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Abstract
Bipolar plates are critical core components in proton exchange membrane fuel cells (PEMFCs). Titanium-based materials are 
highly favored due to their excellent corrosion resistance and high specific strength. However, the plates often experience severe 
local thinning and poor consistency in forming dimensions during the two-stage stamping process. Although traditional finite 
element method (FEM) optimization can mitigate these defects, it comes with high computational costs and time consumption. 
This study proposes a die design optimization framework based on the Sequential Physics-Informed Neural Network (S-PINN). 
Unlike traditional single-layer neural network models, S-PINN adopts a sequential architecture that effectively maps the two-stage 
forming process of the plates. This architecture can explicitly predict the evolution of forming quality from the pre-forming stage 
to the final stage. By embedding the core physical laws of plastic deformation into the network loss function, the S-PINN model 
effectively predicts the complex nonlinear relationship between mold geometry and forming quality, while ensuring physical 
consistency. Experimental and simulation results show that the S-PINN model’s prediction accuracy for dimensional consisten-
cy (DC) is 73.8% higher than that of the PINN model and 33.9% higher than that of the S-ANN model. Compared with traditional 
modeling methods, the S-PINN-optimized die design can reduce the thinning rate and improve channel dimensional consistency.

Keywords: Sequential Physics-Informed Neural Network, ultra-thin titanium sheet, two-stage forming, die shape optimiza-
tion, thinning rate, dimensional consistency

1. Introduction

With the urgency of global climate change and the de-
mand for carbon neutrality, proton exchange membrane 
fuel cells (PEMFCs) are undergoing rapid develop-
ment (Heras et al., 2009; Daud et al., 2017). As a key 
component of the PEMFC stack, the bipolar plate 

simultaneously functions as a gas separator, conductor, 
coolant channel, and load-bearing element (Bong et al., 
2017). Its weight accounts for approximately 80% of the 
total stack weight, and its manufacturing cost accounts 
for 40%. Among various bipolar plate materials, titanium 
alloy metal bipolar plates have attracted significant atten-
tion in the industry. As a high-quality metal, titanium’s 
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excellent strength-to-weight ratio and outstanding corro-
sion resistance make it an ideal candidate material for the 
new generation of compact fuel cells (Lin et al., 2023).

Although titanium has inherent material advantag-
es (Bajda & Krzyzanowski, 2019), its forming process 
faces significant challenges. Efficient gas distribution 
requires extremely high accuracy in plate channel di-
mensions and aspect ratios. This complex geometric 
structure is prone to defects during manufacturing, such 
as local thinning at channel corners and severe spring-
back during plate forming. Excessive thinning can com-
promise the mechanical integrity of the plate, leading to 
cracking and corrosion penetration. Moreover, inconsis-
tent plate dimensions can result in uneven contact pres-
sure with the gas diffusion layer, causing local hot spots 
and sharply increasing the contact resistance, ultimately 
significantly reducing the overall efficiency of the fuel 
cells. Currently, the industry widely employs advanced 
process strategies such as two-stage stamping to alleviate 
manufacturing defects and extend the forming limits of 
bipolar plates (Bong et al., 2017; Zhang R. et al., 2021). 
However, such multi-stage manufacturing processes also 
increase the complexity of stamping die design.

Traditional stamping die optimization mainly re-
lies on trial-and-error methods or rigorous finite element 
methods (FEM) (Zhong et al., 2023). These traditional 
approaches face computational bottlenecks when han-
dling iterative optimization tasks, characterized by long 
time consumption and high costs. To address this chal-
lenge, researchers widely adopt surrogate-based optimi-
zation (SBO) methods (Han & Zhang, 2012). Among 
these, the response surface method (RSM) (Bezerra 
et al., 2008) and kriging (Gaussian process) (Oliver & 
Webster, 1990) are two typical surrogate models. They 
are extensively used to fit parameter relationships and 
approximately describe the interactions between design 
variables and performance indicators. However, these 
traditional data-driven models are essentially invisible 
“black boxes.” They rely entirely on statistical correla-
tions within the training dataset, thereby neglecting the 
physical principles governing the plastic deformation 
process. Therefore, to ensure predictive accuracy, such 
models usually require massive datasets, significantly 
prolonging the cycle of die structure optimization.

In recent years, neural networks have been widely 
applied in the field of process optimization of sheet metal 
forming. Alhalaybeh et al. (2026) proposed a framework 
for forming process parameter optimization based on arti-
ficial neural networks (ANN) in this field. By establishing 
a  mapping relationship between geometric parameters 
and forming quality, this method effectively optimized 
specific forming processes. Xiao et al. (2022), on the oth-
er hand, took a different approach and developed a new 

