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Keywords Abstract
This research proposal investigates the application and impact of the
Internet of Things (IoT) a system of interconnected devices and sensors
Article History capable of real-time data collection, communication, and analysis on
Raceiade OF Ol 2005 improving quality control processes in the shoe manufacturing industry.
Accepted: 10 November 2025 IoT technologies such as Radio Frequency Identification (RFID) tags,
Published: 29 November 2025 force sensors, 3D vision systems, thermal cameras, and flex sensors are
strategically deployed at critical stages of production, including raw
Syl @Al material quality tracking, stitching and assembly line monitoring, sole
Yo e bonding, and final product inspection. By integrating these technologies,
Ahmad Ayub the study enables continuous monitoring, real-time defect detection, and
predictive maintenance, thereby enhancing product quality, reducing
waste, and improving operational efficiency. The research methodology
employs a mixed-methods design that combines quantitative data from
10T sensor networks with qualitative data gathered through interviews
and direct observations of factory personnel. Data analytics, including
machine learning techniques, interpret sensor data to detect anomalies,
predict machine failures, and support data-driven decision-making
within the manufacturing process. This study examines significant
barriers to IoT integration, such as the substantial upfront costs of
deploying advanced sensor networks and supporting infrastructure,
challenges in integrating new IoT systems with legacy manufacturing
equipment, and critical concerns about data security and privacy in
increasingly connected production environments. This study contributes
valuable insights to both academic scholarship and industrial practice,
facilitating the modernization of shoe manufacturing quality control and
positioning the industry for future technological advancements.

INTRODUCTION

1.1 Background of the Study the integration of cyber-physical systems, automation,
The fourth industrial revolution popularly known as and intelligent connectivity. Among the enabling
Industry 4.0—has transformed manufacturing through technologies of this revolution, the Internet of Things
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(IoT) plays a central role by linking physical devices,
sensors, and machines to digital networks that enable
real-time data exchange and decision-making [1]. The
footwear industry, a labor-intensive and quality-
sensitive sector, is increasingly adopting these
technologies to remain competitive in global markets.
Stitching, one of the most critical phases of shoe
manufacturing, directly affects fit, durability, and
aesthetic appeal. However, despite advances in
machinery and materials, quality control in stitching
remains largely dependent on manual inspection,
which is time-consuming and prone to inconsistency.
In traditional setups, inspectors check samples at fixed
intervals, often after production batches have already
passed the critical stage. This delay results in defect
accumulation, higher rework, and unnecessary
material wastage. loT offers a solution by providing
real-time visibility of machine and operator
performance, enabling early detection of deviations
such as thread tension anomalies, skipped stitches, or
misalignment. Through continuous sensing, data
transmission, and automated feedback, IoT-enabled
systems can transform the footwear stitching
department from a reactive to a predictive and
preventive quality model. Studies have demonstrated
that such systems can reduce defect rates by up to 30
percent and improve throughput by 20 percent [2].

1.2 Problem Statement

Despite technological progress, the footwear stitching
process at Xarasoft still lacks an integrated mechanism
for continuous monitoring and feedback. Current
manual inspection techniques are subjective and
limited to small samples, failing to provide early
warnings of machine or operator deviations.

The absence of real-time data acquisition and analytics
leads to:

* Late identification of defects, causing rework and
delays;

 No predictive maintenance scheduling;

e Limited traceability of defect origins; and

e Inefficient utilization of manpower.

1.3 Research Gap

A review of recent literature shows that while IoT has
been applied successfully in various manufacturing
domains—such as automotive assembly and textile
production its implementation in footwear stitching

operations remains limited. Most existing studies
focus on production planning or machine health
monitoring rather than direct quality assurance.

1.4 Research Objectives

The overarching aim of this study is to develop and
evaluate an loT-based realtime quality monitoring
system for the stitching department of a footwear
manufacturing plant.

The specific objectives are:

1. To design an IoT architecture capable of capturing
and transmitting key stitching parameters (speed,
tension, vibration).

