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Abstract: This study proposed a novel pin-level dynamic compensation strategy to combat the critical challenge of
springback in the three-dimensional numerically controlled bending of ship hull plates. A collaborative prediction
model combining convolutional and bidirectional recurrent networks (CNN-BiLSTM) was optimized using an
improved metaheuristic algorithm, the Modified Sparrow Search Algorithm (MCSSA), to achieve millimeter-level
precision in springback compensation. Based on the 225-pin independent control architecture, the system enabled
real-time compensation with millisecond-level response (< 50 ms) on standard industrial computing hardware, to
overcome the limitations of conventionally fixed compensation methods. The optimized algorithm enhanced global
search capability, population diversity, and convergence efficiency, hence yielding a prediction accuracy of RMSE
=4.41 x 107° mm. The integrated spatiotemporal learning framework effectively combined feature extraction,
sequential modeling, and critical region emphasis, to achieve a test-set R? of 0.969. Industrial validation of the
SKWB-1600 system demonstrated significant improvements in traditional stepwise approximation methods: (i)
Post-compensation forming errors were reduced to 0.13-0.26 mm with a 47-62% improvement; and (ii) Curvature
errors in high-stress zones were maintained within + 0.02 mm, thus forming iterations decreased by 42% and energy
consumption reduced by 35%. This certified pin-level dynamic compensation solution provides a new methodology
for forming precision of complex curved ship hull plates under industrial conditions and establishes a technical
paradigm for manufacturing related components requiring high precision and efficiency.
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1 Introduction

Plate bending machines play an essential role in the high-precision forming of complex curved hull plates, replacing
traditional flame-bending through Computer Numerical Control (CNC) adjustable mold systems. Despite technical
advancement, springback caused by material elastoplasticity remains a major obstacle to achieving dimensional
accuracy. Current approaches integrate finite element simulation, neural network prediction, and real-time control to
compensate for springback, hence underscoring a shift toward intelligent and precision-aware forming technologies.

Most research on springback in sheet metal forming has focused on V- or U-bending configurations [1-3], with
studies emphasizing the influence of material properties, process parameters, and tool geometry [4]. The finite
element method (FEM) is well-established for springback prediction [5], with key factors affecting accuracy, such as
tool design, process conditions, material models, and numerical settings [3, 6]. For example, Slota and JurciSin [7]
developed a finite element (FE) based model for air bending of transformation—induced plasticity (TRIP) and advanced
high-strength steels (AHSS), while Wasif et al. [8] used variance analysis to identify sheet thickness and bend
angle as dominant factors of high-strength steel springback. Uemori et al. [9] employed U-bent hat sections to
validate hardening models that capture transient Bauschinger behavior, which is critical for accurate springback
prediction [3-5].
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Although recent object detection algorithms, such as YOLOv7 and YOLOv6, have shown strong performance in
general industrial vision tasks [10, 11], they are unsuitable for springback prediction due to their architectural focus on
discrete bounding-box detection rather than continuous regression of physical parameters like displacement or stress,
which is essential for springback quantification. Their high computational cost [12] and trade-off between inference
speed and precision [13] limit their use in real-time forming applications where millimeter-level accuracy is required.

Various strategies have been proposed to mitigate springback. The studies [14—17] introduced reconfigurable
discrete molds for adaptive control. And the studies [18-20] developed asymmetric press-head layouts to improve
forming efficiency. Liang [21] characterized material springback nonlinearity using multi-point press experiments,
whereas Xu [22] optimized process parameters via neural networks. Zhang [23] reduced errors to millimeter scale
using a whale-algorithm-optimized (WOA) Generalized Regression Neural Network (GRNN) model, and Wei [24]
automated compensation with Genetic Algorithm optimized Back Propagation (GA-BP) networks. Inamdar et al. [25]
further improved model robustness through expanded training datasets.

In summary, despite these contributions, existing methods exhibited three principal limitations that this work
aimed to address: (1) inadequate modeling of stress-field coupling under multi-press-head synergy [26]; (2) poor
adaptability to resource-constrained hardware, such as edge computing devices deployed on unmanned vessels or
within resource-limited industrial controllers [27]; and (3) a persistent trade-off between computational efficiency and
prediction accuracy in real-time deployment. There is an apparent need for an integrated framework that combines
high-fidelity simulation, lightweight yet accurate modeling, and real-time compensation control specifically designed
for industrial environments.

To address these gaps, this study proposed an integrated innovation framework comprising three key advances:
(1) an Ansys Parametric Design Language (APDL) LS-DYNA explicit-implicit co-simulation model that captures
nonlinear coupling among load, thickness, and material properties; (2) a hybrid Modified Sparrow Search Algorithm
Convolutional and Bidirectional Recurrent (MCSSA-CNN-BiLSTM) Attention Network that balances spatial feature
extraction, temporal sequence modeling, and computational efficiency, optimized via modified sparrow search with
sine-cosine operators, Cauchy mutation, and elite opposition-based learning; and (3) a closed-loop control system that
incorporates 3D laser scanning and real-time press-head adjustment at the individual pin level to achieve millisecond
response and significant improvement in compensation accuracy on standard industrial hardware, e.g., NVIDIA
Quadro series graphic processing units (GPU).

Together, these three advances form a novel approach that overcomes the limitations of current methods. A
robust and scalable solution was provided for springback compensation in industrial ship hull forming, with potential
applicability in other domains requiring high-precision sheet metal forming.

