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Rapid thickness distribution
prediction of superplastic formed
parts based on geometry adapted
PSO-BP neural network surrogate
model
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Rapid and accurate prediction of thickness distribution remains a critical challenge in achieving real-
time process optimization for superplastic forming (SPF) operations. Conventional prediction method
based on finite element analysis (FEA) faces constraints in computation efficiency and completely
dependency on precisely defined boundary conditions, rendering them unsuitable for real-time control
systems. This study proposes a mesh-informed neural network surrogate model based on particle
swarm optimized-back propagation (PSO-BP) algorithm to predict the thickness distribution of
superplastic forming parts with different geometric feature parameters. A geometric fitness function
based on SPF part features is proposed to solve the problem of large local errors in round-corner areas.
The mean absolute percentage error of the improved algorithm prediction results has reduced from
1.3% to 0.8% by approximately 38.5% compared to the standard PSO-BP neural network. A rapid
prediction of the thickness nephogram of Ti-6Al-4 V box-shaped parts within 0.5 s was achieved with
an average deviation from the finite element simulation results less than 1%. This computational
advancement enables closed-loop process control by bridging the temporal gap between simulation-
based optimization and actual manufacturing cycle times. The developed system shows significant
potential for in-process quality monitoring and dynamic parameter adjustment in industrial SPF
applications.

Keywords Superplastic forming, Thickness distribution prediction, Particle swarm optimization, Geometric
fitness function, Surrogate model

List of symbols

I side length of the box-shaped parts

t initial sheet thickness of the box-shaped parts
H design height of the box-shaped parts

R, entrance radius of the box-shaped parts
R, bottom radius of the box-shaped parts
R, corner radius of the box-shaped parts

g stress

K material coefficient

€ strain rate

m material strain rate sensitivity coefficient
Tni input signal to the i-th neuron

Yni output signal to the i-th neuron

Wij weight value

b; bias value
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Ny the number of neurons in the previous layer of the neural network
f a hyperbolic tangent activation function
vk, velocity of the i-th particle in iteration step k
mz?d position of the i-th particle in iteration step k
¢ individual learning factor
Co social learning factor
w inertia weight
p;zd individual optimal value of the i-th particle in iteration step k
Pgd global optimal value in iteration step k
W max the maximum inertia weight
W min the minimum inertia weight
q current iteration count
Gmax the maximum iteration count
E fitness function
N population size
n the number of samples
Ui predicted value for the i-th sample
Yi FEA simulation value for the i-th sample
E, geometry fitness function

MAE, the MAE of the nodes in the round corners
MAE,, the MAE of the rest of the nodes

kr the weights of M AE,

kw the weights of M AE,,

Superplastic forming (SPF) is a material forming technology which takes advantage of the extremely large
elongations of polycrystalline materials, i.e. 1200% in titanium alloys', under specific conditions of high
temperature and low strain rate (i.e. 107 3>~10~ > s~ )2 It has been widely used in aviation & aerospace?,
automotive?, rail transportation® fields, because of its high-precision and low-cost forming ability in complex
structures®. In SPF process, metal sheets are clamped by the blank holder and bulged under pressurized gas.
Due to the absence of drawing, the thickness distribution of parts produced by SPF is uneven, and the thinning
effect is related to part structure, mold design, stress and strain field during processing’. Predicting the thickness
distribution of SPF parts rapidly and accurately is important for achieving on-site process optimization and
intelligent equipment control.

It is well known that finite element analysis (FEA) has been widely used in the development and optimization
of SPF processes®® because of its high prediction accuracy in titanium alloys!?, aluminum alloys!!, magnesium
alloys'? and other material systems'®. However, FEA method is based on the numerical solution of partial
differential equations, which is inefficiency and computility costly, making it almost impossible to combine the
prediction results with the control system for in-process regulation. Meanwhile, the prediction accuracy of FEA
depends on accurate physical models and boundary conditions, which makes it difficult to migrate predictions
to other situations, even if the differences are small.