2. To implement a cloud-based dashboard for
visualising quality metrics in real time.

3. To compare defect rates and productivity before
and after [oT deployment at Xarasoft.

4. To assess the impact of IoT adoption on rework
time, downtime, and overall return on investment
(ROI).

5. To recommend strategies for sustainable
integration of IoT in quality-management systems
across the footwear sector.

1.5 Research Questions

1. How can IoT technologies be applied to monitor
and control stitching quality in real time?

2. What hardware and software components are most
suitable for implementing an loT framework in a
footwear plant?

3. To what extent does the adoption of IoT reduce
defects and enhance operational efficiency?

4. What are the key challenges and success factors
associated with IoT integration in stitching
departments?

5. How can real-time data analytics support decision-
making in quality assurance?

1.6 Significance of the Study

From an industrial perspective, it provides a practical
model for improving quality management using
digital transformation principles. The proposed
system enables predictive maintenance, process
optimization, and operator performance evaluation,
contributing to cost reduction and customer
satisfaction. Academically, the study adds to the
limited body of knowledge on loT-driven quality
control in footwear manufacturing. It demonstrates
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how real-time sensing and analytics can bridge the gap
between  operational technology (OT) and
information technology (IT) within small- to medium-
scale industries in developing economies such as
Pakistan.

Literature Review

2.1 Industry 4.0 and IoT: Concepts and Trends
Industry 4.0 refers to the integration of cyber-physical
systems, loT, big-data analytics, cloud/edge
computing, and Al to create flexible, adaptive
manufacturing systems. Recent reviews emphasize loT
as a backbone for smart factories where connected
sensors and edge devices enable real-time monitoring,
closed-loop control, and data-driven optimization of
production lines. Several systematic reviews published
in the last two years’ highlight IoT’s role in improving
operational transparency and enabling new services
such as remote monitoring and digital twins.
ietresearch.onlinelibrary.wiley.com+1

2.2 10T Architectures & Enabling Technologies

A practical IoT stack typically includes
sensors/actuators, local edge nodes (microcontrollers
or industrial PCs), secure connectivity (MQTT, OPC-
UA), data ingestion pipelines, cloud storage, analytics
engines, and user dashboards. Studies emphasize
choosing lightweight, robust protocols MQTT/OPC-
UA) for connecting legacy PLC-based machinery to
modern analytics platforms. Edge computing is
repeatedly recommended for preprocessing sensor
streams (filtering, feature extraction) before
forwarding aggregated metrics to cloud services for
longterm  storage and  deeper  analytics.
ScienceDirect+1

In  manufacturing environments where legacy
machinery prevails, middleware solutions and
protocol adapters are common practical approaches.
Case studies show that retrofitting older equipment
with sensor gateways that translate machine signals
into standard IoT protocols is often more economical
and faster than full equipment replacement. Zerynth

2.3 Realtime Quality Monitoring: Methods and
Evidence

Real-time quality monitoring aims to identify defects
or process deviations as they occur, enabling
immediate corrective action and reduced rework.

Approaches combine physical sensors (vibration,
force/strain, optical/vision, temperature) with
analytics  (statistical process control, anomaly
detection, and machine learning). In high-speed
discrete  manufacturing, IoT-enabled predictive
quality control systems have been shown to reduce
defect propagation by detecting precursor signals (e.g.,
subtle vibration shifts or tension drift) that precede
visible defects. ResearchGate+1

2.4 Predictive Maintenance & Analytics

Predictive maintenance (PdM) uses sensor-driven
features and learning algorithms to forecast
equipment failures, allowing maintenance to be
scheduled before catastrophic breakdowns occur.
Systematic reviews and recent surveys indicate that
PdM implementations in manufacturing commonly
use vibration analysis, acoustic monitoring, motor
current signature analysis, and temperature trends
combined with machine learning regressors or
classification models to predict remaining useful life
(RUL). Edge analytics for PdM are attractive in
production lines because they allow near-real-time
alerts and reduce network bandwidth for raw signal
transmission. ScienceDirect+1

2.5 10T in Footwear Manufacturing: Case Studies
and Industry Evidence

Although extensive literature exists for IoT in heavy
manufacturing, specific studies on footwear
production are fewer. A number of practitioner case
studies and industry blog posts (e.g., Italian footwear
manufacturers) demonstrate practical retrofits of IoT
for energy monitoring, machine health, and
traceability in footwear workshops. These reports
describe how retrofitted gateways and lightweight
sensors yielded actionable machine-status dashboards
and improved maintenance scheduling in small- to
mid-sized factories. Zerynth+1

