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ABSTRACT 

The Manufacturing Quality Control Tracker is an advanced monitoring and analytics tool designed to enhance 

product quality in the manufacturing industry. By leveraging real-time data acquisition, statistical analysis, and 

machine learning techniques, this system aims to identify defects, monitor key quality indicators, and provide 

actionable insights for improving production processes. The system integrates defect detection, process 

monitoring, trend analysis, root cause analysis, and compliance tracking to ensure high standards of 

manufacturing quality. 

This project employs Python for backend processing, Dash for an interactive UI, and Plotly, Matplotlib, and 

Seaborn for data visualization. It also supports predictive analytics using machine learning models to anticipate 

potential quality issues before they occur. The system is designed for Quality assurance teams, Production 

managers, Data analysts, and Regulatory compliance personnel, ensuring seamless quality control and 

adherence to industry standards such as ISO 9001. 

The key functionalities of this system include Real-time defect classification, Interactive dashboards, and 

comprehensive report generation. The database, managed using  Google Drive efficiently stores manufacturing 

data for historical analysis and compliance tracking. With an emphasis on data-driven decision-making, the 

Manufacturing Quality Control Tracker helps in reducing production waste, improving operational efficiency, 

and maintaining consistent product quality. 

This project demonstrates how data science, automation, and predictive maintenance can transform quality 

control in manufacturing, making it a valuable tool for modern industrial applications. 

I. INTRODUCTION 

In today’s highly competitive industrial landscape, ensuring the quality of manufactured products is critical for 

maintaining customer satisfaction, reducing production costs, and complying with regulatory standards. 

Manufacturing industries face numerous challenges, including defects in production, process inefficiencies, and 

regulatory compliance issues. The Manufacturing Quality Control Tracker is designed to address these 

challenges by providing a real-time monitoring and analysis system that enhances product quality and improves 

overall manufacturing efficiency. 

Quality control in manufacturing involves systematically measuring and evaluating products to ensure they 

meet defined specifications and industry standards. Traditional methods of quality control often rely on manual 

inspection, which is time-consuming, labor-intensive, and prone to human error. With advancements in 

technology, automated and data-driven solutions have revolutionized the way manufacturing quality is 

monitored and maintained. The Manufacturing Quality Control Tracker leverages machine learning, data 

analytics, and visualization tools to identify defects, track production trends, and provide actionable insights for 

process improvement. 

The primary objective of this project is to create a system that enables manufacturers to detect defects, analyze 

quality trends, and ensure compliance with industry regulations. By incorporating predictive analytics, the 

system can anticipate potential quality issues before they escalate, reducing production downtime and waste. 

The integration of real-time monitoring, defect classification, root cause analysis, and compliance tracking 

makes this tool an essential asset for manufacturers aiming to optimize their quality assurance processes. 

Quality control plays a pivotal role in manufacturing industries, as it directly impacts product reliability, 

customer satisfaction, and operational efficiency. Poor quality control can lead to increased production costs, 

product recalls, and reputational damage. 
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Implementing an automated Manufacturing Quality Control Tracker helps in Reducing Defects Early 

identification of defects minimizes production waste and enhances product reliability. Ensuring Compliance 

Adherence to international quality standards (e.g., ISO 9001) ensures that manufacturing processes align with 

industry regulations. Enhancing Efficiency Data-driven insights facilitate process optimization, reducing 

downtime and improving resource utilization. Minimizing Costs Detecting and addressing quality issues in real 

time prevents expensive rework and product recalls. Improving Decision-Making  Interactive dashboards and 

reports provide real-time insights for informed decision-making. 

The evolution of Industry 4.0 has introduced smart manufacturing solutions that incorporate artificial 

intelligence, IoT (Internet of Things), and cloud computing into production environments. The Manufacturing 

Quality Control Tracker integrates modern technologies such as machine learning for defect detection, real-time 

data streaming for process monitoring, and visualization tools for intuitive dashboards. These technologies 

enhance the accuracy and efficiency of quality control mechanisms. 

By using Dash for an interactive UI, Python for backend processing, and Plotly, Matplotlib, and Seaborn for data 

visualization, this system ensures a user-friendly and effective approach to quality monitoring. The database, 

built using Google Drive allows efficient data storage and retrieval for analysis and reporting. 

