L)

Check for

updates
SHEYUSSIS|IX| M43 X 55 pp. 449-456 May 2026 / 449
J. Korean Soc. Precis. Eng., Vol. 43, No. 5, pp. 449-456 http://doi.org/10.7736/JKSPE.025.136

ISSN 1225-9071 (Print) / 2287-8769 (Online)

SVRS EE3 CISMA 7]at MADIZ 7012 oS

A Study on the Prediction of Tool Wear Using Multi-sensor and SVR in
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In this study, we proposed a methodology for predicting tool wear in the turning process using the SVR model. This model
maintains stable performance even in small-scale data environments and demonstrates robust characteristics against
outliers. We detected changes in machining performance caused by tool wear through an AE sensor and accelerometer.
Features were extracted from the acquired sensor signals and utilized in the machine learning model. Prior to training, the
extracted features underwent a preliminary screening process based on distance correlation. By optimizing the feature
combination using the RFECV algorithm, we achieved a prediction accuracy of R? = 0.95. The analysis revealed that key
features influencing the tool wear prediction model included several significant variables. Additionally, we found that
evaluating feature importance allowed for more efficient model improvement. Overall, when developing a tool wear
prediction model for cutting, it is crucial to utilize various sensor signals, extract features in both the time and frequency
domains, and optimize the combination of those features.

Manuscript received: September 17, 2025 / Revised: December 1, 2025 / Accepted: December 4, 2025

1. NE
NOMENCLATURE

x = Frequency Domain Signal AARE I sk 25 1 392 200 44T FH
T = Feature —Q—i 7]—%_—8]—"5 ]:HE—_A?J_ @&7]—_._ —]_;Q"] O]—]’]—O]I:}- 7]—_1_01 %J_
v~ ool Wear ayelel] wre} Fo] Mgk YA} nhmste] Are) Wbk A4,
, - ol BE U AES FYPUEe BUUE] YUY A3k
n = Number of Time Domain Signal Samples WA e golos ZEBIII] olelst ZwoA] Tore]
m = Number of Feature Samples AN S Ao &l Al u,&{,w_rg] 84 9 =2 AFA
P = Number of Features o] Qo] tis] Fag 7led [ pARtolty. SEFE
AE = AE Sensor Signal Feature (ACOUSUC Emission, AE) AlA, 7 ]’AE AlA, 7 *1]*1, A5 AllA

P
Acc = Accelerometer Signal Feature A
, 7 X—]ulE Ao _1_2—17\7-] EA T
R = Set of Real Numbers 9]- =7 P_A < 4 E]- grf

ST Fol 02 Byl HET WS 329 wayel

Copyright © The Korean Society for Precision Engineering
This is an Open-Access article distributed under the terms of the Creative Commons Attribution Non-Commercial License (http://creativecommons.org/licenses/
by-nc/3.0) which permits unrestricted non-commercial use, distribution, and reproduction in any medium, provided the original work is properly cited.


http://crossmark.crossref.org/dialog/?doi=10.7736/JKSPE.025.136&domain=pdf&date_stamp=2026-05-01

450/ May 2026

A 2dH PRES Este ot
%‘nﬂ‘é 715 W} A Al lofE] Z]ak AAF S AEizEA o
28y 2do] A= &8x31 9l om, LSTM (Long Short-Term
Memory)?} CNN (Convolutional Neural Network) 7|HF Hdlo]
de] AMgEl= FAlolth4]. Kange CNN} LSTM 23t
S gelo] A BT AIE BRI /WS ANsAT

e AATZE Al HLg 3RStYrH5]. ESH Parke
A% A58 oA Aslsle] sush WES B, At
B ohe el olu)x) JjweR ANHoR Hashs % of
oA Z2A 7]eS B8 At HaEal Qleh6]
T} ofelet AFA AME M) e Ha 4

u7j o4fe] 7ashel Hloje] M (Dataseno] RTE TR, Hlo]e]
S 9 QAEAE 91T e R ShEgele AxEg ol
1A, A7) AX wHEA A EHrb-EA So| Fasitis