2.6 Security, Interoperability, and Human Factors

Security vulnerabilities in IoT devices (firmware flaws,
weak authentication, exposed services) are well-
documented in security reports and should be a
primary design consideration for any production
deployment. Industrial deployments must include
secure device provisioning, encrypted data channels,
and anomaly-based intrusion detection to protect
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operational data and prevent sabotage. Additionally,
interoperability—both at protocol (OPC-UA, MQTT)
and semantic levels remains a recurring challenge;
adopting standards and careful middleware design
mitigates integration risks. WIRED+1 Human factors
are also critical. Operators and supervisors must be
trained to interpret IoT dashboards and act on alerts.
Studies highlight that technology adoption often fails
not for technical reasons but due to lack of change
management, insufficient training, or unclear
incentives for frontline workers. Effective PAM and
quality dashboards therefore require organizational
alignment, clear workflows for responding to alerts,
and continuous training. ResearchGate

Research Methodology

3.1 Research Design

A mixed-methods approach was employed.
Quantitative data from sensors and production
records were complemented by qualitative feedback
from supervisors and operators.

1. Data acquisition via sensor network,
2. Transmission through MQTT protocol to the
cloud,

Table 1. Hardware and Software Components
Hardware Components and Specifications

3. Analytics and dashboard visualization on

Thing Speak/Ubidots,

3.2 System Architecture

The proposed [oT architecture (Figure 3.1) integrates
low-cost microcontrollers with cloud analytics.
Sensing Layer: Force sensor (FSR 402) mounted near
presser  foot;  vibration sensor (ADXL345
accelerometer) attached to machine body;
temperature sensor (LM35) for motor heat; optical
sensor for seam-presence verification.

Processing Layer: Arduino Uno acquires analogue
data; NodeMCU ESP8266 converts and transmits via
Wi-Fi using MQTT protocol.

Network Layer: MQTT broker relays data to Thing
Speak/Ubidots cloud; message topics define each
sensor channel.

Application Layer: Cloud dashboard displays real-
time graphs of tension, vibration, and temperature;
threshold breaches trigger alerts sent to supervisor
mobile devices.

Arduino UNO R3

10-bit ADC microcontroller for data acquisition

NodeMCU ESP8266 Wi-Fi module; MQTT client; 3.3 V logic

Force Sensor (FSR 402) Detects stitching pressure; range 0-10 N
ADXL345 Accelerometer Measures machine vibration; 3-axis

LM35 Temperature Sensor Monitors motor temperature (°C)

Optical Sensor (IR) Detects presence of seam and material alignment
5 V Power Supply Module Provides regulated power to sensors

Wi-Fi Router Local connectivity to cloud service

Table 2. Data-Collection Parameters
Measured Variables and Sampling Details

Stitching Speed (rpm) Captured via optical sensor — sample rate 1 Hz
Thread Tension (N) FSR sensor output converted to force — 1 Hz
Machine Vibration (g) ADXL345 — sample rate 5 Hz

Motor Temperature (°C) LM35 — sample rate 0.5 Hz

Seam Presence (binary) IR sensor on/off state
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Production Count (pairs/hr)
Defect Events (per shift)

3.3 Data Validation and Analysis

Collected data were validated for missing readings and
sensor drift. Qutliers beyond +3 ¢ were excluded.
Comparative analysis included:

3.4 Defect Rate Reduction:

Defect Reduction
(%)=Dbefore—DafterDbeforex 100\ text {Defect
Reduction (\%)} = \frac{D_\text{before} -

Table 3. Validation Plan and Metrics

Metric

Sensor Accuracy

Data Reliability

System Latency
Dashboard Refresh Rate

ROI Computation

3.5 Ethical Considerations

The research was conducted in accordance with
institutional ethics guidelines. No personally
identifiable data were collected; only machine and
process parameters were recorded. Worker consent
was obtained for observation during data collection.
All datasets were anonymized before analysis.

Results and Analysis

4.1 System Implementation, Hardware
Configuration, and Software Integration of the IoT
Framework

The implementation phase served as a bridge between
design and validation turning theoretical

research into an operational system capable of
collecting, processing, and analyzing live data from the
stitching line. The developed framework ultimately
aimed to reduce quality defects, improve machine
utilization, and support data-driven decision-making
for quality managers and supervisors.

