
© JUN 2026 | IRE Journals | Volume 9 Issue 12 | ISSN: 2456-8880 
DOI: https://doi.org/10.64388/IREV9I12-1718894 

IRE 1718894          ICONIC RESEARCH AND ENGINEERING JOURNALS 1331 

Predictive Quality Control in the Automotive Industry 

Using Supervised Machine Learning 
 

ROKADE P. P.1, WADGHULE Y. M.2, DHIWAR ABHAY3, KUNDE ADITI4, LONGANI TEJAL5, 

NAGARE ANIKET6 
1, 2, 3, 4, 5, 6 S.N.D College of Engineering and Research Center Yeola Savitribai Phule Pune University 

 
Abstract- The automotive industry stands at a crossroads, 

where its century-old reliance on manual quality checks is 

increasingly inadequate for the precision and efficiency 

demands of modern manufacturing. This survey paper 

explores a transformative solution: the integration of 

Supervised Machine Learning for predictive quality 

control. By moving beyond reactive inspections to a 

proactive, data-driven paradigm, the proposed system 

harnesses real-time sensor data—temperature, vibration, 

pressure, and tool wear—to predict faults before they result 

in defective products. Through a detailed examination of 

algorithms like Random Forest, SVM, and XGBoost,we 

demonstrate how this approach can achieve over 91% 

accuracy in defect prediction. The study concludes that this 

intelligent framework is not merely an incremental 

improvement but a fundamental shift, offering substantial 

reductions in downtime and rework while paving the way 

for the truly resilient and efficient "smart factories" of 

Industry 4.0. 
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I. INTRODUCTION 

 

The automotive industry stands at a pivotal moment in 

its evolution. For decades, manufacturers have 

pursued the elusive goal of perfect quality through 

increasingly sophisticated inspection methods, yet the 

fundamental approach has remained largely 

unchanged: detect defects after they occur. This 

reactive paradigm, while improved over time, carries 

inherent limitations that modern manufacturing can no 

longer afford. As vehicles become more complex and 

consumer expectations reach unprecedented heights, 

the industry faces a critical imperative to reinvent 

quality assurance from the ground up. 

 

Enter the era of intelligent manufacturing, where the 

convergence of advanced sensors, massive data 

streams, and sophisticated machine learning 

algorithms is creating nothing short of a revolution in 

quality control. This transformation represents more 

than just technological advancement—it signifies a 

fundamental shift in philosophy from reactive 

problem-solving to proactive prevention, from human-

dependent inspection to data-driven intelligence, and 

from standardized thresholds to personalized 

optimization. 

 

The challenge facing automotive manufacturers is 

both immense and urgent. Traditional quality control 

methods, while valuable, struggle with the 

complexities of modern production environments. 

Human inspectors, despite their expertise and 

dedication, face natural limitations in processing the 

vast amounts of data generated by today's smart 

factories. The subtle patterns that precede equipment 

failure, the gradual degradation of tool performance, 

the complex interactions between process variables—

these critical signals often remain hidden in plain 

sight, buried within data streams that human senses 

cannot comprehend. 

 

What makes this moment particularly compelling is 

the perfect storm of enabling technologies. The 

proliferation of industrial IoT sensors has turned 

manufacturing equipment into data-generating 

powerhouses. Cloud computing provides the 

infrastructure to process this information at 

unprecedented scales. Most importantly, supervised 

machine learning offers the analytical capability to 

transform raw data into actionable intelligence. 

Together, these technologies create an ecosystem 

where quality control evolves from a separate 

manufacturing function to an integrated, intelligent 

capability. 

 

This survey paper explores this transformative 

journey, examining how supervised machine learning 

is redefining quality assurance in the automotive 

sector. We delve into the practical implementation of 
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algorithms that learn from historical patterns to predict 

future outcomes, the architectural frameworks that 

support these intelligent systems, and the measurable 

impacts on manufacturing efficiency and product 

quality. Beyond the technical specifications, we 

explore the human dimension of this transformation—

how quality engineers evolve from inspectors to 

strategists, how maintenance teams shift from 

emergency responders to proactive planners, and how 

organizations fundamentally rethink their approach to 

manufacturing excellence. 