Instead of the reliance on accurate physical models, data-driven machine learning (ML)!*!> methods, on
the other hand, are appropriate for rapidly predicting part performance from unknown and variable input
data'®. Such models are often referred to as surrogate models or metamodels. Recently, some progress has been
made in ML algorithms based on FEA, including artificial neural networks (ANN)!7, support vector machine
(SVM)', regression tree'®, random forest?, etc. to achieve prediction in metal forming. These ML methods
provide rapid results in sheet metal constitutive modelling?!, prediction of forming results??, process parameters
optimization®, process energy estimation?, prediction of defects?, etc.

Among the ML algorithms, neural network algorithms show better performance in problems with
nonlinearities and multiple parameters®, such as hot forming & cold die quenching (HFQ) technology?’,
incremental sheet metal forming?, air-bending forming of sheet metal®®, cold roll-forming®, etc. In the
preliminary study of our group®,, a particle swarm optimized back propagation (PSO-BP) algorithm has been
developed to predict the thickness distribution of SPF parts. As the result, the PSO-BP neural network showed
a better performance in accuracy than the conventional BP neural network. Although these works got relatively
low mean absolute error, they still had significant local deviations in the predicted results. These deviations
usually happened in large curvature gradient areas, which limits their application in engineering.

The purpose of this study is to construct a surrogate model for predicting the thickness distribution of SPF
parts with high accuracy, short prediction time, and migratable to different geometric features. The surrogate
model was realized by a mesh-informed PSO-BP neural network based on the geometrical features of the parts.
The network was trained by a dataset with batched FEA simulation. By analyzing the distribution pattern of
the error, we added a geometry fitness function in PSO algorithm to optimize the large local prediction errors.
As the result, the accuracy of thickness prediction in round-corner areas has been significantly improved. Our
surrogate model shows a prediction time less than 0.5 s in a commercial PC, which has a great application
prospect for in-process quality monitoring and dynamic parameter adjustment in industrial SPF applications.

Prediction modeling

Problem statement

SPF is a bulging process loaded by gas pressure at high temperature, which obtains specific geometry by mold
constraints. During the SPF process (Fig. 1), the thickness of the metal sheet reduces, and its distribution is
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Fig. 1. Schematic diagram of SPF process and its thinning effect.

Geometric Parameters Symbol | Description Range (mm)
R; R, Entrance Radius | 3.0~7.5
R, Bottom Radius 2.0~6.0
R, Corner Radius 6.5~20.0
H Design Height 15.0~50.0

Table 1. Geometric parameters and their ranges.

predominantly influenced by the depth-diameter ratio of the deformed area along with various geometrical
features, including round corner radius and local curvature distributions.

Box-shaped components represent a class of SPF parts that are commonly encountered and extensively
utilized in various engineering applications due to their geometric representativeness. The geometric parameters,
including length, width, depth, and corner radius, are the critical factors affecting the thickness distribution in
SPF parts. In this paper, Ti-6Al-4V box-shaped part with side length /=100 mm and initial sheet thickness
t=1.5 mm was selected as the study object for thickness distribution prediction.

Based on the characteristics of the box-shaped parts, the geometric parameters height (H), entrance radius
(R,), bottom radius (R,) and corner radius (R,) are considered as the input variables. According to the design
requlrements and formmg limitation of Ti-6Al-4 V SPF parts*, the ranges of R}, R, R, and H are shown in
Table 1.

Dataset and simulation model

The Latin hypercube sampling in the parameter spaces of Table 1 was used to select 1,000 different box-shaped
geometries. For each geometry, the SPF process was simulated by FEA software MSC.MARC/Mentat and
the mesh configuration is bilinear thick-shell element. The Ti-6Al-4 V sheet was discretized using a 4-node
quadrilateral element mesh configuration and deformed by a fixed strain rate under face loads in the direction
perpendicular to the surface. A Coulomb model with a friction factor of 0.233 was taken to describe the friction
state between the part and mold. Since the SPF process takes place at high temperatures and low strain rates with
large deformations and almost no rebound, a rigid-plasticity model was used in the simulation to describe the
SPF characteristics of Ti-6Al-4V alloy. The stress-strain relationship was described by Backofen constitutive Eq.
(1) based on the mechanisms of grain boundary sliding (GBS)**3>,
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o =Ké™ (1)

where K, € and m are the material coefficient, strain rate and the material strain rate sensitivity coefficient, and
o is stress.

