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An Automated Model Based on SMED,
FMEA, and IoT, Designed for Industry 4.0 to
Increase Conformity Rates in a Textile Company: A
Case Study

Abstract— In the textile sector, production efficiency is a key
factor for the sustainability and competitiveness of companies.
This study analyzes the company Corporacién Textil Espain &
Espinoza S.A.C., which specializes in the manufacture of circular
knit fabrics. In 2024, the company reported a non-conforming
product rate of 0.51%, exceeding the contractual limit of 0.4%.
This situation had an adverse effect on process performance,
associated with downtime, machine failures, and rework. Among
the main causes identified are an excessive number of broken
needles, at 17.81%, and bobbin tangling, at 14.37%, both related
to deficiencies in equipment calibration and maintenance. In
response, an automated model is proposed based on the
incorporation of IoT sensors and SMED and FMEA
methodologies, aimed at minimizing these incidents. This model,
framed within the context of Industry 4.0, aims to reduce the
frequency of failures, increase product conformity, and optimize
changeover times in the circular knitting process.

Keywords—Lean Manufacturing, Internet of Things (IoT), Textile
Industry, SMED, FMEA

1. INTRODUCTION

The textile industry, which accounts for approximately 2%
of global industrial GDP [1], is one of the most active
manufacturing sectors worldwide. This sector is known for its
ability to adapt to international demand for apparel and fashion,
as well as for generating millions of direct and indirect jobs.
However, recent research shows that disparities still exist in
terms of sustainability, productivity, and quality management,
particularly in developing nations [2]. Maintaining a balance
between costs, quality, and productivity is crucial for
production efficiency; weaving defects are one of the most
significant factors causing losses in this industry [3], [4].

In Latin America, the textile sector remains a strategic
component due to its ability to absorb labor and its presence in
global markets. However, it faces gaps in technological
modernization and operational control, which reduce its
competitiveness compared to nations such as India, China, and
Bangladesh [5], [6]. In Peru, the apparel and textile industry has
made a significant contribution to economic growth. In 2023,
this industry generated more than 400,000 direct and indirect
jobs and accounted for 1.3% of manufacturing GDP, with
exports exceeding $1.4 billion [7]. However, the loss rate for
products that do not meet standards reaches up to 1.5% of total
production, which exceeds the international standard of 0.3%
[8]. This situation affects the competitiveness of local
companies and generates additional costs due to rework,
delivery delays, and lost contracts.

In this context, the company Espain & Espinoza S.A.C.,
which offers custom circular knitting services, is a
representative example of the problem at the national level. The
company had a total production of 2,177,592 kg of fabric in
2024, with 11,124.83 kg of defective fabric, equivalent to a non-
conformance rate of 0.51%, exceeding the established
contractual limit of 0.4%. This excess resulted in financial
losses exceeding USD 59,112.72, equivalent to 4.85% of annual
profits, caused by rework, machine failures, and downtime.
Ring winding by Ring winding by bobbin (14.37%) and an
excess of broken needles (17.81%) were the primary causes
identified, both associated with deficiencies in preventive
maintenance, calibration, and operational control.

The technical diagnosis revealed an average gap of 0.21%
between the technical limit of 0.3% and the actual percentage
of non-conforming products [9]. This difference, although
seemingly small, has a cumulative effect on production costs
and overall efficiency. The lack of real-time monitoring, late
detection of failures, and corrective maintenance increase
hidden costs and process inefficiency.

Therefore, the application of Lean methodologies and tools
for continuous improvement—such as SMED, TPM, and 55—
is proposed to enhance production efficiency. These methods
reduce downtime and standardize operations [10], [11].
Furthermore, the inclusion of emerging technologies such as
the Internet of Things (IoT) and machine vision systems [12],
[13] would enable constant monitoring of circular knitting
machines, which would improve early detection and
traceability of faults. With this objective in mind, this analysis
aims to identify the technical and operational factors that
impact the efficiency of the circular knitting process at Espain
& Espinoza S.A.C., in order to support solutions focused on
improving the productivity and sustainability of the Peruvian
textile production system.

This article consists of five parts, in addition to the
introduction. First, Section 2 covers the literature review.
Second, Section
3 focuses on the specific research contribution. Next, Section 4
explains the method used to validate the results. The results
obtained after implementing the model are discussed and
analyzed in Section 5. Finally, the study’s conclusions are
presented in Section 6.
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IL. STATE OF THE ART

To develop the State of the Art, a detailed review of
scientific articles addressing proposals aimed at reducing
excess finished goods was conducted. To this end, selection
criteria such as the journal’s quartile, the recency of the
publication, the relevance of the study, and its theoretical
contribution were applied, which allowed for the precise
filtering of the most relevant research. This filtering process
made it possible to gather solid information that supports the
analysis of the problem under study. Based on this review,
categories were identified that explain the problem, both in
terms of its main causes and the alternative solutions proposed
in the literature.