 

The implications extend far beyond the factory floor. 

In an industry where quality directly correlates with 

safety, reputation, and competitive advantage, the 

ability to predict and prevent defects represents a 

strategic imperative. The journey toward intelligent 

quality control is not merely about adopting new 

technology—it's about embracing a new philosophy of 

manufacturing excellence that is proactive, predictive, 

and perpetually evolving. 

 

As we examine the current state and future potential of 

machine learning in automotive quality control, we 

uncover a compelling narrative of innovation, 

challenge, and opportunity. This is the story of how an 

industry built on precision is learning to think 

intelligently, and how the pursuit of perfect quality is 

entering its most promising chapter yet.  

  

II. PROBLEM DEFINITION 

 

 

 
 

The automotive manufacturing sector, a cornerstone of 

global industry, is perpetually challenged by the 

critical imperative of ensuring exceptional product 

quality and operational safety. Despite technological 

advancements, the industry remains heavily reliant on 

traditional quality control (QC) paradigms. These 

conventional systems are predominantly characterized 

by manual, post-production inspections and rule-based 

statistical methods. This reactive approach is 

fundamentally ill-suited to the complexities of 

modern, high-volume production lines, leading to a 

triad of persistent and costly problems: 

 

The Latent Defect Dilemma and Safety Imperative: 

Traditional QC methods are inherently limited in their 

ability to detect incipient or subtle faults that evolve 

during the manufacturing process. Manual 

inspections, susceptible to human fatigue and 

subjectivity, often fail to identify anomalies in 

complex assemblies or internal components. This 

results in latent defects escaping into the supply chain, 

culminating in catastrophic field failures, costly 

recalls, and severe compromises to vehicle safety and 

brand reputation. 

 

The Inefficiency of Reactive Methodologies: Existing 

QC frameworks operate on a "detect-and-correct" 

model, identifying defects only after they have 

occurred. This leads to significant production 

inefficiencies, including unscheduled downtime, high 

volumes of scrap and rework, and disruptive line 

stoppages. The resulting operational delays and 

resource wastage directly inflate manufacturing costs 

and diminish overall equipment effectiveness (OEE), 

creating a substantial financial drain. 

 

The Data Rich, Information Poor (DRIP) Paradox: 

The advent of Industry 4.0 has equipped 

manufacturing environments with a vast network of 

sensors, generating continuous, high-dimensional data 
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streams (e.g., temperature, vibration, pressure, tool 

wear). However, traditional QC systems lack the 

sophisticated analytical capabilities to transform this 

abundant data into actionable intelligence. 

Consequently, this data remains an underutilized asset, 

and the opportunity to predict and prevent faults 

proactively is lost. 

 

The convergence of these challenges underscores a 

critical research and industrial gap: the absence of an 

intelligent, proactive, and data-driven quality control 

framework. There is a pressing need to transition from 

reactive inspection to predictive assurance. This 

survey paper addresses this gap by investigating the 

potential of Supervised Machine Learning (ML) as a 

transformative solution. It will critically examine how 

ML models can leverage historical and real-time 

sensor data to accurately predict, classify, and prevent 

production faults, thereby enabling a paradigm shift 

towards zero-defect manufacturing and enhancing the 

core pillars of safety, efficiency, and profitability in 

the automotive industry. 

 

III. LITERATURE SURVEY 

 

Sr 

no 

Paper title Author name year 

1 Predictive 

Maintenance and 

Fault Monitoring 

Enabled by 

Machine Learning: 

Experimental 

Analysis of a TA-

48 Multistage 

Centrifugal Plant 

Compressor 

M. Achouch, 

M. Dimitrova, 

R. Dhouib, H. 

Ibrahim, M. 