Based on preliminary experimental results of our group, the Ti-6Al-4V alloy demonstrated optimal
superplastic performance of an elongation about 900% at a temperature of 875 °C and a strain rate of 0.0003 s~ !.
Fitted by Eq. (1), K = 497.24 and m = 0.715 are used in this paper.

The position and thickness data of all nodes in each simulation result file are exported through our python
script. A dataset was built with geometric parameters and node positions as the input, while corresponding node

thickness as the output.

Neural network architecture and training
Neural network architecture
Back propagation neural network (BPNN)37-38 is a multi-layer feed-forward neural network trained according
to the error back propagation algorithm, with strong nonlinear mapping capabilities. A mesh-informed BPNN
with two hidden layers was constructed as the thickness prediction surrogate model. The number of neurons
in each hidden layer was set between 1 and 16 and trained individually, with mean squared error serving as
the evaluation metric®!. The neural network architecture with the highest prediction accuracy is shown in Fig.
2. The hidden layer activation function of the model is the hyperbolic tangent function, while the output layer
activation function is a linear function.

The input layer neurons represent the geometric parameters of the SPF part and the position of mesh nodes,
while the output layer neurons represent the thicknesses of the mesh nodes.

The input x and output y of each neuron can be described as:

yi = f (Z Wi — bi) )

where x; is input signal to the neuron, w;; is the weight value, b; is the bias value, n,, is the number of neurons
in the previous layer of the neural network and fis a hyperbolic tangent activation function.

Neural network training

To overcome the low speed and local minima problems in gradient descent training method, PSO algorithm?*4
was taken to improve the prediction accuracy and generalization ability, by searching the optimal weights and
biases value.

In PSO algorithm, possible configurations of the above BPNN were treated as particles. The position of the
particle represents the weights and biases of the BPNN. By update the position and velocity of each particle
according to individual and global optimal value in searching space, we get the optimized weights and biases of
BPNN. The formulas for particle updating process are.

k+1 k k k k k
vl =wuly +an (pid - mid) + Car2 (pgd - wid) (3)
k+1 k+1
mi; =l + vi; 4)

where v¥; and x¥,; are the velocity and position of the i-th particle in iteration step k; ¢1 and ca represent the
individual learning factor and social learning factor; w is the inertia weight, which is used to balance global
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Fig. 2. The structure of mesh-informed BPNN.
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search and local search capabilities; r1 and 72 are the random numbers distributed between 0 and 1; p¥, and
p’;d are the individual optimal value of the i-th particle and the global optimal value in iteration step k, which
are obtained by calculating the fitness function E. The fitness function determines the training route of these
particles.

The paper employs an adaptive inertia weighting method that adjusts the inertia weight w based on the
number of iterations, with the formula defined as:

w (q) = W maz — w maqa:;;: min q (5)
where w mac is the maximum inertia weight, set to 0.9 in this paper; w mix is the minimum inertia weight, set
to 0.4; q is the current iteration count; ¢mqz is the maximum iteration count.

The formulas of pf, and pgd are:

k : J
Py = argmink (]

NSk (z1a) ©)
p';d = argminE (mfd) 7)

The workflow of the training process is shown in Fig. 3. We randomly take 90% of geometries from the database
as the training data and the remaining 10% as the test data. The network is trained using the training data and
the training result is used to update the particle parameters. The study used a computer with 192 CPU cores, 512
GB RAM, and 2.4 GHz memory frequency for training. The continuously iterate training process ends until the
termination condition is reached.