II. LITERATURE SURVEY 

2.1 Smart Manufacturing and Quality Control Using AI 

Zhang, Y., & Liu, X., 2020, This study explores the application of artificial intelligence (AI) and machine learning 

(ML) in manufacturing quality control. The authors highlight how AI-driven predictive analytics can anticipate 

defects and reduce production waste. The research emphasizes the importance of integrating IoT sensors with 

AI models to enable real-time quality monitoring. AI-based defect detection improves accuracy by 85% 

compared to traditional methods. Predictive analytics can reduce manufacturing defects by 30%. Machine 

learning models can automate root cause analysis for process optimization. 

2.2  Role of Statistical Process Control in Manufacturing Quality 

Montgomery, D. C., 2019, This paper discusses the role of Statistical Process Control (SPC) in improving 

product quality in industrial settings. The author highlights the importance of using control charts, 

histograms, and Pareto analysis for monitoring quality parameters in real time. SPC helps reduce process 

variations, leading to higher production consistency. Implementing real-time quality monitoring minimizes 

defects and increases productivity. Control charts are an effective tool for identifying abnormal variations in 

manufacturing processes. 

2.3 Machine Learning for Automated Quality Inspection in Manufacturing 

Patel, R., & Singh, A., 2021, This research presents a deep learning-based approach for automated quality 

inspection in smart factories. The authors introduce a convolutional neural network (CNN) model to detect 

surface defects in real-time production lines. CNN models achieve 92% accuracy in defect detection compared 

to 75% with manual inspection. Real-time image processing speeds up defect identification and classification. 

AI-driven automation reduces labor costs and improves operational efficiency. 

2.4 The Impact of Industry 4.0 on Manufacturing Quality Control 

Kumar, V., & Gupta, P., 2022, This study examines how Industry 4.0 technologies, such as IoT, cloud computing, 

and big data analytics, are transforming quality control practices. The paper highlights how real-time data 

streaming and predictive analytics improve defect detection. IoT-enabled quality control systems reduce waste 

by 40% through early defect detection. Cloud-based data analytics provide better visualization and monitoring 

of quality metrics. Integrating AI with manufacturing reduces production costs and improves efficiency. 

III. METHODOLOGY 
3.1Dataset Details 

 The project utilizes HCL Tech’s dataset in CSV format, which includes real-world manufacturing quality data. 

This dataset contains information such as: 

 Product ID, Batch Number 

 Production Parameters (Temperature, Pressure, Speed, etc.) 

 Defect Types and Severity Levels 
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 Timestamps for Real-Time Monitoring 

3.2Data Preprocessing 

 Handling missing values using mean/median imputation. 

 Removing outliers using Z-score or IQR methods. 

 Encoding categorical variables using one-hot encoding. 

 Standardizing numerical data using MinMaxScaler or StandardScaler. 

3.3Feature Engineering 

 Extracting new features like defect trends over time. 

 Creating aggregated statistics for predictive analysis. 

 Selecting relevant features using PCA or feature importance ranking. 

3.4Model Selection and Training 

 Using ML models like Random Forest, SVM for defect detection. 

 Training models using 80-20 train-test split. 

3.5Model Evaluation and Testing 

 Evaluating models using accuracy, precision, recall, F1-score, and confusion matrix. 

 Testing using real-time production data. 

3.6Model Deployment 

 Deploying in Dash for real-time monitoring. 

 Integrating dashboards with Tableau for visualization. 

IV. EXPERIMENTAL SETUP 

The experimental setup for the Manufacturing Quality Control Tracker follows a structured workflow to ensure 

effective defect detection, process monitoring, and predictive quality control. The implementation involves 

several stages, including data preprocessing, feature engineering, model selection, training, testing, and 

dashboard integration. 

 

Fig 1: Architecture Diagram 

 



                                                                                                                     e-ISSN: 2582-5208 

International Research  Journal  of  Modernization  in Engineering  Technology and Science 

( Peer-Reviewed, Open Access, Fully Refereed International Journal ) 

Volume:07/Issue:04/April-2025                        Impact Factor- 8.187                           www.irjmets.com                                                                    

www.irjmets.com                              @International Research Journal of Modernization in Engineering, Technology and Science 

[4797] 

4.1Data Insert 

The system begins with inserting manufacturing quality data into the pipeline. The dataset used for this project 

is sourced from HCL Tech’s dataset in CSV format, containing various production parameters, defect types, 

timestamps, and quality indicators. 

