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Abstract Machine tool state monitoring is a process that automatically detects the states of machine. In the manufacturing process,
the efficiency of machining and the quality of the product are affected by the condition of the tool. Wear and broken tools can
cause more serious problems in process performance and lower product quality. Therefore, it is necessary to develop a system to
prevent tool wear and damage during the process so that the tool can be replaced in a timely manner. This paper proposes a method
for diagnosing five tool states using a deep learning-based hierarchical convolutional neural network to change tools at the right time.
The one-dimensional acoustic signal generated when the machine cuts the workpiece is converted into a frequency-based power
spectral density two-dimensional image and use as an input for a convolutional neural network. The learning model diagnoses five
tool states through three hierarchical steps. The proposed method showed high accuracy compared to the conventional method. In
addition, it will be able to be utilized in a smart factory fault diagnosis system that can monitor various machine tools through

real-time connecting.

® Key Words : Machine Tool State Monitoring, Deep Learning, Hierarchical Convolution Neural Network, Acoustic Signal,
Power Spectral Density

Received 15 June 2022, Revised 22 June 2022, Accepted 25 June 2022

* Corresponding Author Kyeong-Min Lee, Department of Computer Engineering, Silla University, Busan, 46958, Korea.
E-mail:kmlee2k@silla.ac.kr

_84_



[. M2

421 AgEEe A Edee sdds was)
HSA7|HAM HT Az ZopllME olggt Wl
Hgsl7] 8l Al 58 49 Ut ArEdEY
EYEol EAHo 2 /MEE Yt} ARYe| ~viE
U &2 At 4% T RE AzH
EYHE AME £33 FHE B8k e F
A A, A G, 2 3R, A A7 B 71
9 Z7h ouA HeF 5& Addth 53 mUHY
71eo] 71Al 7VE 33 BolllA F83Ith 1 olf=
TTE FAES Ak T TSE TT g
&7 vwkE, AE(chatter) Fo] AFe FA dHS
BAE D 7] w1l web Hah Fof Ay
sk AlA Y A EE B3t Ao e Adst
(2] 2% ARE dEshs 2vE AXEo] AMEEYE

3] mFE ol HE H % I 28 Fe
A 712 Fot wlolR4-5], Frt wlol™, 7] wo]
6] Tol A7 ML= Aok

w =wdAe 1A 7hE 4 EokF T diEAR”

28 Ao 37 e Ade] 23S gEt £ ol
olg 84, 7]of W gl ARZES: 22 3 7179
2% g FHAAM gdsiAl d7EL == A
R w3 g dEd =2 e AL
A2 gt mebd 2 E=ZelAe EEmleA &F

)
)
i
B
e
>
o
o
o
5
ofo
o
vl
o pg
-

ago] WAEE, ol Ao Aol wH,
Ao AFgelt A5e Ay g7el Feht
A o RE seld & gtk w4 QY A5 A
7 GAT8l Fue Qe ARFs 9
[0-11Je049) 149 A58 olg3 A77h Bol 13
g3 gtk B wRoAE 144 8% Aselq 54
WHE Edgoz F2e) 98 Fuade A
HEPUES o) §3ly, AYLMEYUE 1244 ol

HE 239 G2 ¥t ol &4 +

Ao UAE o] g3 BHTE Fad EAdo] G4 HA

o & HAEE HAHstd 1 dHolHE AA

o ARggt). St Ede AlSF 3GAE AA /1A
5

B el 71E Aole Wase] HolEle] yr B4
2 BAY 5 e HoF V1R FAY 5L
olEF FolHe TANA Fabw, (1014 (1] AN
A AB-FoE A )5E dolee] E4S sos
A, BN AHE SF Axe] A5 ALK P
of tha $4% AW ATE BT 1Y 1& Ak
E A B Y AW e 2S5 b
9 Zlele,

Sound data acquisition

!

Extraction of the
magnitude spectrum

!

Conversion of the
magnitude spectrum
vectors into images

!

Contrast enhanced over
the images

!

Hierarchical CNN training

!

CMN diagnosis

Fig. 1. Block diagram of proposed method
. ofraie
2.1 Hjo]g] =&

it oz dolg ME T2 7A9 ZE
o meh At mAd dolHE Faste] T8k,
2 sRdMe 37 A JAdE fste] gt 2
ejolA AR HolEE st s 3=
< AdstA oda drlska e SR A T
z719] ofF A AdH, nhRrF Jgd v
HE 247 AT o] FelA 3L A T
e H7Y AAekA il AlG sk ete v

S
Witk o] AzE Eok AAA FTeh vhwE 3o
3
_ZI’

%

3 Az BlssiAd 22 =
g A AER IHA TR dolEet



ASH A=RM UELES 0188 SEVIAISl S+ ¢Ef A

Wl AAe AWY W vhesk go] AW WY B HoR Aol LA S0l A5 Hgue] =
oE, M TN AMHE A5 F 57 29 4 LES s

279 doleg 73T 19 2= HolHE 41
F7o) BUlE nelzth nhet 30 A= 498 4
B9 AFAE £4E F 9l vhesl go) WaE
), HIEZL s 37 4EE $AT 5 Ak d]
oEE FTvIT o 1084 FHsd, FHAE &
7k U7l AU W 7 284, F 8ol Hol
7l3hh

Magnitude (4B)

T 15
Frequency (He)

o

(@) idle data

Magnitude (48)

0 @ 0 1 20 0 w0 m0 w0 40 80 s
Time (ms) Frocquancy (He)

(b) normal data

Magrituce (¢B)

MNormal Mild wear Severe wear Drill bit
broken

w30 M0 40 50

o L_.M_L‘L—“
o 05 : 2
«10¢

v 15
Frequency (He)

50
Time (ms)

Fig. 2. Condition of the tools used in the experiment
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Fig. 4. Example of image conversion of normal data
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Table 2. Result of the conventional and proposed method
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