BABETRE 97K RFHWARALE pp. 982~9086

A8 BAYAE FAE o] §F TR AR ¢ B AT
A Study on Cutting Tool Damage Detection using Neural Network and Cutting Force Signal
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ABSTRACT

A method using cutting force signal and neural network for detection tool damage is proposed. Cutting force
signal is gained by tool dynamometer and the signal is preprocessed to normalize.

Cutting force signal is changed by tool state. When tool damage is occurred, cutting force signal goes up in
comparison with that in normal state. However, the signal goes down in case of catastrophic fracture. These features
are memorized in neural network through nomalizing course.

A new nomalizing method is introduced in this paper. First, cutting forces are sumed up except data smaller than
threshold value, which is the cutting force during non-cutting action. After then, the average value is found by
dividing by the number of data.

With backpropagation training process, the neural network memorizes the feature difference of cutting force
signal between with and without tool damage. -

As a result, the cutting force can be used in monitoring the condition of cutting tool and the neural network
can be used to classify the cutting force signal with and without tool damage.
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Fig. 1 Typical back-propagation network
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Table 1 The chemical composition of STD11

Chemical composition(%) Hardness

C SilMni P | S | Cr Mo A% (HrC)

14~1.6|0.4/0.6/0.03/0.03|11~13|10.8~1.210.2~0.5| 50
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Fig. 2 The experimental apparatus and flow of signal
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Table 2 The experimental condition

RPM 520 715 990
Cutting
. 163 224 311
Speed(m/min)
Feed
41, 87, 127
speed(mm/min)

0.08 -0.06 0.04
Feed rate(mmy/tev) 0.17 0.12 0.09

0.24 0.18 0.13
Depth of cut(mm) 0.3
Environment Dry
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Cutting method
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Fig. 3 Average cutting force and increasing of flank
wear (RPM=715, f=127, 2,=0.3)

Fig. 45 RPM=520, feed speed=87 mm/min, 2,=0.3 mmZ
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Fig. 7 Output data of neural network vs. cutting time
(RPM=520, =87, a,=0.3)
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Table 3 Input data for training a network

Feed speed Data
(mmjmin) Input Output
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Fig. 8 Output data of neural network vs. cutting time
(RPM=520, f=87, 2,=0.3)
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Fig. 9 Output data of neural network when tool damage
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