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Abstract-

The automotive sector is undergoing a fundamental transformation in quality management,
influenced by the convergence of Lean practices, Six Sigma methodologies, and intelligent
technologies associated with Industry 4.0. This research presents a comprehensive
exploration of how this integrative approach reshapes quality strategies, enhances operational
agility, and elevates product excellence in modern automotive manufacturing. Lean and Six
Sigma offer disciplined frameworks for eliminating inefficiencies and controlling process
variability, respectively. When fused with digital enablers such as the Internet of Things (IoT),
Alsystems these traditional tools evolve into dynamic, self-adaptive quality management

systems capable of continuous improvement.

The paper introduces the concept of Smart Quality Management Systems (SQMS), which
utilize real-time IOT data and predict defects, identify systemic inefficiencies, and automate
corrective actions across the production lifecycle. Empirical evidence from industrial case
studies demonstrates how this synergistic model accelerates quality responsiveness,
improves root-cause traceability, and significantly reduces defect-related costs and downtime.
Additionally, technologies like digital twins and predictive maintenance tools are shown to

contribute to higher accuracy in quality forecasting and decision-making.

This holistic framework not only reinforces process excellence and regulatory compliance but
also supports the evolving demands of mass customization, traceability, and environmental
sustainability. The findings reinforce that the strategic integration of Lean, Six Sigma, and
smart manufacturing technologies constitutes the cornerstone of future-ready quality systems
in the automotive domain. This study offers valuable insights for industry professionals and

researchers aiming to align traditional quality models with the digital innovation landscape,
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ensuring both resilience and competitive advantage in an increasingly complex manufacturing

environment.

1.Introduction

The automotive industry is facing rapid technological disruption, increasing customer
demands, and stricter regulatory requirements. Traditional quality management systems,
while effective in the past, are now insufficient for handling the complexity and speed of
modern production lines. This section introduces the need for a more integrated, adaptive
approach to quality management that leverages digital technologies alongside Lean and Six
Sigma. The purpose of the study is to investigate how the fusion of these methodologies

enhances product quality, streamlines operations, and delivers customer satisfaction.

The term INDUSTRY4.0 was first used in 2011 to characterize the German government's aim
to increase the competitiveness of its producing sector [5]. However, throughout time, it has
evolved into a broad word that describes a wide range of present and upcoming technologies
for enhancing industrial processes. For example, in [6], INDUSTRY4.0was especially
associated with Internet use, production flexibility, and process virtualization. However, no one
agrees on these technologies or the meaning of INDUSTRY4.0[7].

INDUSTRY4.0and LSS are ways that enable businesses to remain competitive and adapt
swiftly to changing market needs [11]. Furthermore, INDUSTRY4.0has steadily gained
popularity among practitioners and academics interested in L and LSS. As seen in Figure 1,
the number of papers looking at the link between INDUSTRY4.0and various approaches has
increased considerably in recent years. However, most research have only examined the
connection between INDUSTRY4.0 and L [10]. According to the literature, additional research
is needed on the integration of INDUSTRY4.0and LSS [12].

Since the emergence of Industry 4.0 and related technologies, manufacturing organizations
have faced extra pressure and problems in transforming their operations management
structures to compete in a highly digitized business environment (Ghobakhloo). 14.0 is
expected to improve manufacturing processes and performance (Ali and Xie Citation2021;
Calig Duman and Akdemir Citation2021). Companies are rethinking their approaches to meet
customer expectations for smart products and services. Given a series of supporting
technologies provided by the new 14.0 paradigm (Culot et al.), operations management is
presently seeing a considerable "shift" in many old methodologies, especially Lean Six Sigma
(LSS) (Arcidiacono and Pieroni Citation2018).

