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Application of Machine Learning to Predict Web-warping in Flexible
Roll Forming Process
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Abstract

Flexible roll forming is an advanced sheet-metal-forming process that allows the production of parts with various cross-
sections. During the flexible process, material is subjected to three-dimensional deformation such as transverse bending,
inhomogeneous elongations, or contraction. Because of the effects of process variables on the quality of the roll-formed
products, the approaches used to investigate the roll-forming process have been largely dependent on experience and trial-
and-error methods. Web-warping is one of the major shape defects encountered in flexible roll forming. In this study, an
SVR model was developed to predict the web-warping during the flexible roll forming process. In the development of the
SVR model, three process parameters, namely the forming-roll speed condition, leveling-roll height, and bend angle were
considered as the model inputs, and the web-warping height was used as the response variable for three blank shapes;
rectangular, concave, and convex shape. MATLAB software was used to train the SVR model and optimize three
hyperparameters (A, €, and y). To evaluate the SVR model performance, the statistical analysis was carried out based on the
three indicators: the root-mean-square error, mean absolute error, and relative root-mean-square error.

Key Words : Flexible Roll Forming, Support Vector Regression, Web-warping, Blank Shape, Forming Roll Speed, Bend
Angle, Leveling Roll
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Table 1 Process parameters and allocation of levels in experimental study

Process parameter Type Level Level 1 Level 2 Level 3
Forming-roll speed (v) Categorical 2 Constant Variable
Leveling-roll height (A) Numerical 3 -3 mm 0 mm 3 mm
Bend angle (a) Numerical 3 15° 30° 45°
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Table 3 Optimized hyper parameters in SVR model

£

Blank shape Rectangular Concave Convex
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Table 4 Statistical analysis results for SVR model

Blank shape Rectangular Concave Convex
RMSE 0.0597 0.0046 0.0277
MAE 0.0740 0.0357 0.1807

RRMSE 6.11 3.89 3.56
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