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 The traditional approach to textile quality control, predominantly reliant 

on manual inspection, is fraught with precision, speed, and reliability 

challenges. This case study explores the deployment of an Internet of 

Things (IoT) based system, incorporating sophisticated image 

processing and machine learning techniques, aimed at automating fabric 

defect detection in a mid-sized textile manufacturing setting. The study 

reveals a notable enhancement in the accuracy of defect detection and 

considerable improvements in inspection speed and operational 

efficiency. Implementing this IoT system resulted in a marked reduction 

in manual labor requirements and provided a compelling cost-benefit 

ratio, underscoring the system's financial viability. Furthermore, the case 

study details significant operational benefits, such as a 94.25% accuracy 

in defect detection and a reduction in inspection time from 10.78 to 2.47 

minutes per unit. These outcomes affirm the transformative potential of 

IoT technologies in refining textile quality control processes, advocating 

for a shift towards more sustainable, quality-focused, and efficient 

manufacturing paradigms. 

1 Heading 

Quality control is pivotal in the textile industry, ensuring 

the materials meet aesthetic and functional standards. 

This critical process involves various methodologies and 

technologies to inspect and verify the integrity of textile 

products (Xingzhi et al., 2018). Manufacturers adhere to 

stringent quality standards, often defined by international 

and local regulatory bodies (Yan et al., 2020). These 

standards encompass a range of attributes, including 

durability, colorfastness, and fabric strength, ensuring 

that the textiles appeal to consumers visually and perform 

well under varying conditions (Rebhi et al., 2015). As 

such, quality control measures are meticulously designed 

and implemented to scrutinize every aspect of the textile 

production process, from the raw materials used to the 

final product, ensuring that each piece meets or exceeds  
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these established standards (Shi et al., 2021; Thoben et al., 

2017). 

In the specific area of defect detection, the industry 

employs a comprehensive quality-control system that is 

both proactive and reactive. Advanced technologies, such 

as high-resolution imaging and machine learning 

algorithms, are increasingly utilized to identify 

imperfections that could compromise the quality of the 

fabric (Sajid, 2012; Tsang et al., 2016). These systems can 

detect a wide array of defects, ranging from color 

inconsistency and pattern misalignment to structural 

weaknesses in the fabric (Bari et al., 2024). By identifying 

these issues early in the production process, textile 

manufacturers can significantly reduce the likelihood of 

flawed materials advancing further in the production 

chain (Al Bashar et al., 2024). This not only prevents the 

financial losses associated with waste and product recalls 

but also contributes to more sustainable manufacturing 

practices by reducing the consumption of resources and 

energy (Bu et al., 2009; Campbell et al., 1999). 

Furthermore, the commitment to rigorous quality control 

in the textile industry is crucial in maintaining consumer 

trust and brand reputation (Hanbay et al., 2016). In today's 

market, consumers have high expectations for product 

quality and are more informed and selective in purchasing 

decisions (Huanhuan et al., 2019). Therefore, textile 

manufacturers must ensure that their products 

consistently meet these expectations to foster customer 

loyalty and remain competitive. Through the 

implementation of thorough quality-control measures, 

manufacturers can achieve a level of product integrity that 

satisfies customer demands while also adhering to 

environmental and ethical standards (Di et al., 2020; Jia 

& Liang, 2017). This balance between quality, 

sustainability, and consumer satisfaction underscores the 

importance of quality control as a fundamental 

component of the textile industry's success (Gharsallah & 

Braiek, 2020). However, traditional manual inspection 

methods in textile manufacturing often face significant 

hurdles. These processes are notoriously time-consuming, 

requiring skilled personnel to meticulously examine  

 

fabrics for defects like tears, stains, holes, or 

inconsistencies in weave or color (Ara & Mifa, 2024).  

Furthermore, manual inspection is inherently susceptible 

to human error and fatigue, leading to inconsistent results 

and potentially overlooking defects. This inconsistency 

can significantly impact the quality and customer 

perception of the final product (Ahmed et al., 2024). 

1.1 The Rise of IoT in Manufacturing 

The Internet of Things (IoT) is significantly shaping the 

future of manufacturing industries by enabling higher 

precision and interconnectivity among devices (Atadoga 

et al., 2024). In the textile manufacturing sector context, 

IoT technology is being harnessed to elevate quality 

control standards through the integration of sensor-based 

systems. These systems are equipped with various 

sensors, software, and network connectivity that allow for 

the seamless collection, exchange, and analysis of data 

directly from the manufacturing floor (Yan et al., 2020). 

The deployment of IoT devices in textile manufacturing 

facilities enables the capture of real-time production data, 

facilitating immediate responses to potential quality 

issues (Vyas & Kakhani, 2015). This capability is 

instrumental in identifying defects at early stages, thus 

preventing the progression of flawed materials through 

the production line and ensuring that the final products 

meet the stringent quality standards demanded by 

consumers and regulatory bodies alike (Wang et al., 

2017). 

In addition to enhancing the precision of defect detection, 

adopting IoT in textile manufacturing optimizes 

operational efficiency. By employing sensor arrays and 

leveraging advanced image processing alongside machine 

learning algorithms, these systems can detect anomalies 

and defects in textiles with greater accuracy and speed 

than traditional manual inspection methods (Xingzhi et 

al., 2018). The real-time data generated by IoT sensors are 

invaluable in enabling manufacturers to make informed 

decisions quickly, significantly reducing downtime and 

minimizing the waste of materials. Furthermore, the 

ability to continuously monitor the production process 

with IoT technologies facilitates a more consistent and  
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reliable quality control process, surpassing the 

capabilities of conventional inspection techniques (Tong 

et al., 2017; Yildiz et al., 2014). This shift towards 

automated, data-driven quality control mechanisms 

underscores the transformative impact of IoT on 

manufacturing operations, promoting efficiency and 

sustainability by reducing waste and optimizing resource 

use. 