4.2Importing Configuration 

 

4.3Data Preprocessing and Analyzing 

Data preprocessing ensures that the input dataset is cleaned and formatted correctly for analysis. This step 

involves: 

 Handling Missing Values: Using mean/median imputation for numerical data 

 Removing Outliers: Applying Z-score or IQR-based filtering 

 Encoding Categorical Variables: Using One-Hot Encoding or Label Encoding 

 Data Normalization: Scaling numerical features using StandardScaler or MinMaxScaler 

 

4.3.1 Feature Engineering 

Feature engineering enhances the dataset by creating additional meaningful variables that improve model 

accuracy. 

 Aggregating Production Trends: Deriving rolling averages for defect rates 

 Defect Severity Weighting: Assigning severity scores to different defect categories 

 Time-Based Features: Extracting features like production shift and seasonal trends 

4.3.2 Exploratory Data Analysis (EDA) 

EDA is conducted to understand data distribution, detect patterns, and identify correlations between different 

features. 

 Statistical Summary: Mean, variance, and correlation analysis 

 Visualization Tools: Using Matplotlib, Seaborn, and Plotly for heatmaps, histograms, and scatter plots 

 Anomaly Detection: Identifying unusual patterns using unsupervised learning methods 



                                                                                                                     e-ISSN: 2582-5208 

International Research  Journal  of  Modernization  in Engineering  Technology and Science 

( Peer-Reviewed, Open Access, Fully Refereed International Journal ) 

Volume:07/Issue:04/April-2025                        Impact Factor- 8.187                           www.irjmets.com                                                                    

www.irjmets.com                              @International Research Journal of Modernization in Engineering, Technology and Science 

[4798] 

 

 

4.4  Model Selection & Training 

Various machine learning models are considered for defect detection and quality monitoring. The selection 

process involves evaluating different algorithms on historical data. 

4.4.1 Models Used: 

 Random Forest: For defect classification 

 SVM (Support Vector Machine): For anomaly detection 

 LSTM (Long Short-Term Memory): For predictive quality control 

 Logistic Regression & Decision Trees: For process monitoring 

4.4.2 Training Process: 

 Dataset Split: 80% training, 20% testing 

 Evaluation Metrics: Accuracy, Precision, Recall, F1-score 

 Cross-Validation: k-Fold cross-validation for model reliability 

4.5 Model Testing with New Records: 

After training, models are validated using new manufacturing records to assess real-world performance. The 

trained model is used to: 
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 Predict defect occurrences based on input parameters 

 Classify defect types and severity levels 

 Compare real-time predictions with historical data 

 

4.6 Dashboard Integration & Deployment 

The final step involves deploying the system and integrating real-time visualizations for quality control 

monitoring. 

Deployment Stack: 

 Dash : For web-based dashboards 

 SQLite: For database storage 

 Tableau: For advanced visualization and reporting 

The dashboard provides: 

 Live defect monitoring with alerts 

 Predictive analytics for quality control 

 Automated compliance tracking and reporting 
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V. RESULT AND DISCUSSION 

The Manufacturing Quality Control Tracker successfully integrates machine learning models and Tableau 

dashboards to provide a real-time, automated quality monitoring system. The results demonstrate significant 

improvements in defect detection accuracy, process monitoring efficiency, and predictive maintenance 

capabilities. 

Five different machine learning models were trained and evaluated for defect detection and classification. The 

performance metrics for each model are summarized below: 

Model Accuracy (%) Precision (%) Recall (%) F1-Score (%) 

Random Forest 92.5 91.8 92.3 92.0 

SVM 89.7 88.5 89.0 88.7 

Decision Tree 86.4 85.2 86.0 85.6 

LSTM (Deep Learning) 94.2 93.8 94.0 93.9 

XGBoost 91.8 91.2 91.5 91.3 

The system successfully classifies defects based on input features such as temperature, pressure, material 

quality, and machine speed. Defect trends were visualized using interactive dashboards, allowing users to 

analyze quality deviations in real time. Automated alerts and notifications were triggered when defects 

exceeded predefined thresholds. Using historical production data, the system identified patterns in defect 

occurrences, enabling manufacturers to take preventive measures before major failures occurred. Pareto 

Analysis and Fishbone Diagrams were implemented for root cause analysis, helping in process 

optimization and defect reduction. Statistical Process Control (SPC) ensured that manufacturing processes 

remained within acceptable quality limits. 

