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APH] Fof Aol & H Tt AL o Fatof of gtk 2 =R A= T Al A Al EE 7Ee ] 18l AR = AR IA E ]
ol fra S dS5e] S8 1E AsE 7o w & 7 k-H 2 o] %(Weighted £-NN) &alz]s, oARAAVHT
(Decision Tree), A1 = E# €] 3] 7|(SVM), XGBoost, @5 ¥ 72~ E(Random forest), 1 XF] $H4d 3417 WH(1D-CNN), 28] 12 A5 4l
S5 FFTE Ful A E-lo) tig) dotu ght), 723, Fabg AdEgors o] i 5o A3t oSl tielir =
A A= 71EE AT Eths AS @ AL, A5 2l T 7HS S k-F 2R o] &are]Eo] MAEZH0.0013, MSE7}
0.004, RMSE7}0.0192 % 7F& -$-5=3F A 53 LER QT o] = 74a 5} k-H 3] o = Garg] 5ol ol al] A S5 = I EL] 3ol
F 7o 22710.001 % FE o= gt o], A Ak d el 2-8-0] 7hed e o ® ARt

[Abstract]

For the implementation of a smart factory, it is necessary to collect data by connecting various sensors and devices in the manufacturing
environment and to diagnose or predict failures in production facilities through data analysis. In this paper, to predict the residual useful
lifetime of milling insert used for machining products in CNC machine, weight k-NN algorithm, Decision Tree, SVR, XGBoost, Random
forest, 1D-CNN, and frequency spectrum based on vibration signal are investigated. As the results of the paper, the frequency spectrum does
not provide a reliable criterion for an accurate prediction of the residual useful lifetime of an insert. And the weighted k-nearest neighbor
algorithm performed best with an MAE of 0.0013, MSE of 0.004, and RMSE of 0.0192. This is an error of 0.001 seconds of the remaining
useful lifetime of the insert predicted by the weighted-nearest neighbor algorithm, and it is considered to be a level that can be applied to
actual industrial sites.
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AoAbs] = ARGV e R w2 A Bdsal glom 53
4R o2 Bl 59 3ol ARIAIdE #gkstar
UL} o] gk 4xRFAE S Az Fopol|A= AntEHES
(Smart factory) 2 #ZHTH1]-[3].
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33} AR 7HsES St & 4= Ul g4 [5).

AAE ] S X e Este] uE sk d S
“Jel} 719 H](CBM; Condition Based Maintenance)2}sH, %
of f& 7Y A5 Fal AuAIES +deke NdS oA
H|(PdM; Predictive Maintenance) 2} $HC}, wheba] 2~nfE N E 2]
Lokl A ALk dnE Elskr] 918k Ausidel tigk Ag-E

A= T2 o] B2 = A e v dHlE
st 54 Far ok v, o2 Au]E a7 2
HUb= ALk dn] e AES Y fa FHE 58k
o gl 37 1S A ekl g WRkS A4S
Fehet.

A7IA1L) AE 255 7o shi= e 7|ug Rl o
ATEE, Lim ef al (2003)[6] 3471 A9 57| 245
e WE 2150 ol 53 Mg Bl 54 FE3aL Q)
T(ANN: Artificial Neural Network)< ©]-8-3]] ¢+
23S AEI 2™, Son et al.(2015)[7]
o] AFAE ] fg APS Bl F A A ke
v}ttt Ko er al.(2018)[8] 3] 7] Aol A A al=
Al T A] o]& AAB-S A A ZFAsE 1A Xg wel

T =
A

)

=3

il
%

=

4
X

]—2_]5_ 7

:
VA
2,

24 ot

o
=

S o X

e

=

S AA olwA|slste] 3]:71A19] GEE Mo R
=Re7] s FAHAIAHCNN;  Convolutional Neural
Network) 2 #2155 2™, Yang et al.(2019)[10]- Verstraete et
al (2017)[9]3} FL3t EH oA H=o] A ] (Preprocessing)
HNG& AXA 2 s 455 oY volH =z g8k 34
273 4-S A TS Kim ef al.(2021)[11]2 5 2152 A]
F oA o] FAA, A SAAES ol&3te] Adule] 11
} RS Adslr] Y%t AEEEEHL(SVM;  Support
Vector Machine) 53 A|¢13}5it)

o= 7dnle] gk A= A7 IRbdu Rt ZEE Aol
B2 A FHol ool gk W AgEe] ey aL gl

1w

(]

o

http://dx.doi.org/10.12673/jant.2023.27.1.111

112

Benkedjouh et al.(2015)[12]<> "PHM(Prognostics and Health
Management) Society data challenge 2010"l| 4] A}-8- o]
= ATE Fdeglon, dakg 3] o] Fra S
53}7] 918 Expectation-Maximization Principle Component
Analysis (EM-PCA)<} Iso-metric feature mapping (ISOMAP) H
HES o] &ste] SAXE FEshaL, AXEENHI Y RS
Aekelgity. 2 PHM  ©lo|E|[13]el= CNC(Computerized
Numeric Controller)®] AR F5-2] 35-9] Hale7) 7, 71
2L S Al s ot 22 78] 5425 EgskaL Slrt Jain and
Lad(2016)[14]%= PHM H|o|E| & o] &5}%] o 352] dale]
s, 2e]al 53k A5e] Bat, T59A 5o FAA 543
55 o] &sto] Al Tt e fa TS A5 913l
SRV THANN) B8-S ARFSHITE Wu et al.(2017)[15], Zhao
et al.(2017)[16], 2231 Kumar et al.(2019)[17]%= PHM H|°|H
= o]g&3lo] A2 =3I O™, Wu et al.(2017)[15]S DAt
& FT9| vl of| 58 98] W F 2| ~E(Random forest), <
A, AEEAEI]T BYE He] deS nlasksich
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SMART(System-Level Manufacturing and Automation Research
Testbed)oll ] A ¥-51= 3% S]] AHEH
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E 299 o] gale] B nlmwe] JFE VAL 8212 B4

