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Abstract

Random Forest algorithm has been utilized in this paper for
creating a regression model to predict residual stresses and
cutting forces introduced by turning IN718 alloy. Residual
stresses and cutting forces are crucial to deformations of thin-
walled parts. Meanwhile, it is difficult to determine a specific
regression equation expression between the dependent
variables (surface residual stresses, max compressive residual
stresses, cutting forces) and independent variables (depth of cut,
feed rate, cutting speed). Random forest algorithm has the
superiority as it can build regression relation between variables
using many regression trees rather than a specific equation.
Multiple sets of simulations were finished by the finite element
method to obtain the regression training data. A series of
turning and residual stresses measurement experiments with
different turning parameters were conducted to ensure the
accuracy of the regression training data. From the research,
predicted residual stresses and cutting forces were consistent
with simulation results, and the prediction errors were
controlled within the acceptable range. The research could
contribute the further investigation of thin-walled part
deformation control.
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Introduction

The nickel-based superalloy IN718 has good mechanical
properties and corrosion resistance even in high temperature
[1], resulting in that it has a full application in some aero-
engine parts, especially thin-walled parts. Residual stresses and
cutting forces introduced by machining are crucial to the
deformation of these thin-walled parts. Thus, it is of great
importance to predict residual stresses and cutting forces for
the further investigation of thin-walled part deformation
control.

Residual stresses could be compressive or tensile stresses.
Tensile residual stresses could be harmful for fatigue life,
corrosion and wear resistance, and compressive residual
stresses have positive influence on these aspects [2]. The
Surface residual stress introduced by turning IN718 alloy
might be tensile or compressive, while the residual stress in the
subsurface is usually compressive. Residual stress prediction
has been much investigated. Yuan Ma [3] developed a model
to predict surface residual stresses after end milling by cutting
forces and temperature, and a prediction equation was
proposed. One research [4] utilized finite element simulations
to predict the residual stress introduced by machining titanium
and nickel alloys, pointing out that the tool geometry

influences the residual stress. The surface residual stress
became more compressive if edge radius increased. The
surface residual stress became more tensile if the tool had been
coated. These researches could contribute to decrease residual
stresses for minimizing machining parts deformation and to
control overlarge tensile residual stresses for better
performance of machining parts.

Cutting forces would be generated during machining.
Cutting forces influence the tool-workpiece system, having
possibilities to lead unexpected dynamic displacement
response between the systems [5]. Cutting forces also influence
the generation of residual stresses. Therefore, many methods
were proposed to predict cutting forces. Nik Masmiati [6]
suggested one mathematical model for predicting cutting
forces based on response surface methodology. The
mathematical model was a second-order polynomial equation.
Predictions of cutting forces could help improve the surface
quality and select cutting parameters.

Random Forest algorithm was proposed by Breiman [7],
and it can improve the prediction accuracy of the model by
summarizing a large number of regression trees. Random
Forest algorithm facilitates the calculation of the nonlinear
effects of variables and can reflect the interaction between
variables. Therefore, it can express nonlinear relations of
dependent and independent variables.

This paper's aim is researching a new method to predict
surface residual stresses (SRS), max compressive residual
stresses (MCRS) and cutting forces introduced by turning
IN718 alloy. Different from many previous investigations that
developed prediction model through specific equations,
Random Forest was utilized for expressing nonlinear relations
of dependent variables (SRS, MCRS, cutting forces) and
independent variables (feed rate, cutting speed, depth of cut).
This algorithm has a superiority with which it can build
regression relations without specific equations.

Prediction Procedures

A series of finite element simulations were carried out to
get the residual stress and cutting force data. Turning
experiments under different sets of cutting parameters and
measurements of residual stresses were carried out for
validating FEA results. Eventually, Random Forest was
applied for constructing the statistical predictions of residual
stresses and cutting forces.

A.  Random Forest regression

Turning parameters can influence residual stresses and
cutting forces much, and thus can be used as independent
variables to predict residual stresses and cutting forces.
Typically, a specific regression equation, such as polynomial
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equation [8] or Logistic equation [9], is needed in a regression
model, but it is challenging to find an accurate and concise
equation to describe relations in turning parameters, residual
stresses and cutting forces. Random Forest algorithm [10] can
solve the problem because it uses regression trees rather than
an equation to finish the regression process. Random Forest
regression consists of multiple regression trees, and the
generating process of regression trees is shown below. Data
sets (1) (2) (3) show the training data of one regression tree.