Alofo] whErk, wapA B ALoIAE 4] vleke] 28 dlole]
Aslo 7w ol Aol AL studl S~ 9lon olAlR|oxE 7}t
A3t E4S 7= SVR (Support Vector Regression) 7|23 &
kol 414 oIS B THE A28 FBAEHT. o
AA Q] A BE 9 dab-A e E 53 st EASE xE
Agel, 1 FRES Brlsle] W SYARES malol
Shso] B8O RA] o E Aol sl ARAS FAAIY
T e HHES A

2. MAZLZ BT0MR 05 W

r

Fig. 1 5 QA7ol4] Algkshs 3 nhm o2 whyle] AA1212]
S5 Lehich. sisol] ARl dlolel 2A] 74 Fofl A
& 50l S AR Sl 7 vl Bl 2
SR04 gk A dlolel AA| WA kg 4ayste
X AR 4708 A ABEERE SHUAES Sl
AR A Hlolele] EAQIEE B 54 doleele] 4
T BA1S E3o] slol 131219l AHTEE A0, o] 5 B
Tﬂw AE Holls AR QT Wis A ASE

i)
§
e I
_|

I

>
oo

Experiment for the Acquisition of Sensor
Data and Process Measurements

Tool Wear Data
Acquisition

Sensor Data Acquisition

v
Feature Extraction

L 2
Feature Selection Based on
Distance Correlation
2

Data Normalization
v v

Tool Wear Prediction Using SVR

¥

Feature Optimization Based on RFECV

Fig. 1 Overall methodology flowchart
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Fig. 2 Experimental system
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Table 1 Process parameters

Table 3 Time domain features

Parameters Values Feature Formula
Tool insert material Cemented carbide with CVD coating )
Workpiece material Forged carbon steel (KS D 3562) Mean Tean = n 2
Workpiece diameter 48.6 mm
Workpiece thickness 3.3 mm Min Ly = MIN(X;)
Rotational speed 715 RPM Max T4 = max(x;)
Feed rate 0.2 mm/rev i is odd
X ,ifniso
Depth of cut 2 mm 7o (b2
. med — )X +x . .
Cutting distance 364 x n m Median %, if nis even
*x is the ordered list of dataset
Table 2 Sensor specifications
Sensor Model Sampling rate [kHz] Mode Tnoae = argmax([; ox; = x)]
AE sensor WS-a, PAC 1
Accelerometer 8688A50, Kistler 10 RMS T, = 1 Z": x?
ni=1
Rake Face Range T,,, = max(x;)—min(x,)
Crater Wear
= Tean)”
Variance T,, = ~= Tocan
Flank Face n
(x )
Notch Wear Skewness Tskew — i=1 mean
Flank Wear Ti; f
| 4
X;—
Kurtosis o = i= 1( mean)
(n - 1)Tiar
(a) Cutting tool wear type
228 F=
AEE S AT AARE ZUER AlA glolE 7Rte =

(b) Tool microscope image

Fig. 3 Tool wear quantification

827} W AZE B8 AR AlA 4TS s =
MKz AdaE 7Fsoll A BAsk= o= kHz ofske] 7]1A14 Hs2 4
2310}, AE AlX2} 45 kA0l 42 28] dlojg 423
3= 9Jlo]= National Instruments AFS] PXIA|AEIE AL O,
AE A2 7heE AlA o] = Tl 45 272 Table 20 A
e} 2k, F10) vk Y= Fig. 33} 7ro] A2} Zlo] wEke] 4
Al A WAYsH= ZE ulr el =2] uli (Notch Wear)S 7|&0 &2
Harsl a1}, AAF 7RRo|A] x| npmis Ak A5 W AES
Z7WA 7HEEe] AR osle)l x4 AR AE sk
5 7Fs w0l T8 I viA= Aoz d=A 9l

FuhE dj3st7] flia, 9 dlojE(Raw Damz
SIS FFels Thgo] Waslch # ATo|AE A o
oz ie gpuke Hlolg 44 147 BUR shgol 1t
Hom tjofet SHAS E2e1T 0} TR |39 3
o wez Besh FALOR, ISR AAeh AE AX°)
2 Hlo]El e Table 3o AT AAY SHAHEL £2
e, T3t FFT (Fast Fourier Transform)g E3f il
oz Wzl doje A Moz 27h YRS =
25}3ick. oful, AE AlX2] 29 457} AAZE RMS Fe|
FRE 7] wigell, ¥ glolg e Fuka 9o 4o AT
Utk ololl AE AlA HlolEl= AAIE 71HF SRS

stof &gttt

OII

)1' 08.

