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[Abstract]

Digital transformation (DX) is driving the implementation of smart factories in manufacturing, contributing
to real-time analysis and optimization of process data. However, low data reliability can lead to quality
degradation and increased costs, and problems such as missing values, outliers, and duplicate data can arise.
In this study, we developed an Al-based data cleansing and quality management framework, applied it to
manufacturing process data, and aimed to improve data reliability through anomaly detection using machine
learning. Through the analysis of Oil Gasket manufacturing data, we empirically evaluated the reduction of
defect rates, improvement of production speed, and optimization of resources. We assessed the core elements
of data quality, including accuracy, completeness, consistency, reliability, timeliness, and validity, and enhanced
data integrity using Al models such as Random Forest, Autoencoder, KNN, and Multivariate Regression.

As a result of the research, it was confirmed that Al-based data quality management is effective in improving
the productivity and quality of manufacturing, and the Data Quality Index (DQI) also improved by 6.5%.
Through the use of various Al models, it was confirmed that the Random Forest model, in particular, has
excellent performance in classifying defective products. Future research will propose a smart factory operating
model through real-time data processing and automation, and present more effective quality management

methods by building an Al-based quality management system.

» Key words: Digital Transformation, Data Quality, Smart Manufacturing, Al-based Cleansing,
Anomaly Detection
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I. Introduction
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II. Preliminaries

1. Related works

1.1 Analyzing manufacturing process data
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Table 1. Summary of Key Findings and Visualization
Criteria from the Paper

Item Paper Findings and Visualization Criteria

Analyzed Data -Manufacturing Data for Automotive

Components (Oil Gasket)

Main Process -fix_time, a_speed, b_speed,

Variables mpa,load_time, highpressure_time
Quality Variable | Gate Thickness (c_thickness)
Anomaly -Defect rate increases by over 30% when
Detection and load_time exceeds 20.1 seconds.
Key Findings -Quality variability significantly

increases at specific intervals of
highpressure_time.

Criteria for Process
Variables Impact

-Each variable categorized into low,
middle, and high based on quantiles for

Analysis analysis.
Boxplot -Quantile-based categorization into
Visualization three intervals.
Criteria - Defect thresholds visually presented
(thickness <21 or >27).
B4 Ant AR ol & 11%7} 25 AlZ0 2 g
At

F+ F(c_thickness)= 57 #4229 Wstol] A4
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Fig. 1. Thickness Boxplot By B_speed Levels
(Quantile-Based)
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Fig. 2. Observation Item Variable Correlation Results
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III. The Proposed Scheme

1. Al-driven data quality improvement
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Table 2. Data Quality Assessment Summary Table

Item Key items Value
Accuracy outlier value 96.8%
Completeness missing value 94 4%
Consistency duplicate data 97.2%
Reliability Repeated measurement data 87.0%
Timeliness Latest 3 month data 100%
Validity process variable 95.7%
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Table: y of Data Prep

ing Results

Stage Method Metric Value

Outlier Detection Random Forest (500 Trees) ~ Accuracy 96.3%

Outlier Detection Autoencoder Sensitivity 91.4%

Outlier Removal Accuracy Improvement  4.8%

Missing Imputation ~ KNN (K=5) Accuracy 94.2%

Missing Imputation ~ Multivariate Regression Error Rate Reduction 71% t0 3.5%

Multivariate Regression Data Integrity 6.8% Increase

Method Selection Missing value<10% Regression

Method Selection Missing value > 15% KNN

Fig. 3. As a result of using interpolation to compensate
for missing data

IV. Conclusions
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