multi-objective optimization algorithm that deeply in-
tegrates the response surface method with evolutionary 
algorithms, successfully achieving the synergistic control 
of springback and thinning rate in microchannel stamp-
ing. However, these models rely entirely on pure statis-
tical fitting and are not strictly constrained by physical 
laws. When faced with complex intermediate deforma-
tion paths or unknown extrapolation scenarios, such mod-
els often produce predictions that defy physical intuition, 
severely limiting the ability of traditional neural networks 
in engineering practice to generalize. To overcome the in-
herent limitations of purely data-driven models, Physics- 
Informed Neural Networks (PINNs) emerged. By embed-
ding physical laws into the machine learning process, this 
technology provides a new paradigm for solving complex 
nonlinear engineering problems. Raissi et al. (2019) made 
breakthrough progress by proposing a  deep learning 
framework that integrates physical knowledge. They em-
bedded partial differential equations (PDEs) as physical 
rules into neural networks, directly coupling PDE residu-
als through the loss function, thereby achieving both for-
ward solving of nonlinear PDEs and parameter inversion 
simultaneously. On this basis, Karniadakis et al. (2021) 
significantly expanded the application range of PINNs by 
using physical conservation laws to guide neural network 
weight updates, greatly enhancing model robustness in 
sparse data environments. Similarly, Haghighat et al. 
(2021) introduced physics-driven deep learning into the 
field of solid mechanics, effectively ensuring the physical 
rationality of output data by penalizing predictions that 
contradict continuum mechanics. Although PINNs and 
their variants have enormous potential in engineering, 
directly applying them to multi-stage micro-stamping 
processes still faces significant challenges. The two-stage 
forming process of ultra-thin titanium bipolar plates in-
volves complex path dependency and irreversible plastic 
damage. Standard PINN models struggle to accurate-
ly capture and quantify the interactions between differ-
ent forming stages in such processes, often simplifying 
multi-stage forming into a  single system, resulting in 
over-simplification of the problem. 

To address these challenges, this paper proposes 
a new die geometry optimization framework for the two-
stage stamping process of ultra-thin titanium plates. This 
paper proposes a  Sequential Physics-Informed Neural 
Networks (S-PINN) framework that sequentially decom-
poses the entire two-stage stamping process and intro-
duces a monotonic residual term into the loss function. 
This residual term enforces the irreversibility of plastic 
damage mathematically, enabling the model to learn the 
logical relationships between forming stages while fully 
considering the impact of the pre-forming process on the 
final forming state. In addition, to comprehensively as-
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sess the model prediction accuracy, this paper introduces 
two key indicators: Root Mean Square Error (RMSE) 
and fractional error. These indicators can evaluate the 
accuracy and limitations of the Physics-Informed Neural 
Network (PINN), Sequential Artificial Neural Network 
(S-ANN), and Sequential Physics-Informed Neural Net-
work (S-PINN) models.

2. Materials & methods

2.1. Material properties characterization  
and stamping experiments

This study selected commercial pure titanium sheets 
with a thickness of 0.12 mm (Song et al., 2020), whose 
main chemical compositions are: titanium (99.50%), so-
dium (0.23%), magnesium (0.08%), iron (0.04%), nickel 
(0.02%), and silicon (0.02%). Uniaxial tensile tests were 
conducted along different orientations of the base mate-
rial to accurately characterize the mechanical properties 

of commercial CP-Ti sheets. The uniaxial tensile test pro-
cedures were highly standardized, and the entire testing 
process strictly followed the GB/T 228-2002 standard. 
Test specimens were cut along three different angles: roll-
ing  direction (RD), diagonal direction (DD), and trans-
verse direction (TD), to prepare standard tensile speci-
mens with a gauge section of 12.5 mm × 75.0 mm. All 
tests were carried out at room temperature, with a constant 
crosshead displacement rate of 0.01 mm/s, corresponding 
to a nominal strain rate of 1.33 × 10⁻⁴ s⁻¹. The true stress-
strain curve of the material is shown in Fig. 1a. Other de-
tailed mechanical property parameters are listed in Tab. 1. 

Table 1. Mechanical properties for CP-Ti

Orientation
Elastic 

modulus 
[GPa]

Yield 
strength 
[MPa]

Tensile 
strength 
[MPa]

r-value

RD 93.30 196.53 320.30 1.66

DD 97.10 204.84 292.69 3.89

TD 105.40 215.42 309.58 5.68

Fig. 1. Material properties and experimental setup for the stamping process: a) true stress-strain curves for the CP-Ti material 
in the RD, DD, and TD; b) equipment setup using a Yadon 630 press, with an inset detailing the geometric parameters of the 
forming dies; c) optical micrograph of the channel cross-section defining the geometric characteristics and the thinning rate (TR); 

d) schematic illustration of the two-stage forming procedure for the titanium bipolar plate

a) b)

c)

d)
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The stamping dies used in the experiment were all 
made of high-strength H13 hot-work tool steel. The spe-
cific geometric parameters of the dies are shown in the 
schematic in Fig. 1b, mainly including the rib width (a), 
groove width (d), and draft angle (β). The die structure 
also includes the top corner radius (r1), bottom corner ra-
dius (r2), and key groove depth (c). Accordingly, the chan-
nel period (pe) is always maintained at a constant value of 
1.5 mm. Due to the geometric constraints of the die, only 
five of the six mold parameters are needed to obtain the 
value of the last parameter, which satisfies Eq. (1):

	

( cos )( ) tan ( )

( )sin tan

1
1

2
1 2

1 2

� � � �

� �

� �

� �

r r pe a d

r r c 	
(1)

The experiment used rectangular blanks measur-
ing 128  ×  78 mm². As shown in Fig. 1d, the experi-
mental process consists of four separate stages: (a) the 
first-stage stamping using the initial forming die; 
(b) springback caused by stress release after die reset; 
(c) the second-stage stamping using the subsequent 
forming die; (d) final springback after die reset. 