!

==

T=

il

2.3 74| AEbils: 7lut S5
A Holelol F3T ST QeI olof 57 2
goleg o A 4



452/ May 2026

Aol Aekl 4 Sck. olol AFAs B ol WA o2
S o1 9 YA S B - sl A4 A
32l A7 AAIS=(Distance Correlation, dCor)yS -85k 3+
=74 MH%—J Aol We SIS AEskal Al¢fsh=
ol gt s Aik= 24 ¥ Y dold 1 AdE
PHslolar, & PHO 24 FAMIS 7o R T W 7F
ATdE 0 o4 1 o]} gro= LAt 10]. 541} Hlold
T={t)t ..t} & 57+ 54 Eﬂolﬂ = {wp, Wy, sy} 9

dCor ©% A1 theat Tth. 4,,, By & 22k 4, = |11,
By = [w,—w)| 2 BOE A2] WAL A, = 4,~4; —4; +4,

B, =B,~B. -B, +Bo} @o| Bz FAst & Aol
4.9 4, 47 A9 49 B, A& AR gEoln], WUB

Z:‘n: IZ;nzlAijBij 1)
m m 2 m m ~2
A/ZiZIZjZIAij A/ZiZIZjZIBij

dCor(T, W) =

Al SR T A Be) BEAoE 5
€19 - 5 clolele) A 57} ol 2 )
£ 2 A2 o] wEEAR ARk 0ne
-

2.4 SVRE &% 7012 o=

37 2% rﬂola oZmel ohg Al BRI gk 2AY %
ol 54 BRI EskA male] AR mHE o]
g 4 Ik A BAE oS shel 9, BE 54914
2 A olgste] 04 | W92 AsktoRy WG
% ek,

_ T—min(T)
Tnorm - max(T)fmin(T) (2)
SVRE 814 93 & ojUlollAe] ol53) mEl BYE HHsiE
=2 ol 317 7|40, Fig 4o 2 UG AzHom
UERHATHT]. 2 7% &qtE dlofEoflA® fashA 28
g 4 glom, ol=of thgt 7 gyt B WA SHeA

& 7 B dAeMEs 4 A4 dlolg TeR' &
© =74 Hlolg WeR & A58k A o=

o A WS SN 2 BeAEe udg

ko] Mg E 4= glem, SVRI} & AMSE=E AY

= F (Radial Basis Function)o] tj3#]o|t}. RBF #d

Ko 2(3)a} 7ro] AelEr). T(k—1,2, .
o]

4%% Zolct.
T — 112
zklear(Tk)

ol A g3 SVR 8|74 HAsk AL A4) 2 A(5)2

P E PP ERe

K(T,T) = exp(

AT) = 37 (o= aDK(T, T) + @

lim-35 1 S (@ (e - a)(TTT)
_5z;n:1(ai+ai)+z:n:lWi(ai+ai) (5)
S.t.{Zi—l(ai+ai) =0

;
0<a,q<C

A7NA o, o= AT} £A9] FHWE, Ce 5 LAjof tiFt
NAEE ZHst= 9jdE o];(} £ TA] P53k 03 o=
A oJsh= Qlatolk. CoF &= zkzt W9 [1, 10], [0, 0.01]0fA] -
219 TeIE B otel K 8 oS HoEE sEel
Fro= ARt 2 dAtol|Ali= Python 7|4t WAl gho]H
222l Scikit-learnS 88510 SVR 352 S=a5l9ct.

