servo is controlled by the Arduino Mega 
2560 microcontroller, which is programmed to randomly block the product based on case study 
which will be discuss at result and discussion topic before releasing it to another station. 

 
4.3 LabVIEW GUI Layout 

 
Subsequently, all the analysis is performed within the LabVIEW software and displayed on the 

LabVIEW front panel interface. This is because LabVIEW excels at data visualization, allowing users 
to easily create custom user interfaces and dashboards with interactive graphs and controls for 
interpreting the analysed data. As a result, a LabVIEW GUI, as shown in Figure 8, was designed to 
interpret the analysed data for the proposed system. 

 

 
Fig. 8. Proposed system LabVIEW GUI 

 
As shown in Figure 8, the LabVIEW GUI consists of two parts. The upper part displays data for 

each process at the conveyor station. The Light Emitting Diode (LED) at each process lights up to 
indicate that the IR sensor is detecting a product. The timestamp for entry and exit, along with cycle 
time data, is stored in the table for each process. This data is then used to determine the average 
process cycle time, product quantity and the status of the assembly station, which is displayed below 
the table. The "Status" serves as an indicator of whether the current conveyor is active or down, 
based on the analysed process cycle time. It will show "Down" if there has been no detection from 
the IR sensor for more than 5 minutes. The overall production data is displayed at the bottom part 
of the GUI, alongside an "Export to Excel" feature, which allows the captured data to be saved in 
Excel format for further analysis.  
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5. Results and Discussion 
 
Takt time serves as a vital parameter for assessing the line balancing of the production line. It 

represents the ideal pace at which each process should operate to meet customer demand without 
overproduction or underproduction. This paper assumes a takt time based on real-world 
manufacturing industry situations, which typically involve a single shift and a 1-hour break. The 
production target in this scenario is 4000 units per day to meet customer demand. The calculated 
takt time of 9.9 seconds per unit is obtained using the previously mentioned Eq. (1) for each process 
of the production line.  

For the purposes of this research, three comprehensive case studies were proposed to evaluate 
real manufacturing production lines. These case studies encompass balanced production lines, un-
balanced production lines and production lines with machine downtime. The core of this simulation 
lies in the utilization of servo motors at each conveyor station to temporarily block the product, 
thereby emulating various real-world scenarios of human or machine product assembly in 
manufacturing production lines. Table 2 displays the randomized duration range of servo motor 
blocking for simulating different case studies of the production line based on the determined takt 
time. 

Table 2 
Simulation of three case studies 
Servo Process Simulation Case Study 1 Case Study 2 Case Study 3 

Balanced Un-Balanced Machine Down Time 

Process 1 (Servo 1) 9-11 sec 9-11 sec 9-11 sec 
Process 2 (Servo 2) 9-11 sec 8-14 sec 9-11 sec 
Process 3 (Servo 3) 9-11 sec 10-20 sec 300-500 sec 
Process 4 (Servo 4) 9-11 sec 6-9 sec 9-11 sec 

 
Table 2 shown servo blocking time for different case study based on the determine takt time to 

meet the customer demand. So, in the Balanced case study, all processes are set within the range of 
9-11 seconds. This aligns with the calculated takt time of 9.9 seconds, ensuring that each process 
operates efficiently and in harmony with the overall production pace. In the Un-Balanced case study, 
some processes have wider time ranges (e.g., Process 2 with 8-14 seconds) to simulate scenarios 
where certain processes operate slower or faster than the calculated takt time. This variation helps 
identify potential bottlenecks or inefficiencies in the production line. In the Machine Downtime case 
study, Process 3 has a significantly longer time range (300-500 seconds) to simulate extended 
machine downtime. This extreme variation represents a disruptive scenario in which one process 
experiences significant delays, impacting overall production efficiency. 

Furthermore, the exported Excel file provides two additional datasets for analysis which are 
standard deviations and standard errors for each process. The standard deviation measures the 
variability or spread in the cycle time for each process. Smaller standard deviations indicate less 
variability in process cycle time, while larger ones suggest more variability. This data can be used to 
evaluate the performance of the human or machine in each specific process, offering insights for 
potential future research. 