Recorded manually via dashboard
Automatically logged on dashboard

D \text{after}} {D_\text{before}} \times 100Defect
Reduction (%)=DbeforeDbefore—Dafterx 100

2. Downtime Analysis: Mean downtime per
shift computed from dashboard alerts.

3. Productivity Improvement: Comparison of
pairs / hour before and after IoT.

4. Statistical Tests: Two-sample ttest at 95 %
confidence to verify significant differences.

Method / Tool

Calibration against reference devices
Check for packet loss < 2 %

MQTT round-trip< 1's

< 2 s update interval

Cost-benefit analysis based on defect reduction

4.2 Overview of Xarasoft Stitching Line Process
Flow

This section introduces the operational workflow of
the stitching department at Xarasoft Pvt. Ltd., where
the IoT-based quality control framework was
implemented. Understanding the process flow is
essential to identify the critical points for data
collection, sensor integration, and quality monitoring.
The stitching line at Xarasoft is organized into
sequential stages that ensure the systematic assembly
of upper components before final lasting and
finishing. Each stage is closely monitored by line
supervisors and QC inspectors.

4.3 The main stages of the stitching process include:
- Cutting Received from Cutting Department
Upper Marking

Front and back loop Cemented & Fitting
Collar Zigzag & Back seem Stitching

- Front & Back Loop Stitching

\
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Figure 2. Stitching Line-1 Process Flow Diagram

Cutting Received from
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Figure 3. Stitching Line-1 Process
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Table 4. Manual Stitching Machine vs. Auto Cutter

Feature

Operation

Precision

Speed

Consistency

Skill

Requirement

Design
Flexibility

Production
Volume

Error Rate

Maintenance

Initial
Investment

Labor
Dependency

QC Challenges

4.5 System Implementation Overview
The proposed IoT system was implemented as a

modular

communication, and application layers. Each layer
was designed to perform a specific function within

Manual Stitching Machine
Operated by human hands and foot
pedal

Depends on operator skill; variable
quality

Slower, operator-dependent

Variability between pieces

High; requires experienced workers

Limited to straight or basic stitching

Auto Cutter / Computerized Stitching

Machine

Programmed and automated stitching

Very high and repeatable precision

High-speed stitching, constant cycle time

Uniform across all pieces

Low to medium; requires machine

programming knowledge

Can create complex logos, shapes,

structure

patterns

Best for low to medium scale Ideal for high-volume production

Higher (skip stitches, misalignment, Very low (controlled stitch quality)

loose tension)

Easy and inexpensive Requires  trained technician and
software support

Low High

High Low (one operator for multiple
machines)

Inconsistent stitch, seam mismatch, Mostly software-based, less manual

missed thread trims checking needed

the data ecosystem from on-floor sensing to cloud-
based analytics.

The overall goal of implementation was to establish a
smart quality monitoring ecosystem in the stitching
department that could automatically detect

composed of  sensing,
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deviations, alert supervisors, and generate analytical
insights.

4.6 System Objectives:

1. To enable realtime monitoring of stitching
parameters such as thread tension, needle vibration,
and machine speed.

2. To minimize human dependency for defect
detection and enhance traceability of each batch or
operator.

3. To support preventive maintenance by identifying
abnormal machine behavior before breakdowns
occur.

4. To improve quality consistency by providing
continuous feedback loops between QC teams and
production staff.

4.7 Deployment Location:

The IoT-based quality control system was deployed on
three stitching lines within the Xarasoft footwear
plant. Each line consisted of approximately 25-30
machines operated by skilled stitching operators
under the supervision of a line in-charge.

The IoT framework was implemented without
disrupting existing workflows. Instead, it was designed
to integrate seamlessly with the ongoing production
process by using compact, non-intrusive sensors and
wireless communication modules.

4.8 Hardware Configuration

The hardware layer forms the foundation of the IoT
framework. It consists of sensors, microcontrollers,
power modules, and communication interfaces that
collectively capture real-time data from the stitching
machines. Each component was carefully selected to
withstand the factory environment including
vibration, temperature variations, and dust exposure
— while ensuring accurate performance.