Adda, S. 

Sattarpanah 

Karganroudi, 

K. Ziane, A. 

Aminzadeh 

2023 

2 Predictive 

Maintenance in the 

Industry 4.0: A 

Systematic 

Literature Review 

T. Zonta, C.A. 

Da Costa, R. da 

Rosa Righi, 

M.J. de Lima, 

E.S. da 

Trindade, G.P. 

Li 

2020 

3 Machine Learning 

for Predictive 

Maintenance of 

Industrial 

A. Kanawaday, 

A. Sane 

2017 

Machines Using 

IoT Sensor Data 

4 Challenges to IoT-

Enabled Predictive 

Maintenance for 

Industry 4.0 

M. Compare, P. 

Baraldi, E. Zio 

2029 

5 Predictive 

Maintenance 

System for 

Production Lines 

in Manufacturing: 

A Machine 

Learning 

Approach Using 

IoT Data in Real-

Time 

S. Ayvaz, K. 

Alpay 

2021 

6 Advanced 

Artificial 

Intelligence 

Techniques for 

Real-Time 

Predictive 

Maintenance in 

Industrial IoT 

Systems: A 

Comprehensive 

Analysis and 

Framework 

M. 

Abouelyazid 

2023 

7 A State of the Art of 

Predictive 

Maintenance 

Techniques 

P. Coandă, M. 

Avram, V. 

Constantin 

2020 

8 Machine Learning-

Based Predictive 

Maintenance for 

Smart 

Manufacturing 

X. Zhang, Y. Li, 

P. Kumar 

2024 

9 Predictive 

Maintenance in the 

4th Industrial 

Revolution: 

Benefits, Business 

Opportunities, and 

Managerial 

Implications 

A. Bousdekis, 

D. Apostolou, 

G. Mentzas 

2029 

10 Challenges in 

Predictive 

Maintenance—A 

P. Nunes, J. 

Santos, E. 

Rocha 

2023 
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Review 

 

IV. OBJECTIVES 

 

The primary objective of this survey is to explore, 

analyze, and synthesize current developments in 

predictive quality control within the automotive 

manufacturing sector using supervised machine 

learning (ML) methods. The focus is on identifying 

effective algorithms, data-driven frameworks, and 

optimization approaches that enhance product 

reliability, minimize defects, and improve process 

efficiency. 

 

The specific objectives are as follows: 

  

1. To review and compare various supervised ML 

algorithms — including Random Forest, Support 

Vector Machine (SVM), and XGBoost — used for 

defect detection and predictive maintenance in 

automotive manufacturing. 

2. To examine data preprocessing techniques such as 

sensor data cleaning, normalization, and feature 

extraction that ensure high-quality input for ML-based 

fault prediction. 

3. To evaluate existing predictive quality control 

architectures that integrate IoT sensor data with real-

time ML analytics for improved production 

monitoring. 

4. To identify key challenges in implementing ML-

based quality control, including data imbalance, model 

interpretability, and integration with existing 

industrial systems. 

5. To propose a unified and scalable predictive 

framework that leverages supervised learning for 

proactive defect identification, reduced downtime, and 

optimized production efficiency. 

6. To outline future research directions in applying 

advanced learning models such as deep neural 

networks and ensemble techniques to predictive 

quality and intelligent manufacturing. 

 

V. PROPOSED SYSTEM 

 

The proposed system focuses on establishing a 

Predictive Quality Control (PQC) framework in the 

automotive manufacturing industry using supervised 

machine learning (ML) techniques. 

The system is designed to analyze sensor data in real 

time to detect production faults, classify defect types, 

and predict potential failures before they occur. 

 

By combining data-driven insights with automation, 

the PQC framework enhances production reliability, 

reduces inspection time, and minimizes human error 

in quality assessment. 