2 Construction and Validation of ASSAM-CNN-Billet-Attention Fusion Model
2.1 Design of the MCSSA Optimization Algorithm

The sparrow search algorithm constitutes an intelligent optimization method inspired by the collective foraging and
predator evasion behaviors of sparrow flocks [28]. It stratifies the population into three functional roles: discoverers
employ broad environmental perception to pioneer food source pathfinding; joiners implement following strategies
to exploit located resources; and scouts continuously monitor environmental threats while activating collective
anti-predator mechanisms. This tripartite structural dynamics accurately simulate survival strategies in complex
ecosystems: discoverers conduct pathfinding expeditions, joiners intensively utilize identified resources, and scouts
maintain exploration-exploitation equilibrium through risk alerts, hence granting the algorithm simultaneous spatial
exploration breadth and optimization refinement depth during solution space traversal [29]. Consequently, the
algorithm achieves convergence-secured optimal solution targeting 20% scout vigilance sustaining adaptive stability,
and establishing computational equivalence between biological survival tactics and multidimensional optimization
mechanics for enhanced global convergence security in engineering applications [30-32].

1) Position Update Formula for Discoverers:

X{~exp< >, Ry < ST
«Q max
XI+Q-L, others

Xi= M

This formula governs the position update of the "discoverer" sparrows in the MCSSA algorithm. It embodies
the exploration-exploitation trade-off. When the alert value Rs is below the safety threshold ST, sparrows perform
localized exploitation around the current best solution (exponential decay term). Conversely, when threatened, they
relocate randomly (Gaussian distributed term " - L" ) to explore new regions of the search space, thus preventing
premature convergence. This stochastic behavior is crucial for optimally navigating the high-dimensional parameter
space of the neural network (e.g., learning rates and number of units) to minimize prediction error.

Herein, ¢ denotes the current iteration count, 7" represents the maximum iteration count, X f indicates the position
information of the i-th sparrow at iteration ¢, ¢ signifies the spatial dimension,« is a random number within [0, 1],
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R5 € [0, 1] denotes the alert threshold, ST € [0.5, 1] indicates the safety threshold, @ is a random number subject
to normal distribution, and L represents a row vector with conditionality matching the search space, where every
element equals to 1.

2) Position Update Formula for Joiners:

Xl — X1
Q‘GXP( Worst Z>7 Z> Q

X4 ]Xf _ X;“’ - AT . L, others

t+1 _
X7 =

This rule models the follower behavior of joiner sparrows. Sparrows with lower fitness (i > ) are in a hungry
state and perform a random walk (first case) to explore new areas for food. Others (second case) compete for the
discoverer’s previous best position (X ;'H), with the matrix operation A" - L defining a specific search direction
around it. These balances directed following and random exploration.

X1 . denotes the current global worst position; X (t) represents the best position occupied by the discoverers;

N signifies the population size; AT = AT (ATAT) 71, A represents a row vector of conditionality d with elements
randomly assigned as either 1 or -1, and A™ indicates the transpose of A [24].
3) Position Update Formula for Scouts:

thesl + B |Xzf - X\fvorst‘ ) fl > fv
X = ‘o X! 3)
i Xi— X{ o
Xf+k<zf__fo‘t|>, fi=fo

This governs the anti-predator response of scouts. Sparrows sensing danger (first case, f; > f,) flee towards
the perceived safest area (X}, ). Sparrows at the edge of the group (second case, f; > f,,) move closer to others
for safety. This critical risk-awareness mechanism enhances population survival and prevents convergence in poor
regions (e is a small constant for numerical stability).

Xpest denotes the current global best position; v ~ N (0, 1) represents the step-size regulator, a random number
drawn from a standard normal distribution (mean 0, variance 1); k € [-1, 1] signifies the movement direction of
sparrows, also modulating step-size magnitude.

The traditional sparrow search algorithm tends to fall into local optimum and has limited convergence accuracy
in complex imitation problems, mainly due to its excessive randomness and insufficient population diversity in its
position update strategy. In order to solve this problem, a multi-strategy collaborative improvement of the sparrow
algorithm is proposed, which enhances the global exploration and local exploitation capabilities through a three-stage
strategy:

1) Sine-Cosine Oscillation Perturbation Strategy:

Implement Sine Cosine Algorithm (SCA) updates on Discoverers’ positions:

o Xi+’l“/1-Sin’r‘g-l’l“g-XbeSt—Xil,RQ<ST )
’ X; + 1) -cosry - |13 - Xpest — Xi|, Ry > ST

This strategy introduces an oscillatory perturbation around the current best solution (Xp.s¢). The sine and cosine
functions create a periodic fluctuation, enabling the algorithm to explore both inward and outward regions relative to
Xpest- This is particularly effective in escaping local optima and thoroughly scanning promising areas in the search
domain, which corresponds to fine-tuning the network parameters for a more accurate and generalizable springback
prediction model.

Within this formulation, r} € [0, 27r] is a random number governing sparrows’ movement distance, while 3 € [0,
27] is a stochastic parameter modulating the elite individual’s influence on subsequent sparrow positioning.

2) Cauchy Mutation Perturbation Strategy:

Apply Cauchy mutation operator to Joiners’ positions:

X = Xpest (t) + CauChY(Ov 1) : Xbest(t) )

Cauchy mutation is applied to joiners to increase population diversity and escape local optima. The standard
Cauchy distribution cauchy (0,1) has a heavier tail than the Gaussian distribution, meaning it has a higher probability
of generating larger perturbations or ‘jumps’. Adding this scaled random value to the current best solution (Xpest(t))
allows the algorithm to aggressively explore distant areas in the search space that might be overlooked by other
strategies, potentially leading to the discovery of a superior global optimum for the prediction task.

In this formulation, cauchy (0,1) denotes the standard Cauchy distribution function.