The hyperparameters in the PSO algorithm primarily include the population size N and learning rates c; and
c2. The population size N refers to the number of particles in the PSO algorithm, directly affecting the coverage
of the search space and computational cost. The parameters are set as N = 40, ¢; = 2.0 and ¢; = 2.0 in this

paper.

Results and discussion

Thickness distribution prediction

After the training process was finished, geometries from the test set were used to validate and evaluate the
performance of the neural network surrogate model. Thickness distribution nephograms of 6 randomly test
geometries are shown in Fig. 4. Compared with FEA simulation results, our surrogate model shows a good
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Fig. 3. PSO based neural network training workflow.
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Fig. 4. Comparison of thickness distributions between FEA simulation and the surrogate model and results of
six random test cases.

agreement. The percentage error in most areas remains less than 0.02 mm, and the maximum percentage error
in particular areas is less than 0.1 mm.

In this paper, the prediction accuracy of the surrogate model was evaluated using the correlation coefficient
(R), mean square error (MSE), mean absolute error (MAE), and mean absolute percentage error (MAPE) with
the formulas:

R= Cov (@i, vi) //D (@)D (v:) ®
MSE= 13" (5 — )’ ©)
MAE = 237 1 [9i — il (10)

MAPE = 25 % (|gi — vil /i) x 100% (1)

where 7 is the number of samples, y; is the predicted value for the i-th sample, y; is the FEA simulation value
for the i-th sample.

By calculating the results of all test sets, the R, MSE, MAE, MAPE values in full test scale are 0.9982, 0.000278
mm?, 0.0126 mm, 1.3%, respectively. These results indicate a relatively high prediction accuracy of the surrogate
model.

Error mechanism analysis

According to above results, the surrogate model shows a good performance of mean error in thickness
distribution prediction. However, there remains some big-error areas which can be observed from the error
nephograms in Fig. 4. These areas usually appear at the round corners of the SPF parts.

By cutting the symmetrical cross-section edges of the box-shaped part and plotting the thickness curve in
Fig. 5, it can be seen that the slope of the thickness curve has several obvious changes from plots A to E. Section
AB is the blank holder of the mold, where the thinning effect is not as noticeable as in other sections. Section BC
is the round corner at the entrance part of the mold, where the thickness change in this area is more obvious. The
area near point D of the curve is near the round corner of the bottom surface of the model, where the thinning
effect is the most obvious. Compared with FEA simulation results, the prediction error mainly happens around
this area. As the thickness increases along the DE line, the prediction becomes more accurate.

Considering the characteristics of the SPE, the uneven distribution of the stress and strain field during
processing will result in a significant difference in the wall thickness of the parts. As shown in Fig. 6, SPF process
can be divided into four main stages, i.e., free bulging, bottom contacting, side contacting and corner contacting.
The uneven deformation caused by the mold constraints and mold-part friction makes the uneven distribution
of wall thickness. When the forming part contacts with the mold, the friction between them prevents the flow of
metal. The metal in the contacted areas flows slowly, while the uncontacted area continues to bulge freely with
a relatively high speed. The sequence of the mold-part contact determines the thickness distribution trend in
each section of Fig. 5.

Figure 7 shows the thickness and its first- and second-order gradient in the symmetrical cross-section edge. It
can be seen that the large-error appears at the round corners of the entrance part and the bottom surface, where
large values of second-order thickness gradient emerge. The underlying reason for this phenomenon lies in the
high nonlinearity of these areas. The nonlinearity induces large differences in the gradient amplitudes of the
corresponding grid nodes, and the fitness function has a large number of local minima or saddle points, which
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Fig. 6. Four main stages of a box-shaped part SPF process.

makes the data in these areas prone to suboptimal solutions or slow convergence, while other areas exhibit faster
training process. Consequently, premature termination of the training process occurs once the global accuracy
metric satisfies predefined thresholds, despite unresolved convergence deficiencies in critical nonlinear zones.
This results in excessive deviation in the thickness distribution of the round-corner area.

