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Titanium alloys are widely used in aerospace and defense components; however,
their low thermal conductivity accelerates tool wear and increases the risk of tool
breakage, highlighting the need for real-time monitoring. This study proposes an

Al-based tool state prediction system that integrates vibration sensing, deep
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learning, and real-time process visualization. Acceleration signals were collected
using DAQ equipment, and multiple features were extracted to capture wear-
related dynamic changes. A two-stage learning structure was implemented: a
classification model first separated cutting and non-cutting intervals to reduce
noise, and a 1D CNN-Bi-LSTM regression model then predicted flank wear using
only the cutting-state data. The workflow was implemented using a combined
LabVIEW-Python architecture for real-time monitoring. RMS and variance were

the most effective wear indicators, and the proposed model achieved high
predictive accuracy, demonstrating the feasibility of real-time tool wear
prediction in titanium alloy milling.
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Fig. 1 Schematic of real-time Al tool state prediction system
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Fig. 2 Overall configuration of the experimental setup
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Table 1 Mechanical properties of Ti-6Al-4V

Tensile strength, ultimate (MPa) 950

Yield strength (MPa) 880

Hardness (HRC) 36

Modulus of elasticity (GPa) 114

Table 2 Cutting parameters
Spindle speed Feed rate Axial depth | Radial depth
(RPM) (mm/min) (mm) (mm)
1500 2800 0.5 10
2t ZAE a4 Hlo] A (Makro-Grip 5-Axis Vise, Lang

Vise Technik)E 0] 1 60 N-me] E3= AAsto] 1.2E9] 1t
Aoz ZPPsit.

0

O] 2(Nyquist theorem)s 3
5‘}‘2‘113]113] 7} AZFL Fig. 29| Tool Path th
olof1giel AR Blet 2], 315 241 Tt 13 e
Aeisiolth. A P APl F4Y BE /150 72 B85
= 27 16 mm 2\ 71E1(TEBLV216-16-06-L100 Taegutec)Q]'
10|48 QIMEBLMV 0603R-MM)E A| 235t} AL&3I31e
*JHI 7+ 270 of2l9] Table 29+ 2t
x*z}% A NS S 33 v 2k
=] ATt HlofE] ’\7“4 7IE B9
JH*(pass)E 13]9] 7} Ao|2
G 1 Holol 718 52 1% U AR Aol 94
5, HE LAl BAstaL FHE 2o
AEol vt g HY Bsiic
sfol the Holol 74gE olojzkem, o] 34
27] 94 A ol 25% 7ketel BT 4
failure) 0.2 e wi7lA] ¥HEL Qi) o]2gh |
of v 42 59 9 ol B 7K 20l 1

7k AIRE °oF 1AIZE 13380]0, 3% A (raw) HlofE]e] & 7H4

o

>~l

OE. F]O

£ 9F 68,876,2887071 A=A
3. &S xz2| # olo[ef E4
3.1 A5 REM 45 o 84 =1 M
2 50l4 438 15 dolEzt 777 o)z} ol 37



Hwi-Hyeop Kim et al.

<Tooth passing frequency>
ft 2f1 Sft
00204
o
L 0.015
E
[} -~
T 0010+ L g
= // - L : Ji Final g'o
E 00057 T - Middle &
< / Initial él)?
0.000 — : . u =
0 100 200 300 400 8§
&
Frequency(Hz)
Fig. 3 FFT spectrum analysis result
Accel_Kurtosis
Accel_CrestFactor
Current_Variance
Current_RMS
Accel_Skewness
Current_Peak
Accel_ImpulseFactor
Accel_Entropy
o Current_Kurtosis
=] Accel_ShapeFactor
g Current_ImpulseFactor
[ Current_CrestFactor
Current_Skewness
Current_ShapeFactor
Current_Entropy
Current_Mean
Accel_Mean
Accel_Peak
ﬁccel_RMS