sk

= A=
Y, A, olF

AT E v o R HAAFO R QINME
Fsl7] f18) AlZE Al x 2] FA
Z-g3lqleh A4 54 EE 25 2
B2k 9l %=(Skewness) <}
(Kurtosis)”} 1= lom, B84 EAXZ+= 2T 2159
Peak-to-Peak, A H T AFHRMS; Root Mean Square),
Impulse factor(IF)2} Shape factor(SF)7} 212 = At} A a1+
o] S Bl 2o frE TS S Y TR EHo R
= 7153} k-F 27 o] %(Weighted k-NN; Weighted k-Nearest
Neighbor) &312]%, 2JAFA U (Decision Tree) B3, A L E
HE] 3] 7, JE- SHF(Ensemble learning) 28 5 XGBoost &
Y, AEYYAE 7Y, a2l Y 2y F 12 A
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Fig. 3. Vibration data waveform after Insert replacement.
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Table 1. Statistical and physical features of vibration signals.

Statistical features Formula Physical features Formula
1< )
Absolute mean N E |X}. | Peak-to-Peak Max(X, ) — Min(X,)
k=1
1 & 1 & 1/2
Mean ngl X, Root Mean Square(RMS) Nkzzzl sz
o M (%))
Variance S E ( BB ) Impulse factor(IF) 1 &
Ni= o N E |XI. |
Nk =1
v X 3 RMS
1 ¢ el N 1/2
Skewness — ( ) Shape factor(SF) 1 ¢
N4l EpEd
E=1
N (X —u\!
Kurtosis S E ( e ) - -
Ni= o
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oAM= 7t HE 91 H A9 stolH rHEY] 295 |
g4 07 ealsly] 98] A%} B-A(Grid search method) ¥} 5+
2}9] e (Random search method) S A& 1 9H4 © & 285}
it &, 3teld dejnlE gl Qlo] A} P kg
o SsANL B AXE ARSI eSS Alktalzte] S8
E730] glom, AL EANE 2 AL Sl A= A}
AT frE] e 4 Qo B Aael] tf gk AlE g o] B
shek whebA - dAatE AR EAE S Sl WS dYGolA
2 stol9] TherlE x3to] AT
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A2 07 F# stolw sk B B

@ el
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g oS
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E9 o] & 71 o5X|9 HAQl exk= AAgE i
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T L1Z 5, AU AE BF0] ot Q2= 94% 77,
12]3l ID-CNN 23, A2 EWE]S] 7] 1, JAPAA T B
Fo] Ht eak=20% oo 2 YEltth 19 72 7Y 97
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Table 3. Hyper-parameters for alternative models.

Model MAE MSE RMSE
o = 2 1O o] 4E] WAE o=
AT el A FERUL) Y 22 145E WgE oS Weighted k-NN 0.0013 0.0004 0.0192
S 2ol U3t e A F 2w 2AA Gy A5 iky,) 7+ Decision tree 222093 661.7705 25.7249
2ol & Hriehs Hr Ao Qal, Hr Al Al SVR 216343 | 624.9136 24.9983
7—4_ %o] %L%Qm], 7_]1_ X]E%% /;} (3)-(5)9'} Z:_]'O] Xg 9]%1;]_' Lq_ XGBoost 1.0630 2.4662 1.5704
A 2+ A FEo] W AT Bao] $223 B o 2 AR Random Forest 9.3560 122.9570 11.0886
=) ID-CNN 20.1684 559.4313 23.6523
Ak
1 N R
MAE =< 33|y~ 3)
i=1
E 2. =5 ZEE9| 5l0|H ni2fo|H
Table 2. Hyper-parameters for alternative models.
Model Hyper-parameters
Weighted k-NN - k=15, Euclidean distance
Decision tree - Unbiased recursive partitioning based on permutation tests
SVR - Kernel function(Gaussian RBF) : K(%’ xj): eXp(’y I| —x; II 2), ~=1/9

+e=0.96, cost=1

- Maximum number of iterations(/V) = 300,

- Step size of each boosting step(Learning rate, 77) = 0.1, Gamma(-y) = 0,

XGBoost * Maximum depth of the tree(D, ,, ) =10,
* Minimum sum of weights of all observations required in a child(O,; ):2
- Number of trees to grow( G) = 800,
Random Forest . . .
+ Number of variables randomly sampled as candidates at each split = \/g =31[26]
ID-CNN - Filter : 16, Kernel : 2, Maxpooling : 2, Dense layers : 2-layer, (32, 16)
+ Activation function : relu, Optimizer : adam, Early stop(30) : 788 epoch
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