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Abstract

The need for advanced high strength steel (AHSS) forming technology is increasing as interest in light weight and safe
automobiles increases. Multipoint dieless forming (MDF) is a novel sheet metal forming technology that can create any
desired longitudinal and transverse curvature in sheet metal. However, since the springback phenomenon becomes larger
with high strength metal such as AHSS, predicting the required MDF to produce the exact desired curvature in two
directions is more difficult. In this study, a prediction model using artificial neural network (ANN) was developed to predict
the springback that occurs during AHSS forming through MDF. In order to verify the validity of model, a fit test was
performed and the results were compared with the conventional regression model. The data required for training was
obtained through simulation, then further random sample data was created to verify the prediction performance. The
predicted results were compared with the simulation results. As a result of this comparison, it was found that the prediction
of our ANN based model was more accurate than regression analysis. If a sufficient amount of data is used in training, the
ANN model can play a major role in reducing the forming cost of high-strength steels.
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Table 1 Summary of results of goodness of fit tests for
training data

ANN Regression ANN Regression
Transverse Transverse | Longitudinal | Longitudinal
R? 0.9999 0.9688 0.9999 0.9677
NRMSE 2.24e-5 0.0481 1.19e-5 0.0535
(a) saddle
ANN Regression ANN Regression
Transverse Transverse | Longitudinal | Longitudinal
R’ 0.9999 0.9495 0.9999 0.9805
NRMSE 5.16e-5 0.0661 0.0001 0.0379
(b) convex

4.2 Random sample data test
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Table 3 Training data set — saddle type
Transverse Longitudinal Blank Transverse Longitudinal Transverse Longitudinal
curvature curvature thickness simulation simulation ANN result ANN result
radius (mm) radius (mm) (mm) result (mm) result (mm) (mm) (mm)
600 600 400 614.8 579.9 614.9 579.9
600 700 400 654.3 693.7 654.3 693.7
600 800 400 715.6 786.5 715.6 786.5
700 600 400 702.5 601.7 702.5 601.7
700 700 400 769.1 703.6 769.1 703.6
700 800 400 847.1 783.7 847.1 783.7
800 600 400 810.1 633.4 810.1 633.4
800 700 400 892.6 730.5 892.6 730.5
800 800 400 1015.7 851.0 1015.7 851.0
600 600 500 661.4 575.3 661.4 575.3
600 700 500 664.3 688.4 664.3 688.4
600 800 500 776.4 778.4 776.4 778.4
700 600 500 733.4 601.0 733.4 601.0
700 700 500 789.2 726.7 789.2 726.7
700 800 500 857.5 798.5 857.5 798.5
800 600 500 854.8 668.9 854.8 669.0
800 700 500 912.1 7475 912.1 747.5
800 800 500 1026.6 871.6 1026.5 871.6
600 600 600 688.8 557.7 688.8 557.7
600 700 600 671.4 682.2 671.4 682.2
600 800 600 793.7 776.5 793.7 776.5
700 600 600 792.3 618.3 792.3 618.3
700 700 600 812.2 723.9 812.2 723.9
700 800 600 860.7 809.6 860.7 809.6
800 600 600 886.1 697.3 886.1 697.3
800 700 600 924.0 759.1 924.0 759.1
800 800 600 1041.8 916.2 1041.8 916.2
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Table 4 Training data set — convex type
Transverse Longitudinal Blank Transverse Longitudinal Transverse Longitudinal
curvature curvature thickness simulation simulation ANN result ANN result
radius (mm) radius (mm) (mm) result (mm) result (mm) (mm) (mm)
600 600 400 752.9 603.9 752.9 604.1
600 700 400 880.8 745.0 880.8 744.9
600 800 400 1014.2 957.4 1014.2 957.4
700 600 400 967.1 692.6 967.0 692.6
700 700 400 1135.4 953.8 1135.4 953.8
700 800 400 1325.2 1245.6 1325.2 1245.6
800 600 400 1230.8 861.6 1230.9 861.6
800 700 400 1441.9 1203.1 14419 1203.1
800 800 400 1850.4 1671.8 1850.4 1671.8
600 600 500 766.8 620.7 766.5 621.5
600 700 500 893.9 820.6 893.9 820.6
600 800 500 1021.8 1071.1 1021.7 1071.1
700 600 500 1002.1 747.1 1002.0 747.1
700 700 500 1148.6 1060.5 1148.8 1060.3
700 800 500 1351.6 14116 1351.6 14116
800 600 500 1239.9 949.3 1239.9 949.3
800 700 500 1549.8 1357.9 1549.7 1357.9
800 800 500 2120.3 1868.2 2120.3 1868.1
600 600 600 755.7 628.6 755.7 628.5
600 700 600 884.7 855.5 884.7 855.5
600 800 600 992.9 1137.7 992.9 1137.7
700 600 600 1011.9 793.2 1011.9 793.2
700 700 600 1145.1 1079.8 1145.3 1079.3
700 800 600 1348.8 1454.6 1348.8 1454.6
800 600 600 1230.6 962.8 1230.6 962.8
800 700 600 1496.9 1343.3 1496.9 1343.3
800 800 600 2040.4 1819.9 2040.3 1820.0
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Table 5 Random sample data set — saddle type

Transverse Longitudinal Blank Transverse Longitudinal Transverse Longitudinal

curvature curvature thickness simulation simulation ANN result ANN result
radius (mm) radius (mm) (mm) result (mm) result (mm) (mm) (mm)
629 648 551 682.8 669.2 697.9 654.0
760 757 582 916.3 783.1 980.1 793.4
716 621 549 773.8 678.7 780.9 660.6
733 601 415 762.6 641.6 752.2 627.9
641 701 552 740.3 721.7 738.7 717.8
701 783 507 844.5 767.5 855.9 785.8
617 620 561 677.8 681.4 688.3 672.0
727 638 559 801.2 692.8 810.6 681.4
793 730 498 933.0 760.0 933.9 773.6
603 680 458 656.7 694.9 679.5 675.5

Table 6 Random sample data set — convex type

Transverse Longitudinal Blank Transverse Longitudinal Transverse Longitudinal

curvature curvature thickness simulation simulation ANN result ANN result
radius (mm) radius (mm) (mm) result (mm) result (mm) (mm) (mm)
698 774 584 1290.5 13514 1270.1 1468.4
762 782 512 1488.6 1581.4 1429.1 1527.1
627 732 484 1001.7 973.6 1035.3 942.3
719 631 495 1083.5 859.4 1141.8 970.2
783 651 562 1325.8 1088.0 1286.2 1064.6
679 686 499 1100.3 976.0 11144 1067.9
714 755 507 1255.1 1339.7 1189.1 1351.7
675 712 438 11124 992.3 1200.4 995.8
760 709 538 1353.7 1283.4 1381.8 1383.0
609 701 539 926.9 866.4 994.3 906.5
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