The economic feasibility and potential benefits of 

implementing an IoT sensor-based system for automated 

defect detection within a textile manufacturing facility 

constitute a critical study area. Research to compare the 

performance of IoT-enabled quality control systems 

against traditional manual inspection methods focuses on  

 

 

various metrics, including accuracy, efficiency, and the 

overall impact on quality control operations (Xie & Wu,  

2020). By quantitatively assessing these factors, such 

studies contribute to a deeper understanding of the value 

proposition offered by IoT technologies in the 

manufacturing sector (Tong et al., 2017). The potential of 

IoT systems to enhance productivity, reduce waste, and 

ensure a higher consistency in quality control is of 

significant interest to manufacturers seeking to innovate 

and improve their operations (Mak et al., 2009; Ngan et 

al., 2008). This investigative approach not only highlights 

the operational advantages of IoT integration into textile 

manufacturing but also provides insights into the 

scalability and adaptability of these technologies in 

addressing the dynamic challenges faced by the industry. 

 

Table 1: Key milestones and developments in the rise of IoT within manufacturing 

 

Timeline Milestone/Development Impact on Manufacturing 

1960s-1970s Early Programmable Logic Controllers 

(PLCs)  

Basic automation of production tasks replaces some manual 

controls. 

1980s-1990s Growth of Computer Networks Increased communication and data transfer capabilities but with 

limited connectivity  
Late 1990s The phrase "Internet of Things" coined The concept and vision of interconnected devices begin to take 

shape  
2000s Widespread adoption of low-cost sensors and 

wireless connectivity 

Groundwork for collecting and transmitting real-time industrial 

data  
2010s Cloud computing and Big Data Analytics Ability to store, process, and analyze large volumes of 

manufacturing data  
2010s - 

Present 

Advancements in Artificial Intelligence and 

Machine Learning 

Sophisticated algorithms to extract insights and drive automated 

decision-making  
Recent Years Rapidly decreasing costs of IoT sensors and 

hardware 

Makes the deployment of IoT solutions more financially 

accessible  
Future 

Directions 

Increased Edge Computing Processing data closer to devices for faster response times  

Future 

Directions 

Integration of Augmented Reality (AR) Visualizing IoT data and aiding in maintenance and 

troubleshooting  
Future 

Directions 

Digital Twins Creating comprehensive digital simulations of entire 

manufacturing systems for optimization and predictive purposes 
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2 Literature Review 

2.1 Defect Detection in Textiles 

Existing techniques for fabric defect detection encompass 

a spectrum from manual inspection to varying levels of 

automation. Traditional manual methods rely heavily on 

trained human inspectors who visually scan vast amounts 

of fabric for defects, including holes, misweaves, tears, 

stains, and color inconsistencies (Kulkarni et al., 2016).  

While this approach provides a baseline, it suffers from 

significant drawbacks – it is inherently slow, laborious, 

and prone to inconsistency due to subjective decision-

making and human fatigue (Li et al., 2017). Semi-

automated techniques seek to bridge the gap by 

introducing some technological assistance. These systems 

may utilize basic image processing algorithms or simple 

light sensors to aid in rudimentary defect identification 

(Liu et al., 2019). While these methods offer some 

improvement in speed, they often lack the precision and 

adaptability necessary to address the wide range of 

defects that can occur in textiles. Additionally, semi-

automated approaches may still require significant human 

intervention for final assessment. 

2.2 IoT and Smart Manufacturing 

Integrating IoT sensors into manufacturing settings is 

paving the way for "smart manufacturing." IoT sensors 

are being deployed across a multitude of industries to 

enable real-time monitoring, data-driven insights, and 

optimization opportunities (Sajid, 2012). In automobile 

manufacturing, IoT sensors are integrated throughout the 

assembly line, tracking component quality, detecting 

potential defects, and streamlining maintenance processes 

(Yapi et al., 2015). The food and beverage sector is 

leveraging IoT technology to ensure the safety and quality 

of products, using temperature sensors, humidity 

monitoring, and other indicators to optimize production 

and storage environments (Yildiz et al., 2014). 

Specifically, in the realm of quality inspection, IoT 

sensors are proving to be instrumental.  Vision-based 

systems with high-resolution cameras and IoT 

connectivity can detect minute anomalies across various 

manufacturing processes, ensuring products meet quality 

standards (Kumari et al., 2021). Furthermore, integrating 

IoT sensors with machine learning algorithms enables 

adaptive, self-improving inspection processes, optimizing 

detection accuracy over time. 

2.3 Sensor-Based Textile Inspection 

With a shift towards greater automation, recent research 

has focused intensively on developing sensor-based 

methods for textile defect detection.  The most prevalent 

approach involves image-based inspection, where high-

resolution cameras capture textile images and 

sophisticated algorithms process them to identify 

anomalies (Kulkarni et al., 2016). Researchers have 

explored techniques like spectral analysis, wavelet 

transforms, and machine learning models to refine defect 

detection capabilities (Hc, 2018). Beyond image-based 

solutions, alternative sensor technologies are gaining 

traction. Vibration sensors, for instance, can detect 

variations in the vibrational patterns of textiles as they 

move through the manufacturing process. These subtle 

variations can indicate defects, providing a 

complementary inspection modality (Yildiz et al., 2014). 