After the forming process was completed, the sam-
ples were air-cooled for 30 minutes to ensure thermal 
equilibrium. The formed sheets were cleaned and fixed 
in a jig for geometric inspection, and the cross-section-
al profiles were measured using a  high-precision op-
tical microscope with a resolution of up to 0.001 mm 
(Fig. 1c). In the optimization study, two core quality 
indicators were defined as target variables: 

1.	 Thinning rate (TR): This indicator identifies the 
most severe thinning in the sheet thickness direc-
tion, which usually occurs in regions of stress con-
centration (especially at channel corners), with the 
calculation formula shown in Fig. 1c. 

2.	 Dimensional consistency (DC): Defined as the 
deviation between the maximum and minimum 
channel depths observed on the formed sheet, re-
flecting the uniformity of stamping quality.

2.2. Finite element analysis  
(FEA)

The two-stage stamping process was numerically 
simulated using the Abaqus/Explicit (2022) dynamic 
solver. The finite element model employed is shown in 
Fig. 2a. The sheet metal has a thickness of 0.12 mm and 
a width of 0.50 mm. This 0.5 mm width acts as a stan-
dard plane-strain simplification. Because bipolar plate 
channels are long and parallel, the material flow paral-
lel to the channels is negligible compared to the trans-
verse drawing and bending, allowing this simplification 
to save massive computational costs while accurately 
capturing the cross-sectional thinning and dimension-
al consistency (Modanloo et al., 2025). It was divided 
into four distinct element layers along the thickness 
direction, comprising 34,844 C3D8R meshes. Local 
mesh refinement was applied in the stress concentration 
zones to ensure at least three solid elements spanned 
the die fillet. The die was modeled using an R3D4 rigid 
mesh, as shown in Fig. 2b, with local mesh refinement 
also applied at the die fillet.

In the finite element simulation, both the upper 
and lower dies are modeled as analytically rigid sur-
faces, with die deformation considered negligible. 
The interaction between the sheet metal and the dies 
is defined using the surface-to-surface contact formu-
la within the general contact algorithm. The die sur-
faces are designated as primary surfaces, while the 
sheet metal surfaces are treated as secondary surfaces.

a) b)

Fig. 2. Finite element model for the two-stage stamping process: a) 3D schematic of the preform dies, ultra-thin CP-Ti plate, 
and final forming dies; b) localized enlargement of the sheet metal and die mesh
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A  friction model based on a penalty term is employed, 
with a constant friction coefficient of 0.125 set to simulate 
the contact conditions. This value is determined based on 
existing literature and experimental calibration of lubri-
cated cold stamping of commercial pure titanium (CP-Ti) 
sheets (Guo et al., 2023). To enhance the computational ef-
ficiency while maintaining the validity of the quasi-static 
assumption, a 1000-fold mass scaling factor is applied.

The plastic deformation behavior of commercial pu-
rity titanium (CP-Ti) sheet was characterized using the 
Hill48 yield criterion, which accounts for planar anisotro-
py in the material (Yan et al., 2015). Strain hardening be-
havior was modeled through a modified Hockett–Sherby 
(H–S) constitutive relationship (Eq. (2)) (Zhang H. et al., 
2023), incorporating an associative flow rule. 

	 � � � � � � �( ) ( ) exp( )p sat sat y p
n

p
km p� � � � � 	 (2)

where: σ̅ – equivalent flow stress; ε̅p – plastic equivalent 
strain; σy – the initial yield stress;  σsat – saturation stress; 
m, n, p, k – material parameters (as shown in Tab. 2). 

The accuracy of the FEA can be found in Appen-
dix A.

Table 2. Input parameters of constitutive model 

r0 r45 r90 σsat σy m n p k
1.36 3.89 5.68 415.78 220.52 6.42 0.71 17.40 16.37

During the dynamic simulation process, Abaqus/
Explicit was utilized to simulate the dynamic stamp-
ing stroke. Because explicit algorithms can encounter 
dynamic oscillation errors during springback predic-
tion, the deformed mesh with residual stresses was 
subsequently imported into Abaqus/Standard for the 
springback calculations. To ensure the reliability of the 
surrogate model, the baseline FEM model was system-

atically validated against experimental data. The sim-
ulated cross-sectional profile of a baseline die design 
was compared against the experimental optical micro-
graphs, confirming the fidelity of the ground-truth data 
used for training. A total of 500 FEA simulation cases 
were conducted to generate the comprehensive dataset.

2.3. S-PINN model

In two-stage stamping processes, the material’s forming 
state depends not only on the final forming operation 
but also on the strain history accumulated during the 
preforming stage. Traditional artificial neural networks 
(ANNs) (Yang, 2008; Lacki et al., 2026) typically map 
input design variables directly to final performance 
metrics. This computationally simplified approach 
treats multi-stage manufacturing sequences as single 
input-output operations, essentially ignoring the cumu-
lative plastic deformation process of the workpiece. 