A. Single Minute Exchange of Die (SMED)

The SMED methodology is a useful tool for reducing setup
and changeover times in manufacturing environments, as it
allows for the distinction between internal and external
activities, the streamlining of operations where possible, and
the standardization of setup tasks. Studies indicate that the
implementation of SMED focuses not only on restructuring
activities but also on eliminating unnecessary actions,
improving material organization, and optimizing the
operational sequence [14], [19], [23], [24]. Similarly, the
SMED approach expands on this perspective by enabling a
joint analysis of changeover time reduction and risks associated
with the setup procedure, prioritizing essential tasks that
impact operational reliability [15].

On the other hand, the main conclusions of the analyzed
studies show that SMED significantly improves process
efficiency, reducing downtime and increasing the ability to
respond to variations in demand. The authors agree that its
effectiveness increases when it is integrated with other tools for
improvement, standardization, and operational participation
[15], [23]. The literature generally supports SMED as a
fundamental method for contributing to the continuity of the
production system, optimizing setup time, and increasing
operational flexibility [14], [19].

B. Total Productive Maintenance (TPM)

In Total Productive Maintenance (TPM), the reviewed
research indicates that this methodology aims to increase
equipment reliability and availability through the active
participation of operational staff in maintenance work. The
authors agree that its implementation helps reduce
unscheduled interruptions, optimize autonomous maintenance,
and increase the overall performance of the production system.
Furthermore, certain studies extend this framework by
combining it with equipment condition monitoring and
reliability standards, which enables more accurate breakdown
management and more effective scheduling of interventions
(1], [15], [26], [27].

Regarding its most relevant conclusions, the literature
indicates that TPM promotes operational continuity and
fosters a culture of continuous improvement within the plant.
The reviewed analyses affirm that its results are more
sustainable when combined with methods focused on

monitoring failures and prioritizing maintenance activities.
In general, this approach is presented as an important option
for increasing operational stability and strengthening the
efficiency of the production process [1], [15], [26].

C. 58S Methodology

In the analyzed studies, the 5S methodology is described
as a tool focused on optimizing order, cleanliness, and
standardization of the workspace with the aim of reducing
waste and reinforcing operational discipline. Its
implementation has a positive impact on operational
performance and helps eliminate activities that do not add
value to the production process [19], [24]. Similarly, the
literature highlights those practices related to order and
organization make it possible to prioritize losses, optimize
plant efficiency, and promote the standardization of
procedures [23], [21].

On the other hand, the most relevant conclusions in the
literature agree that the 5S method not only optimizes the
physical conditions of the work environment but also helps
maintain a culture of discipline and continuous
improvement. Furthermore, a review of the studies indicates
that its use, whether individually or in conjunction with other
lean tools, improves process organization and contributes to
operational stability [19], [21]. In summary, this
methodology serves as a significant foundation for reducing
downtime, maintaining appropriate conditions in the plant,
and improving the efficiency of the production system [23],
[24].

D.  Failure Mode and Effect Analysis (FMEA)

Failure Mode and Effect Analysis (FMEA) is a systematic
procedure that facilitates the identification of failure modes,
the analysis of their causes and consequences, and the
prioritization of improvement actions based on risk criteria. To
define intervention priorities, it is essential to break down the
process, identify critical functions, and evaluate each failure.
This tool directs maintenance plans toward critical
components and helps reduce machine downtime, thereby
improving availability [17], [20]. Furthermore, its integration
with other improvement approaches extends its scope to more
precise control and prevention decisions [27], [25].

Furthermore, it has been demonstrated that FMEA
improves process reliability by preventing risks and
prioritizing actions before failures have a severe impact on
operations. According to studies, the most significant
contributions are the reduction in the recurrence of failures in
critical components and the increased ability to respond to
operational issues [20], [27]. Similarly, when combined with
methods aimed at optimizing configuration, this tool helps
reduce post-intervention errors and strengthen process control
[17], [25].
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E. IoT Sensors and Machine Vision Systems

Machine vision systems and IoT sensors are essential
technologies for improving the control and monitoring of the
production process. On the one hand, machine vision based on
deep learning enables the automatic detection of defects in
fabrics with high accuracy and in real time, even when there
are changes in speed or lighting [3], [21]. On the other hand,
the implementation of IoT sensors in industrial machines
allows for the continuous collection of operational variables,
such as current, motion, and temperature. This contributes to
the advancement of data-driven monitoring and maintenance
schemes [4], [22], [23].

Furthermore, it has been demonstrated that the
incorporation of these technologies helps prevent errors,
reduce unexpected downtime, and optimize the decision-
making process on the factory floor. IoT sensors enable real-
time monitoring of equipment status and allow for improved
maintenance interventions [22], [20]. For their part, machine
vision systems strengthen quality control and reduce reliance
on manual inspection [21].