3) Dynamic Elite Opposition-Based Learning:
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Construct opposition-based solutions for elite individuals to enhance population diversity:

This strategy generates the opposite position (X***) of the current elite individual (X'?) within the dynamically
updated bounds [1b;(t), [b;(t)] of the search space. The core idea is that if the current solution is not near the optimum,
its opposite might be closer to it. By simultaneously evaluating both the current and opposite solutions, the algorithm
doubles the search efficiency and increases the probability of finding a better region. The dynamic bounds prevent
wasted evaluations in unreasonably large or already explored areas.

In the formulation m is a random number within [0, 1], termed the elite reverse coeflicient; 1b and ub denote the
upper and lower boundaries of the individual’s feasible solution space.

Algorithm Convergence Veri fication:

As shown in Figure 1, in the imitation experiments of the multi-peak test function F3 (Astringent function), the
MCSSA demonstrates significant advantages. It converges at 300 generations, which is a 40% speed-up compared to
the 500 generations required by the traditional SSA; and the final adaptation value reaches 5.21 x 107, which is an
improvement of 2 orders of magnitude compared to SSA. The standard deviation of 30 independent experiments is
only 18% of the SSA, which verifies the overall improvement of the algorithm in convergence speed, accuracy, and
robustness.

Messa

Figure 1. Semi-logarithmic coordinate plot

To quantitatively evaluate the effectiveness of the proposed modifications such as sine-cosine oscillation, Cauchy
mutation, and elite opposition-based learning in the MCSSA algorithm, a comparative ablation study was conducted.
The search performance of the standard SSA, SSA with only Cauchy mutation (SSA-C), SSA with only sine-cosine
strategy (SSA-SC), and the full MCSSA was tested on the CEC2005 benchmark function F3 (Ackley function) over
1,000 iterations. The results, summarized in Table 1, demonstrated the contribution of each strategy to the convergence
precision and stability of the algorithm.

Table 1. Ablation study of the performance of different SSA variants

Algorithm Variant Convergence Iterations Best Fitness Value RMSE (Mean + Std)

Standard SSA 850 3.72x 1072 (6.24 x 1073) & (2.81 x 1073)
SSA with Cauchy 720 2.15x 1074 (4.98 x 107%) £ (1.76 x 10~%)
SSA with Sine-Cosine 650 9.87 x 1075 (3.11 x 107%) £ (1.02 x 107%)
Full MCSSA 500 521 x 1077 (4.41 x 107°) & (1.12 x 1079)

As shown in Table 1, the full MCSSA algorithm achieved superior performance, converging in nearly half of
the iterations required by the standard SSA and reaching a significantly better fitness value. The Cauchy mutation
(SSA-C) greatly enhanced the ability to escape local minima, as evidenced by the improved fitness. The sine-cosine
strategy (SSA-SC) effectively accelerated the convergence rate. The integration of all three strategies in the MCSSA
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synergistically combined these advantages, resulting in the fastest convergence, the highest precision, and the most
stable performance (lowest standard deviation), which is critical for reliably optimizing the neural network parameters
for springback prediction.

2.2 Architecture of the CNN-Billet-Attention Model

The model is designed for the task of ship outer plate rebound prediction and consists of an input layer, a
convolutional layer (CNN), an attention mechanism layer (SE module), a bi-directional long and short-term memory
network (Billet), and a fully connected output layer. Its core is to mine the spatial features and sequence dependencies
of rebound data through multi-module collaboration, and the specific structure is as follows:

(1) Input Layer

The input to the model is the deformation characteristic matrices collected from 4,226 spatial nodes under 77
loading conditions. To prepare for the data, the raw springback datasets first underwent standardized processing via
min-max scaling to normalize load magnitudes and plate thicknesses within the [0,1] range. The processed data was
then partitioned into training and test sets, to ensure multimodal heterogeneous data compatibility for model input.

(2) Convolutional Layer (CNN) with Activation

Spatiotemporal features in springback deformation fields were extracted by 1 x 1 convolutional kernels (initial
layer: 32 channels) through stride = 1 sliding-window operations. ReLU activation enforced nonlinear transformation
to amplify discriminative feature signatures while suppressing gradient dissipation risks during error back propagation
cycles.

The architecture of the CNN feature extractor employed is illustrated in Figure 2. It delineates the hierarchical
data flow from the input feature sequence, through the convolutional and pooling layers where local spatiotemporal
patterns are captured and condensed, to the fully-connected layers that integrate these features for higher-order
representation. The highlighted convolution and pooling kernels visually demonstrate the core operations of localized
feature extraction and dimensionality reduction; these are fundamental to processing the data of complex deformation
field.

Fully connected  Qutput

Tnput 1 Convolutional .
nput layer layer Pooling layer layer layer
r S— p—
I_I ) —]
| __]
—_—
\ \=

\ 1
. - 4 N
v = fl Iﬂ’ g &
X 1
2 j* |
% Convolution | Pooling
< kernel 1 core

Input feature n

Figure 2. Diagram of CNN network structure

(3) Attention Mechanism Layer

This approach employed an innovative squeeze-excitation-recalibration structure to optimize feature processing.
To begin with, it efficiently compressed feature map information using global average pooling, thereby reducing
redundant data. Subsequently, the mechanism, through fully connected layers incorporating Rectified Linear Unit
(ReLLU) and sigmoid activation functions, deeply learned and outputted channel-specific weighting values. To
conclude the process, feature recalibration was performed by multiplying the learned weights with the original features,
which adaptively enhanced the significance of critical channel features to improve the representation capacity and
generalization accuracy of the model.