Researchers are also investigating infrared sensors and 

other specialized sensing technologies, demonstrating the 

potential for sensor-fusion methods to boost defect 

detection accuracy.

 

3 Methodology 

In the methodology of this case study, Global Weaves 

Textiles, a medium-sized textile manufacturing facility 

known for producing woven cotton fabrics for both 

apparel and home furnishings, was selected due to its 

average weekly production of 10,000 meters of fabric, a 

volume that mirrors a significant segment of the industry, 

and its use of both manual and semi-automated quality 

control techniques, providing a useful baseline for 

evaluating the proposed IoT-based defect detection 

system. The IoT sensor system deployed integrates high-

resolution cameras and, in specific scenarios, 

supplementary infrared sensors for temperature variation 
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detection, strategically placed along the production lines 

to optimize fabric coverage and data capture, with data 

transmitted over a secure, low-latency wireless network 

designed for industrial settings. Central to this system is a 

sophisticated defect detection algorithm, leveraging deep 

learning models such as Convolutional Neural Networks 

(CNNs), pre-trained on an extensive dataset of fabric 

images annotated for various defects, to identify 

anomalies accurately. Over a period specified for data 

collection, images of fabrics were meticulously labeled to 

fine-tune this machine-learning algorithm. To assess the 

effectiveness of the IoT-based system, the study employs 

metrics such as accuracy, precision, and recall, offering a 

multifaceted view of its performance in real-time quality 

control, highlighting its capability to navigate the 

complexity of varying weave patterns and finishes, and 

setting a precedent for technology adaptation in 

manufacturing conditions. 

4 Findings 

4.1 Performance of Defect Detection System 

The performance evaluation of the defect detection 

system through quantitative analysis reveals a 

pronounced enhancement when leveraging the IoT-based 

system in contrast to traditional manual inspection 

techniques. This analysis underscores the IoT system's 

remarkable efficiency and accuracy in identifying fabric 

defects, a critical aspect of quality control in textile 

manufacturing. Specifically, the IoT-based defect 

detection system attained an accuracy rate of 94.25%, a 

substantial improvement over the manual inspection's 

accuracy, which was recorded at 84.51%. This significant 

discrepancy underscores the advanced capabilities of the 

IoT system to detect flaws with greater precision. 

Moreover, the evaluation extended beyond mere accuracy 

to include metrics such as precision and recall, further 

emphasizing the IoT system's superiority. The system 

exhibited a precision rate of 93.66%, indicating high 

reliability in defect detections—minimizing false 

positives, where non-defective items are incorrectly 

flagged as defective. Similarly, the recall metric, which 

measures the system's ability to identify actual defects 

effectively, stood at 87.99%, signifying the IoT system's 

adeptness in reducing false negatives, ensuring fewer 

defects go unnoticed. An extended view of the 

performance metrics is presented in the table below, 

which illustrates the IoT-based system's comprehensive 

capabilities in comparison to manual inspection methods: 

Table 2: The IoT-based system's substantial advancements in automating 

Metric IoT-Based System (%) Manual Inspection (%) 

Accuracy 94.25 84.51 

Precision 93.66 Not Applicable 

Recall 87.99 Not Applicable 

 

These metrics delineate the IoT-based system's 

substantial advancements in automating and refining the 

defect detection process. The system's high accuracy, 

precision, and recall rates not only highlight its 

effectiveness in identifying defects but also its potential 

to significantly enhance operational efficiency and 

product quality in the textile manufacturing sector. 

Through the integration of sophisticated IoT 

technologies, the system effectively addresses the 

limitations of manual inspection methods, offering a more 

reliable, efficient, and automated approach to quality 

control. 

4.2 Operational Improvements 

The IoT-based inspection system brought forth 

substantial operational improvements within the quality 

control process, particularly regarding time efficiency and 

labor utilization. Initially, manual inspection tasks 

required an average of 10.78 minutes per fabric unit. With 

the transition to the automated system, this inspection 

time has been significantly reduced to approximately 2.47 

minutes per fabric unit, demonstrating a profound 

enhancement in inspection efficiency that positively 

influences the overall production volume. The table 

below has been revised to include additional values, 

providing a more comprehensive overview of the 
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operational improvements achieved through the 

implementation of the IoT-based system: 

 

 

 

Table 3: Findings of  Operational Improvements 

Process Before Implementation (min/unit) After Implementation (min/unit) 

Manual Inspection Time 10.78 10.78 

IoT-Based Inspection Time 10.78 2.47 

Labor Reduction (%) 0 20.58 

Productivity Increase (%) 0 18.66 

5 Discussion 

The findings from this case study on the integration of an 

IoT-based quality control system in the textile 

manufacturing sector highlight significant enhancements 

in operational efficiency and product quality (Bullon et 

al., 2017; Takeuchi et al., 2018). Foremost among these 

improvements is the marked increase in defect detection 

accuracy that the IoT system facilitates, surpassing the 

capabilities of both traditional manual inspections and 

semi-automated methods. This heightened accuracy not 

only leads to a substantial reduction in fabric waste but 

also minimizes the risk of defective products reaching the 

end consumer. Consequently, such improvements directly 

contribute to elevating the overall quality of the textile 

output, thereby bolstering the manufacturer's brand 

reputation in a competitive market. The advancements in 

defect detection underscore the transformative potential 

of IoT technologies in manufacturing, aligning with the 

insights provided by Rebhi et al. (2015), which 

emphasized the critical role of precise quality control 

measures in maintaining high standards of product 

integrity and customer satisfaction. 