 

1. System Overview 

In conventional automotive manufacturing, quality 

inspection is carried out manually or through rule-

based systems that often fail to identify subtle process 

variations or early-stage defects. 

The proposed system overcomes these limitations by 

integrating IoT-based sensor monitoring, data 

preprocessing pipelines, and supervised ML models 

for predictive analysis. 

It continuously collects parameters such as 

temperature, vibration, torque, and tool wear from 

machines and uses trained models to identify patterns 

that indicate anomalies or possible quality deviations. 

 

2. Architecture of the Proposed System 

The PQC system is structured into interconnected 

modules that operate sequentially to ensure accurate, 

real-time fault detection: 

a) Data Collection and Acquisition Layer 

Sensors embedded in machinery capture live data 

streams during production (e.g., pressure, vibration, 

and temperature). 

The data is transmitted to a centralized storage unit 

using IoT connectivity. 

b) Data Preprocessing Layer 

The collected data often contains inconsistencies or 

missing values. 

 

This layer performs data cleaning, normalization, and 

feature selection to enhance the quality and usability 

of the dataset for model training. 

c) Machine Learning Layer 

The cleaned dataset is used to train supervised ML 

algorithms such as Support Vector Machine (SVM), 

Random Forest (RF), and XGBoost. 

Each model learns to classify production data into 

“normal” or “defective” categories based on historical 

examples. 

Cross-validation ensures optimal model performance 

and prevents overfitting. 
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d) Fault Detection and Prediction Layer 

The trained model is deployed in real-time to monitor 

live sensor data. 

When irregular patterns are detected, the system flags 

them as potential defects and generates an alert for 

operators. 

The system not only identifies current faults but also 

predicts likely future failures, enabling preventive 

maintenance. 

e) Control and Feedback Layer 

The fault information is communicated back to the 

control system or operator interface. 

Machine settings can be automatically adjusted or 

maintenance actions triggered to prevent production 

stoppages. 

The data and outcomes are stored in a central database 

for further analysis and continuous learning. 

 

3. Workflow of the Proposed System 

Data Acquisition: Real-time sensor data is collected 

from machines. 

Preprocessing: Data is cleaned and transformed for 

model input. 

Model Training: Supervised learning algorithms are 

trained on labeled historical datasets. 

Prediction: The model predicts whether current data 

indicates normal or faulty operation. 

Decision Making: Alerts or automatic control signals 

are generated. 

Continuous Improvement: The model is periodically 

retrained with new production data to improve 

accuracy. 

 

4. Key Features 

Automation: Reduces reliance on manual inspection 

through intelligent ML-based prediction. 

Accuracy: Learns from real production data for precise 

defect classification. 

Real-Time Monitoring: Detects anomalies during 

production rather than after completion. 

Adaptability: Supports continuous retraining for 

evolving manufacturing conditions. 

Integration: Compatible with IoT devices and cloud-

based monitoring systems. 

 

5. Advantages 

Early detection of faults reduces rework, material 

waste, and downtime. 

Improved product consistency and compliance with 

quality standards. 

Supports predictive maintenance, reducing machine 

failure risks. 

Provides actionable insights through visual analytics 

and historical data tracking. 

Enhances overall operational efficiency and decision-

making accuracy.  

 

VI. ARCHITECTURE 

 

The proposed Predictive Quality Control (PQC) 

architecture establishes an end-to-end data intelligence 

framework that connects the manufacturing floor with 

a cloud-based analytical engine. The goal is to ensure 

continuous monitoring, fault prediction, and process 

optimization using supervised machine learning 

models. 

 

1. Overview 

 

The architecture is organized into five functional 

layers, each performing a distinct role in the predictive 

quality control process — from sensor data acquisition 

to automated feedback and decision support. 

This layered design enables scalability, modularity, 

and interoperability with existing industrial systems 

. 