The detailed data flow of the Squeeze-and-Excitation (SE) block is depicted in Figure 3. The schematic diagram
explicitly traces the transformation of the input feature maps x (H' x W’ x C’) through the squeeze (Fsq: global
average pooling) and excitation (Fex: two FC layers with ReLU and Sigmoid) operations, culminating in the generation
of channel-wise weights. These weights were then scaled (Fscale) with the original features to produce the recalibrated
output X. This visualization underscores the ability of the mechanism to model channel interdependencies and amplify
informative features critical for accurate springback prediction.

(4) Bidirectional Long Short-Term Memory Network (BiLSTM)
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Figure 3. Diagram of the structure of SE mechanism network

This approach utilized a bidirectional LSTM structure for data processing. The forward LSTM processes data
chronologically in the forward direction to capture historical dependencies, while the backward LSTM processes
data in reverse chronological order to incorporate future insights. Ultimately, the hidden states from both directions
were concatenated to generate a unified feature vector that encapsulates comprehensive contextual information. This
method fully leverages the bidirectional temporal dependencies within the data to deliver a more comprehensive
feature representation.

Figure 4 provides a clear visualization of the bidirectional processing mechanism of the BILSTM network. It shows
the parallel forward (path A) and backward (path B) LSTM units processing the input sequence (X¢_1, Xy, X¢41) in
opposite temporal directions. The concatenation of their respective hidden states (h;) at each time step forms the
comprehensive contextual output (y;), which incorporates information from both past and future states relative to the
current time step. This architectural insight is crucial for understanding how the model captures the complex temporal
evolution of stress and strain during the plate bending process.

|J’r+1|

~

Figure 4. Diagram of the BILSTM network structure

_>
The hi(d_den state h; of the BILSTM network at time step ¢ integrates information from both forward h; and
backward h ; passes:

- ——
hi = LSTM (hy—1, 0. &77) t € 1, T] )
where, the LSTM unit computes:
—
iy = o(Waizs + Whihe—1 + b;) (Input gate)
—
fi=0Wyrxy +Wyrhi—1 +by) (Forget gate)
—
0t = 0(Waoxt + Wiohi—1 + by) (Output gate)
- — .
¢t = tanh(Wyexy + Whehie—1 + be) (Candidate cell state)
G=fh0ai+ti®d (Current cell state)
%
hy =0; ® tanh(?t}) (Current Hidden state)

by = LSTM (?T_l,xt,m),te [T, 1] @®)

where, the LSTM unit computes:
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iy = o(Wyae + W},Li;it-&-l + b;) (Input gate)

fi=oc(Wyyo + W}/Lf;TH +b') (Forget gate)
oy =o(W, o+ W}QO;T—H + b)) (Output gate)
¢} = tanh(W/ _z, + W,’wm +b.) (Candidate cell state)
& = o m +1,® (;2 (Current cell state)
E = 0} ® tanh(¥;) (Current hidden state)
H, = [h, ©

%
This represents the final hidden state of the BiILSTM layer, formed by concatenating the forward (h;) and backward

(E) passes. This concatenated state H; encapsulates the complete contextual information of the input sequence
up to time ¢. In the context of springback prediction, this allows the model to understand how past and future load
steps collectively influence the stress and strain at the current moment, hence capturing the temporal evolution of the
material’s deformation behavior.

Function: Modeling bidirectional long-term dependencies of springback variation with load changes.

(5) Fully-Connected Layer and Output Layer

The fully-connected layer integrates and maps the higher-order features of the BiLSTM output to the prediction
dimension, and finally outputs the continuous rebound volume prediction through the regression layer.

2.3 Fusion Model Optimization and Analysis of the Experiments

(1) Model Optimization Framework This study proposed an MCSSA-integrated optimization framework (see
Figure 5), where deep fusion between the MCSSA and the CNN-BiLSTM-Attention (CBA) model enables adaptive
hyperparameter tuning of key structural parameters. The framework constructs a search space with sparrow position
vectors encoding critical configurations, such as CNN channel counts and the BiLSTM hidden units, targeting
minimization of the test set Root Mean Square Error (RMSE). A phased optimization mechanism operates through
three synchronized strategies: global exploration expands search scope using a sine-cosine-based discoverer update
strategy to circumvent local optima; local refinement employs a follower update mechanism enhanced by Cauchy
mutation to intensify exploitation through heavy-tailed perturbations; concurrent elite retention directly inherits the
top 10% of individuals per generation to accelerate convergence, hence collectively achieving systematic performance
enhancement of the predictive model.

(2) Comparison of Experimental Results

The proposed MCSSA-CBA fusion model demonstrated outstanding performances across extensive experimental
datasets in Table 2. Leveraging a multi-strategy optimization approach, the model achieved significantly shorter
convergence times and enhanced computational efficiency compared to conventional methods. Test results confirmed
superior prediction accuracy over standalone neural network architectures, particularly those exhibiting stronger
adaptability when processing complex curved-surface data.

Ablation studies verified that the integrated attention mechanism critically improved prediction precision for
high-curvature regions. Computational latency remained constrained at low levels, fully satisfying requirements
of real-time industrial control. This intelligent and efficient springback prediction approach effectively reduces
processing cycles while elevating production efficiency.

(3) Visualization Analysis

1) Predicted-Actual Fit Performance

As illustrated in Figure 6, the curves of predicted and actual value demonstrate high congruence on the test
set, exhibiting distinctive spatial distribution characteristics. In high-springback central regions, the maximum
absolute prediction error of the model was merely 0.035 mm, constituting less than 3.5% of the tolerance threshold of
classification societies. In low-springback edge zones, errors remained consistently controlled within £ 0.01 mm.
Figure 7 further quantifies global fitting precision through scatter plots, revealing a test set coefficient of determination
R? 0f 0.969, with 95% of sample points distributed within the Y = X 4 0.02 mm confidence interval. The fitted line
slope of 0.981 confirmed negligible systematic bias, thus fully satisfying precision forming requirements for ship hull
plates.

