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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 (loT) 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 10T 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
10T technologies in refining textile quality control processes, advocating
for a shift towards more sustainable, quality-focused, and efficient
manufacturing paradigms.

Heading

standards encompass a range of attributes, including

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
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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 etal.,
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
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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 10T in Manufacturing

The Internet of Things (loT) 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,
10T 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 10T 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 10T 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 10T 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 10T 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 loT on
manufacturing operations, promoting efficiency and
sustainability by reducing waste and optimizing resource
use.

The economic feasibility and potential benefits of
implementing an loT sensor-based system for automated
defect detection within a textile manufacturing facility
constitute a critical study area. Research to compare the
performance of loT-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 loT technologies in the
manufacturing sector (Tong et al., 2017). The potential of
0T 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 10T 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)

1980s-1990s  Growth of Computer Networks

Late 1990s The phrase "Internet of Things" coined

2000s Widespread adoption of low-cost sensors and
wireless connectivity

2010s Cloud computing and Big Data Analytics

2010s - Advancements in Artificial Intelligence and

Present Machine Learning

Recent Years  Rapidly decreasing costs of 10T sensors and

hardware

Future Increased Edge Computing

Directions

Future Integration of Augmented Reality (AR)
Directions

Future Digital Twins

Directions

Basic automation of production tasks replaces some manual
controls.

Increased communication and data transfer capabilities but with
limited connectivity

The concept and vision of interconnected devices begin to take
shape

Groundwork for collecting and transmitting real-time industrial
data

Ability to store, process, and analyze large volumes of
manufacturing data

Sophisticated algorithms to extract insights and drive automated
decision-making

Makes the deployment of 10T solutions more financially
accessible

Processing data closer to devices for faster response times

Visualizing loT data and aiding in maintenance and
troubleshooting

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 10T and Smart Manufacturing

Integrating 10T sensors into manufacturing settings is
paving the way for "smart manufacturing.” 10T 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, 10T 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 loT technology to ensure the safety and quality
of products, using temperature sensors, humidity

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
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monitoring, and other indicators to optimize production
and storage environments (Yildiz et al., 2014).
Specifically, in the realm of quality inspection, loT
sensors are proving to be instrumental. Vision-based
systems with high-resolution cameras and loT
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.

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 loT-based defect detection
system. The 10T sensor system deployed integrates high-
resolution cameras and, in specific scenarios,
supplementary infrared sensors for temperature variation
22
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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 10T-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 loT-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 loT-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 10T 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 loT-based system's comprehensive
capabilities in comparison to manual inspection methods:

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

Metric loT-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 4.2  Operational Improvements

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 loT
technologies, the system effectively addresses the
limitations of manual inspection methods, offering a more
reliable, efficient, and automated approach to quality
control.
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The loT-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
implementation of the loT-based system:

through the

Table 3: Findings of Operational Improvements

Before Implementation (min/unit)

After Implementation (min/unit)

Process

Manual Inspection Time 10.78
loT-Based Inspection Time 10.78
Labor Reduction (%) 0
Productivity Increase (%) 0

10.78
2.47

20.58
18.66

5 Discussion

The findings from this case study on the integration of an
loT-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 loT 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 10T 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 l10T-
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 loT system to streamline
labor requirements—by reallocating personnel from
manual inspections to more strategic tasks—further
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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 loT'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 10T 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 loT
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 10T solutions in
meeting the diverse needs of the textile industry. The
findings of this case study, therefore, not only validate the
efficacy of loT-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 10T 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 10T technologies
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