On the other hand, standard error serves as a measure of the precision of the sample mean when 
estimating the population mean. In this context, it quantifies the precision of estimating the assembly 
of 4000 products based on a sample of 5 products. Smaller standard errors indicate that the sample 
mean provides a more reliable estimate of the population mean. 
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5.1 Balanced Production Line 
 
Table 3 presents the results for Case Study 1, which represents a balanced production line 

simulation. In this scenario, the research aimed to emulate an ideal manufacturing environment 
where processes are well-coordinated and have similar cycle times. The table provides data for 
process cycle times (PCT) across four different processes (Process 1 to Process 4) over five samples. 
 

Table 3 
Results for Case Study 1: Balanced production line 
Sample Process Cycle Time (PCT) 

Process 1 (s) Process 2 (s) Process 3(s) Process 4 (s) 

1 10.25 9.27 9.98 10.23 
2 10.07 10.31 10.05 10.45 
3 10.52 10.69 9.68 9.92 
4 10.83 9.21 10.48 9.69 
5 10.34 10.52 10.90 10.05 
Mean 10.40 10.00 10.22 10.07 
Standard Deviation 0.29 0.71 0.48 0.29 
Standard Error 0.13 0.32 0.21 0.13 

 
Standard deviations and standard errors were calculated from the data in Table 3 to assess the 

variability and precision of the data. The low standard deviations (ranging from 0.29 to 0.71 seconds) 
indicate minimal variability in cycle times for each process, further confirming the balanced nature 
of the production line. Similarly, the small standard errors (ranging from 0.13 to 0.32 seconds) 
suggest that the sample means are precise estimates of the population means, reinforcing the 
reliability of the data. The mean process cycle times for each process were calculated to plot the line 
balancing graph, as illustrated in Figure 9. 

 

 
Fig. 9. Graph of takt time and process cycle time for Case Study 1 

 
Figure 9’s-line balancing graph reveals that the mean cycle times across all processes exhibit a 

consistent pattern, closely aligning with the calculated takt time of 10.25 seconds. Process 1 boasts 
an average Processing Cycle Time (PCT) of 10.40 seconds, while Process 2, Process 3 and Process 4 
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report mean PCTs of 10.00, 10.22 and 10.07 seconds, respectively. This alignment between the mean 
cycle times and the takt time underscores the well-tuned equilibrium of the production line, 
signifying that the processes operate at a pace that consistently meets the intended rhythm of 
production. Such alignment with the takt time not only underscores the efficiency of the system but 
also suggests that the production line is finely tuned to meet the demands of the production target. 
In summary, Case Study 1 demonstrates how the well-balanced production line effectively maintains 
consistent and efficient cycle times in its processes, with only a minor deviation from the takt time, 
thereby facilitating the achievement of production targets while reducing variability and uncertainty. 

 
5.2 Un-Balanced Production Line 

 
Table 4 presents the results for Case Study 2, which represents an un-balanced production line 

simulation. In this scenario, the research aimed to emulate a manufacturing environment where 
processes exhibit varying cycle times, potentially leading to bottlenecks and inefficiencies. The table 
provides data for PCT across four different processes (Process 1 to Process 4) over five samples. 

 
Table 4 
Results for Case Study 2: Un-balanced production line 
Sample Process Cycle Time (PCT) 

Process 1 (s) Process 2 (s) Process 3(s) Process 4 (s) 

1 10.86 8.07 13.58 8.21 
2 10.73 13.88 16.00 6.29 
3 9.94 11.72 17.11 8.34 
4 9.16 11.62 14.28 7.31 
5 9.84 10.72 12.00 7.38 
Mean 10.11 11.20 14.59 7.51 
Standard Deviation 0.70 2.10 2.01 0.83 
Standard Error 0.31 0.94 0.90 0.37 

