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A Study on the Detection of the Abnormal Tool State for Neural
Network in Drilling
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Abstract

Out of all metal-cutting processes, the hole-making process is the most widely used. It is estimated
to be more than 30% of the total metal-cutting process. It is therefore desirable to monitor and detect
drill wear during the hole-drilling process. One important aspect in controlling the drilling process is
monitoring drill wear status. Accordingly, this paper deals with Basic system and Online system. Basic
system comprised of spindle rotational speed, feed rates, thrust, torque and flank wear measured tool
microscope. Online system comprised of spindle rotational speed, feed rates, AE signal, flank wear area
measured computer vision. On-line monitoring system does not need to stop the process to inspect drill
wear. Backpropagation neural networks (BPNs) were used for on-line detection of drill wear. This
paper deals with an on-line drill wear monitoring system to fit the detection of the abnormal tool state.
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(b) binary image
Fig. 1 Original image and binary image of flank
wear (N=1000rpm, f=0.12mm/rev, n=1200)

(a) Original image
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Table | Learning data set for training neural network

system Input nodes Output nodes
1. cutting speed(rpm)
.| 2. feedrate(mm/rev)
Basic
. 3. thrust(kgf)
system
Y 4. torque(kgf - cm) Abnormal
5. flank wear(mm) tool state
- (non-wear /
1. cutting speed(rpm) wear)
Online | 2. feedrate(mm/rev)
system | 3. AE RMS(mv)
4. flank wear arca(mm’) 4]
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Table 2 Input data for training a neural network
(online system)

pm feedrate | AE RMS | wear area out

0.5 0.54 0.53 ]

0.5 0.85 0.8 0

0.5 1.26 1.09 0

0.5 1.62 1.93 1

1 0.58 0.64 0

0.5 1 0.93 0.93 [¢]

1 1.35 1.43 0

1 1.72 2.01 1

1.5 0.94 0.98 0

1.6 1.38 1.43 0

1.5 1.81 2.08 1
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Fig. 3 Comparison of flank wear and flank wear
area measurement by tool microscope and
computer vision(N=1200rpm, f=0.1mm/rev)
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Fig. 4 Variation in flank wear area with number of
holes on specimen A(d=6mm, f=0.Imm/rev)
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Fig. 6 Graph of preprocessed data (N=1000rpm,
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