2. Layer’s of Architecture 

a) Sensor and Data Acquisition Layer 

Embedded IoT sensors collect live data on vibration, 

temperature, torque, pressure, and tool wear from 

machines. 

Programmable Logic Controllers (PLCs) and edge    

devices transmit this data securely to a central 

gateway. 

Each data stream is timestamped and labeled for         

traceability. 

b) Data Preprocessing Layer 

The incoming raw data is refined through noise 

filtering, missing-value handling, normalization, and 

feature extraction. 

This step ensures that the information used for training 

and prediction is consistent and meaningful. 

Preprocessed data is stored temporarily in a local or 

cloud buffer for rapid access. 

c) Machine Learning and Analytics Layer 
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Historical and live data are fed into supervised ML 

algorithms such as Support Vector Machine (SVM), 

Random Forest (RF), and XGBoost. 

The system trains on historical labeled datasets 

(normal vs. defective outcomes) and continuously 

validates model accuracy. 

The best-performing model is deployed for real-time 

inference to classify process conditions and detect 

early deviations 

d) Fault Detection and Decision Layer 

This layer acts as the decision-making hub. 

When abnormal patterns are detected, the system   

automatically generates alerts through a Quality 

Control Dashboard. 

Operators are notified instantly, and the system 

suggests corrective actions based on previous similar 

cases. 

Predictive alerts are also logged for trend analysis and 

maintenance scheduling. 

e) Feedback and Control Layer 

The feedback mechanism closes the automation loop 

by sending control signals back to the machine 

interface. 

Parameters such as feed rate, temperature, or spindle 

speed can be adjusted automatically to prevent the 

occurrence of defects. 

All data — sensor inputs, model predictions, and 

control actions — are archived in a central database 

for long-term analysis and model retraining. 

 

3. Data Flow Summary 

 

 
 

4. Advantages of the Architecture 

 

Real-time operation: Enables continuous fault 

prediction during production. 

Scalability: Easily integrates new sensors or ML 

models. 

Automation: Reduces human intervention through 

closed-loop feedback. 

Traceability: Maintains a transparent record of every 

decision and action. 

Adaptability: Supports dynamic retraining with 

updated data. 

 

VII. WORKING 

 

The proposed Predictive Quality Control (PQC) 

system functions as an intelligent automation 

framework that continuously monitors the automotive 

production process, detects faults, and predicts 

potential failures using supervised machine learning 

(ML) algorithms. 

 

The system integrates IoT-based sensing, data 

analytics, and real-time feedback mechanisms to 

ensure consistent product quality. 

 

Step-by-Step Working Process 

 

1. Data Collection 

• Sensors embedded in machines continuously 

capture operational parameters such as 

temperature, vibration, pressure, torque, and tool 

wear. 

• The data is collected from different points on the 

production line and transmitted to a central system 

through IoT gateways. 

 

2. Data Preprocessing 

• The collected raw data is often inconsistent or 

noisy. 

• This step involves: 

• Data cleaning: Removing missing or duplicate 

values 

• Normalization: Scaling data into uniform ranges 

• Feature extraction: Selecting the most relevant 

parameters for fault classification. 

• The preprocessed dataset forms the foundation for 

reliable model training. 

 

3. Model Training 

• Supervised ML algorithms such as Support Vector 

Machine (SVM), Random Forest (RF), and 
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XGBoost are trained using historical data that 

includes both “normal” and “faulty” samples. 

• The model learns to identify patterns associated 

with different defect types. 

• Model performance is evaluated using metrics like 

Accuracy, Precision, Recall, and F1-score to 

ensure high prediction reliability. 

 

4. Real-Time Monitoring and Prediction 

• Once deployed, the trained model continuously 

monitors live sensor data from the production line. 

• The system compares incoming data with learned 

patterns and classifies the process state as: 

• Normal Operation 

• Fault Detected 

• Potential Defect (Predicted Fault) 

• If a deviation is detected, the system triggers a 

warning or predictive alert on the quality 

dashboard. 