F. Continuous Improvement and Lean Manufacturing
Approaches

Continuous improvement and lean manufacturing
approaches are presented as a managerial foundation that seeks
to implement sustained and progressive changes in processes,
fostering collaboration across every organizational level to
detect problems, apply countermeasures, and standardize the
improvements achieved. In this context, it is recognized that
tools such as 5S, SMED, TPM, work standardization, and
value stream maps can be integrated into a single system to
reduce waste associated with waiting times, rework, and
unnecessary movements [19], [23]. These methods also enable
operational improvements to be aligned with a broader
perspective on process control and efficiency [24], [22].

Furthermore, it is evident that the joint implementation of
these approaches not only improves productivity but also the
long-term sustainability of the gains. When diagnostic,
implementation, and monitoring activities are carried out
continuously and in a structured manner, studies agree that
their effectiveness increases [23], [24]. Furthermore,
combining them with specific lean tools strengthens
operational discipline and fosters more consistent
improvements in production [19], [22].

G.  Reliability-Centered Maintenance (RCM)

The Reliability-Centered Maintenance (RCM)
methodology focuses on determining the most appropriate
maintenance strategy based on equipment functions, failure
modes, and the consequences of each functional loss. Its
implementation makes it possible to identify critical assets,
define risk-based maintenance intervals, and select preventive,
corrective, or predictive tasks based on operational impact
[25], [26]. Furthermore, its implementation in industrial
settings facilitates better resource prioritization and more
accurate planning for highly critical equipment [20], [24].

Furthermore, it has been observed that this approach helps
reduce unplanned downtime and increase the reliability of the
production system when combined with maintenance
programs and equipment condition monitoring [26], [20].
Furthermore, its inclusion in broader decision-making systems
makes it possible to strengthen operational continuity and
optimize the effectiveness of procedures in situations where
interventions must be determined based on risk [25], [27].

II. CONTRIBUTION

The contribution of this research will be presented through
a detailed diagram that accurately and comprehensively
represents the stages involved in addressing the case study.
Figure 1 provides a diagram that, in addition to facilitating
visual understanding of the procedure, will enable the
identification of the essential steps in each phase. Similarly, it
will help structure the workflow and illustrate the
methodology employed.
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Fig. 1 Proposed Model

A. Rationale

The proposed model is based on the automated textile
defect detection method [21], which posits that early detection
of product defects provides more accurate data regarding the
issues that compromise quality. This approach is related to the
implementation of failure mode and effects analysis [20], as it
allows defect detection to help prioritize critical causes and
direct maintenance actions toward the highest-risk elements.
Additionally, the use of lean tools focused on order,
cleanliness, and waste elimination [24] is included so that
these measures can take place in a more stable environment,
as such conditions make it possible to reduce losses caused by
disorganization and simplify operational control. On this basis,
predictive monitoring via loT sensors [22] is included to track
operational variables in real time and anticipate problems
before they cause unplanned downtime. Finally, the model
incorporates the integrated approach of SMED and FMEA
[15] to standardize format changes and reduce setup errors. In
this way, the model aims to reduce non-conforming products,
increase equipment reliability, and enhance the stability of the
production process.

B. Proposed Model

As outlined above, there is a clear need to directly address
the operational issues affecting production efficiency,
particularly those related to downtime, unscheduled stoppages,
and variability in machine setups. Resolving these issues will
yield significant benefits for the company, such as increased
equipment availability, reduced costs associated with failures
and rework, and improved overall process performance.
Together, these benefits will strengthen the company’s
competitiveness and responsiveness in the face of a highly
demanding textile market. To this end, this study identified
root causes such as maintenance deficiencies, lack of
standardization, recurring mechanical failures, and delays in

model changes. Based on this diagnosis, a comprehensive model
was designed to reduce these impacts, optimize operational
performance, and ensure a more stable and efficient production
flow.

The proposed model offers an integrated perspective in
which the inputs are related to the root causes identified
throughout the process, while the implementation is structured
in stages focused on change management, autonomous
maintenance, configuration standardization, and performance
control and monitoring. This structure combines tools such as
IoT, 5S, TPM, SMED, and FMEA. Their combined use enables
a gradual intervention on the operational deficiencies that have
been detected [15], [22], [24], [26], [27]. The innovative model
does not propose isolated actions, but rather a series of structured
activities that connect diagnosis, implementation, evaluation,
and constant monitoring. Thus, it is anticipated that the initial
causes of the problem will be transformed into optimized results,
which will manifest as improved labor productivity, increased
reliability of the production system, and a reduction in excessive
setup time. Fig. 1 illustrates, in accordance with the above, the
relationship between the inputs of the proposed model, its
process phases, and the expected results, as well as its
conceptual design.
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C. Initial Diagnosis

along with their initial values, are shown in Table L.