S= {(Pp 51)! (pZ! 52)' (pi! Si)' T (pn! Sn)} ()

C= {(pl! Cl)r (pZ' CZ)! (pir Ci)' T (pn' Cn)} (2)

F= {(plr fl)! (pZI fZ)l (pi' fl)' T (pn! fn)} (3)
where S represents surface residual stress data set. C represents
max compressive residual stress data set. F represents cutting
force data set. p; is a three-dimensional vector including depth
of cut, feed rate, cutting speed. s; represents surface residual
stresses. ¢; represents max compressive residual stress. f;
represents cutting force.

For the turning IN718 alloy, surface residual stresses are
stresses on the machining surface. Max compressive residual
stresses occur approximately 100 microns below the surface.
The regression model aims to fit elements in S, C, and F
separately. Take data S for example, if one regression tree has
M leaves, it means that the regression tree divides p into M
units which are Ry, R,, -+, Ry, and has M different prediction
value of surface residual stresses which are tq, t,, ==+, ty. The
purpose is to generate regression tree which has the minimum
value of formula (4).

MSE = ~3M_; (tm — 51)? @)

Where prediction value t,, can be expressed as equation
(%)

tm = ave(silpi € Rm) (5)

The regression tree generation process for surface residual
stress is to decide every splitting variablej, which can be depth
of cut, cutting speed or feed rate in this paper, and decide every
splitting point s which is the splitting value of one turning
parameter. Formula (6) can be used to get j and s.
min; ¢[mineg, Xy er, (i)t — 5% + ming, Xy er, i)tz — 5% (6)

Where Ry (j,s) = {p|p’ < s} and Ry(j,s) = {plp’ > s}
are two parts after being split.
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Fig. 1 Turning appearance at experiment lathe [11]

Fig. 2 Finite element turning model

As described above, a series of regression trees are built,
and each regression tree has different training data selected
from known data randomly, therefore having different
prediction values. The mean value of all predictions is what the
Random Forest algorithm intends to get.

B.  Experiments and simulations

Fig. 1 shows the tool holder and tool insert were from
Sandvik Corp. The tool holder’s type is DDHNR2525M1504,
while the tool insert’s type is DNMG150412-SMR1105. The
workpiece’s material is IN718 alloy. Workpieces are tube
shaped, and their outside and inside diameters are 76 mm and
58 mm, respectively. Table I shows the experimental turning
parameters. After the turning process, the X-ray measurement
method and electrolytic corrosion were utilized to get SRS and
MCRS beneath the surface.

TABLE I Experiment machining sets

No. Feedrate f Depth of cut  Cutting speed
(mm/r) ap (mm) v (m/min)

1 0.4 0.8 30
2 0.1 0.4 60
3 0.4 0.2 120
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Fig. 3 Original versus regression data of surface residual stress
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Fig. 5 Cutting forces before and after filtering regression effect.

Fig. 5 shows cutting forces acquired from one simulation.
Simulated cutting forces have noisy data, while the noisy data
can be removed after filtering. The cutting forces variation can
be divided into three periods, which are starting period, stable
period, and ending period. During the starting period, the

Fig. 2 shows the simulation model, which is simplified
from the real experimental condition. The shown model is the
state after cutting. Axis y represents circumferential direction,
while axis x represents the axial direction. Axis z represents the

TABLE II Predicted values versus original values

Sets Variables Original values Predicted values Errors
Axial SRS (MPa) 600.5 621.5 21.0
Axial MCRS (MPa) -327.0 -420.1 93.1
V=50 m/min - Circumferential SRS (MPa) 532.4 567.4 35.0
?g%ﬁ?;r Circumferential MCRS (MPa)  -298.0 3778 79.8
' Axial force Fx(N) 196.0 215.6 19.6
Circumferential force Fy (N) 827.7 860.1 324
Radical Force F, (N) 216.5 219.7 3.2
Axial SRS (MPa) 587.6 597.4 9.8
Axial MCRS (MPa) -524.9 -458.2 66.7
v=100 m/min  Circumferential SRS (MPa) 547.6 539.4 8.2
3,=0.6 mm Circumferential MCRS (MPa)  -492.7 -446.5 46.2
f=0.2mm/r  Axial force Fy (N) 141.5 146.1 4.6
Circumferential force Fy (N) 475.8 559.4 83.6
Radical Force F, (N) 149.2 171.1 21.9
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cutting tool contacts the workpiece gradually, resulting in
increased cutting forces. After the starting period, the tool
contacts with the workpiece completely, making a stable
period. The cutting forces decrease to zero in the ending period
because the workpiece is 5 mm long while the cutting length is
6 mm. Therefore, when the cutting tool finishes workpiece
cutting gradually, the cutting forces will fall to zero. Cutting
forces during the stable period are approximately constants,
and these constants are seen as the average values of cutting
forces in the period. These constants, representing cutting
forces, are regressed shown in Fig. 6, and the R? value is
controlled around 0.85 to prevent overfitting. Most data points
are close to the reference line.