To overcome this limitation, this study propos-
es a novel Sequential Physics-Informed Neural Net-
work (S-PINN) framework based on the basic principles 
of an ANN. Unlike a standard single network architecture, 
S-PINN employs a sequential structure design to accurate-
ly map the two-stage stamping process, as shown in Fig. 3. 
It explicitly predicts the preforming results through a ded-
icated neural network and uses them as a prerequisite for 
the final state prediction. This sequential decomposition 
strategy not only enhances the interpretability of the mod-
el, allowing for analysis of the quality of the preformed 
parts, but also provides key points for injecting interme-
diate physical constraints, thereby ensuring that the pre-
dicted evolution process of the bipolar plates follows the 
fundamental laws of plastic damage accumulation.

a)

b)

Fig. 3. Schematic representation of the two-stage stamping process: the manufacturing sequence (a) 
 is structurally mapped to a sequential neural network architecture (b)
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Fig. 4. Detailed architecture of the proposed Sequential Physics-Informed Neural Network (S-PINN)
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The S-PINN framework (Fig. 4) is constructed 
from two fully connected feed-forward Artificial Neu-
ral Networks, denoted as the Pre-forming ANN (𝒩pre) 
and the Final-forming ANN (𝒩final), connected in se-
ries. The mathematical formulation and topological 
structure of these sub-networks are defined as follows:

The pre-forming ANN (𝒩pre) maps the initial die 
geometric parameters to the forming quality indicators 
of the pre-forming stage. Let the input vector be de-
noted by x ∈ ℝ5, representing the five key die design 
variables defined in Section 2.1: rib width (a), groove 
width (d), draft angle (β), top fillet radius (r1), and bot-
tom fillet radius (r2).The network processes this input 
through a  series of hidden layers to predict the inter-
mediate state vector ypre ∈ ℝ2. The mapping function 
is expressed as:

	 ypre = 𝒩pre(x; θpre) = [DCpre, TRpre]
T	 (3)

where θpre represents the trainable weights and biases 
of 𝒩pre. 

The output variables are defined as the dimensional 
consistency (DCpre) and the thinning rate (TRpre) achieved 
after the first stamping stroke. Structurally, 𝒩pre consists 
of multiple hidden layers employing the hyperbolic tan-
gent (tanh) activation function (Fan, 2000). 

The final-forming ANN (𝒩final) predicts the qual-
ity metrics of the finished product. The input to 𝒩final 
is not limited to the output of the previous stage (ypre); 
instead, it is an augmented vector z ∈ ℝ7 formed by 
concatenating the original design parameters x with the 
intermediate state ypre:

	 z = x ⊕ ypre = [a, d, β, r1, r2, DCpre, TRpre]
T	 (4)

This design is physically motivated by the fact 
that the final deformation is driven by the interaction 
between the pre-formed geometry and the final die con-
straints. The mapping for the second stage is thus:

	 yfinal = 𝒩final(z; θfinal) = [DCfinal, TRfinal]
T	 (5)

where the output vector yfinal comprises the final dimen-
sional consistency (DCfinal) and the final thinning rate 
(TRfinal).

Similar to the first stage, 𝒩final uses a multilayer 
perceptron (MLP) architecture to ensure sufficient ca-
pacity to capture the complex nonlinear features of the 
final forming stage.

Purely data-driven artificial neural networks have 
fundamental limitations: when extrapolating in unknown 
regions of the design space, their models often violate 
physical laws. To endow S-PINN with physical intelli-
gence, we introduce a constraint based on the irrevers-
ibility of plastic deformation. During the cold stamping 
process of ultra-thin titanium sheets, the material un-

dergoes plastic flow and local thinning. According to 
the law of conservation of mass and the principles of 
plastic mechanics, once the local thickness of the sheet 
is reduced, it cannot spontaneously recover or “heal” 
in subsequent forming stages unless a  specific com-
pressive force is applied (which does not exist  in this 
process). Therefore, the thinning rate observed in  the  
final component (TRfinal) must physically be greater 
than or equal to the thinning rate before forming (TRpre). 
The mathematical definition of this inequality con-
straint is: 

	 TRfinal(x) ≥ TRpre(x), ∀x ∈ Ω	 (6)

where Ω represents the entire design space. 
To enforce this physical law during training, a spe-

cific monotonicity residual (Rmono) is formulated using 
a rectified linear unit (ReLU) function:

	 Rmono = ReLU (TRpre – TRfinal)� (7)

The principle of this residual is defined as follows: 
If the ANN predicts a physically valid scenario where 
TRfinal ≥ TRpre, then (TRpre – TRfinal) is negative or zero 
and the ReLU function returns 0 (no penalty). Howev-
er, if the ANN prediction violates the laws of physics, 
the ReLU function will return the positive magnitude 
of that error and then add it to the total loss to penalize 
the model. This mechanism forces the neural network 
to learn the physical laws of damage accumulation and 
guide the optimization trajectory in a  physically rea-
sonable direction.

The training of the S-PINN is treated as a multi-ob-
jective optimization problem where the goal is to si-
multaneously minimize the prediction error against the 
ground truth data (from experiments and FEA) and the 
violation of physical constraints. The total loss func-
tion, ℒtotal, is defined as a weighted sum of the data-driv-
en loss (ℒdata) and the physics-based loss (ℒphy):

	 ℒtotal = ℒdata + λphyℒphy	 (8)

The data-driven loss component, ℒdata, quantifies 
the discrepancy between the ANN predictions and the 
labeled dataset generated in Section 2.2. It is calculated 
using the Mean Squared Error (MSE), aggregated over 
both forming stages:

	
( ) ( ) 2 ( ) ( ) 2

1 2
1

1 ( )ˆ ˆ


    
N

i i i i
data pre pre final final

i

y y y y
N

‖ ‖ ‖ ‖ 	(9)

where: N – number of training samples; y(i)  – ground 
truth values; ŷ(i) – S-PINN predictions. fig

The coefficients λ1 and λ2 are weights assigned to 
the pre-forming and final-forming tasks, respectively, 
typically set to 1.0 to treat both stages with equal im-
portance. 
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The physics-based loss component, ℒphy, is derived 
from the monotonicity residual, defined as:

	
phy

i

N

mono
i

N
R�

�
�1
1

2
( ) 	 (10)

where ℒphy serves as a  regularization hyperparameter 
that controls the strictness of the physical constraint. 