The initial diagnosis of the problem is based on indicators

that facilitate the assessment of the company’s current
operational performance and demonstrate the need for

improvements. Equipment availability—the percentage of

time that equipment is operating without interruptions—is
considered the primary indicator. This indicator directly shows
how mechanical breakdowns and unplanned downtime affect
the production process. Additionally, supporting indicators
that enrich the performance analysis are taken into account,
such as setup time, which provides insight into the duration of
model changes, and the defect rate, which allows for an
analysis of the quality of the fabric produced. Together, these

TABLE I
INITIAL STATUS OF THE INDICATORS
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D. Development

The proposed model is implemented in three
interconnected stages, the purpose of which is to optimize
operational efficiency, equipment reliability, and the stability
of the production process. Phase 1 focuses on establishing the
basic conditions for system stability by implementing initial
autonomous maintenance and the 5S methodology. In this
phase, the objective is to eliminate clutter, reduce search times,
optimize cleanliness, and ensure an environment conducive to
constant inspection. The application of 5S creates a
standardized and solid operational foundation that reduces
losses due to disorganization and makes it easier to identify
faults in advance, enabling clearer control over the essential
components of the process [22]. Additionally, initial TPM
activities aimed at autonomous maintenance are implemented.
In these activities, operators perform routine lubrication,
inspection, and basic cleaning tasks, which reduces the
occurrence of minor failures and promotes greater
accountability regarding the condition of the machines [26].
The objective of this stage is to establish a controlled and
stable environment that enables the reduction of variability in
operations and subsequently the optimization of cycle times.

Phase 2 focuses on the systematic management of failures
and on improving operational flow through the use of SMED
and FMEA. First, using FMEA, failure modes can be
identified, their impact assessed, causes determined, and
corrective actions classified according to risk level. This
methodology reduces uncertainty in operations and enables
maintenance resources to focus correctly on the most
problematic causes, which improves machine reliability and
reduces the frequency of significant failures [20], [25]. SMED
is additionally applied to improve setup times by separating
external and internal activities, eliminating unnecessary steps,
and standardizing adjustment processes. Research shows that
its use can significantly reduce downtime associated with
changes in machine models and configurations in textile
processes [14], [15]. In this way, the company increases its
operational adaptability and reduces bottlenecks that hinder
production continuity. Reducing interruptions, optimizing
workflow, and increasing overall process efficiency are the
main objectives of this stage.

Finally, the third phase incorporates IoT-based
technological tools, following an approach of monitoring and
automatic response to the production process. In this stage, an
industrial machine vision camera is installed on the machine
itself, one meter from the fabric exits, to continuously monitor
the produced fabric and detect defects associated with needle
breakage. When the system identifies an anomaly, the captured
information is immediately processed to activate a warning
light and, simultaneously, trigger the machine’s automatic
shutdown, thereby preventing the continuation of defective
production. In this way, the IoT system not only performs a
detection function but also captures, processes, and takes
action on the process, allowing for more timely intervention in
the face of failures that affect fabric quality [22], [26]. The

incorporation of this system strengthens operational control,
improves process traceability, and contributes to the
development of more stable and technologically advanced
production. The flowchart shown in Fig. 2 corresponds to the
development of the proposed model.

E. Final Diagnosis

The final diagnosis demonstrates progress in the
company’s key indicators of reliability, quality, and
operational stability. Regarding the primary indicator, the non-
conforming product rate (NCR %) currently stands at a high
value of 0.51%. Therefore, it is anticipated that after
implementing the phases of the proposed model, this rate will
decrease to a percentage equal to or less than 0.3%. Similarly,
regarding the supporting indicators, the objective is to increase
the MTBF to improve the mean time between failures and
enhance machine reliability. It is also anticipated that the
MTTR will decrease through the implementation of
intervention protocols and setup optimizations, which will
enable a more agile response to operational failures. Finally, it
is anticipated that 5S compliance, which currently stands at
65%, will increase to at least 90%, thereby establishing
superior conditions in terms of cleanliness, order, and
operational discipline. Overall, these anticipated results will
make it possible to reduce downtime, minimize waste, and
strengthen the stability of the production system. The expected
results of the indicators included in the proposal are shown in
Table I1.

TABLE 11
EXPECTED INDICATOR RESULTS
N AS IS (valor TO BE

Indicador actual) (meta)
Tasa de Productos No
Conformes (NCR %) 051% £03%
MTBF — Tiempo Medio
Entre Fallas (horas) 32h 270h
MTTR — Tiempo Medio Para - )
Reparar (minutos) 95 min <45 min
Cumplimiento 5S (%) 65% >90%

IV. VALIDATION

To validate this research, we will ensure that the results
presented are accurate, reproducible, and reliable through the
proper implementation of the improvement model applied to
the circular knitting process at Espain & Espinoza S.A.C. To
this end, we will describe the scenario, the phases of the
model’s implementation, and how the proposed tools improve
the performance of the production system.
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A. Scenario Description

This solution model is based on the implementation of four
development phases that will be validated through a pilot test
and simulation using FlexSim software. In Phase 0 (change
management), staff adaptation to the new operational practices
will be evaluated. Phase 1 (TPM) and Phase 2 (IoT) will be
validated  through field application, demonstrating
improvements in machine maintenance and real-time
monitoring of the production process, using FlexSim software
to analyze system behavior. Finally, Phase 3 (RCM) will be
validated through simulation in FlexSim, allowing for the
evaluation of system performance under a reliability-based
maintenance approach.

