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Tool wearmonitoring based on improved artificial bee

colony algorithm and extreme learning machine

GUO Yijun, ZHOU Jie , WANG Shilong, YI Lili, KANG Ling, GAO Bo
(College of Mechanical Engineering, Chongging University, Chongqing 400044, P.R.China)

Abstract: To improve the real-time monitoring accuracy of the actual wear of cutting tools, Extreme
Learning Machine (ELM) algorithm was applied to establish the tool wear model. An Improved Artificial
Bee Colony (IABC) algorithm with a virtual bee was proposed to tune the input layer weights as well as the
hidden layer biases in ELM. Time-domain analysis and Empirical Mode Decomposition (EMD) were used to
extract the time-domain features and energy ratio of Intrinsic Mode Function (IMF) from cutting force
signal, vibration signal and acoustic emission signal, and the features sensitive to tool wear were selected as
the monitoring features. Then the tool wear value could be calculated through the trained model. The result
show that the optimized ELM can predict the tool wear value accurately, and has a simpler network
structure. Meanwhile, the IABC algorithm also shows a better searching ability.
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Fig.3 Procedure of online tool wearmonitoring
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Table 1 Parameters of milling process

EHH/(remin D) HELHHE/(mm + min 1) b 1 VD TR/ mm 1 Y/ mm
10 400 1555 0.2 0.125
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Fig.4 Curve of tool wear
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Fig.5 Energy ratio of X-direction force on three conditions
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Table 2 Prediction results of proposed model

¥ S P P B A/ e T A/ pm HXF R 22/ %6
1 98.054 8 98.659 7 0.616 9
2 126.941 9 127.804 3 0.679 4
3 130.075 5 130.378 4 0.232 9
4 131.689 1 132.194 5 0.383 8
5 87.390 9 86.457 5 —1.068 1
6 52.250 3 59.022 9 12.961 8
7 118.402 7 118.207 6 —0.164 8
8 134.242 2 125.597 6 —6.439 6
9 134.867 3 127.583 5 —5.400 7
10 94.568 6 97.478 8 3.077 3
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12 163.554 6 165.877 4 1.420 2
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14 122.634 2 121.299 6 —1.088 3
15 94.568 6 93.857 1 —0.752 3
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Table 3 Performances of different models
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TIPS e il 4 Wik 4
IABC-ELM 1.995 4 3.540 1 1.459 0 2.753 5 10
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