A  dynamic weighting strategy was employed 
during training: initially, ℒphy is set to a  low value to 
allow the ANNs to learn the primary data trends, and 
is progressively increased to strictly enforce physical 
consistency as the training converges. 

2.4. Baseline model architectures  
and ablation strategy 

In order to systematically evaluate the effectiveness of the 
proposed computational framework and conduct rigorous 
ablation studies, this paper constructs and compares three 
different neural network architectures, with their overall 
topologies and information flows shown in Fig. 5.

The first benchmark model is the standard 
Physics-Informed Neural Network (PINN). This tra-
ditional architecture establishes a direct mapping from 
input parameters, including mold geometry parame-
ters and preforming state, to final forming quality in-
dicators. The model takes mold geometry parameters 
as input and relies on a physics-based loss function to 
constrain the final output.

To isolate and independently verify the actual effect 
of physical constraints, this paper introduces a purely data- 
driven Sequential Artificial Neural Network (S-ANN) 
as the second benchmark model. Its internal multi-stage 
topology accurately maps the actual multi-step physical 
manufacturing process by concatenating the preforming 
training stage with the final forming training stage. How-
ever, the training of the S-ANN relies entirely on fitting 
statistical data and lacks loss constraints from physical 
information. Therefore, when facing extrapolation pre-
dictions in unknown design spaces, it is difficult to avoid 
results that violate physical intuition.

Finally, the proposed Sequential Physics-Informed 
Neural Network (S-PINN) effectively combines the 
dual advantages of the above two benchmark models in 
terms of structure and physical constraints. This frame-
work deeply integrates the explicit sequential structural 
mapping with embedded physical loss constraints. This 
comprehensive design not only ensures that the model 
can accurately capture the path-dependency characteris-
tics in the two-stage stamping process but also strictly 
guarantees that all predicted results comply with the fun-
damental physical laws of plastic damage accumulation.

2.5. Data processing  
and feature selection

The S-PINN framework and associated computational 
algorithms were implemented using the PyTorch deep 
learning library within a Python 3.12 environment. All 
numerical experiments were performed on a high-per-
formance workstation equipped with an Intel Core Ul-
tra 7 255H CPU and 32 GB of RAM to ensure compu-
tational efficiency.

In the field of machine learning, the quality of 
a dataset is a critical factor influencing a model’s pre-
dictive capability. To accelerate model convergence 
and enhance stability, data normalization is performed 
using min–max normalization, which can be expressed 
as (Henderi et al., 2021):

	
� �

�
�

x x x
x x

min

max min 	
(11)

where: x' – normalized value; xmin, xmax – minimum and 
maximum values of specific parameters in the training 
dataset, respectively. 

To ensure the scientific rigor and reliability of 
the machine learning model training and evaluation 
process, a  dataset splitting strategy is used to handle 
experimental data. The complete dataset (consisting of 
N = 500 samples) is divided into a training set and an 
independent test set at a fixed ratio of 8 : 2. The training 
subset, accounting for 80% of the total data, is used for 
model parameter optimization and learning the physi-
cal laws of the stamping process, while the remaining 
20% serves as an unseen test set to validate the model’s 
accuracy and resistance to overfitting. The Pearson cor-
relation coefficient (PCC) is used to quantify the linear 
dependency between die geometric parameters and the 
target variable. This statistical metric effectively filters 
the input space by highlighting features associated with 
forming outcomes. The correlation coefficient ρ is de-
fined as the covariance of variables X and Y divided by 
the product of their standard deviations (Asuero et al., 
2006):
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For empirical data, the sample Pearson correlation 
coefficient, r, is estimated using Eq. (13) (Benesty et al., 
2009):
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The Pearson correlation coefficient reflects the 
strength of the linear correlation between two vari-
ables; the larger the absolute value of r, the stronger 
the correlation. When r > 0, the two variables are 
positively correlated; when r < 0, they are negatively 
correlated; when r = 0, the variables are not linearly 
correlated but may exhibit other forms of correlation, 
such as a curved relationship; when r = 1 or −1, vari-
ables X and Y can be well described by a straight-line 
equation. After data preparation, the S-PINN mod-
el was trained using the Adam optimizer. Network 
weights were initialized with the Xavier (Glorot) 
scheme to ensure the gradients possessed effective 
initial variance. 

2.6. Evaluation indicators

To rigorously assess the predictive performance and 
reliability of the proposed S-PINN framework, two 
complementary statistical metrics were employed: 
Root Mean Square Error (RMSE) and the Asym-
metric Penalty Score (Score). RMSE, as a  standard 
benchmark metric, is used to quantify the overall ac-
curacy of the model, measuring the average magni-
tude of deviations between the predicted values (ŷ i) 
and the true values (yi) obtained from the FEA. The 
specific expression is shown in Eq. (14) (Hodson, 
2022):
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The Score mechanism applies varying degrees 
of penalties to prediction errors: when the predicted 
value is too high, the error increases exponentially; 
when the predicted value is too low, the rate of error 
growth slows down (Winkler, 1994), as expressed in 
Eq. (15). 
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where: di = ŷi – yi – prediction error; a1, a2 – scaling 
constants that control the penalty weight. 