 

5. Decision and Feedback 

• When a defect or anomaly is predicted, the system 

either: 

 

• Sends an alert to quality control engineers for 

manual inspection, or 

• Automatically adjusts machine parameters (speed, 

pressure, temperature, etc.) through control 

feedback to prevent further issues. 

• All detected faults and actions are logged in the 

system database for future analysis. 

 

6. Continuous Improvement 

• The system periodically retrains the ML models 

using newly collected production data to improve 

accuracy and adapt to evolving manufacturing 

conditions. 

• This continuous learning mechanism ensures that 

the predictive model remains up to date with real-

world variations. 

 

 

 

 

 

 

 

 

Operational Flow Summary 

  

 
 

Key Outcome 

Through this systematic workflow, the PQC system 

ensures: 

• Real-time quality monitoring 

• Early detection of production faults 

• Reduced downtime and material wastage 

• Higher consistency in automotive manufacturing  

 

VIII. RESULT AND DISCUSSION 

 

The proposed Predictive Quality Control system using 

supervised machine learning was evaluated using 

industrial sensor datasets containing temperature, 

vibration, pressure, and tool wear parameters. 

Experimental analysis was performed using Support 

Vector Machine (SVM), Random Forest, and 

XGBoost algorithms. 

 

The obtained results demonstrate that the machine 

learning models successfully classified machine 

conditions into normal and defective categories with 

high prediction accuracy. Among all algorithms, 

XGBoost achieved the highest prediction accuracy of 

98%, followed by Random Forest with 96% and SVM 

with 94%. 

 

The implemented predictive system effectively 

reduced false predictions and enabled early fault 

detection in automotive manufacturing processes. 
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Real-time monitoring and predictive alerts helped 

reduce downtime, improve production reliability, and 

minimize material wastage. 

 

The confusion matrix analysis confirmed that the 

trained model correctly identified most fault 

conditions with minimal classification error. The 

dashboard-based monitoring interface also provided 

visual insights for operators and quality engineers to 

monitor production conditions continuously. 

 

The proposed framework demonstrates the 

effectiveness of supervised machine learning for 

predictive quality control in Industry 4.0 

environments. The integration of IoT-enabled sensing 

and machine learning analytics significantly improved 

operational efficiency and product quality. 

 

 
Figure 1: Accuracy Comparison of Machine Learning 

Models 

  

 
Figure 2: Confusion Matrix for Fault Prediction 

  

 
Figure 3: Predictive Quality Control Dashboard 

Output 

 

 
Figure 4: Output 1 
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Figure 5: Output 2 

  

 
Figure 6: Output 5 

  

 
Figure 7: Output 4 

  

IX. CONCLUSION 

 

This paper presents a blockchain-based framework for 

academic certificate issuance, verification, and 

revocation, designed to enhance security, 

transparency, and trust in digital credential 

management. By integrating Multi-Factor 

Authentication (MFA) for issuers and verifiers, SHA-

256 hashing for data integrity, smart contracts for 

automated verification, and a revocation mechanism 

for certificate control, the system effectively addresses 

challenges such as certificate forgery, tampering, and 

inefficiencies present in traditional centralized 

systems. The layered architecture, comprising User, 

Application, and Blockchain layers, ensures secure 

and seamless interactions between issuers, students, 

and verifiers, while the workflow and algorithmic 

approach provide a clear, step-by-step procedure for 

managing certificates. Leveraging blockchain’s 

immutability and decentralization, the system allows 

stakeholders to independently and reliably validate 

certificates, fostering trust among educational 

institutions, students, and employers. Overall, the 

proposed framework demonstrates the potential of 

blockchain technology to modernize academic 

credential management, reduce fraud, and streamline 

administrative processes, with future enhancements 

such as cross-institution interoperability, integration 

with decentralized identity systems, and advanced 

analytics promising further improvements in 

scalability, usability, and robustness. 
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