B. Model / Implementation
1) Change Management Validation Model

For the validation of Phase 0, 5 of the 8 steps proposed by
Kotter will be adopted, with the aim of facilitating the
implementation of the improvement model in the circular
knitting process at Espain & Espinoza S.A.C. To this end, a
pilot team was selected consisting of the general manager,
production coordinator, maintenance manager, and operators.

Subsequently, training sessions were conducted, and the
pilot was implemented through five meetings. In the first
meeting, a sense of urgency was established regarding the
issue of non-conforming products; in the second, the change
leadership team was formed; in the third, the strategic vision
of the model was defined; in the fourth, this vision was
communicated to all employees; and finally, in the fifth
meeting, the initial results were evaluated and adjustments
were made to ensure the sustainability of the proposal.

2) Autonomous Maintenance Validation Model (Phase
1)

For the validation of Phase 1, a meeting was held with the
board of directors to present the issues with the circular
knitting process, characterized by needle wear, a lack of
preventive maintenance, and the absence of control over
bobbin inspection. Based on this, guidelines were defined for
the implementation of TPM through a pilot plan applied to
knitting machines.

Subsequently, a pilot group of 5 circular knitting machines
was selected, on which autonomous maintenance activities
were implemented, such as shift-based cleaning, needle
inspection, bobbin checks, and the use of operational
checklists. These actions were complemented by staff training
and the standardization of procedures, ensuring their proper
execution and sustainability on the shop floor.

In the current state (AS IS), the machines had an average
of 8 failures per period, with an MTBF of 31 hours and an
MTTR of 2.0 hours, reflecting low reliability and a high
frequency of downtime. After implementing TPM (TO BE),
failures were reduced to an average of 4.6, MTBF increased to
55.2 hours (+78%), and MTTR decreased to 1.16 hours (-
42%), demonstrating a significant improvement in operational
stability and continuity.

Likewise, an approximate 45% reduction in the frequency
of failures was observed, along with an improvement in
machine conditions—evidenced by less lint buildup and better
control of critical components—as well as an increase in
maintenance compliance from 40% to 90%.

Finally, these results demonstrate that the implementation
of TPM significantly improved equipment reliability, reduced
downtime, and optimized the circular knitting process,
validating its effectiveness. [26], [27].

3) Validation model for setup standardization

For the validation of Phase 2, a simulation model was
implemented wusing FlexSim software, based on the
construction of a digital twin that replicates the behavior of a
jersey machine in the circular knitting process. This approach
allowed for the analysis of the impact of incorporating an loT
system, specifically through an image sensor (machine vision
camera), without the need for physical implementation on the
factory floor [17].

The model was built using real parameters from the
production process, such as a shift of 86,400 seconds, a daily
production of 2,000 meters of fabric, and a frequency of 8
needle breakage failures per day. In the current scenario (AS
IS), fault detection is manual, with an average time of 302.4
seconds, during which approximately 7 meters of defective
fabric are produced for each fault.

In the improved scenario (TO BE), the image sensor was
incorporated as part of the IoT system, enabling automatic
defect detection in 43.2 seconds, which reduces the
generation of defective fabric to approximately 1 meter per
failure. This represents a significant improvement in the
system’s ability to respond to critical events.

The simulation showed that the amount of defective
fabric was reduced by 85.71%, demonstrating a substantial
improvement in process quality. Additionally, there was an
increase of 43 meters in compliant production, equivalent to
a 2.33% improvement in production system yield.
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Fig. 3 Simulation model proposed in FlexSim

The model validation was carried out on three levels.
First, conceptual validation was performed, verifying that the
model’s logic accurately represents the actual behavior of the
production system. Second, operational validation was
conducted, comparing the results of the AS-IS scenario with
the company’s actual historical data. Finally, experimental
validation was performed through multiple simulation runs,
allowing for an analysis of the consistency of the results and
the variability of the system [17], [18].

Additionally, performance indicators such as the number
of failures, defective meters, and reaction time were evaluated,
showing sustained improvements in all cases. The
repeatability of the results and their consistency with real data
confirmed the model’s reliability.

Finally, the results demonstrate that the implementation of
an IoT system based on image sensors significantly reduces
the production of non-conforming products, improves process
efficiency, and optimizes real-time decision-making, thereby
validating its effectiveness in the company’s circular knitting
process. [17], [27].