 
The standard deviations and standard errors calculated from the data in Table 4 emphasize 

significant variability among the processes. Process 2 and Process 3 exhibit the highest standard 
deviations (2.10 and 2.01 seconds) and standard errors (0.94 and 0.90 seconds), indicating substantial 
variations in cycle times. These findings suggest that the un-balanced production line may struggle 
to meet production targets efficiently and could experience potential bottlenecks in certain 
processes. Additionally, from the mean data presented in Table 4, a line balancing graph was plotted, 
as shown in Figure 10. 
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Fig. 10. Graph of takt time and process cycle time for Case Study 2 

 
Figure 10's graph illustrates that Process 1 has a mean Processing Cycle Time (PCT) of 10.11 

seconds, Process 2 at 11.20 seconds, Process 3 at 14.59 seconds and Process 4 at 7.51 seconds. 
Notably, these PCT values reveal significant differences in cycle times across these processes, some 
of which exceed the calculated takt time of 10.25 seconds. These disparities indicate an unbalanced 
production line where some processes operate significantly faster or slower than others. The 
presence of PCT values above the takt time suggests that certain processes may need optimization 
or workload redistribution to achieve better balance and efficiency. In summary, these findings 
underscore the clear need for adjustments to address the imbalances within the production line. 

 
5.3 Production Line with Machine Downtime 

 
Table 5 presents the results for Case Study 3, which simulates a production line with machine 

downtime. In this scenario, the research aimed to replicate a manufacturing environment where one 
of the processes (Process 3) experiences extended downtime, potentially causing disruptions and 
inefficiencies in the production line. The table provides data for PCT across four different processes 
(Process 1 to Process 4) over five samples. 

 
Table 5 
Results for Case Study 3: Production line with machine downtime 
Sample Process Cycle Time (PCT) 

Process 1 (s) Process 2 (s) Process 3(s) Process 4 (s) 

1 9.28 10.46 10.87 10.60 
2 9.52 9.84 9.36 10.93 
3 10.27 10.87 386.83 10.21 
4 10.41 9.24 9.22 10.30 
5 10.28 10.26 10.17 10.98 
Mean 9.95 10.13 85.29 10.60 
Standard Deviation 0.51 0.62 168.57 0.35 
Standard Error 0.23 0.28 75.39 0.16 

 



Journal of Advanced Research Design 

Volume 123, Issue 1 (2024) 170-185 

182 
 

The standard deviations and standard errors calculated from the data in Table 5 reveal significant 
variations, particularly in Process 3, where the standard deviation is notably high (168.57 seconds), 
indicating a wide range of cycle times. Additionally, the standard error for Process 3 is 75.39 seconds, 
suggesting a substantial level of variability in the sample means. These findings underscore the 
impact of machine downtime on the production line's performance, as evidenced by the erratic cycle 
times in Process 3. Furthermore, the mean data for all processes indicate that Process 3 has a 
significantly higher mean PCT (85.29 seconds) compared to the other processes, which is also evident 
in the line balancing graph of Figure 11. 
 

 
Fig. 11. Graph of takt time and process cycle time for Case Study 3 

 
From Figure 11, a noticeable spike in cycle time at Process 3 is evident, underscoring the 

disruptive impact of machine downtime on production efficiency. Machine downtime significantly 
extends the cycle time, affecting the overall production process. In Case Study 3, this issue is 
prominent and it highlights the challenges posed by machine downtime within a production line. The 
increased cycle times and interruptions in the production process are directly related to inefficient 
production line performance caused by machine downtime. These findings emphasize the critical 
importance of addressing and minimizing machine downtime to maintain production line efficiency, 
ensuring the production targets are met. 