2337 Nilmani Sahu et al 2336-2351



Journal of Computational Analysis and Applications VOL. 33, NO. 6, 2024

10.48047/jocaaa.2024.33.06.78

2. Theoretical Background

Lean principles focus on eliminating non-value-adding activities, while Six Sigma aims at
reducing process variation through data-driven techniques. Both have been extensively
applied across industries, particularly in manufacturing. Industry 4.0 introduces smart
technologies such as loT, machine learning, and cyber-physical systems that offer real-time
data and automation. This review highlights the historical evolution of these concepts and
identifies a gap: while many manufacturers adopt these approaches independently, few have
established a cohesive framework that merges all three. Bridging this gap is critical for future

competitiveness.

Industry 4.0

Since its emergence in 2011, various scholars have made efforts to define the concept of
Industry 4.0. Despite this, there remains no universally accepted definition, leading to
difficulties in pursuing structured academic research on the subject. This ambiguity has also
contributed to the widespread but inaccurate belief that Industry 4.0 encompasses virtually all
forms of modern technology. To address this confusion, our approach begins by examining
some of the most frequently referenced publications that describe Industry 4.0. From this
review, we critically assess these definitions and extract a core set of enabling technologies

that are fundamental to its implementation.

Industry 4.0 implementation relies on a strategic blend of horizontal and vertical integration,
along with end-to-end engineering across the entire value chain. Horizontal integration
focuses on the synchronization of IT systems across different production phases and among
partner companies, requiring robust mechanisms for secure data exchange where
technologies like blockchain play a pivotal role. Vertical integration, on the other hand, involves
a layered digital connection between field-level devices such as sensors and actuators and
higher-level enterprise systems, including SCADA, MES, and ERP platforms. These
components serve as the technological foundation for effective 14.0 deployment. From a
design standpoint, 14.0 is underpinned by principles such as interconnectivity, transparency of
information, decentralized decision-making, and technical support. In smart factory
environments, these principles translate into the use of wearables and mobile devices for real-
time data visualization and decision assistance, as well as automation tools like robots to
manage labor-intensive or high-risk tasks. Although concepts like the Internet of Things (loT)

and Cyber-Physical Systems (CPS) are not always categorized strictly as technologies, they

2338 Nilmani Sahu et al 2336-2351



Journal of Computational Analysis and Applications VOL. 33, NO. 6, 2024
10.48047/jocaaa.2024.33.06.78
are widely treated as such in literature. For the sake of clarity and consistency, this discussion

also refers to lIoT and CPS as essential technologies enabling the Industry 4.0 ecosystem.

Lean management

Lean is a business philosophy originally developed by Toyota to enhance manufacturing
efficiency by minimizing waste and eliminating non-value-added activities. It employs tools like
Value Stream Mapping (VSM), Just-In-Time (JIT), Kanban, and Jidoka to improve quality,
boost productivity, and reduce costs. Widely adopted by both large enterprises and small-to-
medium businesses, Lean has shown substantial benefits such as cost savings, enhanced
customer satisfaction, and greater process efficiency. While Lean focuses on waste reduction
and continuous improvement, it lacks a structured approach for analyzing process variability
and defect causes areas addressed by Six Sigma. Defects introduce inefficiencies that require
time and resources to fix, leading to performance losses. Lean is more of a mindset than just
a method, demanding employee involvement and cultural transformation. However,
integrating Lean with Six Sigma creates a more robust system that not only optimizes
processes but also ensures defect reduction. This combined approach leads to superior
operational performance and business outcomes. Six Sigma specifically targets identifying,

analyzing, and eliminating defects to drive consistent quality improvements.

Six Sigma

Six Sigma (SS) is a robust methodology aimed at continuous improvement by identifying and
eliminating process errors using both statistical and non-statistical tools. It effectively
addresses variability and enhances process consistency, leading to improved customer
satisfaction and increased profitability. Originally applied in manufacturing, SS has since
expanded into diverse sectors such as healthcare, education, and public services. It follows
structured frameworks like DMAIC for process improvement and DMADV for new process or
product development. While SS excels in problem-solving and quality control, it does not
inherently foster innovation. However, when integrated with Lean principles, it delivers more

impactful and sustainable results.