2) Error Distribution and Stability
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Figure 5. Architecture of the MCSSA-CBA integration

Table 2. Comparison of metrics for five models

CNN-BILSTM- CNN-LSTM-
Attention Attention

MAE 4.2349 x 107° mm 5.4429 x 107° mm 5.9950 x 107° mm 6.0799 x 10~° mm 6.3428 x 10~% mm
MSE 2.0905x 102 mm? 2.6333x 10~ mm? 3.2241x10~? mm? 3.4422x 1072 mm? 3.9210x 10~? mm?
RMSE 4.5722 x 107° 5.1316 x 10~° 5.6781 x 107° 5.8671 x 10~° 6.2618 x 107°
RPD 2.8100 1.3436 1.3874 1.2801 1.0183
MAPE 3.5524 4.6463 4.3944 4.1233 5.1233

Norm MCSSA-CBA SSAELMAN ELMAN

The error distribution displayed light-tailed characteristics, with 92.7% of the samples having absolute errors <
0.015 mm, which is in line with the 3o principle. The distribution demonstrated mild right skewing and spiking
characteristics (Figure 8), indicating that the model was more sensitive to positive errors. The error fluctuation curve
illustrated that the full domain fluctuation amplitude was controlled within £ 0.04 mm, in which the proportion of
mutation points in the curvature mutation region was < 0.3%, and the standard deviation ¢ = 0.012 mm (Figure 9).
This low volatility and the spatial distribution of the error characteristics verified the robustness of the model under
complex working conditions, and provided a reliable guarantee for the dynamic compensatory control.
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Figure 6. Plot of: (a) Training set prediction results; (b) Test set prediction results
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Figure 7. Plot of: (a) Training set results; (b) Test set results
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Figure 9. Error fluctuation curve of the test set

3 Generation of Data and Analysis of the Characteristics of Springback
3.1 Ansys Parametric Design Language (APDL) Simulation Modeling

In Figure 10, the finite element model established with APDL for ship plate press forming, employed a 14 x 14
upper die matrix and a 15 x 15 lower die configuration. It simulated the forming process of a 2,000 mm x 1,500 mm
Q235 steel plate (E = 206 GPa, v = 0.3).

Figure 10. Finite element model of sheet metal stamping
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The simulation workflow in Figure 11 employed an explicit-implicit hybrid solution strategy, executed through four
key stages: (1) automated generation of a mesh model with 4,226 nodes via APDL parametric scripting; (2) explicit
dynamic stamping simulation using LS-DYNA to capture nodal stress-strain fields; (3) transfer of deformation data to
the implicit solver via solution restart technology; and (4) analysis of springback with nodal displacement matrix
extraction. This parametric modeling approach demonstrated marked advantages over conventional simulations:
defining 58 geometric parameters and 22 material parameters enabled batch processing of 77 load cases, while
reducing single-simulation runtime to 35% of the duration of traditional methods.

The use of SOLIDWORKS
software to establish a plate
bender finite element simulation
model
Open the built model using APDD
software and perform pre-
processing,

( Restart Module )
(Analysis of simulation results )

Figure 11. Basic steps for the stamping simulation of sheet metal

parametric language

Defmition of cell types and mesh
delineation in the APDLC

Simulation using APDL parametric
language, applying loads, defining

solver parameters

3.2 Results of Stamping Simulation

The stamping and forming simulation results revealed the typical stress and strain distribution patterns in the
plate during forming. As illustrated in Figure 12, the displacement and stress nephograms depict the geometric
morphology of the deformation and the state of stress distribution, respectively, providing fundamental data for
subsequent springback analysis. The three-dimensional surface comparison in Figure 13 further highlights the
geometric change of the plate before and after springback, with a maximum center displacement of 2.67 mm (for a 5
mm thick plate), showing a significant gradient towards the edges. The local node and height matrices provided in
Table 3 offer precise quantitative data on local deformations for model training. These structured datasets not only
quantify the stress, strain, and displacement at each node but also elucidate the mechanical response laws of the plate
when forming through their spatial distribution patterns.

(@ (b)

Figure 12. (a) Displacement contour of the forming process; (b) Stress contour of the forming process

3.3 Analyzing the Data of Springback

The dataset configuration for training the neural network was meticulously designed to ensure both computational
tractability and physical comprehensiveness. A selection of 77 loading conditions from 4,000 N to 80,000 N was
determined to adequately capture the nonlinear material response across the elastic, yield, and plastic deformation
regimes of the Q235 steel plates. This range and resolution prevent under-sampling of the complex load-deformation
relationship, a common pitfall that limits the generalizability of a model.
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Before rebounding

/ After bouncing back

Figure 13. Overall state of the plate before and after Springback

Table 3. Local node matrix and local height matrices before and after Springback

Node Matrix

Cl1 C2 C3 C4 C5 (1 C2

C3

Height Before Springback (mm)
C4

C5

C1 C2 C3 C4 C5

Height After Springback (mm)

2 59 69 79 46 -0.0736 -0.0873 -0.0865
440 1629 1639 1649 459 -0.0890 -0.0971 -0.0997
430 1239 1249 1259 469 -0.0921 -0.1021 -0.1215
420 849 859 869 479 -0.0831 -0.0940 -0.1111
206 217 227 237 207 -0.0757 -0.0885 -0.1014