JAccel_Variance
1
0.35

T
0.30

0.00 0.06 0.10

<Absolute Pearson Correlation>
Fig. 4 Feature correlation ranking

015 020 0.25

2l(fast fourier transform, FFT)
dsgstoict. We 342 34
F7IH R s B

F719g 2

kil
o BMS M

=Y

75:‘9‘0}031 ‘I"L]"l" Chal
F70 7 A (flute)o] 7
A B3¢ 7He, o] 2 3

A

ML
=2

D

AKX

kX ]‘—— Ql A5}

~ 2ov =

or

A
iAo
Y B Y 27491 29E 344 1,500 RPML 2
%%Lﬂ ARFS T ), 7]24Q] TPFE 50 Hz2 AHZEIT

A B AN E xZ3T y& 1B Y

3 RN
Sageiglon, of FolN st Ag

o Wb

(¢}

ARO

\_—9—’] 01]]:1X] TE=

=

7] 913 WEl 3 A
Qo] Wz E3k Qlsf olAel Fuig: TSt 7|% TPFO] 20
491 100 Hz tOj(f)oIA] B4 Ao ol Zu3it. Fig. 32
MAl $%8 Holele] FFT $4] Ang Hojzth

Tefsol A oA olZ3t 2
1 Hig: RS0 ks

IXIBH= 100 Hz o] Fai
I, 37 vfvt

— final) S 21B0] FPA F71E & 4 ek ol $YH
57} 9% 0]} ofd GET WA NEYL YFT AlE]

Table 3 List of extracted time-domain statistical features

442

Feature parameter Formula
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Fig. 7 Interactive labeling tool for generating binary labels
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Table 4 Search range and optimal values of hyperparameters

Hyperparameter Searched values/range | Optimal value
CNN filters (first) 32, 64, 128, 256 32
CNN filters (second) 64, 128, 192, 256 64
LSTM units 50, 75, 100, 125, 150 50
Learning rate 0.001, 0.0005, 0.0001 0.001
Batch size 64 64
Dropout rate 0.2, 0.3, 04, 0.5 0.2
Optimizer Adam
Loss function MAE
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Table 5 Classification performance on validation dataset

Metric Validation dataset (Ex 4)
Accuracy 98.37%
Precision 94.59%

Recall 99.70%

F1 Score 97.10%
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Table 6 Comparison of regression metrics between seen and
unseen datasets
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Table 7 Performance comparison by input feature composition

Case Input Feature Composition R?
Case 1 RMS 82.73
Case 2 Variance 81.29
Case 3 RMS + Variance 92.52

=1 O 1 =2 o O 1
o 49 5 =1oﬂ Hs RS s

B Ao EEs @3 H4H 71ZolA 1D CNN} Bi-
LSTME Aststk d3y El_t—ﬂ 7/8to 2 AL nprzke AlAj7to
2 o] =3}A] LabVIEWS} Python, 28} ojZe]Alold S o
5—3]-04 xAm N—EH?— §]-o]fs1— P 3}1\.‘; 1\1/\]7]- Eo]— }\]/\Eﬂ

192 B Aok A|Agle] o2 o] e 24

= OO RS

o
Fr
l
o ok

Jz
mo

°H i m>
re
—Ll
9,
>
>
@
rt
[\e)
oo
X,
M
Lo
tokr
3
2
[N
>,
[>
o
¥Q flo 4
r

: 70N T vt g AdotA AHet
Alg dloJgjo] ths] R*=0.92528 &
s |z }002 oﬂ Ea}sto] ¥
7+ 2710 A

H‘%i%tﬂ, oz 71EY
o

insh
o|N
ol
£

ox o 4

o
3
F

Aimt J
ol
Jkﬂ
rﬂ

)
o

> ol

2
r

finj

o

a

i,cl

10

o?.:

5 or
™~ 4r

§ Ho @

rok
N
N
N,
S
o
o
Moo so = ooF > m

o
_O|L
38
.L‘
i)\ 01'1'1
rsﬂ

el
o
o)
o
-oly
ok
i
!
2l

2 gm

ol o

to o

>

>~

>,

ol

e

o
L
o
1z
K
)
)

ol

ol

L

b

in

o

-+ ol
o} o_>|"_, m:lo

o] AL FRWNIIEATY 71 BFRAY “DNA

At 4
AHgA = ]%(kltech EH-26-0010)"2] A|¥og 43}

e o
rst i

7]

l-O
4
jins
A
iu)

References

[1] Soni, R., Verma, R., Garg, R. K., Sharma, V., 2024, A Critical
Review of Recent Advances in the Aerospace Materials, Mater.
Today Proc., 113 180-184, https://doi.org/10.1016/
j-matpr.2023.08.108.

