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ABSTRACT

In this study, to diagnose the grinding state of a micro drill bit, a sensor attachment location was selected
through random vibration analysis of the grinding unit of the micro drill-bit grinding system. In addition, the
vibration data generated during the drill bit grinding were collected from the grinding unit for the grinding
wheels under the steady and worn conditions, and data feature extraction and dimension reduction were
performed. The wear of the micro-drill-bit grinding wheel was diagnosed by applying KNN, a machine-learning
algorithm. The classification model showed excellent performance, with an accuracy of 99.2%. The precision,
recall and fl-score were higher than 99% in both the steady and wear conditions.
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Fig. 1 Drillbit re-grinding system

(a) before

(b) after

Fig. 2 Comparison before and after drill bit grinding
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Fig. 3 Grinding unit in drillbit re-grinding system

Table 1 High frequency spindle specification

Parameter Specification
Voltage 220V
Power 0.5kW
Maximum RPM 20,000rpm

Cooling Method

Air Cooling

(a) healthy

(b) faulty

Fig. 4 Grinding wheel in different conditions
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B: Random Vibration
Directional Deformation 2
Type: Directional Deformation(X Axis)
Scale Factor Value: 1 Sigma
Probability: 68.269 %

Unit: mm

Solution Coordinate System
Time: 0

. 0.00017976 Max

0.00015978

= 0.00013981
0.00011984

9.9865e-5
E 7.9892e-5
= 599195
3.9946e-5
I 1.9973e-5
0 Min

(a) grinding unit

B: Random Vibration I Location for Attaching Vibration Sensor
Directional Def ion
Type: Directional Deformation(X Axis)

Seale Factor Value: 1 Sigma
Probability: 68.269 %

Unit: mm

Solution Coordinate System
Time: 0

. 0.00012436 Max

0.00011054

9672285
8.2905e-5
£.9087e-5
5.527e-5
4.1452e-5
2.7635¢-5

I 1.3817e-5
0 Min

(b) frame
Fig. 5 Deformation results of vibration analysis
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Fig. 8 Vibration signal of grinding unit
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Fig. 9 Correlation analysis between features
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Table 2 Statistical feature

Statistical Feature Formula Statistical Feature Formula
Mean Standard Error of the Mean
Root Mean Square GSTD
V(X — X)?
Standard Deviation _ ,:1( ! ) Kurtosis
V= n
Variance z ., = E(X=p)?) Skewness
xZ
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Fig. 10 Technique performed for dimension reduction
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Fig. 13 Framework of proposed condition diagnosis
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Accuracy Scores for Values of k of k-Nearest-Neighbors
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Fig. 14 Calculating the optimal k value for KNN
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Fig. 15 KNN decision boundary of test data
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Test set -400
- 350
Healthy - 300
- 250

-200

True label

-150
Faulty
-100

Healthy Faulty
Predicted label -0

Fig. 16 Confusion matrix of KNN(test set)
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Type Accuracy | Precision | Recall | Fl-score
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