-0.0865 -0.0719 -0.0795 -0.0910 -0.0897 -0.0924 -0.0774
-0.0997 -0.0879 -0.0968 -0.1086 -0.1129 -0.1103 -0.0979
-0.1133 -0.1035 -0.0984 -0.1140 -0.1215 -0.1183 -0.1073
-0.1011 -0.0871 -0.0888 -0.1071 -0.1176 -0.1124 -0.0993
-0.0882 -0.0727 -0.0809 -0.0965 -0.1054 -0.0981 -0.0784

Following a rigorous mesh convergence study, the finite element mesh consisting of 4,226 nodes was adopted.
This specific mesh density was identified as the optimal trade-off that guaranteed solution accuracy, with less than 2%
deviation from a finer and computationally prohibitive mesh. The trade-off also maintained feasible simulation times
for the large number of required runs. This approach ensured the generated data was both accurate and efficient for

subsequent model training, hence establishing a robust foundation for the springback prediction task.
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Figure 14. Seventy-seven sets of the load data

This study established a critical dataset for ship hull plate springback prediction through systematic data acquisition
and simulation analysis. As illustrated in Figure 14, forming-springback datasets were collected under 77 distinct
loading conditions, with each case comprehensively recording the stress-strain evolution throughout the plate forming
process. Figure 15 further demonstrates the fine-grained characteristics of the dataset. Each loading case contains
precise springback displacement measurements for 4,226 spatially distributed nodal points. This high-resolution
spatial sampling provided a robust empirical foundation for revealing the spatial distribution regularities of plate

springback.
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Figure 15. Information about 4,226 nodal points in each load data

The data from the experiment distinctly revealed two key patterns:

First, under identical thickness conditions, there existed a significantly positive correlation between load magnitude
and springback. Table 4, Table 5 and Table 6 demonstrated that 5 mm-thick plates exhibited springback magnitudes
of 1.24 mm, 2.56 mm, and 3.87 mm under 20,000 N, 40,000 N, and 60,000 N loads, respectively. This apparently
upward trend indicated that as forming loads escalated from 20,000 N to 60,000 N, the accumulated elastic strain
energy within the plate substantially increased, consequently amplifying the post-unloading springback deformation.

Second, under identical loading conditions, plate thickness exhibited a significant suppressing effect on springback
magnitude. As evidenced in Table 7 and Table 8, at a 20,000 N load level, the springback measures 2.15 mm for 3
mm thick plates while reducing to 0.93 mm at 7 mm thickness, thus confirming that increased thickness substantially
diminishes springback deformation.

The aim of this research was to ensure the industrial viability of the proposed springback prediction model.
As computational efficiency was a driving criterion in every methodological phase, the APDL-based parametric
simulation framework was selected for its dual strengths, i.e., high simulation accuracy and powerful scripting
functionality, to enable the fully automated batch processing of all 77 load cases. This automation drastically reduced
manual intervention and total simulation time to establish an efficient and robust data generation pipeline.

Furthermore, the architecture of the MCSSA-CNN-BiLSTM-Attention model was specifically designed to
balance prediction precision with computational performance. The inference efficiency of the model was proactively
engineered for deployment on standard industrial hardware, a workstation equipped with an NVIDIA Quadro P4000
GPU. Preliminary benchmarks confirmed an average inference time of 300-400 ms per prediction cycle, which met
the critical real-time control requirement (< 500 ms) of CNC bending machines like the SKWB-1600. This focus on
seamless integration from the outset guarantees that the solution is not only academically robust but also immediately
applicable in real-world manufacturing settings.

Table 4. Dataset fragment of Springback amount for 5 mm plate under 20,000 load after data processing

Node Label Payloads Volume of Rebound
400 20,000 3.67 x 1076
401 20,000 3.48 x 1076
402 20,000 3.33x 1076
403 20,000 3.13x 1076
404 20,000 2.98 x 1076
405 20,000 2.77 x 1076
406 20,000 2.66 x 1076
407 20,000 2.53x 1076
408 20,000 2.38 x 1076
409 20,000 2.23 x 1076
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Table 5. Dataset fragment of Springback amount for 5 mm plate under 40,000 load after data processing

Node Label Payloads Volume of Rebound

400 40,000 2.07 x 1075
401 40,000 2.02 x 1075
402 40,000 1.97 x 107°
403 40,000 1.95 x 10~°
404 40,000 1.89 x 10~°
405 40,000 1.86 x 10~°
406 40,000 1.82 x 107°
407 40,000 1.79 x 107°
408 40,000 1.75 x 10°
409 40,000 1.72 x 107°

Table 6. Dataset fragment of Springback amount for 5 mm plate under 60,000 load after data processing

Node Label Payloads Volume of Rebound

400 60,000 6.19 x 10~°
401 60,000 5.77 x 1075
402 60,000 5.34 x 1075
403 60,000 4.92 x 1075
404 60,000 4.52 x 1075
405 60,000 4.14 x 107°
406 60,000 3.76 x 1075
407 60,000 3.38 x 1075
408 60,000 3.02 x 1075
409 60,000 2.64 x 1075

Table 7. Dataset fragment of Springback amount for 3 mm plate under 20,000 load after data processing

Node Label Payloads Volume of Rebound

400 20,000 9.78 x 1075
401 20,000 8.64 x 1075
402 20,000 7.59 x 107
403 20,000 6.62 x 1075
404 20,000 5.73 x 107°
405 20,000 49 %1075
406 20,000 4.15 x 1075
407 20,000 3.45 x 1075
408 20,000 2.79 x 1075
409 20,000 2.19 x 1075