By combining RMSE and Score metrics, the 
evaluation framework not only assesses model ac-
curacy but also validates the reliability of model en-
gineering.

3. Die geometry optimization  
for two-stage stamping  

based on S-PINN

3.1. Predictive performance  
and validation of the S-PINN model

Before training the sequential physical information 
neural network, a  comprehensive statistical analysis 
was conducted using the Pearson correlation coeffi-
cient (PCC) to quantify the relationships between key 
die feature parameters. These parameters include the 
bottom fillet radius r2, top fillet radius r1, rib width a, 
groove width d, and draft angle β. The calculated PCC 
matrix is presented as a heatmap in Fig. 6.

This analysis reveals the correlations between 
different geometric characteristic parameters. The top 
fillet radius r1 is negatively correlated with the channel 
width d, indicating that, under the constraint of a fixed 
flow channel period, an increase in the top radius es-
sentially limits the available width at the flat bottom of 
the channel. In addition, the rib width a show a signif-
icant negative correlation with the top fillet r1. These 
complex nonlinear dependencies highlight the infea-
sibility of optimizing a single parameter in isolation, 
necessitating a  multivariable optimization approach. 

Fig. 6. Pearson correlation coefficient heatmap of 
die geometric parameters

The S-PINN framework was trained using the 
Adam optimizer for over 8,000 iterations with learning 
rates ranging from 1 × 10⁻⁵ to 1 × 10⁻². The loss func-
tion consists of both data loss and physics residual loss. 
As shown in the convergence curve in Fig. 7a, the total 
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loss exhibits a sharp decline over the first 2,000 epochs. 
This significant reduction mainly results from the rap-
id decrease in the data loss term. Fig. 7b displays the 
evolution of each loss component. The physics loss, 
by penalizing plastic accumulation behavior, steadily 
converges toward nearly zero. This stable convergence 
indicates that the S-PINN architecture has successful-
ly learned to simulate the two-stage stamping process, 
memorizing the training data while also grasping the 
fundamental rules of plastic accumulation.

To evaluate the predictive capability of the trained 
S-PINN model, its prediction results were compared with 
high-fidelity FEA reference values. The comparison cov-
ered two metrics: DCfinal and TRfinal, as shown in Fig. 8. 
The scatter plot clearly shows that the predicted values 
closely align with the ideal diagonal line y = x. Specifical-
ly, the R² value for the DC prediction reached 0.9774, and 
the R² value for the TR prediction reached 0.9516. The 
high correlation coefficients of the two target variables in 
the S-PINN model fully validate its prediction accuracy.

a) 

b) 

Fig. 7. Training convergence and loss analysis of the S-PINN model: a) effect of different initial learning rates (η)  
on the total loss convergence; b) evolution of the loss components during the training process

a)  

 

 

b) 

Fig. 8. The plots compare the truth values against the S-PINN predictions for: a) the final dimensional consistency (DCfinal);  
b) the final thinning rate (TRfinal); the dashed black lines represent the y = x fit
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3.2. Cross-validation 

To evaluate the predictive robustness of the proposed 
computational framework, cross-validation was conduct-
ed across five architectures: S-ANN(Pre), S-PINN(Pre), 
S-ANN, standard PINN, and S-PINN. Fig. 9 pres-
ents the mean percentage errors alongside their cor-
responding standard deviations for both the training 
and validation datasets. As illustrated in Fig. 9a, the 
sequential architectures effectively capture the error 
propagation inherent in the two-stage stamping pro-
cess. Predictably, both S-PINN and S-ANN yielded 
higher errors in the final forming stage compared 
to the pre-forming stage, reflecting the cumulative 
complexity of the deformation. Specifically, the di-
mensional consistency (DC) errors for S-PINN 
increased from 6.63%  ±0.27% (training) and 
7.79% ±0.79% (validation) in the pre-forming phase 
to 14.31% ±0.69% and 16.19% ±1.58% in the final 
phase. Similarly, S-ANN exhibited a  comparable 
error accumulation, escalating from 5.04%  ±0.16% 
and 6.31% ±0.51% to 21.65% ±0.78% and 26.41%  
±1.97%. Despite this cumulative complexity, S-PINN 
demonstrated superior predictive fidelity for the  
final DC. By explicitly modeling the intermediate 
pre-form state and imposing physical constraints, 
S-PINN reduced the DC validation error by ap-
proximately 33.90% relative to S-ANN and 73.80% 
relative to the standard PINN. Furthermore, paired 
t-tests confirmed that these accuracy improvements 
by S-PINN are statistically highly significant (indi-
cated by *** for p < 0.001 in Fig. 9a) when compared 
to both baseline models. Conversely, as depicted in 
Fig. 9b, the prediction errors for the final thickness 
reduction (TR) rate remained largely uniform across 
all architectures. Statistical analysis via paired t-tests 
revealed no significant differences (labeled as “ns”) 

among the models for TR prediction. This indicates 
that TR prediction represents a  lower-complexity 
task where baseline networks readily approach the 
performance ceiling. Nevertheless, the physics-con-
strained models (PINN and S-PINN) yielded notice-
ably narrower error bars, indicating enhanced pre-
dictive stability and reduced variance.