2.5 RFECV 7|dt EZRI0IX} =&} =[x}

SVR B2 th=0] S shiof 83 4 mdl S
S7loh ol gehw grash wAR 4 Stk ol RFECY
(Recursive Feature Elimination with Cross Validation) ¢312]< 7]
v 490 23 24skE Fol A4 7Stk RFECY 2312
Zolgt A TH HEE JHlo g 27] oE mdlS 51453 T
A5 FRES Bl FREA A Be WeE eRde
itk BA3E B9 2 44 211 43 YoeS B
of 21 Wezgs EEok 7ol So] 2 TS
ARl WS old A Q= Anke ush] 948 o
A Grloli= LOOCV (Leave-one-out Cross Validation) W
& BEIIGTE B W FRE Hrhs B4 wes paglz
Aol 28 Q2o Wi ol ekt A% sk 4ES 7
o= 7 weo AtH FAEES AESHs PRI (Permutation
Feature Importance) 7|2 %-8-3}%it}. Fig. 5= RFECV 7|45l &
IR} 3t 24eh B AR e B g AjEolct.

_t..

Ol
=L

rl



May 2026 / 453

Original model training with p features,
p = number of all candidate features
v
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Calculate accuracy of the model based on
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Fig. 5 Flowchart of RFECV algorithm

(a) Wear: 0.133 mm (b) Wear: 0.243 mm

Fig. 6 Tool notch wear microscope image
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Fig. 7 Tool wear and workpiece surface roughness trend
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Fig. 8 AE sensor data at different tool wear states
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Fig. 9 Chip shapes at different tool wear states
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Fig. 10 Accelerometer data at different tool wear states

Fig. 108 7 0 w2 goll o] 7145 AA] ASS FFT
wglslo] FaleA AR e ol R RE ol

= 719t Q2 Z54(Main Frequency)= F= 37420
-85k ©F 11.9 Hzolw, 180 Hz 01‘5}94 Fak <ol s

T (Hamonic) 482 Tesle] AlE BAS AmRgith e
WEsre] AR 12T AR ColElo]A 72 (Peak)E ShelEt 2
gont, olis 25 Lali 2712 W 71§ 05
ole] sfeio] g LT ARER Ueht Ane BrEc. Eg
T+ ubR 9F 0.314 mm o)A, H].]_._J_J*]'(Non harmonic)
Hiel 277t Awdom Frsigon, ol vhaEl g7t
sjapje} olelA|E HEsiel 718 % nhde] Fle dRreR
safat 4 glct.

g 7= FapAE dlold Aeks AREkele] s
283517 Yslo] Accyp (Accelerometer Harmonic Power), Accyp
(Accelerometer Harmonic Ratio)gh= AJ28- EXIAE A o5t
ATk Accuriz AT 119 Hzo) Tz} 48 F7)0] B
Gholul, dccyrl B)AFT40| Tzt AE F7]0) Be A4
HEom e gHolt.

o N

J

o

|

Aceyp

) - 2
= k=12 sty iy - an X O O]

1N 2
A—/[Zk: 1D fe [kﬁ]—Af,'k/bJrA/]'X(f)'
Accyp = (7

1 2
ﬁZfe [O,Nf(')+Af]|X(f)|

ol Mzu} JE-O 7} I xulo] ZulE FAOF +15 Hz
(& 3 Hz) Y9 9] =dju}(Sidebands) AE-S EZ3}51H, A7)
AN fie 71F FT4 119 Hz, Afs 120} o] H 9
1.5 Hz, N& x5} B 72 150]9, M}t M= AKE el

0.9 | @:AE time domain_m: Acc time domain_e: Acc frequency domain ¢

L 4
08} 1 1 . : i
High Correlation

0.6 | m—m———mmm e 4

05 F

04 -

0.2

PNy o u

o
w
T
*Nyoy f—o———u

ueawav
XEWHV
PoNgy
budigy
=\
MQ){SHV Y
Jn){av
UeNooy =

Fig. 11 Distance correlation values of features with tool wear data
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Fig. 12 R? score trend according to the number of features in the
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