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Surface quality of engineering components directly affects their performance and service life.
Conventional machining processes, particularly under conditions that induce high surface roughness and
tensile residual stresses, are often unable to ensure the desired final surface quality. Consequently, the
application of surface enhancement techniques such as deep ball burnishing (DBB) is essential for
improving surface integrity. In this study, the combined effects of key DBB process parameters, including
ball diameter, penetration depth, and feed rate, on surface quality indices—Ra., Rz, and surface
microhardness—were analyzed. Advanced machine learning models were employed for predictive
modeling, with the SVR model demonstrating the best performance, achieving R? values of 0.925, 0.942,
and 0.910 for Ra, R,, and microhardness, respectively. Although the XGBoost model also produced
acceptable predictions, its accuracy was lower than that of SVR. The use of partial dependence plots
(PDPs) enabled a quantitative assessment of the relative influence of the input parameters, revealing that
burnishing penetration depth was the dominant factor for all outputs, accounting for approximately 41—
47% of the predicted variations in surface quality. Nevertheless, ball diameter and feed rate also exhibited
substantial contributions, each ranging from approximately 23-30%, highlighting their non-negligible
roles in DBB process control and optimization. Overall, this study presents a novel machine-learning-
based framework for analyzing and optimizing the DBB process to enhance surface quality.
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Fig. 1 Stress—strain curve obtained from the tensile test of the A12024-T4.
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Table 2 Machining Parameters for Face Milling.
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Table 1 Mechanical Properties of Al 2024-T4 Alloy.

E (GPa) v Sy (MPa)  SUT (MPa) H (Hv)

73 0.33 317 454 1303
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Fig. 2 Schematic of the Experimental Setup for Deep Burnishing Process.
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Fig. 3 Profile of the Spherical Tool Tip Penetration in the Burnishing
Process.
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Fig. 4 Microhardness Measurement Points Using the Buehler Micromet
Device.
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Table 3 Effective Parameters and Their Levels Considered in the Deep
Ball Burnishing Process.
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Table 5 Measurement Results of Roughness and Microhardness
Parameters After Deep Burnishing Process.

Inputs Outputs

No.  Balldia. Total depth Feed rate Ra (um) Rz (um) H

() (i ® Avg. Avg. (HV)

(mm) (mm) (mm/min)
1 6 0.05 800 0.67 2.795 135
2 6 0.05 1600 0.795  3.685 140
3 6 0.05 2400 0.97 4.385 146
4 6 0.1 800 0.785  3.715 146
5 6 0.1 1600 0.995 4.72 153
6 6 0.1 2400 1.245 6.14 162
7 6 0.15 800 1.545 7.115 155
8 6 0.15 1600 1.82 8.26 164
9 6 0.15 2400 211 9.315 175
10 10 0.05 800 0.37 1.57 145
11 10 0.05 1600 0495 1975 152
12 10 0.05 2400 0.63 2.395 160
13 10 0.1 800 0.605  2.455 162
14 10 0.1 1600 0.77 33 170
15 10 0.1 2400 0.89 4.235 184
16 10 0.15 800 0.95 5.035 176
17 10 0.15 1600 1.08 5.51 188
18 10 0.15 2400 1.38 6.135 197
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Table 4 Hyperparameters Used for Each of the Machine Learning Models.

Model Hyperparameters

Fit Method='0LS', Solver=QR
Decomposition, Regularization=None,
Fitting Algorithm=Direct matrix
inversion using OLS, Data
Standardization=Yes.

Linear Regression

Criterion='squared_error’,
max_depth=None,
min_samples_split=2,
min_samples_leaf=1,
max_features="auto'".

Decision Tree

Method='Bag’,
NumLearningCycles=100,
MinLeafSize=1, MaxNumSplits=Inf.
n_estimators = 100, learning rate =
0.1, max_depth = 6, objective =

Random Forest

XGBoost ‘reg:squarederror’, booster = 'gbtree’,
NumLearningCycles = 100, Method =
'LSBoost'.

KernelFunction = 'rbf, BoxConstraint
=1.0, Epsilon = 0.1, KernelScale =
‘auto’, Standardize = true.

Support Vector Regression (SVR)
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Fig. 5 Scatter Plot of Predicted vs. Actual R, Values for the Training (Blue Circles ®) and Testing (Red Squares ) Datasets in All Machine Learning

Models, with a Diagonal Gray Line Representing Ideal Fit.
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Fig. 6 Residual Plots (Residuals vs. Fitted Values) for R, in Each Model, with Training Data Represented by Blue Circles (®) and Testing Data by Red

Squares (#), and a Gray Dashed Line at Zero Indicating No Error.
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Table 6 R?, RMSE, and MAE Values for the R, Parameter Corresponding
to Each Machine Learning Model in the Training and Testing Stages.

Model Train Test
o R®  RMSE MAE R®  RMSE  MAE
Linear 0161 013484 011721 053347 021637 017819
Regression
Decision Tree 0.5868 0.29025 022125 -1.4904 0.38833 0.35525
Random Forest 0.3027 032907 025604 0.18551 0.50751 0.38727
XGBoost 09839 0.043925 0.040649 0.86867 030282 0.28367
Support Vect
UPPOTLVECIOr ) 9037 0.046228 0.04528 092528 0.16858 0.13164
Regression
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Fig. 7 Scatter Plot of Predicted vs. Actual R, Values for the Training (Blue Circles ®) and Testing (Red Squares #) Datasets in All Machine Learning

Models, with a Diagonal Gray Line Representing Ideal Fit.
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Fig. 8 Residual Plots (Residuals vs. Fitted Values) for R, in Each Model, with Training Data Represented by Blue Circles (®) and Testing Data by Red

Squares (#), and a Gray Dashed Line at Zero Indicating No Error.
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Table 7 R?, RMSE, and MAE Values for the R, Parameter Corresponding
to Each Machine Learning Model in the Training and Testing Stages.

Model Train Test

R® RMSE MAE R® RMSE MAE

Linear Regression 09586 04443 03757 07321 0.8607 0.7160

Decision Tree 06146 1278 10262 -0.7075 18271 17312

RandomForest 02186 1707 13625 0.1404 23562 19027

XGBoost 09978 0.0784 00639 0.8523 1.0984 1.0131

SupportVector o jo01 00766 0.0632 09421 0667 05578
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Table 9 Relative importance of input parameters on different output
responses based on mean partial dependence plots of the SVR model.

Output Input Parameter Relative Importance (%)
Ball diameter 30.4
Ra Burnishing depth 43.5
Burnishing feed rate 23.1
Ball diameter 29.8
R, Burnishing depth 47.1
Burnishing feed rate 23.1
Ball diameter 28.7
Micro Hardness (H) Burnishing depth 41.6
Burnishing feed rate 29.7
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Table 8 R%, RMSE, and MAE Values for the H Parameter Corresponding
to Each Machine Learning Model in the Training and Testing Stages.

Model Train Test
R RMSE  MAE R? RMSE  MAE
L
€A 9096 49416 3.6586 080084 33634  2.6768
Regression

Decision Tree 0.3871 11.3454 9.5625 0.42723 11.323 7.725

Random Forest 0.2955 11.5074 9.3494 -0.10957 16.1601 13.8813
XGBoost 09192 4.1919 2.5414 0.7111 8.9887 7.6068

Support Vector

. 0.9619 29087 23243 09119  2.7562  2.1689
Regression
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Fig. 11 Partial dependence plots illustrating the mean effect of each input parameter (ball diameter, burnishing depth, and burnishing feed rate) on the

predicted surface roughness parameters for (a) R,, (b) R, and (c) surface microhardness (H).
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