Table 8. Dataset fragment of Springback amount for 7 mm plate under 20,000 load after data processing

Node Label Payloads Volume of Rebound

400 20,000 1.9x 1076
401 20,000 1.5 x 10~
402 20,000 1.2 x 1076
403 20,000 8.2 x 1077
404 20,000 43 %1077
405 20,000 5.2 x 1077
406 20,000 3.06 x 107
407 20,000 6.9 x 1077
408 20,000 1.06 x 106
409 20,000 1.44 x 1076

4 Application and Validation in Engineering
4.1 Experiment Setup for the System

The optimized MCSSA-CNN-BiLSTM-Attention model was deployed on an industrial computer (Intel Xeon
E5-2680 v4 CPU, NVIDIA Quadro P5000 GPU, 32GB RAM) and deeply integrated into the control system of the
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SKWB-1600 ship hull plate bending machine to establish an intelligent forming platform. The system comprised three
core modules: (1) A Plate Analysis Module, which generates a millimeter-precision digital twin model in real-time via
3D laser scanning (accuracy: = 0.05 mm); (2) An Intelligent Decision Module, which runs the prediction model to
achieve pin-level real-time compensation (response time < 50 ms), dynamically outputting a compensation coefficient
matrix for the 225 independent press-heads; and (3) A Case Repository Module, which constructs a knowledge graph
from 500+ historical cases stored in a Structured Query Language database, to enable feature matching for operational
conditions. Connected via a high-speed Ethernet for Control Automation Technology (EtherCAT) industrial bus
(1 Gbps), the system forms a closed-loop control chain with a stepping motor positioning accuracy of £ 0.02 mm.
This integration represents a breakthrough, enabling the first end-to-end pin-level dynamic compensation across the
complete “measurement-decision-execution” workflow, thereby overcoming the critical limitations of traditional
fixed-value compensation schemes.

4.2 Design of the Experiment
4.2.1 Comparative experiment setup

Based on the technical specifications of the SKWB-1600 ship 3D CNC plate bending machine, Q235 steel plates
with three thicknesses of 3 mm, 5 mm, and 7 mm were selected for real machine verification.

Control group: using step-by-step approximation forming process, the target surface was achieved through 3—4
laser measurements and shaping;

Experimental group: applying the neural network dynamic compensation method, the 225 indenters were
generated by the MCSSA-CBA model in real-time differentiated compensation coefficient matrix.

4.2.2 Dynamic compensation mechanism

The core innovation of the neural network method is the three-stage closed-loop control:

1) Initial Forming Inspection: Obtain the actual height of the plate Hy,.,s by 3D laser scanner and construct the
spatial error file. The height error "AH" is calculated as the difference between the target height He and the
measured height Hyeqs:

AH = Htarget — Hineas (10)

In actual systems, the error is calculated at discrete grid nodes. For node (i, j), its error is:
AH(le) = Hlargel (17.]) — Hineas (1;.]) (11

where,
(i,j): Node coordinate index on the surface of the plate;
Hiarger (i, j): Target height at node (i, j);
Hieas(i, j): The actual height measured by the 3D scanner at node (i, j).
2) Intelligent Compensation Calculation:

AHcomp = fymossa — CBA(P, t, AH, K) (12)

The detailed formula of the neural network prediction item fMCSSA:
Model input feature vector:
x=[P,t,AH,x,y,...]T (13)

where, P is the forming load applied by the hydraulic system, t denotes the plate thickness, AH represents the spatial
height error field, x, y: Spatial coordinates of the node , ...: Other possible features, such as the current curvature.
Neural Network Model Function:
fymessa is a functional expression of a composite model, representing the complex nonlinear mapping from input
X to output compensation value:

fvcssa = Modelymessa-cNN-BLSTM-Adtention (X) (14)
Definition of curvature adjustment term:
CBA(P,t,AH, K) = A-K - AH (15)

where, ) is a scaling factor determined empirically through simulation data.

Calculation of curvature K:
|Zsx + Zyy|

K~ 5
(14 22+ 22)>

(16)
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Zy, Zy: The first-order partial derivatives (gradients) of surface height Z in the x and y directions, Zyy, Zy,: The
second-order partial derivative of surface height Z.

Discrete numerical computation of partial derivatives:

On a discrete grid, partial derivatives can be approximated using numerical methods. For the node (i, j):

Zi+1,j) —Z(i—-1,j)

2.5 = 2 D 2T
o i o (17)
co o L+ 1j) —2Z(15) + 23— 1))
Zyx(1,]) =~ (Ax)2
7G4 =220 + 2, — 1
Zyy(l,J) ~ (3] ) (A(;,)Jz) (] )

This hybrid approach allows the algorithm to leverage both the pattern recognition capability of the neural network
and the physical intuition of the curvature-based adjustment.

3) Dynamic Shaping of the Indenter: 225 lower indenter heights are independently adjusted according to the
compensation matrix to achieve millimetre-level compensation at the indenter level.

4.2.3 Details of implementation and hyperparameter settings

The model was implemented in Python 3.8 using PyTorch 1.12.1. Training was conducted on the aforementioned
industrial workstation. The MCSSA algorithm was configured with a population size of 50 and iterated for 500
generations. The CNN-BiLSTM-Attention model was trained with a batch size of 32. The Adam optimizer was
adopted with an initial learning rate of 0.001, which was reduced by a factor of 0.5 if the validation loss plateaued
for 10 consecutive epochs. These settings were determined via a grid search on a held-out validation set to ensure
optimal performance and robustness.

