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A Study on the Application of ANN for Surface Roughness
Prediction in Side Milling AL6061-T4 by Endmill
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ABSTRACT

We applied an artificial neural network (ANN) and evaluated surface roughness prediction in lateral milling
using an endmill. The selected workpiece was AL6061-T4 to obtain data of surface roughness measurement
based on the spindle speed, feed, and depth of cut. The Bayesian optimization algorithm was applied to the
number of nodes and the learning rate of each hidden layer to optimize the neural network. Experimental
results show that the neural network applied to optimize using the Expected Improvement(EI) algorithm
showed the best performance. Additionally, the predicted values do not exactly match during the neural
network evaluation; however, the predicted tendency does march. Moreover, it is found that the neural
network can be used to predict the surface roughness in the milling of aluminum alloy.
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Fig. 1 Schematic diagram of experimental set-up

Table 1 Cutting conditions for experiment

Factors min. max.

Spindle speed(rpm) 800 8,000
Feed(mm/teeth) 0.02 0.40
Axial depth(mm) 0.3 4.0

Table 2 Conditions for measurement

Filter Gauss
Curvature R
Cut-off(A,, mm) 0.8
Number of sampling length 5
Measure speed(mm/s) 0.5
Measurement parameter(im) Ra
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Y (2 layers) He initialization Normalization
Linear o
Output — 1 —>| Prediction
He initialization

9} ZEL o w7/l 5 (parameter) S 7ZAlEoF =t &
A3=(loss function)ol] &3+ H717} o] FoR} B
AN = HFAF L2 (Mean  Squared  Error,
MSE)E &4%,E 83tk 2(1)F o] 474
DolA E¥E dolE () AT e B3N
A% dolel(k)st £05E AR AAPe
WAHFE AT F JEE FASAT

MSE _2 t,— Q)

ni=1

EAZNFE A48 5 Qe wAHESFE Palo]

A F7](epoch)}T} X34 o] Fojx ok
B3l Ao HAHslA) ojnf -
el Wastm HZ AelA
Adam®! GaE]Fo] ThFR A3elx HHsita
ANSFAL. ol Adame T3l F7|vith 7FE% 7Y
Alo] o] FoAEF s}t

3.3 Z0f7fH =X

AR g AAZAA TFEA] 741 A9 o]
Elo| o3 AAHA T, 24959 ANF, 4 24959
= &, SGE 52 AAW AAXTE AH AA
st Wo|th. 53] olfd WMFEs YHtdos
ZupEeeta b JAFAE D] o B2 9
& vt HHZs] 9 58437 78
o8 EEHA &2 vAY Fgoly] wiid] olE
FHZHslst= WHOZ Manual search®} Grid search
o] 9lo} wEEof & WMo uel B A7
o] wolxth. o]& JAstr] sl FEH FA9
F&2 283 Random search WHe| ¢ HAgk
2 AIZES 2 Jou o] 'HAghel| ig
ARE WgstA| 7] Wi HlE&H ot o]o
olx wralzrol HRE wtYPSiHA FEH FHo]
7Fs% wlo]x|¢t # 3K bayesian optimization)” &
agEo] A=A

- 57 —



AL F=71A7SS 3 A A204, A5E

Table 4 Cutting conditions for experiment

Factors min. max.
unit 1 5 50
No. of nodes
unit 2 5 50
learning rate 0.001 0.01
No. of iteration 30

Table 5 Experiment results for acquisition functions

Function| unit 1 | unit 2 |learning rate| accuracy

EI 12 44 0.001 0.967
UCB 12 29 0.003 0.965
POI 21 26 0.009 0.972
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Fig. 2 Results according to the number of iteration
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Fig. 4 Evaluation of ANN with test data set

Table 6 Results of acquisition function test

Function MSE MAE R?
EI 0.014 0.084 0.778
UCB 0.024 0.139 0.611
POI 0.016 0.092 0.753

ghH FdA A AMEE dlolE 9} HIte A ALER
dlo]El= YEZ 22 Acquisition function®] WE &
s} A5 o] st HristRa 1 A= Table 6
74 2k D] &gl AHRE HIAFL
ZHMSE), 18]3l ¥ d o] 2 X (Mean Absolute Error,
MAE)QI- AAA —r(Coefﬁaent of Determination, R)——
Qi slo] H7ls)E 23} Expected Improvementol] 2
g HA5} mdo] e & T AUtk