Table II shows predicted results of different variables
under two sets of cutting conditions. Original values were
obtained from finite element simulations which are refined by
experiments. Predicted values were acquired from Random
Forest regression model. The max and min predicting error of
residual stress were 93.1 MPa and 8.2 MPa. The predicting
precision is acceptable because this material’s stresses are
always very high. As for cutting forces, the max error is 83.6
N, while the min error is 3.2 N, which is also acceptable
because of the high hardness and high cutting forces.

Conclusion

Three sets of turning experiments and measurements of
residual stresses have been carried out. One finite element

simulation model was built and validated by experiment results.

A series of simulations under different turning parameters were
finished to obtain the training and testing data of Random
Forest regression.

For the training data, the precision of Random Forest

regression R? was controlled around 0.85 to prevent overfitting.

All regressed data points of predicting variables (axial SRS,
axial MCRS, Circumferential SRS, Circumferential MCRS,
Axial force Fy, Circumferential force Fy and Radical force F,)
were close to the reference line.

For the testing data, two sets of turning simulations were
selected. The max and min predicting error of residual stress
were 93.1 MPa and 8.2 MPa. Cutting forces’ max error was
83.6 N, while the min error was 3.2 N. Predicted residual
stresses and cutting forces were consistent with simulation
results, and the prediction errors were controlled within the
acceptable range.

Acknowledgment: Thanks to AECC Shenyang Liming Aero-

engine Co., Ltd for financial support and AdvantEdge tool help.

References

[1] A. Kortabarria, I. Armentia and P. Arrazola, "Sensitivity analysis
of material input data influence on machining induced residual
stress prediction in Inconel 718," Simulation Modelling Practice
and Theory, vol. 63, pp. 47-57, 2016-01-01 2016.

[2] E. Capello, "Residual stresses in turning: Part I: Influence of
process parameters," Journal of Materials Processing
Technology, vol. 160, pp. 221-228, 2005-01-01 2005.

[3] Y. Ma, P. Feng, J. Zhang, Z. Wu, and D. Yu, "Prediction of
surface residual stress after end milling based on cutting force
and temperature," Journal of Materials Processing Tech, vol.
235, pp. 41-48, 2016-01-01 2016.

[4] T. Ozel and D. Ulutan, "Prediction of machining induced residual

stresses in turning of titanium and nickel based alloys with
experiments and finite element simulations," CIRP Annals -
Manufacturing Technology, vol. 61, pp. 547-550, 2012-01-01
2012.

[5] X. Zhang, J. Zhang, B. Pang, and W. Zhao, "An accurate
prediction method of cutting forces in 5-axis flank milling of
sculptured surface," International Journal of Machine Tools and
Manufacture, vol. 104, pp. 26-36, 2016.

[6] N. Masmiati, A. A. D. Sarhan, M. A. N. Hassan, and M. Hamdi,
"Optimization of cutting conditions for minimum residual stress,
cutting force and surface roughness in end milling of S50C
medium carbon steel," Measurement, vol. 86, pp. 253-265,2016.

[7] L. Breiman, "Random Forests," Machine Learning, vol. 45, pp.
5-32,2001-01-01 2001.

[8] M. H. El-Axir, "A method of modeling residual stress distribution
in turning for different materials," International Journal of
Machine Tools and Manufacture, vol. 42, pp. 1055-1063, 2002-
01-01 2002.

[9] G. K. David and K. Mitchel, Logistic Regression | SpringerLink:
Springer, New York, NY, 2002.

[10] T. K. Ho, "Random decision forests," in Proceedings of 3rd
International ~ Conference on Document Analysis —and
Recognition, 1995, pp. 278-282 vol.1.

[11] X. Qiu, X. Cheng, P. Dong, H. Peng, Y. Xing, and X. Zhou,
"Sensitivity Analysis of Johnson-Cook Material Constants and
Friction Coefficient Influence on Finite Element Simulation of
Turning Inconel 718," Materials, vol. 12, p. 3121, 2019-09-25
2019.

Authorized licensed use limited to: SUNY AT STONY BR(P%I\PWquj_mQBII@QL@M at 00:36:09 UTC from IEEE Xplore. Restrictions apply.