Overall, S-PINN exhibited the narrowest gener-
alization gap between the training and validation sets, 
demonstrating robust resistance to both underfitting 
and overfitting. In contrast, standard PINN and S-ANN 
displayed slight overfitting tendencies, underscoring 
the necessity of coupling a  sequential network topol-
ogy with physical law constraints to accurately model 
complex, multi-stage forming processes.

To quantify the overall advantages of physical 
information and sequence structure, S-PINN was 
evaluated against two other models using compar-
ative metrics. Fig. 10 demonstrates that, as assessed 
by RMSE and Score, S-PINN achieved reductions of 
54.40% and 68.20% in size consistency prediction 
compared to the S-ANN baseline model, while TR 
prediction decreased by 4.50% and 9.30%. Com-
pared to the standard PINN model, S-PINN achieved 
reductions of 66.60% and 81.90% in DC prediction, 
along with decreases of 0.90% and 4.10% in TR pre-
diction.

S-PINN demonstrates superior predictive capabil-
ity for TR compared to the other two models, while the 
prediction values among different models for TR show 
minimal variation. Although RMSE and Score evalua-
tions show similar trends across models, the S-PINN 
model demonstrates greater advantages under the Score 
evaluation system. Score evaluation exhibits exponen-
tial error increases when predictions are excessively 
high, indicating that the other two models overesti-
mate DC compared to S-PINN.

a) 

 

b)

 

Fig. 9. Average percentage errors and standard deviations of: a) dimensional consistency (% error) [mm];  
b) thinning rate for training and validation sets (% error)
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a)

   

b)

c) 

  

d) 

Fig. 10. Quantitative performance comparison among the S-ANN, PINN, and S-PINN models: a) the evaluation indicators 
include RMSE for dimensional consistency; b) RMSE for thinning rate; c) the Score for dimensional consistency; d) the Score 

for thinning rate

4. Discussion

This study establishes that sequential architectures offer 
distinct advantages over conventional single-layer neural 
networks when simulating two-stage stamping process-
es. Furthermore, the integration of primary physical con-
straints significantly enhances the predictive accuracy of 
the model. While standard, purely data-driven artificial 
neural networks can successfully map statistical correla-
tions within localized training datasets, they inherently 
fail to capture the underlying physical causality of plastic 
deformation. When faced with die geometry inputs be-
yond the training envelope, the interpolation prediction 
accuracy of standard S-ANN decreases significantly. 
S-PINN sequentially decomposes the entire two-stage 
stamping process and introduces a  monotonic residual 
term into the loss function. By incorporating the irrevers-
ibility of plastic damage, the model is able to learn the 
logical relationships between forming stages while fully 
accounting for the influence of the preforming process 
on the final forming state.

Beyond verifying predictive accuracy, these results 
provide critical guidance for optimizing die geome-
tries, successfully locating the precise geometric bal-
ance point by mapping the Pareto optimal compromise 
space. As illustrated in Fig. 11 and 12, the 3D response 

surfaces predicted by the S-PINN clearly reveal the 
complex, highly coupled interactions that the five die 
geometric parameters exert on both the final thinning 
rate (TRfinal) and dimensional consistency (DCfinal).  
To achieve optimal die design, the well-trained S-PINN 
was seamlessly integrated into the NSGA-II algorithm 
to serve as a high-fidelity fitness evaluation function, 
effectively replacing traditionally time-consuming 
finite element iterative calculations. Through system-
atic reproduction, crossover, and mutation operations, 
the NSGA-II algorithm generated the Pareto Front 
depicted in Fig. 13. By comprehensively considering 
the coupled effects of DC and TR, the best combina-
tion of mold parameters is obtained as follows: rib 
width a = 0.3037 mm, groove width d = 0.3005 mm, 
top fillet radius r1 = 0.1000  mm, lower fillet radius  
r2 = 0.1000 mm, and draft angle β = 60.9595°. Utilizing 
this specific parameter configuration ensures the high-
est forming quality for the final titanium sheet.

To validate the practical reliability of this optimi-
zation framework, a new high-fidelity FEM simulation 
was executed using the derived optimal parameters 
(Fig. 14). The simulation results confirmed that the 
FEM outputs align closely with the optimal forming 
quality predicted by the S-PINN, thereby corroborating 
the practical validity of the proposed framework.



Computer Methods in Materials Science� 2026, vol. 26, no. 1

Z. Ke, Y. Huang, Z. Guo, Y. Xiao, Z. Hou, J. Min

36

Fig. 11. Three-dimensional response surface of the final thinning rate (TRfinal) predicted by S-PINN
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Fig. 12. Three-dimensional response surface of the final dimensional consistency (DCfinal) predicted by S-PINN
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Fig. 13. Pareto Optimal Front for sheet forming Multi-objective Optimization

a) 

 
b) 

Fig. 14. Contour plots of the flow channel cross-section under optimal process parameters:  
a) von Mises stress distribution [MPa]; b) thickness-direction distribution

While the S-PINN optimization framework demon-
strates clear success and industrial applicability, it is 
necessary to acknowledge its current analytical lim-
itations, particularly regarding the potential for further 
improving the predictive accuracy of the thinning rate. 
These limitations likely stem from the model’s explicit 
assumption that the quasi-static forming process occurs 
strictly at room temperature, deliberately ignoring the 
potential strain rate sensitivity and complex tribolog-
ical changes during the two-stage stamping process, 
including the frequent dynamic coefficient of friction. 
Future research will focus on seamlessly integrating 
dynamic friction models into physical loss functions 
and extending the computational framework to cover 
complex high-temperature forming conditions, which 
is expected to significantly improve the ultimate form-
ing performance of ultra-thin metal bipolar plates for 
next-generation proton exchange membrane fuel cells.