 
4. Conclusions 

 
In conclusion, this research has successfully developed an approach to process cycle time 

measurement systems with sensor applications for production line monitoring. The proposed 
system, equipped with infrared sensors and microcontrollers, enables real-time measurement of 
process cycle times and facilitates data analysis. Three distinct case studies, encompassing balanced 
production lines, unbalanced production lines and production lines with machine downtime, were 
conducted to assess production line performance and efficiency. The results of the case studies 
indicate that the proposed system accurately captures process cycle times according to the specific 
setup conditions, as evident from the analysis of the exported Excel data. However, there is room for 
future improvements for the proposed system, including the analysis of line balancing graphs within 
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the LabVIEW GUI system for users to view the production situation in real-time. Moreover, there is 
potential for the integration of human data in future, such as heart rate and brain activity, to evaluate 
worker performance, safety and health status, which can typically affect the process cycle time of 
production. As part of this integration, a feedback mechanism can be included to promptly alert if 
any issues arise in the production process, enhancing the intelligence of the monitoring system. 

 
Acknowledgement 
This research was supported by Universiti Tun Hussein Onn Malaysia (UTHM) through Tier 1 (vot 
Q520). 
 
References 
[1] Prime Minister’s Department of Economic Planning Unit. “The Malaysian Economy in Figures (Economic Planning 

Unit),” (2022): 80. https://www.epu.gov.my/sites/default/files/2022-08/MEIF2022.pdf  
[2] Department of Statistics Malaysia, Annual Economic Statistics. “2022 (Manufacturing).” (2023). 

www.dosm.gov.my  
[3] Palomba, Ilaria, Luca Gualtieri, Rafael Rojas, Erwin Rauch, Renato Vidoni and Andrea Ghedin. "Mechatronic re-

design of a manual assembly workstation into a collaborative one for wire harness assemblies." Robotics 10, no. 1 
(2021): 43. https://doi.org/10.3390/robotics10010043 

[4] Yusof, Nurul Hannah Mohd, Nurul Adilla Mohd Subha, Nurulaqilla Khamis and Norikhwan Hamzah. "Named Entity 
Recognition of an Oversampled and Preprocessed Manufacturing Data Corpus." Journal of Advanced Research in 
Applied Sciences and Engineering Technology 36, no. 1 (2023): 203-216. 
https://doi.org/10.37934/araset.36.1.203216 

[5] Snatkin, Aleksei, Tanel Eiskop, Kristo Karjust and Jüri Majak. "Production monitoring system development and 
modification." Proceedings of the Estonian Academy of Sciences 64, no. 4 (2015): 567. 
https://doi.org/10.3176/proc.2015.4S.04 

[6] Manaye, Mengistu. "Line balancing techniques for productivity improvement." International Journal of Mechanical 
and Industrial Technology 7, no. 1 (2019): 89-104. 

[7] Aikhuele, Daniel Osezua and Faiz Mohd Turan. "Proposal for a conceptual model for evaluating lean product 
development performance: a study of LPD enablers in manufacturing companies." In IOP Conference Series: 
materials science and engineering, vol. 114, no. 1, p. 012047. IOP Publishing, 2016. https://doi.org/10.1088/1757-
899X/114/1/012047 

[8] Turan, Faiz Mohd and Kartina Johan. "Assessing sustainability framework of automotive-related industry in the 
Malaysia context based on GPM P5 standard." ARPN Journal of Engineering and Applied Sciences 11, no. 12 (2016): 
7606-7611. 

[9] Turan, Faiz Mohd, Kartina Johan and Nik Hisyamudin Muhd Nor. "Criteria assessment model for sustainable 
product development." In IOP Conference Series: Materials Science and Engineering, vol. 160, no. 1, p. 012004. IOP 
Publishing, 2016. https://doi.org/10.1088/1757-899X/160/1/012004 

[10] Aikhuele, Daniel Osezua and Faiz Mohd Turan. "A hybrid fuzzy model for lean product development performance 
measurement." In IOP Conference Series: Materials Science and Engineering, vol. 114, no. 1, p. 012048. IOP 
Publishing, 2016. https://doi.org/10.1088/1757-899X/114/1/012048 

[11] Aikhuele, Daniel O., Faiz M. Turan, S. M. Odofin and Richard H. Ansah. "Interval-valued intuitionistic fuzzy TOPSIS-
based model for troubleshooting marine diesel engine auxiliary system." International Journal of Maritime 
Engineering 159, no. A1 (2017). https://doi.org/10.3940/rina.ijme.2016.a1.402 

