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Springback prediction of aluminum alloy profile based on deep learning
neural network
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Abstract: Aluminum alloy profiles are widely used in various fields, in order to solve the springback problem in the production and pro-
cessing of 6061 aluminum alloy square tubes, an artificial neural network ( ANN) algorithm was established by using Python as the devel-
opment environment and Keras as the deep learning framework, and the data training was conducted by using a four-layer fully connected
neural network model with two hidden layers. Then, the backend database content for the algorithm was derived by bending springback
tests, and the 198 bending springback data records obtained from these tests were stored and managed by using a structured MySQL rela-
tional database system. Finally, through sufficient model training and actual prediction, the average value of a mean squared error ( MSE)
of angle springback prediction for this algorithm was 0. 044, and the average of a mean absolute percentage error ( MAPE) of curvature
springback prediction for this algorithm was 4. 255. The results of algorithm training and comparative validation show that this springback
prediction system achieves the requisite accuracy of error requirement, which provides an effective reference for the bending springback
and compensation of aluminum alloy profiles.
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Table 1 Predicted springback angle and error of prediction

model based on BP neural network algorithm
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Table 2 Mechanical properties and dimensions of 6061

aluminum alloy square tube with hollow
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Fig. 1 Bending test variable
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Fig. 5 Logical architecture diagram of algorithm
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(a) Expansion schematic diagram of neural network architecture
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