By taking out a small number of samples with large errors, it was found that most of them have smaller
entrance radius R, and bottom radius R,. In order to verify this trend, we design two new groups of geometries.
The geometry parameters except R, and R, keeps unchanged in Group 1 and 2, respectively (Table 2). By analysis
the performance of the trained surrogate model, the influences of R, and R, on the prediction error of the neural
network are shown in Fig. 8. It indicated that the prediction error tends to decrease with the increasing R, and
R,. According to the processing properties of SPF, the thinning is more obvious near the round corner when the
corner radius is smaller, which verifies the influence of the second-order gradient on the prediction accuracy
of the surrogate model. In addition, to address the issue of errors between simulation and experimentation,
a dynamic database update feature could be developed. This feature collects real-time data during actual
production processes and updates the surrogate model accordingly.

Algorithm improvement
To solve the problem of low prediction accuracy caused by high nonlinearity in round-corner areas, we attempt
to adjust the training route locally based on the geometric features. In Egs. (5) and (6), the fitness function E
in PSO is usually used to judge the individual optimal value p%, and global optimal value p’;d of the particles,
which guides the training route of the neural network.

Due to the large-error areas usually appear in round corners, we create a geometry fitness function Ey,
which takes the curvature information of mesh nodes into consideration.

E, =k, MAE, + k,MAE,, (12)

where M AE, is the MAE of the nodes in the round corners, M AE,, is the MAE of the rest of the nodes, &,
and k. are the weights of each area, k, + ko = 1.

By adjusting the weights of nodes in round corners and rest areas in the fitness function, the particle
searching process tends to search in the directions with lower error of round-corner area. Thus, the training
rate of weights between the neurons in BPNN that affects the round-corner area increased, which weakens
the high nonlinearity influence in these areas, such as local minima or saddle points. This method leads to an
improvement of the prediction accuracy in round-corner areas.
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Fig. 7. The thickness curve, thickness second-order gradient and surrogate model prediction error of the
symmetrical cross-section edges, for three random test set cases.

Parameter |1 |2 |3 |4 |5
35 (35 |35 (3535
R, 31 45|67
Group 1
R, 4] 4| 4| 4] 4
R, 15|15 |15 |15 | 15
H 35 (35 35|35 35
R, 5/5|/5[5]5
Group 2
R, 2| 3| 4| 5|6
R, 15 |15 [15 | 15 |15

Table 2. Two new groups of geometries design to verify the influence of R, and R,.

Table 3 shows the performance parameters R, MSE, MAE and MAPE of the surrogate models with and
without the geometry fitness function E,;. Compared with the initial PSO-BPNN model, the model with
geometry fitness function shows a significant improvement in overall prediction accuracy. The MSE, MAE and
MAPE have decreased 64.1%, 41.3% and 38.5%, respectively.

Five groups of geometries are randomly selected from the test set, the nephograms of prediction results for
the two networks, as well as the nephograms of prediction errors at the same scale are shown in Fig. 9. It shows
that the prediction accuracy of the round-corner areas has been largely improved.

The MAE between the prediction results and FEA simulation results of the two surrogate models were
calculated for all geometries in the test set. The distribution of the errors of both models were plotted in Fig. 10.
In the prediction results of the initial PSO-BPNN model, most of the geometries have a prediction error between
0.01 mm and 0.02 mm, while most of the geometries in the results of the PSO-BPNN model with E, have a
prediction error between 0.004 mm and 0.012 mm. It indicates that the addition of local optimization in round-
corner areas has a comprehensive optimization effect of accuracy.

Figure 11 shows a comparison between finite element calculations of thickness distribution and prediction
results from surrogate model for a set of parts with the same geometric parameters but varying numbers of mesh
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Fig. 8. The MAE between the simulated and predicted values of the two groups of samples and the thickness
second-order gradient.