[12] Islam, Md Shahidul and Shamsuddin Ahmed. "Work Standardization in Lean Manufacturing for Improvement of 
Production Line Performance in SME." Malaysian Journal on Composites Science and Manufacturing 13, no. 1 
(2024): 68-81. https://doi.org/10.37934/mjcsm.13.1.6881 

[13] Letchumanan, L. Thiruvarasu, Noordin Mohd Yusof, Hamed Gholami and Nor Hasrul Akhmal Bin Ngadiman. "Green 
Lean Six Sigma: A Review." Journal of Advanced Research in Technology and Innovation Management 1, no. 1 
(2021): 33-40. 

[14] Sridhar, Sudharsan and Balthilak Anandaraj. "Balancing of production line in a bearing industry to improve 
productivity." The Hilltop Review 9, no. 2 (2017): 10. 

[15] Rathod, Balaji, Prasad Shinde, Darshan Raut and Govind Waghmare. "Optimization of Cycle Time by Lean 
Manufacturing Techniques Line Balancing Approach." International Journal For Research In Applied Science & 
EngineeringTechnology 4 (2016). 

https://www.epu.gov.my/sites/default/files/2022-08/MEIF2022.pdf
http://www.dosm.gov.my/
https://doi.org/10.3390/robotics10010043
https://doi.org/10.37934/araset.36.1.203216
https://doi.org/10.3176/proc.2015.4S.04
https://doi.org/10.1088/1757-899X/114/1/012047
https://doi.org/10.1088/1757-899X/114/1/012047
https://doi.org/10.1088/1757-899X/160/1/012004
https://doi.org/10.1088/1757-899X/114/1/012048
https://doi.org/10.3940/rina.ijme.2016.a1.402
https://doi.org/10.37934/mjcsm.13.1.6881


Journal of Advanced Research Design 

Volume 123, Issue 1 (2024) 170-185 

184 
 

[16] Aikhuele, Daniel and Faiz Turan. "An intuitionistic fuzzy multi-criteria decision-making method based on an 
exponential-related function." International Journal of Fuzzy System Applications (IJFSA) 6, no. 4 (2017): 33-46. 
https://doi.org/10.4018/IJFSA.2017100103 

[17] Ahmad, Aida Husna, Shahrul Azmir Osman, Saliza Azlina Osman, Mohd Faris Afiq Mohd Azhar, Mohd Hazrein 
Jamaludin, Haziq Asyraaf Abu Bakar, Muhammad Izzuan Abd Rahman and Tay Sin Kiat. "A Comprehensive Review: 
Analysing the Pros and Cons of Assembly Line Balancing Methods." Journal of Advanced Research in Applied 
Sciences and Engineering Technology 44, no. 2 (2025): 72-88. https://doi.org/10.37934/araset.44.2.7288 

[18] Rahul Patni. “Estimating The Cycle Time And Cycle Time Reduction Across The Assembly Line Production,” 
International Journal of Innovative Research in Technology, vol. 2, no. 7, (2015): 484–490. 

[19] Taifa, Ismail and Tosifbhai Vhora. "Cycle time reduction for productivity improvement in the manufacturing 
industry." Journal of Industrial Engineering and Management Studies 6, no. 2 (2019): 147-164. 