3. Research Methodology

This research employs a case study methodology supported by empirical analysis. Selected
automotive manufacturers, including OEMs and Tier-1 suppliers, were evaluated for their
quality improvement initiatives. Data was collected through process mapping, loT system

outputs, quality audits, and Six Sigma project reports. The analysis involved qualitative
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insights from key personnel and quantitative data on quality metrics. The methodology

ensures that the integrated model proposed is grounded in real-world applications and

measurable improvements.

This research adopts a case study methodology combined with empirical analysis to

investigate quality improvement practices in the automotive manufacturing sector.

The study focuses on selected automotive manufacturers, including both OEMs and Tier-1
suppliers, to capture diverse operational perspectives. A qualitative and quantitative mixed-
methods approach was utilized to ensure comprehensive insight into the quality initiatives
undertaken. Primary data was collected through process mapping, loT system outputs, and
quality audit findings. Secondary data sources included Six Sigma project documentation and
internal performance reports. Process mapping was used to visualize workflows and identify
inefficiencies and potential points of failure. IoT data provided real-time monitoring of key
quality metrics from production environments. Quality audits helped validate standard
compliance and identify recurring issues. Six Sigma reports offered structured analysis of
quality improvement interventions and outcomes.Semi-structured interviews with quality
managers and production staff added contextual understanding.Data analysis involved

thematic coding of qualitative data and statistical evaluation of performance metrics.

Quantitative methods included tracking of defect rates, cycle times, and process capability
indices.The methodology emphasizes data triangulation to enhance reliability and validity.The
case-based approach allowed observation of how improvement models are implemented in
practice.Findings were compared across different manufacturers to identify common patterns
and deviations.The integrated model proposed is validated through measurable outcomes
from the case organizations.This ensures that theoretical insights are grounded in practical,
real-world settings.The research design supports replicability and scalability of the proposed

model.

4. Integration Framework: Lean, Six Sigma, and Smart Technologies

The proposed framework, Smart Quality Management System (SQMS), integrates Lean's
process optimization, Six Sigma's statistical control, and the intelligence of Industry 4.0. loT
devices gather real-time data across various manufacturing stages. Machine learning
algorithms analyze this data to detect anomalies, predict failures, and recommend corrective
actions. Cyber-physical systems act on these insights autonomously. The synergy among
these elements enables rapid decision-making, continuous learning, and adaptive process

control, moving quality management from reactive to proactive.
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The integration of Lean, Six Sigma, and Smart Technologies offers a robust framework for
enhancing operational excellence in modern manufacturing. Lean methods remove process
inefficiencies, while Six Sigma ensures precision and consistency in quality. Smart
technologies, such as IoT, Al, and cloud analytics, provide real-time data to support these
goals. This synergy creates a feedback loop where smart devices collect data that informs Six
Sigma analysis and Lean optimizations. For instance, |0T sensors can detect anomalies that
trigger immediate quality control actions. Predictive maintenance, enabled by Al, helps avoid
downtime, aligning with Lean's goal of maximizing value. Data-driven insights also improve
Six Sigma's DMAIC cycle by enhancing problem identification and solution effectiveness. This
framework ensures responsiveness to real-time challenges, increased productivity, and
sustainable quality improvements. It bridges the gap between traditional process improvement
and modern technological advancement. Ultimately, this integration is the foundation of

intelligent manufacturing and Industry 4.0 readiness.

5. Integrated Quality Improvement Model: Lean, Six Sigma, and Smart Technologies

a) Problem Identification and Case Selection

e Select OEMs and Tier-1 suppliers.
o ldentify chronic quality issues.

o Define objectives aligned with customer needs (VOC - Voice of Customer).

b) Data Acquisition (Smart Layer)

e Deploy loT sensors and digital tools on the shop floor.
e Collect real-time data: machine health, production rate, defect logs, etc.

o Store data using cloud-based or edge computing systems.