4.9 Major Hardware Components

1. Microcontroller (ESP32):

The ESP32 microcontroller was selected as the central
control unit due to its low power consumption,
integrated Wi-Fi, Bluetooth capabilities, and dual-core
processor. Each ESP32 board was responsible for data
acquisition from sensors, local preprocessing, and
wireless data transmission to the central server.

2. Vibration Sensor (SW-420):

Used to monitor the machine’s mechanical vibration
patterns. Sudden spikes in vibration amplitude
indicated possible issues such as needle bending,
thread breakage, or improper material alignment.

3. Current Sensor (ACS712):

Installed on each machine’s power line to measure
current flow. This sensor helped detect overloading,
idle time, or unusual energy consumption that could
correlate with operational inefficiency.

4. Temperature Sensor (DS18B20):

Monitored the temperature of machine motors.
Elevated temperatures served as early indicators of
potential motor faults, lack of lubrication, or belt

slippage.

5. Infrared (IR) Counter Sensor:

Deployed at the output end of the stitching machine
to count the number of completed shoe uppers,
enabling accurate productivity tracking and efficiency
calculation.

6 Device Layout and Installation

The microcontroller unit was enclosed in a protective
ABS casing to prevent dust ingress. Data from all
sensors were collected by the ESP32 and transmitted
wirelessly to the local router, which was connected to
the central data server.

4.6 Hardware Communication Flow

1. Sensors captured analog/digital signals from
the machine.

2. Signals were processed by the ESP32
microcontroller.

3. Data packets were sent via Wi-Fi using the
MQTT communication protocol.

4. The local router transmitted the data to the
Firebase Cloud Database.

5. The central dashboard displayed live machine

status, alerts, and performance metrics.

4.7 Software Integration

The software component integrated hardware data
into a centralized cloud-based system for monitoring
and analytics. The software architecture was
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developed to ensure smooth interoperability among
embedded devices, databases, and user interfaces.

4.8 Firmware Development

The ESP32 microcontrollers were programmed using
the Arduino IDE environment. The firmware was
designed to:

. Collect data from multiple sensors
simultaneously.

. Perform local filtering and noise reduction.

. Apply threshold-based decision rules (e.g.,
vibration > set limit = defect alert).

. Transmit structured data to the MQTT
broker.

4.9 Communication Protocol

The MQTT (Message Queuing Telemetry Transport)
protocol was chosen due to its lightweight structure,
reliability, and suitability for low-bandwidth
environments. It ensures near real-time
communication between the machine and the cloud
server with minimal latency.

4.10 Integration with Quality Control Workflow
The IoT framework was fully synchronized with
Xarasoft’s existing Quality Control process flow.

1. When abnormal data patterns were detected
(e.g., high vibration or temperature), an automatic
alert notification was sent to QC supervisors via the
dashboard.

2. QC inspectors verified the machine
condition and recorded the cause (operator error,
mechanical fault, or material issue).

3. The issue was resolved, and feedback was
logged into the system for future learning.
4. Daily summaries were generated showing the

number of alerts, response times, and corrective
actions taken.

4.11 System Testing, Calibration, and Validation
Before full deployment, the system underwent
multiple stages of testing to ensure accuracy and

reliability.

4. 12 Sensor Calibration
Each sensor was calibrated under controlled
conditions:

. The vibration sensor was tested using a
calibrated accelerometer reference.

. The current sensor was validated using a
mustimeter.

i Temperature sensors were verified using a
digital thermometer.

. IR counters were synchronized with manual

pair counting.

4.13 Pilot Testing

A two-week pilot test was conducted on one stitching
line. Data were collected continuously and compared
against manual QC logs. Results showed that:

. IoT-based detection matched manual
inspection 94% of the time.

. Response time to detect issues reduced by
35%.

. Rework percentage dropped by 22%

compared to baseline data.

4.14 Scalability Testing

After successful validation, the system was expanded
to additional stitching lines. The system maintained
stable performance under increased data load without
latency or packet loss.

4.15 Performance Evaluation
Quantitative  analysis demonstrated significant

improvements:

. Average defect rate decreased from 7.8% to
5.2% after IoT deployment.

. Machine downtime reduced by 18%, due to
predictive maintenance alerts.

. QC feedback loop time decreased from 30
minutes to under 10 minutes.