[20] Aikhuele, Daniel O. and Faiz M. Turan. "A modified exponential score function for troubleshooting an improved 
locally made Offshore Patrol Boat engine." Journal of Marine Engineering & Technology 17, no. 1 (2018): 52-58. 
https://doi.org/10.1080/20464177.2017.1286841 

[21] Selamat, Siti Norhana, Nik Hisyamudin Muhd Nor, Muhammad Hanif Abdul Rashid, Mohd Fauzi Ahmad, Fariza 
Mohamad, Mohd Fahrul Hassan, Faiz Mohd Turan, Mohd Zamzuri Mohd Zain, Elmi Abu Bakar and Yokoyama Seiji. 
"Review of CO2 reduction technologies using mineral carbonation of iron and steel making slag in Malaysia." 
In Journal of Physics: Conference Series, vol. 914, no. 1, p. 012012. IOP Publishing, 2017. 
https://doi.org/10.1088/1742-6596/914/1/012012 

[22] Prime Minister’s Department of Economic Planning Unit. “National Fourth Industrial Revolution (4IR) Policy.” no. 
1. (2018). https://www.ekonomi.gov.my/sites/default/files/2021-07/National-4IR-Policy.pdf  

[23] Razak, Hanim Abdul, Rozita Abidin, Hazura Haroon, Anis Suhaila Mohd Zain, Fauziyah Salehuddin, Siti Khadijah Idris 
and Muhamad Fuad Abdul Karim. "Real-time monitoring of waste management." Journal of Advanced Research in 
Computing and Applications 8, no. 1 (2017): 1-7. 

[24] Ong, Siew Har, Sai Xin Ni and Ho Li Vern. "Dimensions Affecting Consumer Acceptance towards Artificial 
Intelligence (AI) Service in the Food and Beverage Industry in Klang Valley." Semarak International Journal of 
Machine Learning 1, no. 1 (2024): 20-30. https://doi.org/10.37934/sijml.1.1.2030 

[25] Womack, James P. and Daniel T. Jones. "Lean thinking—banish waste and create wealth in your 
corporation." Journal of the operational research society 48, no. 11 (1997): 1148-1148. 
https://doi.org/10.1038/sj.jors.2600967 

[26] Qassim, Osama, Jose Arturo Garza-Reyes, Ming K. Lim and Vikas Kumar. "Integrating value stream mapping and 
PDCA to improve the operations of a pharmaceutical organisation in Pakistan." In 23rd International Conference 
for Production Research, ICPR. 2015. 

[27] Turpin Jr, Lonnie. "A note on understanding cycle time." International Journal of Production Economics 205 (2018): 
113-117. https://doi.org/10.1016/j.ijpe.2018.09.004 

[28] Shanmuganathan, Tejasvini and Faizir Ramlie. "Production Line Monitoring using Mahalanobis-Taguchi System in 
Rubber-Based Product Industry." Semarak Engineering Journal 4, no. 1 (2024): 1-17. 

[29] Chulakit, Saranjuu, Amirul Syafiq Sadun, Nor Anija Jalaludin, Jamaludin Jalani, Suziana Ahmad, Muhammad Haziq 
Md Hanapi and Nur Aminah Sabarudin. "A Centralized IOT-Based Process Cycle Time Monitoring System for Line 
Balancing Study." Journal of Advanced Research in Applied Mechanics 105, no. 1 (2023): 58-67. 
https://doi.org/10.37934/aram.105.1.5867 

[30] Chen, Yu-Qiang, Biao Zhou, Mingming Zhang and Chien-Ming Chen. "Using IoT technology for computer-integrated 
manufacturing systems in the semiconductor industry." Applied Soft Computing 89 (2020): 106065. 
https://doi.org/10.1016/j.asoc.2020.106065 

[31] Wu, Fang, Zhonghua Miao and Chuangxin He. "Remote monitoring system for intelligent slaughter production line 
based on internet of things and cloud platform." In 2020 11th International Conference on Prognostics and System 
Health Management (PHM-2020 Jinan), pp. 538-542. IEEE, 2020. https://doi.org/10.1109/PHM-
Jinan48558.2020.00104 

[32] Abdurrahman, Arif Haidar, Mukhammad Ramdlan Kirom and Asep Suhendi. "Biogas production volume 
measurement and internet of things based monitoring system." In 2020 IEEE International Conference on 
Communication, Networks and Satellite (Comnetsat), pp. 213-217. IEEE, 2020. 
https://doi.org/10.1109/Comnetsat50391.2020.9328948 