¢) Process Mapping (Lean Layer)

e Map entire process using Value Stream Mapping (VSM).
o |dentify Non-Value-Added (NVA) activities.

o Highlight bottlenecks, waste (muda), overproduction, waiting times.

d) Quality Diagnosis (Six Sigma Layer)

e Apply DMAIC (Define-Measure-Analyze-Improve-Control).
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Use Six Sigma tools: Pareto chart, Fishbone Diagram, FMEA, SPC.

Analyze root causes of variations and defects.

Integration and Improvement Implementation

Combine Lean solutions (e.g., Just-In-Time, 5S) with Six Sigma controls.
Implement automation (e.g., robotic arms, machine learning defect detection).

Predictive analytics using smart data (Al/ML) for process optimization.

Continuous Monitoring & Control

Real-time dashboards for KPIs (Scrap %, Cycle Time, OEE, etc.).
Adaptive control systems with feedback from smart technologies.

Use Six Sigma control charts and Lean visual boards.

Evaluation and Knowledge Sharing

Measure impact: reduced defect rate, downtime, and rework.
Document learnings and best practices.

Encourage knowledge dissemination across departments.

Outcomes:

Data-driven continuous improvement.
Faster root cause detection.
Real-time quality assurance.

Reduced waste and variation.
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Fig.2.Integration framework:- Lean, Six Sigma, and Smart Technology

The integrated model combining Lean, Six Sigma, and Smart Technologies offers a
comprehensive approach to Total Quality Management (TQM) in modern manufacturing
environments. It begins with real-time identification of quality issues using loT-enabled
systems and sensor-driven monitoring, providing accurate, up-to-the-minute process data.
Lean principles are applied to eliminate waste, streamline operations, and enhance flow
efficiency. In parallel, Six Sigma techniques help reduce variability and optimize process

control through data-driven decision-making. Smart technologies, including data analytics and
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machine learning, enhance predictive capabilities, enabling proactive quality interventions.
The model fosters collaboration through real-time dashboards and key performance
indicators, ensuring transparency across teams. Continuous quality audits and feedback loops
maintain compliance and reinforce accountability. By embedding a culture of continuous
improvement, the framework not only boosts operational efficiency and reduces defects but
also significantly improves customer satisfaction. This holistic integration ensures sustainable

quality improvements grounded in both empirical insights and advanced digital tools.

5. Case Studies and Implementation Results

Case studies from two automotive companies are presented. In the first, an engine assembly
line incorporated vision systems and ML algorithms to reduce inspection time and defects by
nearly 50%. In the second, a component supplier implemented IoT and DMAIC methodology,
resulting in a 25% reduction in scrap and faster root cause identification. These cases
demonstrate that integrating digital technologies with Lean Six Sigma not only improves

operational efficiency but also enhances workforce engagement and process transparency.

Table 1. Overall summary

Metric Before After Improvement
Integration | Integration (%)
Defect Rate (PPM - Parts Per Million) 12000 2000 83.3
First Pass Yield (%) 82.5 96.8 17.3
Average Cycle Time (min) 45 30 33.3
Machine Downtime (hrs/month) 120 65 45.8
Customer Complaints (monthly avg.) 25 5 80
Rework Cost (% of Total Cost) 6.5 2.2 66.2
On-time Delivery Rate (%) 78 95 21.8
Productivity (Units per Worker per Day) 65 90 38.5
Inventory Turnover Ratio 6.2 9.5 53.2
Overall Equipment Effectiveness (OEE %) 62 85 371
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Overall Summary
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Figure 3. Overall summary with various metrics

Table 2 Lean metric

Metric Before After Improvement
Integration Integration (%)
Average Cycle Time (min) 45 30 33.3
Inventory Turnover Ratio 6.2 9.5 53.2
On-time Delivery Rate (%) 78 95 21.8
Lean

On-time Delivery Rate (%)

Inventory Turnover Ratio

Average Cycle Time (min)
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Figure 4. Lean metric

Table 3 Six Sigma metric

Metric Before After Improvement
Integration | Integration (%)
Defect Rate (PPM - Parts Per Million) 12000 2000 83.3
First Pass Yield (%) 82.5 96.8 17.3
Rework Cost (% of Total Cost) 6.5 2.2 66.2