4. 4E

. T A3} Acquisition functlonoﬂ Expected
e < o83 HA3E AARE A

Improvement

2
o M
ﬂlN

ELIOE RIS
i, G %A}f& = A% nylt BT

5% =9A47) @1%—
o QoA TheFd FH FAE, AV,

HEEA 5% HEF A7} o FolHol o}ua 2
AT AT F4 AT Jx AR B§H e
2 gkt

REFERENCES

1. Won, J. Y., Nam, S. H., Yoo, S. M., Lee, S.

W., and Choi, H. Z., “Prediction of Surface

— 59 —



HAAZE : A=m71A7FEES A A204, ASE

Roughness using double ANN and the Efficient
Machining Database Building Scheme in High
Speed Machining,” Proceedings of The Korean
Society of Manufacturing Technology Engineers,
pp. 411-415, 2004.

. Won, J. Y., Nam, S. H., Lee, S. W., Choi, H.
Z., and Yoo, S. M., “Training Data Selection for
Artificial Neural Networks using the Design of
Experiments and Prediction of Surface Roughness
in High Speed Machining,” Proceedings of the K
SMPE Conference, pp. 88-91, 2004.

. Lee, S. W, and Lee, D. J., “A Prediction of
Surface Roughness on the PCD Tool Turned
Al5083 by using Regression Analysis,” Journal of
the Korean Society of Manufacturing Process
Engineers, Vol. 11, No. 6, pp. 69-74, 2012.

. Chun, S. H., “Prediction of Surface Roughness in
Hole Machining Using an Endmill,” Journal of
the Korean Society of Manufacturing Process
Engineers, Vol. 18, No. 10, pp. 42-47, 2019.

. Hwang, Y. K., Chung, W. J, and Lee, C. M.,
“Experimental Study of Cutting Force and
Surface Roughness Prediction in MQL Turning of
Al6061,” Journal of the Korean Society for
Precision Engineering, Vol. 25, No. 6, pp.
159-167, 2008.

. Chin, D. H, Kim, J. D., and Yoon, M. C,
“Surface roughness model of end-milling surface,”
Journal of the Korean Society of Manufacturing
Process Engineers, Vol. 12, No. 2, pp. 67-73,
2013.

. Lee, J. H, and Lee, E. S., “A Study on the
Prediction of Surface Roughness of Ferrule in
Centerless Grinding wusing Artificial Neural
Networks,” Proceedings of The Korean Society of
Manufacturing
505-510, 2006.
. Seo, Y. S., Lee, J. H., Lee, S. H.,, and Kwak, J.
S., “Application of Deep Neural Network Model
to Predict Surface Roughness,” Proceedings of the
KSMPE Conference, p. 106, 2019.

Technology  Engineers, pp-

9. Snoek, J., Larochelle, H., and Adams, R. P,
“Practical Bayesian Optimization of Machine
Learning Algorithms,” Proceedings of Neural
Information and Processing Systems, 2012.

10. Han, J. S, and Kwak, K. C. “Image
Classification ~ Using  Convolutional =~ Neural
Network and  Extreme  Learning  Machine

Classifier Based on ReLU Function,” The Journal
of Korean Institute of Information Technology,
Vol. 15, No. 2, pp. 15-23, 2017.

11. He, K., Zhang, X., Ren, S., and Sun, J,
“Delving Rectifiers:

Deep into Surpassing

Human-Level Performance on ImageNet
Classification,” 2015 IEEE International Conferene
on Computer Vision(ICCV), pp. 1026-1034, 2015.

12. Ioffe, S., and Szegedy, C., “Batch normalization:
Accelerating deep network training by reducing
internal covariate shift,” International Conferene
on Machine Learning, pp. 448-456, 2015.

13. Kingma, D. P.,, and Ba, J. L., “Adam: A
method for stochastic optimization”, International
Conference on Learning Representations, 2015.

14. Li, Y., and Yao, Y. “Bayesian Optimization
with Directionally Constrained Search”, arXiv

preprint arXiv:1906.09459, 2019.

— 60 —