Methods R MSE (mm?) MAE (mm) | MAPE
Initial PSO-BPNN 0.9982 | 2.785 x 10~ * | 0.0126 1.3%
PSO-BPNN 5 o
with geometry fitness function Eg 0.9993 | 9.987 x 10 0.0074 0.8%

Table 3. The correlation coefficient (R), mean square error (MSE), mean absolute error (MAE) and mean
absolute percentage error (MAPE) of two models.

elements: 3,455, 6,091, and 9,470 elements. It is shown that the prediction results from the surrogate model
for the three parts exhibit good consistency, with prediction accuracy remaining unaffected by changes in the
number of mesh elements.

Table 4 shows the prediction performance R, MSE, MAE, and MAPE for the surrogate model of the three
parts with different mesh number. As the mesh number increased from 3,455 to 9,470, none of the error metrics
showed a systematic upward or downward trend. The R-values for the three cases remained above 0.999,
indicating extremely high prediction consistency. The MSE, MAE, and MAPE for all cases remained at extremely
low levels: MSE ranged from 10~ to 10~°® mm?, MAE was approximately 0.0055 mm, and MAPE below 0.62%.
This validates the mesh-independent predictive accuracy of the surrogate model. Regardless of variations in part
mesh number, the model maintains stable and high-precision prediction performance.

Comparison of computational efficiency
Figure 12 shows the prediction time of FEA simulation and surrogate models by using a computer with 16 GB
RAM and 2.60 GHz CPU clock speed. The prediction time of FEA simulation increases from 100 s to 1,000 s
as the number of nodes increases from 1,000 to 14,000. While the prediction time of our surrogate model
remains less than 0.5 s despite the increment of the node number, which can significantly improve the prediction
efficiency of thickness distribution in SPF parts.

FEA is a mathematical approximation of real physical systems based on the solution of partial differential
equations. The continuum is divided into a set of finite-sized elements, so that a continuous infinite degree of
freedom problem is turned into a discrete finite degrees of freedom problem. Consequently, as the number of
meshes increases, the FEA prediction time increases significantly without increasing of computility. Since the
forming time of the SPF equipment is about 30 min to 1 h, FEA prediction results are almost impossible to use
in the on-site control systems of SPF equipment, which leads to a large amount of cost in trial-and-error process
development and mold manufacturing. However, 0.5 s prediction time of surrogate model is capable to help the
on-site SPF control system make decisions. In addition, the prediction time of neural network surrogate models
does not depend on the increasement of mesh number, which takes more advantages in dealing with thickness
prediction of complex structures.

Conclusions

This study establishes a surrogate model based on a mesh-informed neural network to predict the thickness
distribution of superplastic forming parts with different geometric feature parameters. The PSO algorithm is
employed to achieve the regulatable neural network training with its weights and biases, which can perform
targeted parameter optimization in localized areas according to the geometric characteristics of the SPF parts.
A geometric fitness function based on SPF part features is proposed to solve the problem of large local errors
in round-corner areas. By applying the function to PSO algorithm training, the average percentage error of our
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Fig. 9. Comparison of thickness distributions between FEA simulation results and two surrogate models in
five random test cases.

surrogate model is reduced by 38.5%. A rapid prediction of the thickness nephogram of Ti-6Al-4 V box-shaped
parts within 0.5 s was achieved with an average deviation from the finite element simulation results less than 1%.

This work provides an advanced prediction method which enables closed-loop process control by bridging
the temporal gap between simulation-based optimization and actual manufacturing cycle times. The developed
system shows significant potential for in-process quality monitoring and dynamic parameter adjustment in on-
site SPF control systems. In the future, prediction of thickness distribution in SPF parts with arbitrary surfaces
will be carried out to expand the generalization ability of the surrogate model for border industrial applications.
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mesh number | R MSE (mm?) | MAE (mm) | MAPE
3455 0.9996 | 5.527x107°> | 0.0057 0.62%
6091 0.9997 | 4.947x107° | 0.0054 0.59%
9470 0.9994 | 8.151x107° | 0.0055 0.59%

Table 4. The correlation coefficient (R), mean square error (MSE), mean absolute error (MAE) and mean
absolute percentage error (MAPE) of the three parts with different mesh number.
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Fig. 12. Comparison in the running time of FEA simulation and surrogate model with different number of
nodes.
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