The Tableau dashboard provided an interactive visualization of key quality metrics, including: 

 Real-Time Defect Rate Monitoring 

 Process Stability Indicators 

 Compliance Tracking & Reporting 

By embedding Tableau dashboards in the Dash application, users could analyze manufacturing quality 

trends in a user-friendly format, improving decision-making. 
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VI. DEPLOYMENT PROCESS 

6.1 Overview of the Deployment Process 

The Manufacturing Quality Control Tracker is deployed using the Dash framework, which allows for an 

interactive and user-friendly web application. Dash, built on Flask, Plotly, and React, provides a seamless way 
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to integrate machine learning models and Tableau dashboards into a single platform for real-time 

monitoring and defect detection. 

The deployment process follows these key steps: 

 Model Integration: The five pre-trained ML models for defect detection, trend analysis, and predictive 

quality control are loaded into the web application. 

 Data Input: Users can upload manufacturing data for analysis in CSV format. 

 Real-Time Processing: The application preprocesses the data, extracts features, and applies the ML models 

to generate results. 

 Visualization with Dash & Tableau: The processed data, along with insights from the ML models, is 

displayed using Dash interactive components and Tableau embedded dashboards. 

 Web App Hosting: The final application is hosted using Gunicorn and Flask for production deployment, 

making it accessible via a web browser. 

/Manufacturing_QC_Tracker 

│── app.py                # Main Dash application 

│── models/ 

│   ├── model1.pkl        # Pre-trained ML models (Random Forest, SVM, etc.) 

│   ├── model2.pkl 

│   ├── model3.pkl 

│   ├── model4.pkl 

│   ├── model5.pkl 

│── data/ 

│   ├── sample_input.csv  # Sample test data 

│── templates/ 

│   ├── index.html        # HTML for embedding Tableau dashboards 

│── assets/               # CSS & JS for styling Dash app 

│── requirements.txt      # List of dependencies 

│── Procfile              # For deployment (Heroku or similar) 

VII. CONCLUSION 

The Manufacturing Quality Control Tracker has successfully demonstrated the power of machine learning, real-

time monitoring, and data visualization in enhancing manufacturing quality assurance. By integrating five ML 

models with Tableau dashboards, the system provides a comprehensive solution for defect detection, predictive 

quality control, and compliance tracking. High-Accuracy Defect Detection: The LSTM model achieved a 94.2% 

accuracy, significantly improving quality monitoring. Real-Time Monitoring & Alerts: The system enables 

instant defect identification and automated notifications, reducing production downtime. Data-Driven Decision-

Making: The Tableau dashboard integration allows users to analyze historical trends, ensuring proactive quality 

management. Regulatory Compliance: The system automates ISO 9001 compliance tracking, simplifying audits 

and documentation. Enhanced Manufacturing Efficiency: With faster inspections, reduced manual errors, and 

improved process control, manufacturers can minimize waste and optimize productivity. 

VIII. FUTURE SCOPE 

To further enhance the system, potential improvements include: 

 Advanced Deep Learning Models: Exploring transformer-based architectures for even more accurate defect 

classification. 

 Edge Computing & IoT Integration: Real-time sensor-based monitoring for predictive maintenance. 

 Cloud-Based Deployment: Enabling scalability and multi-factory monitoring via cloud platforms. 

 Automated Root Cause Analysis: Implementing AI-driven anomaly detection to identify root causes more 

effectively. 
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The Manufacturing Quality Control Tracker is a valuable asset for modern manufacturing industries, ensuring 

product reliability, regulatory compliance, and process efficiency. By leveraging AI and data analytics, 

manufacturers can transition from reactive to predictive quality control, ultimately achieving higher 

productivity and cost savings. 
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