5. Conclusions

This study proposes and validates a  novel Sequence 
Physics-Informed Neural Network (S-PINN) frame-
work for optimizing two-stage stamping dies of ultra-thin 

titanium bipolar plates. By integrating the physical 
laws of material deformation into the neural network, it 
effectively addresses the limitations of traditional neu-
ral networks. The main conclusions are summarized as 
follows:

1.	 S-PINN uses a  sequential structure to represent 
the two-stage stamping process of ultra-thin tita-
nium sheets. Through monotonic residuals, it en-
sures that TRfinal ≥ TRpre, explicitly enforcing the 
irreversible plastic damage law, reflecting the ac-
cumulation of plastic deformation of the material 
during the forming process.

2.	 The S-PINN model demonstrates outstanding pre-
dictive accuracy for both the final dimensional 
consistency (DC) and the final thinning rate (TR). 
This performance was quantitatively validat-
ed against true values, achieving an R² value of 
0.9774 for DC and 0.9516 for TR.

3.	 The sequential architecture of neural networks 
can effectively capture multi-stage manufacturing 
processes. Introducing physical information con-
straints further improves the accuracy. Specifical-
ly for DC prediction, S-PINN improves by 33.9% 
compared to S-ANN and by 73.8% compared to 
the PINN model. 
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4.	 By seamlessly integrating the trained S-PINN 
model with the NSGA-II algorithm, the proposed 
framework successfully mapped the Pareto op-
timal compromise space, effectively replacing 
time-consuming finite element iterations. This ap-
proach identified the precise optimal die geometry 
(a = 0.3037 mm, d = 0.3005 mm, r1 = 0.1000 mm, 
r2 = 0.1000  mm, β = 60.9595°) to navigate the 
complex coupled effects of dimensional consis-
tency and thinning rate, confirming its practical 
industrial viability.
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Geometric optimization of  two-stage stamping dies  for ultra-thin titanium bipolar plates...

Appendix A

Systematic experimental validation of the finite element model

To ensure the physical reliability of the dataset used 
for training the Sequential Physics-Informed Neural 
Network (S-PINN) and to guarantee the fidelity of the 
finite element method (FEM) simulations, a systemat-
ic experimental validation was conducted prior to sur-
rogate modeling. This section details the comparative 
analysis between the numerical predictions and the 
physical two-stage stamping experiments.

Two-stage stamping experiments were conduct-
ed using 0.12 mm commercial pure titanium (CP-Ti) 
sheets. The die dimensions are listed in Tab. A.1. Fol-
lowing the complete two-stage forming and springback 
procedure, the resulting ultra-thin bipolar plate speci-
men was sectioned. The cross-sectional profile and lo-
calized thickness distribution were meticulously mea-
sured using a  high-precision optical microscope. The 
reliability of the FEM model was assessed through both 
qualitative morphological alignment and quantitative 
dimensional metrics. 

Table A.1. Geometric parameters of dies  
for pre- and final stamping forming

Geometric 
parameters of dies Pre-forming Final forming

a [mm] 0.25 0.29
d [mm] 0.25 0.35
r1 [mm] 0.25 0.25
r2 [mm] 0.13 0.13

β [°] 63 63

The cross-sectional profile predicted by the FEA 
and the experimental microscopic image are shown 

in Fig. A.1a. The numerical predictions demonstrated 
exceptional morphological agreement with the physical 
samples. Specifically, the model accurately captured 
the complex channel geometry, the localized bending 
severity at the top and bottom fillet radii, and the final 
springback deviations. As shown in Fig. A.1b, the 
thickness distribution along the cross-sectional arc 
length was extracted from both the experimental sam-
ple and the FEM model. The simulation successfully 
and precisely replicated the severe localized thinning 
occurring at the stress concentration zones near the 
die corner radii. Quantitative analysis revealed that the 
maximum deviation in the channel thickness between 
the experimental measurement and the FEM predic-
tion was tightly maintained within 4.5%. As shown in 
Fig. A.1c, compared with the experimental data, the de-
viation between the simulated flow channel depth and 
the measured value was within 3 μm. The dimensional 
error of the final channel depth, which directly deter-
mines the dimensional conformance (DC), was strictly 
controlled within 3.2%.

The high degree of correlation between the exper-
imental physical outcomes and the numerical simula-
tions confirms that the formulated FEM model accu-
rately captures the complex elastic-plastic deformation 
mechanisms and contact friction behaviors inherent 
in the two-stage stamping process. Consequently, the 
comprehensive dataset comprising 500 simulation cas-
es generated via this validated FEM model is of high 
fidelity, providing a robust, scientifically rigorous, and 
credible ground truth for training the S-PINN optimi-
zation framework.
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a)

b)

c)

Fig. A.1. Experimental validation of the FEA model: a) comparison of the simulated and experimental cross-sectional profiles; 
b) channel thickness at different positions in the border and central regions; c) comparison between experimental and simulation 

results for the depth at the border and central regions of the flow channel in pre-formed and final-formed sheets