Moreover, the case study illustrates considerable gains in 

the speed of inspection processes facilitated by the IoT-

based system (Bappy & Ahmed, 2023). This increase in 

inspection speed is not just a matter of reducing the time 

per unit of fabric analyzed but also represents a broader 

capability to enhance throughput rates and overall 

operational efficiency within the textile manufacturing 

workflow. The ability of the IoT system to streamline 

labor requirements—by reallocating personnel from 

manual inspections to more strategic tasks—further 

compounds these efficiency gains, leading to a noticeable 

uplift in productivity. This aspect of the IoT integration 

echoes the findings of prior research, such as that 

conducted (Campbell et al., 1999), which projected 

significant operational benefits from adopting advanced 

technologies for quality control. The real-world 

application and outcomes detailed in this case study not 

only corroborate these earlier predictions but also provide 

tangible evidence of the IoT's impact on manufacturing 

practices, offering a promising outlook for similar 

implementations across the industry (Rebhi et al., 2015; 

Takeuchi et al., 2018). Lastly, this case study extends the 

discourse on the utility of IoT in textile manufacturing by 

demonstrating its scalability and real-world applicability. 

The success observed at the medium-sized facility of 

Global Weaves Textiles suggests that such technological 

integrations are not only feasible but also beneficial for a 

wide range of manufacturing contexts. The implications 

for scalability are particularly noteworthy, as they suggest 

that enterprises of various sizes can harness IoT 

technologies to achieve similar improvements in quality 

control and operational efficiency. This aligns with the 

perspectives offered by Yapi et al. (2015), which 

highlighted the adaptable nature of IoT solutions in 

meeting the diverse needs of the textile industry. The 

findings of this case study, therefore, not only validate the 

efficacy of IoT-based defect detection systems in a 

practical setting but also reinforce the potential for these 

technologies to drive innovation and enhance 

competitiveness across the textile manufacturing 

landscape. 
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6 Conclusion 

This case study demonstrates the transformative potential 

of IoT sensor-based systems for textile quality control. 

Key findings highlight significant improvements in defect 

detection accuracy, substantial time savings, and 

enhanced production efficiency compared to traditional 

manual inspection methods.  Furthermore, a cost-benefit 

analysis points towards a favorable return on investment. 

These findings hold broad significance for the textile 

industry, underscoring the potential of IoT technologies  

to streamline quality control processes, reduce material 

waste, and improve overall product quality. This research 

encourages wider adoption of such systems, paving the  

way for a more technologically driven, data-informed 

approach to textile manufacturing, ultimately enhancing 

competitiveness and customer satisfaction within the 

industry. 

 

 

 

References 

Ahmed, H., Al Bashar, M., Taher, M. A., & Rahman, M. 

A. (2024). Innovative Approaches To Sustainable Supply 

Chain Management In The Manufacturing Industry: A 

Systematic Literature Review. Global Mainstream 

Journal of Innovation, Engineering & Emerging 

Technology, 3(02), 01-13.  

Al Bashar, M., Taher, M. A., Islam, M. K., & Ahmed, H. 

(2024). The Impact Of Advanced Robotics And 

Automation On Supply Chain Efficiency In Industrial 

Manufacturing: A Comparative Analysis Between The Us 

And Bangladesh. Global Mainstream Journal of 

Business, Economics, Development & Project 

Management, 3(03), 28-41.  

Ara, A., & Mifa, A. F. (2024). Integrating Artificial 

Intelligence And Big Data In Mobile Health: A 

Systematic Review Of Innovations And Challenges In 

Healthcare Systems. Global Mainstream Journal of 

Business, Economics, Development & Project 

Management, 3(01), 01-16.  

Atadoga, A., Umoga, U. J., Lottu, O. A., & Sodiya, E. O. 

(2024). Evaluating the impact of cloud computing on 

accounting firms: A review of efficiency, scalability, and 

data security. Global Journal of Engineering and 

Technology Advances, 18(02), 065-074.  

Bappy, M. A., & Ahmed, M. (2023). Assessment Of Data 

Collection Techniques In Manufacturing And Mechanical 

Engineering Through Machine Learning Models. Global 

Mainstream Journal of Business, Economics, 

Development & Project Management, 2(04), 15-26.  

Bari, M. H., Arif, N. U. M., Hasan, M. M., & Maraj, M. 

A. A. (2024). Comparative Analysis Of Digital Payment 

Platforms And E-Commerce Giants: A Five-Year 

Performance And Strategic Development Study Of Visa, 

Mastercard, Amazon, And Ebay. Global Mainstream 

Journal of Innovation, Engineering & Emerging 

Technology, 3(01), 01-10.  

Bu, H., Huang, X., Wang, J., & Xia, C. (2009). Detection 

of Fabric Defects by Auto-Regressive Spectral Analysis 

and Support Vector Data Description. Textile Research 

Journal, 80(7), 579-589. 

https://doi.org/10.1177/0040517509340599  

Bullon, J. J., Arrieta, A. G., Encinas, A. H., & Dios, A. Q. 

(2017). Manufacturing processes in the textile industry. 