[2] Park, M. S., Lee, H. H., Yun, W. H., Kim, M. R., 2023, Evaluation
of Cutting Performance Based on Tool Orientation during Solid
Carbide End-milling of Ti-6Al-4V, J. Korean Soc. Manuf.
Technol. Eng., 32:2 92-100, https://doi.org/10.7735/ksmte.
2023.32.2.92.

[3] Lisowicz, J., Krupa, K., Leksycki, K., Rusinek, R,
Wojciechowski, S., 2025, Analysis of Tool Wear in Finish
Turning of Titanium Alloy Ti-6Al-4V Under Minimum Quantity
Lubrication ~ Conditions Observed with  Recurrence
Quantification Analysis, Materials, 18:1 79, https://doi.org/
10.3390/ma18010079.

[4] Zareena, A. R., Veldhuis, S. C., 2012, Tool Wear Mechanisms
and Tool Life Enhancement in Ultra-Precision Machining of
Titanium, J. Mater. Process. Technol., 212:3 560-570,
https://doi.org/10.1016/j.jmatprotec.2011.10.014.

[5] Ambhore, N., Kamble, D., Chinchanikar, S., Wayal, V., 2015,
Tool Condition Monitoring System: A Review, Mater. Today
Proc., 2:4-5 3419-3428, https://doi.org/10.1016/j.matpr.
2015.07.317.

[6] Mohanraj, T., Shankar, S., Rajasekar, R., Sakthivel, N. R.,
Pramanik, A., 2020, Tool Condition Monitoring Techniques in
Milling Process — A review, J. Mater. Res. Technol., 9:1

1032-1042, https://doi.org/10.1016/j.jmrt.2019.10.031.

[7] Rehorn, A. G., Jiang, J., Orban, P. E., 2005, State-of-the-Art
Methods and Results in Tool Condition Monitoring: A Review,
Int. J. Adv. Manuf. Technol., 26:7-8 693-710, https://doi.org/
10.1007/s00170-004-2038-2.

[8] Cheng, Y., Guan, R., Jin, Y., Gai, X., Lu, M., Ding, Y., 2023,
Research on Intelligent Tool Condition Monitoring Based on
Data-Driven: A Review, J. Mech. Sci. Technol., 37:7 3721-3738,
https://doi.org/10.1007/s12206-023-0637-9.

[9] Zhang, C., Yao, X., Zhang, J., Jin, H., 2016, Tool Condition
Monitoring and Remaining Useful Life Prognostic Based on a
Wireless Sensor in Dry Milling Operations, Sensors, 16:6 795,
https://doi.org/10.3390/s16060795.



Journal of the Korean Society of Manufacturing Technology Engineers 35:5 (2026) 439~447

[10] Wang, R., Song, Q., Peng, Y., Jin, P., Liu, Z., Liu, Z., 2023, A
Milling Tool Wear Monitoring Method with Sensing
Generalization Capability, J. Manuf. Syst., 68 25-41,
https://doi.org/10.1016/j.jmsy.2023.02.017.

[11] Mu, D., Liu, X,, Yue, C., Liu, Q., Bai, Z., Liang, S. Y., Ding,
Y., 2021, On-Line Tool Wear Monitoring Based on Machine
Learning, J. Adv. Manuf. Sci. Technol., 1:2 2021002,
https://doi.org/10.51393/j.jamst.2021002.

[12] Martinez-Arellano, G., Terrazas, G., Ratchev, S., 2019, Tool
Wear Classification Using Time Series Imaging and Deep
Learning, Int. J. Adv. Manuf. Technol., 104 3647-3662,
https://doi.org/10.1007/s00170-019-04090-6.

