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This study aimed to develop a regression-based model for predicting tool life in manufacturing environments, with goals of
enhancing productivity and reducing costs. In machining operations, particularly roughing processes, high cutting forces can
accelerate tool wear, often leading to process interruptions and increased defect rates. Previous research on tool life
prediction has frequently relied on empirical models and statistical methods, which face limitations in reliability across
diverse machining conditions. To address this issue, we proposed a data-driven approach that could collects tool wear data
under varying machining conditions (such as cutting speed, feed rate, and depth of cut) and applied regression models to
predict tool life effectively. The model’s performance was validated under multiple conditions to assess its predictive
accuracy. This study offers a practical tool life management solution for manufacturing settings, optimizing tool usage and

enhancing operational efficiency.
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Fig. 2 Correlation between factors
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Table 2 Regression analysis results considering all factors

Dep. Variable  Change time R-squared 0.852
Model OLS Adj. R-squared 0.842
Method Least Squares F-statistic 90.88
No. Observations 102 AIC 701.5
Df Residuals 95 BIC 719.9
Coef Std err P>t

Const 89.6003 10.723 0.000
Tool diameter 1.0519 0.114 0.000
Tool length -0.1058 0.013 0.000
Axial depth -6.4502 1.583 0.000
Radial depth -1.169 0.253 0.000
RPM 0.0202 0.005 0.000
Feedrate -0.066 0.006 0.000
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Table 3 Optimal model according to number of factors

Total number of

Number of Optimal model’s  Optimal model’s
factors models AIC R-squared
(6C Number of factors)
1 6 846.374911 0.323
2 15 807.371033 0.547
3 20 737.66595 0.776
4 15 725.029324 0.806
5 6 713.717091 0.829
6 1 701.488 0.852
Table 4 Regression results excluding feed rate
Dep. Variable  Change time R-squared 0.641
Model OLS Adj. R-squared 0.623
Method Least squares F-statistic 34.32
No. Observations 102 AlC 789.5
Df Residuals 95 BIC 805.3
Coef Std err P> |t|
Const 64.3783 16.243 0.000
Tool diameter 1.1872 0.176 0.000
Tool length -0.0970 0.020 0.000
Axial depth -5.2698 2.444 0.034
Radial depth -0.8871 0.390 0.025
RPM -0.0322 0.004 0.000
Table 5 Regression results excluding spindle speed
Dep. Variable  Change time R-squared 0.829
Model OLS Adj. R-squared 0.821
Method Least squares F-statistic 93.36
No. Observations 102 AIC 713.7
Df Residuals 96 BIC 729.5
coef std err P>t
Const 89.1781 11.437 0.000
Tool diameter 1.0958 0.121 0.000
Tool length -0.1037 0.014 0.000
Axial depth -6.1713 1.687 0.000
Radial depth -1.0786 0.269 0.000
Feedrate -0.0479 0.003 0.000

Table 32 QA2 o] e H& REES 39 A7 A7
3 133 QX404 AIC Y R-squared?] ZE RHojZrl.
R 12 melo] 34 w0 iEgids At 29T 4= A
2 Jehfs ARE glo] 1o 77ke4E mdo] Aueo] 1=
th= 218 o|n|3it}. Table 30| A% W< 427} Zrlslwa] Ay
o] FobA AIC7} Yol A= A& & 4= QlaL, 47 oo <l
AFS lshd R-squared gro] 08K} mobA] S2et Y

¢

o

Residuals Overta

—— model2

—— model3
20 4

Residuals

o
s

-20 4

-30 4

0 20 40 60 80 100
data index

Fig. 3 Residuals of models 2 and 3

N
e ———

(ui)ayl) jooL

&
data index

Fig. 4 Predicted values of model 3 vs. measured values

2H= melojeba & 4 9lch T AIC, Resquared gt 2 7
A3 Grlehd 67le) QA4S mE T mel(Model 1)0] 2
o) walz o 4 A 2olel A4S Telshe gl
AT ANY BAY BAZ mde] Agee] REY Aoz
B 4 gk webd ) QA4S Teldt BY F A4S A

Qe s

= [e}
o] F# o] mEle At Tables 49} 5% o]|E&EE A9
gk e (Model 2)7} 3]-4=5 A|Qlgt L& (Model 3)2] 3|7 2]
o s HolF, 3l vlgf o]E&Ert 3 EE O
ket a3 Mgtk A4S BojEnt

Y
2

|o

u

o
rlo

of X
oH

W

e

Tl BT

ol
b
)
s

fr
<k
N
N
30
2
u)
=
o
>~
.
o
2
4>
N
H
flo
rE
Iz
IF ol
_O‘L
<

2o
2

i)

1o

%

au

&3

o

W

2

[

Ti”-: 2

U

e

)

_0|L

pach

o

2 e

tolt

Mo
)

S
o n 1o

o

~ 0
é ro{t r]:]
et - BT

e RN N

AN

2
2

s



ror
Hl
o2
e
o
o
foir
>
>
N
N
4
>
w
o

March 2025 /251

— measured_data
70 4 modell
—— model2
—— model3

(uiw)ay jooL

data index

Fig. 5 Predicted values vs. measured values

Table 6 Model evaluation results

Index MSE RMSE MAE R2
Model 1 184.735 13.592 10.084 0.293
Model 2 206.285 14.363 9.434 0.210
Model 3 166.541 12.905 9.332 0.362
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