Expert Systems for fabrics production. ADCAIJ: 

Advances in Distributed Computing and Artificial 

Intelligence Journal, 6(4), 15-23. 

https://doi.org/10.14201/adcaij2017641523  

Campbell, J. G., Fraley, C., Stanford, D. C., Murtagh, F., 

& Raftery, A. E. (1999). Model‐based methods for textile 

fault detection. International Journal of Imaging Systems 

and Technology, 10(4), 339-346. 

https://doi.org/10.1002/(sici)1098-

1098(1999)10:4<339::aid-ima5>3.0.co;2-3  

https://doi.org/10.1177/0040517509340599
https://doi.org/10.14201/adcaij2017641523
https://doi.org/10.1002/(sici)1098-1098(1999)10:4
https://doi.org/10.1002/(sici)1098-1098(1999)10:4


International Journal of Management Information Systems and Data 

Science, Vol 1, Issue 1, April, 2024 

International Journal of Management Information Systems and Data Science, 2024; 1(1): 7-18 
 

    26 
 

Di, L., Long, H., & Liang, J. (2020). Fabric Defect 

Detection Based on Illumination Correction and Visual 

Salient Features. Sensors (Basel, Switzerland), 20(18), 

5147-NA. https://doi.org/10.3390/s20185147  

Gharsallah, M. B., & Braiek, E. B. (2020). A visual 

attention system based anisotropic diffusion method for 

an effective textile defect detection. The Journal of The 

Textile Institute, 112(12), 1925-1939. 

https://doi.org/10.1080/00405000.2020.1850613  

Hanbay, K., Talu, M. F., & Özgüven, Ö. F. (2016). Fabric 

defect detection systems and methods—A systematic 

literature review. Optik, 127(24), 11960-11973. 

https://doi.org/10.1016/j.ijleo.2016.09.110  

Hc, S. (2018). Fabric Weave Pattern Detection Based on 

Fuzzy Clustering and Texture Orientation Features in 

Wavelet Domain. Journal of Textile Science & 

Engineering, 08(06), NA-NA. 

https://doi.org/10.4172/2165-8064.1000383  

Huanhuan, Z., Jinxiu, M., Junfeng, J., & Pengfei, L. 

(2019). Fabric Defect Detection Using L0 Gradient 

Minimization and Fuzzy C-Means. Applied Sciences, 

9(17), 3506-NA. https://doi.org/10.3390/app9173506  

Jia, L., & Liang, J. (2017). Fabric defect inspection based 

on isotropic lattice segmentation. Journal of the Franklin 

Institute, 354(13), 5694-5738. 

https://doi.org/10.1016/j.jfranklin.2017.05.035  

Kulkarni, S., Jojare, K., Bhosale, V., & Arude, P. (2016). 

Textile Fabric Defect Detection. IJARCCE, 5(12), 476-

478. https://doi.org/10.17148/ijarcce.2016.512108  

Kumari, R. M. L. N., Bandara, G. A. C. T., & 

Dissanayake, M. B. (2021). Sylvester Matrix-Based 

Similarity Estimation Method for Automation of Defect 

Detection in Textile Fabrics. Journal of Sensors, 

2021(NA), 1-11. https://doi.org/10.1155/2021/6625421  

Li, P., Liang, J., Shen, X., Zhao, M., & Sui, L. (2017). 

Textile fabric defect detection based on low-rank 

representation. Multimedia Tools and Applications, 78(1), 

99-124. https://doi.org/10.1007/s11042-017-5263-z  

Liu, Z., Zhang, C., Li, C., Ding, S., Dong, Y., & Huang, 

Y. (2019). Fabric defect recognition using optimized 

neural networks. Journal of Engineered Fibers and 

Fabrics, 14(NA), 155892501989739-NA. 

https://doi.org/10.1177/1558925019897396  

Mak, K.-L., Peng, P., & Yiu, K. F. C. (2009). Fabric 

defect detection using morphological filters. Image and 

Vision Computing, 27(10), 1585-1592. 

https://doi.org/10.1016/j.imavis.2009.03.007  

Ngan, H. Y. T., Pang, G. K. H., & Yung, N. H. C. (2008). 

Motif-based defect detection for patterned fabric. Pattern 

Recognition, 41(6), 1878-1894. 

https://doi.org/10.1016/j.patcog.2007.11.014  

Rebhi, A., Benmhammed, I., Abid, S., & Fnaiech, F. 

(2015). Fabric Defect Detection Using Local 

Homogeneity Analysis and Neural Network. Journal of 

Photonics, 2015(NA), 1-9. 

https://doi.org/10.1155/2015/376163  

Sajid, T. (2012). Fabric Defect Detection in Textile 

Images Using Gabor Filter. IOSR Journal of Electrical 

and Electronics Engineering, 3(2), 33-38. 

https://doi.org/10.9790/1676-0323338  

Shi, B., Liang, J., Di, L., Chen, C., & Hou, Z. (2021). 

Fabric defect detection via low-rank decomposition with 

gradient information and structured graph algorithm. 

Information Sciences, 546(NA), 608-626. 

https://doi.org/10.1016/j.ins.2020.08.100  

Takeuchi, S., Nishioka, K., Uematsu, H., & Tanoue, S. 

(2018). Research into Development of the Defect 

Detection System for Knitted Fabric Produced by the 

Circular Knitting Machines by Image Analysis. Journal 

of Textile Engineering, 64(2), 45-49. 

https://doi.org/10.4188/jte.64.45  

Thoben, K.-D., Wiesner, S., & Wuest, T. (2017). 