[13] Shannon, C. E., 1949, Communication in the Presence of Noise,
Proc. IRE, 37:1 10-21, https://doi.org/10.1109/JRPROC.
1949.232969.

[14] Ju, S., Gross, D., Hanenkamp, N., 2022, Cutting Force and
Vibration Prediction of Milling Processes Regarding the
Nonlinear Behavior of Cascade Controlled Feed Drives, Prod.
Eng., 16:6 743-752, https://doi.org/10.1007/s11740-022-
01140-z.

[15] Susanto, A., Liu, C. H., Yamada, K., Hwang, Y. R., Tanaka, R.,
Sekiya, K., 2018, Milling Process Monitoring Based on
Vibration Analysis Using Hilbert-Huang Transform, Int. J.
Autom. Technol., 12:5 688-698, https://doi.org/10.20965/
1jat.2018.p0688.

[16] Zou, G., Zou, Y., Ma, C., Zhao, J., Li, L., 2021, Development
of an Experiment-Split Method for Benchmarking the
Generalization of a PTM Site Predictor: Lysine Methylome as
an Example, PLOS Comput. Biol., 17:12 1009682,
https://doi.org/10.1371/journal.pcbi.1009682.

[17] Uhlmann, E., Polte, M., Heper, M., 2025, Open-Source
Framework for Automated Milling Experiments: G-Code
Adaptation and NC Data Acquisition with Siemens Industrial
Edge, Proc. 19th CIRP Conf. Intell. Comput. Manuf. Eng.,
https://doi.org/10.14279/depositonce-24413.

[18] Zhong, T., Zhao, J., Guo, X., Su, Q., Fox, G., 2023, RINAS:
Training with Dataset Shuffling Can Be General and Fast, arXiv
preprint, arXiv:2312.02368, https://doi.org/10.48550/arXiv.
2312.02368.

[19] Nguyen, T. T., Trahay, F., Domke, J., Drozd, A., Vatai, E., Liao,
J., Wahib, M., Gerofi, B., 2022, Why Globally Re-shuffle?
Revisiting Data Shuffling in Large Scale Deep Learning, Proc.
2022 IEEE Int. Parallel and Distrib. Process. Symp. (IPDPS),

447

1085-1096, https://doi.org/10.1109/IPDPS53621.2022.00109.
[20] Kim, M. R, Lee, H. H., Park, M. S., Yun, W. H., 2025, Design

and Development of a Real-Time Al-Based Tool Failure

Prediction System for Machining Difficult-to-Cut Materials, J.
Manuf. Technol. Eng., 34:4 225-233,
https://doi.org/10.7735/ksmte.2025.34.4.225.

Korean Soc.

Hwi-Hyeop Kim

Researcher(PRO) in the Technology
Development Team, WIA MACHINE
TOOLS. Process. His research interests
include machining processes.

E-mail: 33473@wiamachine.com

Wang-Ho Yun

Researcher in the Jinju Ppuri Technology
Support Center, Dongnam Technology
Application Division, Korea Institute of
Industrial Technology. His research interests
include machining process.

E-mail: whyun@kitech.re.kr

Chul-Min Kim
Associate Professor in the Department of
Mechatronics Engineering, Gyeongsang

National University. His research interests

include microfabrication, microfluidics,
precision machining, and deep learning-based
fabrication process systems.

E-mail: cm@gnu.ac.kr

Mi-Ru Kim

Principal Researcher in the Jinju Ppuri
Technology Support Center, Dongnam
Technology Application Division, Korea
Institute of Industrial Technology. His research
interests include process monitoring.

E-mail: mrkim@kitech.re.kr




	티타늄 합금 절삭 가공 시 딥러닝 기반 실시간 공구 상태 예측 시스템 개발
	ABSTRACT
	1. 서론
	2. 시스템 구성 및 실험방법
	3. 신호 처리 및 데이터 분석
	4. 딥러닝 기반 실시간 공구 상태 예측 시스템 구현
	5. 모델 성능 평가 및 고찰
	6. 결론
	References