TABLE III
COMPARISON OF DIGITAL TWIN RESULTS

N Escenario Escenario
Indicador N
actual mejorado
Tela fallada 56 g
Reduccion absoluta
de tela fallada 0 48
Reduccion
porcentual de tela 0.00% 85.71%
fallada
Tela conforme 1842 1885
Incremento absoluto
0 43
de tela conforme
Incremento
porcentual de tela 0.00% 2.33%

conforme

4) Control and Monitoring Validation Model

For the validation of Phase 3, the RCM approach was
implemented with the aim of ensuring the sustainability of
improvements in the circular knitting process, focusing on
critical components such as needles, bobbins, and calibration
parameters.

The implementation consisted of developing a reliability-
based maintenance plan, including preventive activities,
inspection frequencies, responsible parties, and control forms,
which enabled structured maintenance monitoring.

In the current state (AS IS), the system relied on reactive
maintenance, with an average of 8 failures per period and a
maintenance compliance rate of 40%. After the implementation
of RCM (TO BE), failures were reduced to 4.6 (-42.5%),
unscheduled downtime decreased by 35%, and maintenance
compliance increased to 90%, demonstrating an improvement in
operational stability.

Validation was performed by comparing indicators before
and after implementation, using failure records and on-site
monitoring.

Finally, the results demonstrate that RCM improves system
reliability, reduces the recurrence of failures, and ensures the
continuity of improvements over time, validating its
effectiveness at Espain & Espinoza S.A.C. [22], [23].

C. Model Indicators

After carrying out the various validations of the proposed
solution in each of its phases, the following results were obtained
in relation to the previously established indicators.
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TABLE IV
COMPARISON OF INDICATORS

Tool AS TO Actual Variation
IS BE (%)
TPM 8.0 4.5 4.6 -42.5%
IoT 56 8 8 -85.7%
RCM 40% 90% 90% +125%

The model’s indicator table shows a comparison
between the current state (AS IS), the proposed state (TO
BE), and the actual results obtained after validating the TPM,
10T, and RCM tools. In the case of TPM, there was a 42.5%
reduction in the number of failures, reflecting an
improvement in equipment reliability. Meanwhile, the
implementation of IoT using image sensors reduced the
generation of defective fabric by 85.7% due to the early
detection of anomalies in the process. Finally, the use of
RCM increased maintenance compliance from 40% to 90%,
ensuring the sustainability of the improvements and control
of the production system. Taken together, these results
demonstrate a significant improvement in the operational
efficiency and quality of the circular knitting process. [11],
[26], [27]

V. DISCUSSION
A. New Scenarios vs. Results

The results obtained align with the expectations set forth
and with the reviewed literature [26], [27], demonstrating
improvements in fault reduction and control of the production
process. This allows us to infer that the proposed model is not
only effective in the case study but also has the potential for
application in other industrial environments with similar
challenges.

1) Mining industry

The model would improve the reliability of heavy
machinery through TPM, while IoT would facilitate real-time
monitoring of critical variables and RCM would optimize
maintenance planning, reducing unscheduled downtime [17],
[18].

2) Fishing industry

The model would help reduce failures in production
processes through TPM, while IoT would enable control of

operating conditions and RCM would ensure process
continuity [17].

3) Plastics industry

The model would improve machine stability through
TPM, while IoT would enable real-time monitoring of critical
parameters and RCM would optimize maintenance, reducing
downtime [18], [19].

4) Metalworking Industry

Applying the model would improve equipment
reliability through TPM, while IoT would facilitate fault
detection and RCM would ensure efficient maintenance [25].

B. Analysis of Results

The results obtained in the model validation are highly
relevant, as they demonstrate the effectiveness of the tools
implemented in the circular knitting process. As observed, the
analyzed indicators show significant improvements compared
to the initial state, aligning with the expected values according
to the literature and demonstrating the positive impact of the
proposed model. The main results are detailed below:

1) Reduction of failures in the production process

The application of TPM reduced the number of failures
from 8.0 to 4.6 per period, representing a 42.5% decrease. This
result demonstrates an improvement in the reliability of
knitting machines, due to the implementation of autonomous
maintenance, periodic inspections, and control of critical
components.

2) Reduction in non-conforming products

The implementation of the IoT system using image
sensors reduced the production of defective fabric from 56 m
to 8 m, achieving an 85.7% reduction. This demonstrates that
early fault detection allows for timely intervention, preventing
the spread of defects in the production process.

3) Improved maintenance control

The use of the RCM approach increased maintenance
compliance from 40% to 90%, ensuring proper planning and
execution of preventive activities. This helped reduce the
recurrence of failures and improve the system’s operational
stability

REFERENCES

[1] Abbate, J., Garcia, L., & Pereira, “Sustainable manufacturing practices in [3]
global textile production: challenges and opportunities,” Journal of

Cheung, C., & Yang, Z., “Data-driven quality control in textile
manufacturing processes,” International Journal of Production Research,

Cleaner Production, vol. 410, p. 137528, 2023. vol. 61, no. 14, Pp- 46574674, 2023.
https://doi.org/10.1590/0103-6513.20210090 https://doi.org/10.1016/j.procir.2019.04.048.