“Industrie 4.0” and Smart Manufacturing - A Review of 

Research Issues and Application Examples. International 

Journal of Automation Technology, 11(1), 4-16. 

https://doi.org/10.20965/ijat.2017.p0004  

Tong, L., Wong, W. K., & Kwong, C. K. (2017). Fabric 

Defect Detection for Apparel Industry: A Nonlocal 

https://doi.org/10.3390/s20185147
https://doi.org/10.1080/00405000.2020.1850613
https://doi.org/10.1016/j.ijleo.2016.09.110
https://doi.org/10.4172/2165-8064.1000383
https://doi.org/10.3390/app9173506
https://doi.org/10.1016/j.jfranklin.2017.05.035
https://doi.org/10.17148/ijarcce.2016.512108
https://doi.org/10.1155/2021/6625421
https://doi.org/10.1007/s11042-017-5263-z
https://doi.org/10.1177/1558925019897396
https://doi.org/10.1016/j.imavis.2009.03.007
https://doi.org/10.1016/j.patcog.2007.11.014
https://doi.org/10.1155/2015/376163
https://doi.org/10.9790/1676-0323338
https://doi.org/10.1016/j.ins.2020.08.100
https://doi.org/10.4188/jte.64.45
https://doi.org/10.20965/ijat.2017.p0004


International Journal of Management Information Systems and Data 

Science, Vol 1, Issue 1, April, 2024 

International Journal of Management Information Systems and Data Science, 2024; 1(1): 7-18 
 

    27 
 

Sparse Representation Approach. IEEE Access, 5(NA), 

5947-5964. https://doi.org/NA  

Tsang, C. S. C., Ngan, H. Y. T., & Pang, G. K. H. (2016). 

Fabric inspection based on the Elo rating method. Pattern 

Recognition, 51(NA), 378-394. 

https://doi.org/10.1016/j.patcog.2015.09.022  

Vyas, P., & Kakhani, M. (2015). Fabric defect inspection 

system using neural network. International Journal of 

Multidisciplinary Research and Development, 2(4), 569-

573. https://doi.org/NA  

Wang, J., Li, Q., Gan, J., & Yu, H. (2017). ICIP - Fabric 

defect detection based on improved low-rank and sparse 

matrix decomposition. 2017 IEEE International 

Conference on Image Processing (ICIP), NA(NA), 2776-

2780. https://doi.org/10.1109/icip.2017.8296788  

Xie, H., & Wu, Z. (2020). A Robust Fabric Defect 

Detection Method Based on Improved RefineDet. 

Sensors (Basel, Switzerland), 20(15), 4260-NA. 

https://doi.org/10.3390/s20154260  

Xingzhi, C., Gu, C., Liang, J., & Xu, X. (2018). Fabric 

Defect Detection Based on Pattern Template Correction. 

Mathematical Problems in Engineering, 2018(NA), 1-17. 

https://doi.org/10.1155/2018/3709821  

Yan, K., Liu, L., Xiang, Y., & Jin, Q. (2020). Guest 

Editorial: AI and Machine Learning Solution Cyber 

Intelligence Technologies: New Methodologies and 

Applications. IEEE Transactions on Industrial 

Informatics, 16(10), 6626-6631. 

https://doi.org/10.1109/tii.2020.2988944  

Yapi, D., Mejri, M., Allili, M. S., & Baaziz, N. (2015). A 

Learning-Based Approach for Automatic Defect 

Detection in Textile Images. IFAC-PapersOnLine, 48(3), 

2423-2428. https://doi.org/10.1016/j.ifacol.2015.06.451  

Yildiz, K., Buldu, A., Demetgul, M., & Yildiz, Z. (2014). 

A novel thermal-based fabric defect detection technique. 

The Journal of The Textile Institute, 106(3), 275-283. 

https://doi.org/10.1080/00405000.2014.916063  

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

https://doi.org/NA
https://doi.org/10.1016/j.patcog.2015.09.022
https://doi.org/NA
https://doi.org/10.1109/icip.2017.8296788
https://doi.org/10.3390/s20154260
https://doi.org/10.1155/2018/3709821
https://doi.org/10.1109/tii.2020.2988944
https://doi.org/10.1016/j.ifacol.2015.06.451
https://doi.org/10.1080/00405000.2014.916063


International Journal of Management Information Systems and Data 

Science, Vol 1, Issue 1, April, 2024 

International Journal of Management Information Systems and Data Science, 2024; 1(1): 7-18 
 

    28 
 

 

 

 

 

 

 

 

 

. 

References: 

Ahmed, H., Al Bashar, M., Taher, M. A., & Rahman, M. 

A. (2024). Innovative Approaches To Sustainable 

Supply Chain Management In The 

Manufacturing Industry: A Systematic Literature 

Review. Global Mainstream Journal of 

Innovation, Engineering & Emerging 

Technology, 3(02), 01-13.  

Bappy, M. (2024). Exploring the Integration of Informed 

Machine Learning in Engineering Applications: 

A Comprehensive Review. American Journal of 

Science and Learning for Development, 3(2), 11-

21.  

Bari, M. H., Arif, N. U. M., Hasan, M. M., & Maraj, M. 

A. A. (2024). Comparative Analysis Of Digital 

Payment Platforms And E-Commerce Giants: A 

Five-Year Performance And Strategic 

Development Study Of Visa, Mastercard, 

Amazon, And Ebay. Global Mainstream Journal 

of Innovation, Engineering & Emerging 

Technology, 3(01), 01-10.  

Chawla, N. V. (2009). The Data Mining and Knowledge 

Discovery Handbook - Data Mining for 

Imbalanced Datasets: An Overview (Vol. NA). 

https://doi.org/10.1007/978-0-387-09823-4_45  

Choudhary, A. K., Harding, J. A., & Tiwari, M. K. (2008). 

Data mining in manufacturing: a review based on 

the kind of knowledge. Journal of Intelligent 

Manufacturing, 20(5), 501-521. 

https://doi.org/10.1007/s10845-008-0145-x  

Davenport, T. H., Harris, J. G., & Shapiro, J. (2010). 