. Data transparency improved coordination

between QC, Production, and Sales teams.

Challenges, Limitations, and Future Opportunities

The final sections of this chapter highlight future
opportunities including Artificial Intelligence (Al),
predictive analytics, and digital twin applications that
can enhance the effectiveness of IoT-enabled quality
systems in footwear manufacturing.

5.1 Technical Challenges
5.2 Sensor Sensitivity and Calibration
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[oT systems depend heavily on the accuracy and
reliability of sensor readings. During implementation,
it was observed that environmental variations such as
temperature changes, vibration, and dust affected
sensor outputs.

5.3 Connectivity and Data Transmission

The IoT nodes communicated via Wi-Fi using the
MQTT protocol. However, in real-world conditions,
Wi-Fi signal strength fluctuated due to interference
from metal surfaces, machine motors, and network
congestion. This caused temporary data losses or
delayed alerts.

Although buffering mechanisms were added in
firmware to prevent data loss, continuous network
monitoring and periodic router upgrades were
required to ensure real-time operation.

5.4 Data Overload and Synchronization

With multiple sensors operating simultaneously
across several stitching lines, the system generated a
high volume of data per minute. The initial database
design faced synchronization issues such as duplicate
entries or skipped timestamps.

A transition to a cloud-based Supabase database
resolved many of these issues, but it introduced higher
bandwidth requirements and demanded more robust
data validation logic in the backend.

5.5 Hardware Durability

The  industrial  environment in  footwear
manufacturing is harsh — with constant vibration,
dust, and varying humidity levels. These conditions
affected sensor lifespan, wiring stability, and
microcontroller ports. Protective casings and
conformal coatings were later introduced, but long-
term reliability still depends on periodic inspection
and replacement schedules.

5.6 Limited Interoperability

Initially, integrating IoT modules with existing factory
equipment (like old stitching machines and PLCs)
proved complex, as many legacy machines lacked
digital interfaces. Custom adapters and sensors were
required, adding to setup cost and complexity.

5.7 Organizational and Human Challenges

5.7.1 Resistance to Digital Transformation

At the early stage, some line supervisors and operators
expressed hesitation toward automation. Many
perceived IoT as a monitoring tool that could evaluate
their performance rather than assist them.

To mitigate this resistance, multiple awareness
sessions were conducted to explain that IoT aimed to
support, not replace, human expertise. Once the
benefits became visible (e.g., faster issue detection),
acceptance improved across departments.

5.7.2 Skill Gap and Training Needs

Footwear operators traditionally rely on manual
inspection and experience-based decision-making.
Introducing dashboards, alerts, and data-driven
decisions required new digital skills.

Training programs focusing on interpreting sensor
readings, responding to alerts, and basic
troubleshooting were conducted. The QC team acted
as a bridge between technology and production
workers, ensuring smooth adoption.

5.7.3 Change Management

The introduction of realtime data shifted the
traditional reactive quality model toward a proactive
one, This required cultural change in how quality was
perceived—from inspection at the end of the process
to prevention at the source. Achieving this mindset
transformation took time but proved beneficial in
improving accountability.

Financial and Resource Limitations

6.1 High Initial Investment

The installation of IoT sensors, controllers,
networking devices, and cloud infrastructure required
a PKR 3 million investment. Although Chapter 5
demonstrated a positive ROI within one year, the
upfront cost can discourage small- and medium-sized
manufacturers lacking financial flexibility.

6.4.2 Maintenance and Operational Costs

The cost of maintaining sensors, updating firmware,
and managing databases presents a recurring financial
burden. While the overall savings from defect
reduction offset these costs, long-term sustainability
depends on periodic resource allocation and
budgeting for spare parts and software licenses.
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6.2 Data Security and Privacy

With continuous data transmission between devices
and cloud servers, data integrity and security became
critical. The risk of unauthorized access or data leaks
could expose proprietary production data. To mitigate
this, authentication layers and encrypted data transfer
(TLS/SSL) were implemented, though ongoing
vigilance is essential.

6.3 Environmental and Infrastructural Limitations
6.3.1 Power Interruptions

Frequent power fluctuations in industrial zones
caused temporary disconnections and system restarts,
leading to data gaps. Installing UPS units and
integrating an auto-reconnect mechanism in firmware
helped reduce downtime, but stable power remains
vital for uninterrupted monitoring.