[33] Sang, Ng Chi, Yee Wai Lok and Ray Y. Zhong. "A big data approach for worker’s performance evaluation in IoT-
enabled manufacturing shopfloors." Procedia CIRP 104 (2021): 271-275. 
https://doi.org/10.1016/j.procir.2021.11.046 

https://doi.org/10.4018/IJFSA.2017100103
https://doi.org/10.37934/araset.44.2.7288
https://doi.org/10.1080/20464177.2017.1286841
https://doi.org/10.1088/1742-6596/914/1/012012
https://www.ekonomi.gov.my/sites/default/files/2021-07/National-4IR-Policy.pdf
https://doi.org/10.37934/sijml.1.1.2030
https://doi.org/10.1038/sj.jors.2600967
https://doi.org/10.1016/j.ijpe.2018.09.004
https://doi.org/10.37934/aram.105.1.5867
https://doi.org/10.1016/j.asoc.2020.106065
https://doi.org/10.1109/PHM-Jinan48558.2020.00104
https://doi.org/10.1109/PHM-Jinan48558.2020.00104
https://doi.org/10.1109/Comnetsat50391.2020.9328948
https://doi.org/10.1016/j.procir.2021.11.046


Journal of Advanced Research Design 

Volume 123, Issue 1 (2024) 170-185 

185 
 

[34] Budiyarto, Aris, Gun Gun Maulana, Wahyudi Purnomo and Kun Aldi. "Implementation Of Modul box For Production 
Monitoring System." In 2021 3rd International Symposium on Material and Electrical Engineering Conference 
(ISMEE), pp. 131-136. IEEE, 2021. https://doi.org/10.1109/ISMEE54273.2021.9774250 

[35] Zhiyuan, Zhang and Liu Mingxin. "Remote monitoring system of automatic production line based on Internet of 
Things." In 2021 IEEE International Conference on Power, Intelligent Computing and Systems (ICPICS), pp. 635-639. 
IEEE, 2021. https://doi.org/10.1109/ICPICS52425.2021.9524142 

[36] Tarigan, Masmur, Yaya Heryadi, Antoni Wibowo and Wayan Suparta. "The Internet of Things: Real-Time 
Monitoring System for Production Machine." In 2021 IEEE 5th International Conference on Information Technology, 
Information Systems and Electrical Engineering (ICITISEE), pp. 89-94. IEEE, 2021. 
https://doi.org/10.1109/ICITISEE53823.2021.9655968 

[37] Zhang, Zhishu, Jianfeng Lu, Luyao Xia, Hao Zhang, Yan Wang and Lin Qian. "Design of workshop visual production 
monitoring system based on UWB localization." In 2021 IEEE 5th Advanced Information Technology, Electronic and 
Automation Control Conference (IAEAC), vol. 5, pp. 924-929. IEEE, 2021. 
https://doi.org/10.1109/IAEAC50856.2021.9390869 

[38] Wolf, Matthias, Marvin Rantschl, E. Auberger, Heimo Preising andrea Sbaragli, Francesco Pilati and Christian 
Ramsauer. "Real time locating systems for human centered production planning and monitoring." IFAC-
PapersOnLine 55, no. 2 (2022): 366-371. https://doi.org/10.1016/j.ifacol.2022.04.221 

[39] Rodrigues, Daniel, Paulo Carvalho, Solange Rito Lima, Emanuel Lima and Nuno Vasco Lopes. "An IoT platform for 
production monitoring in the aerospace manufacturing industry." Journal of Cleaner Production 368 (2022): 
133264. https://doi.org/10.1016/j.jclepro.2022.133264 

 
 
 

https://doi.org/10.1109/ISMEE54273.2021.9774250
https://doi.org/10.1109/ICPICS52425.2021.9524142
https://doi.org/10.1109/ICITISEE53823.2021.9655968
https://doi.org/10.1109/IAEAC50856.2021.9390869
https://doi.org/10.1016/j.ifacol.2022.04.221
https://doi.org/10.1016/j.jclepro.2022.133264