Competing on talent analytics. Harvard business 

review, 88(10), 52-58, 150. https://doi.org/NA  

Fan, C.-Y., Fan, P.-S., Chan, T.-Y., & Chang, S.-H. (2012). 

Using hybrid data mining and machine learning 

clustering analysis to predict the turnover rate for 

technology professionals. Expert Systems with 

Applications, 39(10), 8844-8851. 

https://doi.org/10.1016/j.eswa.2012.02.005  

Gröger, C. (2018). Building an Industry 4.0 Analytics 

Platform. Datenbank-Spektrum, 18(1), 5-14. 

https://doi.org/10.1007/s13222-018-0273-1  

Harding, J. A., Shahbaz, M., Srinivas, N. A., & Kusiak, A. 

(2005). Data Mining in Manufacturing: A 

Review. Journal of Manufacturing Science and 

Engineering, 128(4), 969-976. 

https://doi.org/10.1115/1.2194554  

Henke, N., Bughin, J., Chui, M., Manyika, J., Saleh, T., & 

Wiseman, B. (2016). The age of analytics: 

competing in a data-driven world. NA, NA(NA), 

NA-NA. https://doi.org/NA  

Janitza, S., Celik, E., & Boulesteix, A.-L. (2016). A 

computationally fast variable importance test for 

random forests for high-dimensional data. 

Advances in Data Analysis and Classification, 

12(4), 885-915. https://doi.org/10.1007/s11634-

016-0276-4  

Jantan, H. (2009). Towards Applying Data Mining 

Techniques for Talent Management. NA, 

NA(NA), NA-NA. https://doi.org/NA  

Kirimi, J. M., & Moturi, C. A. (2016). Application of Data 

Mining Classification in Employee Performance 

Prediction. International Journal of Computer 

Applications, 146(7), 28-35. 

https://doi.org/10.5120/ijca2016910883  

Kotsiantis, S. (2007). Supervised Machine Learning: A 

Review of Classification Techniques. Informatica 

(lithuanian Academy of Sciences), 31(3), 249-

268. https://doi.org/NA  

Lee, J., Lapira, E., Bagheri, B., & Kao, H.-A. (2013). 

Recent advances and trends in predictive 

manufacturing systems in big data environment. 

Manufacturing Letters, 1(1), 38-41. 

https://doi.org/10.1016/j.mfglet.2013.09.005  

Lepenioti, K., Bousdekis, A., Apostolou, D., & Mentzas, 

G. (2020). Prescriptive analytics: Literature 

review and research challenges. International 

Journal of Information Management, 50(NA), 

57-70. 

https://doi.org/10.1016/j.ijinfomgt.2019.04.003  

Levenson, A., & Fink, A. A. (2017). Human capital 

analytics: too much data and analysis, not enough 

https://doi.org/10.1007/978-0-387-09823-4_45
https://doi.org/10.1007/s10845-008-0145-x
https://doi.org/NA
https://doi.org/10.1016/j.eswa.2012.02.005
https://doi.org/10.1007/s13222-018-0273-1
https://doi.org/10.1115/1.2194554
https://doi.org/NA
https://doi.org/10.1007/s11634-016-0276-4
https://doi.org/10.1007/s11634-016-0276-4
https://doi.org/NA
https://doi.org/10.5120/ijca2016910883
https://doi.org/NA
https://doi.org/10.1016/j.mfglet.2013.09.005
https://doi.org/10.1016/j.ijinfomgt.2019.04.003


International Journal of Management Information Systems and Data 

Science, Vol 1, Issue 1, April, 2024 

International Journal of Management Information Systems and Data Science, 2024; 1(1): 7-18 
 

    29 
 

models and business insights. Journal of 

Organizational Effectiveness: People and 

Performance, 4(2), 145-156. 

https://doi.org/10.1108/joepp-03-2017-0029  

Li, G., Gomez, R., Nakamura, K., & He, B. (2019). 

Human-Centered Reinforcement Learning: A 

Survey. IEEE Transactions on Human-Machine 

Systems, 49(4), 337-349. 

https://doi.org/10.1109/thms.2019.2912447  

Lin, C.-C., & Tseng, H.-Y. (2004). A neural network 

application for reliability modelling and 

condition-based predictive maintenance. The 

International Journal of Advanced 

Manufacturing Technology, 25(1), 174-179. 

https://doi.org/10.1007/s00170-003-1835-3  

Liu, C., Xu, X., & Hu, D. (2015). Multiobjective 

Reinforcement Learning: A Comprehensive 

Overview. IEEE Transactions on Systems, Man, 

and Cybernetics: Systems, 45(3), 385-398. 

https://doi.org/10.1109/tsmc.2014.2358639  

Maynard, D. C., Brondolo, E. M., Connelly, C. E., & 

Sauer, C. E. (2014). I'm Too Good for This Job: 

Narcissism's Role in the Experience of 

Overqualification. Applied Psychology, 64(1), 

208-232. https://doi.org/10.1111/apps.12031  

McIver, D., Lengnick-Hall, M. L., & Lengnick-Hall, C. 

A. (2018). A strategic approach to workforce 

analytics: Integrating science and agility. 

Business Horizons, 61(3), 397-407. 

https://doi.org/10.1016/j.bushor.2018.01.005  

Mehta, S., Pimplikar, R., Singh, A., Varshney, L. R., & 

Visweswariah, K. (2013). EDBT - Efficient 

multifaceted screening of job applicants. 