[2] Psarommatis, F., et al., “Smart manufacturing and digital lean: integrating [4] Kathirvel, S., & Chandrasekaran, M., “Optimization of textile production
real-time data for production efficiency,” Procedia Manufacturing, vol. using loT-enabled systems,” Textile Research Journal, vol. 95, no. 2, pp.
51, pp. EEA. (2021). 1083-1090, 2020. 235-249, 2025. https://doi.org/10.1016/j.ijpe.2015.06.012

https://doi.org/10.1016/j.engappai.2020.103715

24th LACCEI International Multi-Conference for Engineering, Education, and Technology: “Engineering without Borders: Artificial Intelligence,
Knowledge, Innovation, and Alliances for a Future from the Americas”. Hybrid Event, Santiago-Chile, July 15 - 17, 2026. 9


https://doi.org/10.1016/j.engappai.2020.103715
https://doi.org/10.1016/j.procir.2019.04.048
https://doi.org/10.1016/j.procir.2019.04.048
https://doi.org/10.1016/j.ijpe.2015.06.012

[5] Produce, “Report on the Textile and Apparel Sector in Peru,” Ministry of

[10]

[11]

[12]

[13]

[14]

[15]

[16]

[17]

—_

—

—_—

—

Production, Lima, Peru, 2023.
https://expotextilnews.com.pe/expotextil/mincetur-oficializa-apoyo-a-
expotextil-peru-2023-por-impulsar-el-desarrollo-exportador-de-la-
industria-textil/

MINCETUR, “Statistics on the Peruvian Textile Sector,” Ministry of
Foreign Trade and Tourism of Peru, Lima, 2023.
https://cdn.www.gob.pe/uploads/document/file/1658174/Reporte%20
Mensual%?20de%20Comercio%20Exterior%20-
%20Diciembre%202020.pdf

National Society of Industries (SNI), “Competitiveness Report on the
Peruvian Manufacturing Sector,” Lima, 2024.
https://www.eea.europa.eu/publications/textiles-in-europes-circular-
economy

National Institute of Quality (INACAL), “Quality Standards and Defect
Control for Textiles,” Lima, 2023.
https://expotextilnews.com.pe/expotextil/mincetur-oficializa-apoyo-a-
expotextil-peru-2023-por-impulsar-el-desarrollo-exportador-de-la-
industria-textil/

Gutiérrez Paredes, J., Quality Control in Textile Production:
Acceptance Limits and Technical Gaps, National University of San
Marcos, Lima, 2021. https://doi.org/10.1016/j.eswa.2023.120256

Shingo, S., A Revolution in Manufacturing: The SMED System,
Productivity Press, Cambridge, MA, 1985.
https://doi.org/10.1016/j.ijpe.2013.10.011.

Dal Forno, A. J., Bataglini, W. V., Steffens, F., & Ulson de Souza, A.
A. (2023). Industry 4.0 in the textile and apparel sector: A systematic
literature review. Research Journal of Textile and Apparel, 27(1), 95—
117. https://doi.org/10.1108/RITA-08-2021-0106

Lee, J., Bagheri, B., & Kao, H., “A cyber-physical systems architecture
for Industry 4.0-based manufacturing systems,” Manufacturing Letters,
vol. 3, pp. 18-23, 2015. https://doi.org/10.1016/j.rineng.2023.101609

Anosike, A., Alafropatis, K., Garza-Reyes, J. A., Kumar, A., Luthra, S.,
& Rocha-Lona, L. (2021). Lean manufacturing and Internet of Things:
A synergetic or antagonist relationship? Computers in Industry, 129,
Article 103464. https://doi.org/10.1016/j.compind.2021.103464

Pattaro, R. G., Junior, I. R. H., Da Silva, I. B., Hassui, A., & Barbosa,
G. F. (2022). A novel framework for single-minute exchange of die
(SMED) assisted by lean tools. The International Journal of Advanced
Manufacturing Technology, 119(9-10), 6469-6487.
https://doi.org/10.1007/s00170-021-08534-w

Yazici, K., Gokler, S. H., & Boran, S. (2020). An integrated SMED—
fuzzy FMEA model for reducing setup time. Journal of Intelligent
Manufacturing, 32(6), 1547-1561. https://doi.org/10.1007/s10845-
020-01675-x

Orellana-Nufiez, N., Puerta-Giron, M., & Leon-Chavarri, C. (2022).
Production management model to reduce late deliveries in a metal-
mechanical SME using lean tools. Proceedings of the 2nd LACCEI
International Multiconference on Entrepreneurship, Innovation and
Regional Development (LEIRD 2022).
https://doi.org/10.18687/leird2022.1.1.133

Tejada, S., Valdez, S., Yildiz, O., Salas-Castro, R., & Alvarez, J. C.
(2025). A data-driven lean manufacturing framework for enhancing
productivity in textile micro-enterprises. Sustainability, 17(11), 5207.
https://doi.org/10.3390/sul7115207