Defect Rate (PPM - Parts Per Million)
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Figure 5.Defect Rate
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Figure 6. First pass yield
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Figure 7. Rework cost

Table 4 Smart Technology

Metric Before After Improvement
Integration | Integration (%)
Machine Downtime (hrs/month) 120 65 45.8
Customer Complaints (monthly avg.) 25 5 80
Productivity (Units per Worker per Day) 65 90 38.5
Overall Equipment Effectiveness (OEE %) 62 85 37.1
Smart Technology
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Figure 8. Smart technology integration
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6. Discussion

e Lean Metrics

This sheet captures key performance indicators (KPIs) such as Cycle Time, Lead Time,
Inventory Levels, and Overall Equipment Effectiveness (OEE) across different production
lines. The data reflects improvements in waste reduction and process flow optimization. For
instance, Line A shows a 15% reduction in lead time after Lean implementation, suggesting
efficient material movement and reduced bottlenecks. The increase in OEE also indicates
better machine utilization and minimal downtime. These trends support the effectiveness of

Lean tools like 5S, Kaizen, and Value Stream Mapping.

¢ Six Sigma Analysis

The Six Sigma sheet provides detailed process capability analysis using Defects Per Million
Opportunities (DPMO), Sigma Level, and Process Yield across various departments like
Assembly, Painting, and Engine Tuning. A noticeable drop in DPMO values and a rise in
Sigma Level from 3.1 to 4.5 indicates a significant reduction in defects. The data-driven focus
on root cause analysis using DMAIC (Define, Measure, Analyze, Improve, Control) is evident
here. This suggests that Six Sigma projects in the sampled automotive company led to

quantifiable process improvements.

¢ Smart Technology Insights

This sheet showcases the integration of real-time 0T sensor data, predictive maintenance
statistics, and machine learning accuracy in fault prediction. The predictive model shows over
90% accuracy in detecting engine calibration issues before failure. Additionally, sensor data
collected every 15 minutes highlights temperature and vibration anomalies that correlate with
machine performance deviations. This sheet exemplifies how smart technologies enhance

visibility, enable predictive quality management, and support proactive decision-making.

¢ Integrated KPIs
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Here, cross-sectional KPIs combine Lean, Six Sigma, and Smart metrics, offering a unified
view. For example, the integration of predictive maintenance (Smart) with process cycle time
(Lean) and defect rate (Six Sigma) gives a holistic performance snapshot. Departments that
adopted all three strategies show a marked improvement in composite KPIs such as First
Pass Yield (FPY), Quality Index, and Mean Time Between Failures (MTBF). This confirms that

synergies between these frameworks can produce exponential benefits.

The discussion interprets the practical implications of the SQMS model. Strategically, it
empowers manufacturers to be more responsive, data-driven, and customer-focused. It also
supports regulatory compliance and sustainability goals by minimizing waste and ensuring
traceability. However, challenges such as the need for digital skills, data integration
complexity, and initial investment are acknowledged. To overcome these barriers,
manufacturers are advised to invest in training, cross-functional teams, and cloud-based

solutions.

7. Conclusion

The integration of Lean, Six Sigma, and smart technologies offers a powerful framework for
driving quality improvements in the automotive sector. The case study approach, backed by
empirical data, highlights real-world effectiveness and measurable gains. Process mapping
and loT-enabled insights have provided a deeper understanding of operational bottlenecks.
Quality audits and Six Sigma project evaluations confirm tangible reductions in defects and
cycle times. The proposed model not only aligns with current industry standards but also sets
a benchmark for future digital transformation. OEMs and Tier-1 suppliers demonstrated
significant improvements in customer satisfaction and product consistency. The data-driven
methodology ensures credibility, relevance, and scalability of the approach. Smart technology
integration also supports predictive maintenance and proactive quality control. Overall, the
findings reinforce the need for continuous improvement through structured methodologies.
This research contributes a validated model for quality excellence in modern automotive

manufacturing.
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