Proceedings of the 16th International Conference 

on Extending Database Technology, NA(NA), 

661-671. 

https://doi.org/10.1145/2452376.2452453  

Menezes, B. C., Kelly, J. D., Leal, A. G., & Le Roux, G. 

A. C. (2019). Predictive, Prescriptive and 

Detective Analytics for Smart Manufacturing in 

the Information Age. IFAC-PapersOnLine, 52(1), 

568-573. 

https://doi.org/10.1016/j.ifacol.2019.06.123  

Menon, V. M., & Rahulnath, H. A. (2016). A novel 

approach to evaluate and rank candidates in a 

recruitment process by estimating emotional 

intelligence through social media data. 2016 

International Conference on Next Generation 

Intelligent Systems (ICNGIS), NA(NA), 1-6. 

https://doi.org/10.1109/icngis.2016.7854061  

Minbaeva, D. (2017). Human capital analytics: why aren't 

we there? Introduction to the special issue. 

Journal of Organizational Effectiveness: People 

and Performance, 4(2), 110-118. 

https://doi.org/10.1108/joepp-04-2017-0035  

Punnoose, R., & Ajit, P. (2016). Prediction of Employee 

Turnover in Organizations using Machine 

Learning Algorithms. International Journal of 

Advanced Research in Artificial Intelligence, 

5(9), NA-NA. 

https://doi.org/10.14569/ijarai.2016.050904  

Rocchetta, R., Bellani, L., Compare, M., Zio, E., & 

Patelli, E. (2019). A reinforcement learning 

framework for optimal operation and 

maintenance of power grids. Applied Energy, 

241(NA), 291-301. 

https://doi.org/10.1016/j.apenergy.2019.03.027  

Samuel, M. O., & Chipunza, C. (2009). Employee 

retention and turnover: Using motivational 

variables as a panacea. African Journal of 

Business Management, 3(9), 410-415. 

https://doi.org/NA  

Skowronski, M. (2019). Overqualified Employees: A 

Review, A Research Agenda, and 

Recommendations for Practice. Journal of 

Applied Business and Economics, 21(1), NA-NA. 

https://doi.org/10.33423/jabe.v21i1.661  

Strohmeier, S., & Piazza, F. (2013). Domain driven data 

mining in human resource management: A review 

of current research. Expert Systems with 

Applications, 40(7), 2410-2420. 

https://doi.org/10.1016/j.eswa.2012.10.059  

Susto, G. A., Schirru, A., Pampuri, S., McLoone, S., & 

Beghi, A. (2015). Machine Learning for 

Predictive Maintenance: A Multiple Classifier 

Approach. IEEE Transactions on Industrial 

Informatics, 11(3), 812-820. 

https://doi.org/10.1109/tii.2014.2349359  

Tozer, B., Mazzuchi, T. A., & Sarkani, S. (2017). Many-

objective stochastic path finding using 

reinforcement learning. Expert Systems with 

Applications, 72(72), 371-382. 

https://doi.org/10.1016/j.eswa.2016.10.045  

Tursunbayeva, A., Di Lauro, S., & Pagliari, C. (2018). 

People analytics—A scoping review of 

conceptual boundaries and value propositions. 

International Journal of Information 

Management, 43(NA), 224-247. 

https://doi.org/10.1016/j.ijinfomgt.2018.08.002  

Valle, M. A., Varas, S., & Ruz, G. A. (2012). Job 

performance prediction in a call center using a 

naive Bayes classifier. Expert Systems with 

Applications, 39(11), 9939-9945. 

https://doi.org/10.1016/j.eswa.2011.11.126  

https://doi.org/10.1108/joepp-03-2017-0029
https://doi.org/10.1109/thms.2019.2912447
https://doi.org/10.1007/s00170-003-1835-3
https://doi.org/10.1109/tsmc.2014.2358639
https://doi.org/10.1111/apps.12031
https://doi.org/10.1016/j.bushor.2018.01.005
https://doi.org/10.1145/2452376.2452453
https://doi.org/10.1016/j.ifacol.2019.06.123
https://doi.org/10.1109/icngis.2016.7854061
https://doi.org/10.1108/joepp-04-2017-0035
https://doi.org/10.14569/ijarai.2016.050904
https://doi.org/10.1016/j.apenergy.2019.03.027
https://doi.org/NA
https://doi.org/10.33423/jabe.v21i1.661
https://doi.org/10.1016/j.eswa.2012.10.059
https://doi.org/10.1109/tii.2014.2349359
https://doi.org/10.1016/j.eswa.2016.10.045
https://doi.org/10.1016/j.ijinfomgt.2018.08.002
https://doi.org/10.1016/j.eswa.2011.11.126


International Journal of Management Information Systems and Data 

Science, Vol 1, Issue 1, April, 2024 

International Journal of Management Information Systems and Data Science, 2024; 1(1): 7-18 
 

    30 
 

Vater, J., Harscheidt, L., & Knoll, A. (2019). Smart 

Manufacturing with Prescriptive Analytics. 2019 

8th International Conference on Industrial 

Technology and Management (ICITM), NA(NA), 

224-228. 

https://doi.org/10.1109/icitm.2019.8710673  

Wang, K.-Y., & Shun, H.-Y. (2016). Applying Back 

Propagation Neural Networks in the Prediction of 

Management Associate Work Retention for Small 

and Medium Enterprises. Universal Journal of 

Management, 4(5), 223-227. 

https://doi.org/10.13189/ujm.2016.040501  

 

 

 

 

 

 

https://doi.org/10.1109/icitm.2019.8710673
https://doi.org/10.13189/ujm.2016.040501