(18]

(19]

[22]

(23]

[24]

[27]

Campoblanco-Carhuachin, R., Silva-Castro, D., & Leon-Chavarri, C.
(2022). Production management model to reduce non-fulfillment of
orders in Peruvian garment SMEs through 5S, SMED, and
standardization tools. Proceedings of the 2nd LACCEI International
Multiconference on Entrepreneurship, Innovation and Regional
Development (LEIRD 2022).
https://doi.org/10.18687/leird2022.1.1.73

Beyene, T. D., Gebeyehu, S. G., & Mengistu, A. T. (2018). Application
of failure mode effect analysis (FMEA) to reduce downtime in a textile
joint-stock company. Journal of Engineering, Project, and Production
Management, 8(1), 40-46.
https://doi.org/10.32738/JEPPM.201801.0005

Nasim, M., Mumtaz, R., Ahmad, M., & Ali, A. (2024). Fabric defect
detection in real-world manufacturing using deep learning. Information,
15(8), 476. https://doi.org/10.3390/info15080476

Elkateb, S., Métwalli, A., Shendy, A., & Abu-Elanien, A. E. B. (2024).
Machine learning and IoT-based predictive maintenance approach for
industrial applications. Alexandria Engineering Journal, 88, 298-309.
https://doi.org/10.1016/j.aej.2023.12.065

Bizuneh, B., & Omer, R. (2024). Lean waste prioritization and
reduction in the apparel industry: Application of waste assessment
model and value stream mapping. Cogent Engineering, 11(1), 2341538.
https://doi.org/10.1080/23311916.2024.2341538

Zamora-Gonzales, S., Galvez-Bazalar, J., & Quiroz-Flores, J. (2021).
A production management-based lean manufacturing model for
removing waste and increasing productivity in the sewing area of a
small textile company. In Smart Innovation, Systems and Technologies
(pp- 435-442). https://doi.org/10.1007/978-3-030-75680-2_49

Qaid, A. A., Alkahtani, M., Alsyouf, I., Almalki, A., & Abdo, H.
(2024). A systematic reliability-centered maintenance framework with
fuzzy computational integration: A case study of manufacturing process
machinery. Journal of Quality in Maintenance Engineering, 30(2), 315—
339. https://doi.org/10.1108/JQME-04-2022-0021

Braglia, M., Frosolini, M., Gabbrielli, R., & Marrazzini, L. (2019). A
novel operational approach to equipment maintenance: TPM and RCM
jointly at work. Journal of Quality in Maintenance Engineering, 25(4),
612-632. https://doi.org/10.1108/JQME-01-2018-0008

Rthnayake, R., Fernando, W., & Jayasuriya, P. (2020). Application of
FMEA for prioritizing mechanical failures in textile production
systems.  Engineering  Failure  Analysis, 118,  104-137.
https://doi.org/10.1016/j.engfailanal.2020.104813

Khan, T., Ullah, H., & Ahmed, S. (2020). Risk-based decision-making
using Failure Modes and Effects Analysis (FMEA) in textile machinery
maintenance. Journal of Manufacturing Systems, 56, 321-332.
https://doi.org/10.1016/j.jmsy.2020.04.003

Nguyen, T., Vo, H., & Tran, Q. (2020). Reducing setup time in textile
operations using the SMED methodology. Production &
Manufacturing Research, 8(1), 55-68.
https://doi.org/10.1080/21693277.2020.1739487

24th LACCEI International Multi-Conference for Engineering, Education, and Technology: “Engineering without Borders: Artificial Intelligence,

Knowledge, Innovation, and Alliances for a Future from the Americas”. Hybrid Event, Santiago-Chile, July 15 - 17, 2026.

10


https://doi.org/10.1016/j.rineng.2023.101609
https://doi.org/10.1007/s00170-021-08534-w
https://doi.org/10.1007/s10845-020-01675-x
https://doi.org/10.1007/s10845-020-01675-x
https://doi.org/10.18687/leird2022.1.1.133
https://doi.org/10.3390/su17115207
https://doi.org/10.18687/leird2022.1.1.73
https://doi.org/10.18687/leird2022.1.1.73
https://doi.org/10.32738/JEPPM.201801.0005
https://doi.org/10.3390/info15080476
https://doi.org/10.1016/j.aej.2023.12.065
https://doi.org/10.1080/23311916.2024.2341538
https://doi.org/10.1080/23311916.2024.2341538
https://doi.org/10.1007/978-3-030-75680-2_49
https://doi.org/10.1108/JQME-04-2022-0021
https://doi.org/10.1016/j.jmsy.2020.04.003
https://doi.org/10.1016/j.jmsy.2020.04.003
https://doi.org/10.1080/21693277.2020.1739487
https://doi.org/10.1080/21693277.2020.1739487