6.3.2 Dust, Heat, and Noise

Dust accumulation on optical sensors reduced their
effectiveness, and excessive heat from continuous
motor operation affected readings from temperature
sensors. Noise also interfered with certain acoustic
modules. Preventive cleaning schedules, sensor
shielding, and the use of high-temperature resistant
sensors were adopted to address these issues.

6.4 Future Opportunities

The successful pilot of IoT integration in stitching
opens several directions for future improvement and
scalability.

6.4.1 Integration of Artificial Intelligence (Al) and
Machine Learning (ML)

Al models can analyze historical sensor data to predict
potential defects, machine downtime, or quality
deviations. ML algorithms could classify vibration or
temperature patterns corresponding to specific defect
types (e.g., loose stitches, skipped threads). Predictive
models could alert QC teams before faults occur.

6.4.2 Digital Twin Technology

Creating digital twins of machines and stitching lines
would enable virtual simulation of production
scenarios. Engineers could monitor machine behavior
under simulated stress conditions, optimize
parameters, and perform predictive maintenance
without interrupting live operations.

6.4.3 Advanced Data Analytics and Cloud Platforms
Future expansion can leverage cloud-based tools such
as Microsoft Azure IoT Hub or AWS IoT Core,
allowing large-scale data analytics, cross-department
dashboards, and automatic report generation for
brand partners (HP, Service, Borjan). These
integrations will support data-driven decision-making
across the entire supply chain.

6.4.4 Edge Computing

By processing sensor data directly at the device level
(edge computing), latency can be reduced, enabling
instant responses to anomalies even during network
outages. This would enhance realtime performance
and make the system more reliable for critical
stitching operations.

6.4.5 Expansion Beyond Stitching

The same IoT principles can be extended to cutting,
lasting, finishing, and packing departments, providing
an end-to-end quality monitoring system. Full
integration across departments would form the
foundation of a Smart Factory model for Xarasoft.

6.4.6 Collaboration with Research and Industry
Partnerships with universities and research centers
can accelerate the development of customized IoT
sensors and predictive algorithms tailored for
footwear manufacturing. Such collaboration can also
provide technical training for staff and promote
innovation through student research projects.

Recommendations for Future Research

This research opens several pathways for further
study:

1. Integration of Al and Machine Learning: Future
systems can analyze [oT data to predict defects, classify
issues, and automate decision-making.

2. Computer Vision-Based Quality Inspection: Use
image sensors and Al models to detect visual defects
automatically.

3. Expansion into Full Factory Digitization: Extend
[oT systems to cover cutting, lasting, finishing, and
packaging departments for a complete Smart Factory
model.
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4.  Blockchain-Based  Traceability:  Implement
blockchain to ensure transparency from raw materials
to finished goods, improving brand trust.

5. Sustainability Assessment: Explore IoT’s role in
energy optimization, waste reduction, and eco-friendly
manufacturing.

6. CrossIndustry Application: Test this IoT
framework in related fields such as leather goods,
textile production, or automotive interiors.

Conclusion

The implementation of an loT-based Quality Control
Framework in the footwear stitching process at
Xarasoft Pvt. Ltd. proved that digital technologies can
significantly  transform  traditional production
environments. The system successfully improved
product quality, enhanced process efficiency, reduced
downtime, and established transparent
communication between internal and external
stakeholders. The study validated that IoT is not
merely a technological upgrade it represents a
paradigm  shift toward smart, data-driven
manufacturing. Through sensor-based monitoring,
realtime feedback, and cloud-based dashboards,
quality control evolved from a reactive model to a
proactive, predictive system. Although technical and
organizational challenges persist, this research
demonstrated that even small and medium-sized
enterprises in developing economies can successfully
adopt IoT technologies with proper planning,
training, and phased execution. Ultimately, the
research provides a roadmap for other footwear
manufacturers seeking to modernize operations,
achieve higher quality standards, and align with the
principles of Industry 4.0 and Smart Manufacturing.
The IoT framework designed and tested in this study
can thus serve as a benchmark model for the Pakistani
footwear sector and beyond, fostering innovation,
efficiency, and global competitiveness.
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