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ABSTRACT: The work aims to construct a mapping relationship between process parameters and the wall thickness reduction
rate with machine learning methods and establish a high-precision prediction model for the wall thickness reduction rate in tube

bending, thereby providing a data-driven solution for effective defect prediction. Firstly, a simulation scheme was designed with
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six process parameters, such as diameter and bending degree, etc. as variables, and experimental validation was conducted to
establish a database. Secondly, two machine learning models—Random Forest (RF) and Gradient Boosting Regression Tree
(GBRT)—were developed. Finally, the effect of training sample size (ranging from N=100 to 808) on the generalization per-
formance of the two models was compared and analyzed. Under a medium sample size (N=400), both machine learning models
achieved optimal prediction performance. Among them, the GBRT model exhibited a coefficient of determination (R”) as high as
0.976 9 on the test set, a variance accounted for (VAF) of 97.69%, and a root mean square error (RMSE) and a mean absolute
error (MAE) as low as 0.347 0 and 0.175 9, respectively. All performance metrics were significantly superior to those of the RF
model under the same conditions (R*=0.922 9, VAF=92.36, RMSE=0.633 5, MAE=0.363 8). Beyond a sample size of 400, both
models showed a trend of performance saturation and eventual degradation. Using process parameters outside the training range
for GBRT model validation revealed an average prediction error of less than 7%. The GBRT prediction model constructed in this
study can accurately and efficiently map the complex nonlinear relationship between the bending process parameters of bimetal-

lic composite tubes and the wall thickness reduction rate, demonstrating the feasibility of machine learning methods as alterna-

tives or supplements to traditional finite element analysis in this field.
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Problem state: Prediction of Wall Thinning
Rate in Bending of Bimetallic Thin-Walled
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Fig.1 Flowchart of study
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Tab.1 Material parameters of the composite tube

Tubes Density p/(10* kg-m™)

Elastic modulus £/GPa

Strength factor K/MPa Hardening index n

T2 base tube
TA2 covered tube

8.86
4.51

63.09
85.33

416.13
721.92

0.172
0.196

IRiESSureldic]

(Clampldic

\Wiper
Composite
tube

Bending die

a FIHHRES

& 2

Wall thinning

b ZHPRZS

HEEEERER

Fig.2 Schematic diagram for rotary-draw bending of the composite tube: a) initial state; b) bending state
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Fig.3 Finite element model for rotary-draw bend-
ing-springback of Cu/Ti bimetallic composite tube: a) initial
state of rotary-draw bending; b) tube bending state; c) die
unloading state; d) springback state
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Tab.3 Prediction performance of the model (N=400)

Datasets Model MAE RMSE R* VAF MAPE/%
Train RF 0.246 4 0.479 3 0.948 9 94.891 1 6.1554
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Test RF 0.363 8 0.6335 0.9229 92.36 8.887 1
GBRT 0.1759 0.347 0.976 9 97.69 4.843 1
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Tab.4 Symbols and values of geometric and process I gl;RT
parameters 9r

Case A w p o u 0 S 8t

1 0.196 0.225 30 0.5 0.18 0.1 %) 71

2 0.578 1.5 10 0.5 0.18 0.1 £

3 0.578 1.32 30 0.5 0.18 0.1 g 6r

4 0.578 0.56 60 0.5 0.18 0.1 E 5F

5 0.774 0.45 90 0.5 0.18 0.1 4l

6 0.972 0.45 40 0.5 0.18 0.1

7 1.17  0.375 70 0.5 0.18 0.1 3 i I2 ; :‘ I5 I6 I7

o 45828 (B 10), RF 1 GBRT B ) i il 2%
W5 FEM i H S B4, REERTE 15%LAN .

10 FEM 5 PR 4 B 44 55 0t L
Fig.10 Comparison between prediction results of the
two models and the FEM
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