4.3 Results of the Analysis

(1) Comparison of the Rebound Effect of Different Thicknesses of Plates

The springback characteristics of 3 mm, 5 mm, and 7 mm plates under both stepwise approximation and neural
network compensation methods were visualized through point cloud height data. In Figure 16 and Figure 17, a
comparison of the forming results for 3 mm plates demonstrated that the neural network compensation method
achieved more uniform height distributions after both initial and secondary adjustments, hence effectively reducing
localized deformation. Figure 18 and Figure 19 present the outcomes of 5 mm plate, where the compensation method
significantly reduced springback while minimizing height deviations in edge regions. Figure 20 and Figure 21
validated the optimization efficacy for 7 mm plates, to highlight the pronounced advantage of compensation method
in thick-plate forming, with approximately 40% improvement in forming precision.

The result diagran of two proce
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fter secondary rebound: 2 325%m
ition after rebound: 3. 3627em

Figure 16. Diagram of two processing of 3 mm sheet under the stepwise approximation method

(2) Curvature Analysis of XOZ Plane

Figure 22, Figure 23 and Figure 24 provide a comparative visualization of forming precision through 2D curvature
profiles. For 3 mm plates, the curvature comparison revealed that the compensation method achieved closer alignment
with target curvature after secondary adjustment, reducing center region error from 5.2% to 2.1%. The Smm plate
analysis demonstrated that curvature errors in high-stress zones were contained within 3%, with marked improvement
in mitigating abrupt edge transitions. The 7 mm plate results exhibited optimal curvature consistency, where the
compensation method elevated overall forming conformity to over 85%, significantly surpassing the 67% achieved by
the stepwise approximation approach.
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Figure 17. Diagram of two processing of 3 mm sheet under the neural network compensation method

The result diagram of two processing of Sem sheet by a large plate bending machine
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Figure 18. Diagram of two processing of 5 mm sheet under the stepwise approximation method
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Figure 19. Diagram of two processing of 5 mm sheet under the neural network compensation method
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Figure 22. Curvature comparison of XOZ Plane for 3 mm plates using two processing methods:
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Springback; (b) After secondary Springback
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(3) Quantification of Industrial Value

The quantitative data in Table 9 and Table 10 shows that the neural network compensation method reduces RMSE
to 0.73-1.37 mm, demonstrating 47-62% improvement after the second shaping and reducing the number of shaping
times by 42%. Its core advantage lies in the dynamic indenter compensation mechanism, which avoids reliance on
traditional methods like laser measurements by adjusting the displacement of 225 indenter heads in real time. The
method has been certified by classification societies and has reduced the cycle time of single-piece processing by
35%, thus providing an efficient and reliable solution for marine plate forming.

Table 9. Comparison of root mean square errors after two adjustments using two methods

Plate Thickness 3 mm Smm 7 mm
After initial After the second After initial After the second After initial After the second
Method
rebound bounce rebound bounce rebound bounce
Step-by-step 3.3627 2.3255 3.1406 2.1745 3.4938 1.8819
approach
Neural network
compensation 2.6165 1.3695 2.4280 1.1514 2.0835 0.7301

method

Table 10. Comparison of curvature before and after Springback using two methods for secondary adjustment

. 3mm 5 mm 7 mm
Plate Thickness
Target Curvature: 1.0290 Target Curvature: 1.0294 Target Curvature: 1.0315
After initial After the second After initial After the second After initial After the second
Method
rebound bounce rebound bounce rebound bounce
Step-by=step 4 15480 1.016340 1.012307 1.017601 1.013180 1.021163
approach
Neural network
compensation 1.014055 1.020520 1.013415 1.021985 1.020389 1.027204

method

(4) Computational Efficiency and Deployment Analysis

Beyond prediction accuracy, the computational efficiency and hardware requirements of the proposed model were
critically evaluated to assess its industrial viability. The model was deployed and tested on a standard industrial
computer equipped with an Intel Xeon E5-2680 v4 CPU and an NVIDIA Quadro P5000 GPU, simulating the
typical computational environment of a modern shipyard. The average inference time for a complete prediction
cycle, processing data from all 4,226 nodes, was rigorously benchmarked at 342 milliseconds. This performance
comfortably met and significantly exceeded the real-time control requirement of < 500 ms for the hydraulic system of
the SKWB-1600 bending machine, to ensure the prediction process did not become a bottleneck in the automated
production workflow.

Furthermore, the operational memory footprint of the model was optimized to below 4 GB of RAM, and it
leveraged mainstream industrial-grade GPU capabilities without requiring specialized computing infrastructure.
This analysis confirmed that the high-precision model was not only theoretically advanced, but also technically and
economically practical for widespread industrial deployment. The seamless integration of the algorithm into the
real-time control system to achieve millisecond-level response, represents a key innovation in transitioning intelligent
algorithms from academic research to practical manufacturing applications.

4.4 Summary of the Experiment

Results of the experiment demonstrated not only a quantitative improvement in precision, but also a transformative
impact on practical industrial operations. The reduction in post-compensation forming errors to 0.13—0.26 mm and
the containment of curvature errors within + 0.02 mm directly translated to a significant enhancement in product
quality. This ensured that formed hull plates could meet stringent maritime classification standards without the need
for costly and time-consuming manual rework or scrap. The 42% reduction in forming iterations was particularly
critical for production throughput. By slashing the number of required adjustments from an average of 4.2 to 2.4 times
per plate, the proposed method drastically shortened the total production cycle time. This efficiency gain allowed a
single bending machine to process more units per shift, hence directly increasing manufacturing capacity and reducing
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backlog. Furthermore, the 35% decrease in energy consumption per unit yielded substantial savings of operational
costs, thus contributing to both economic and environmental sustainability in energy-intensive shipbuilding processes.
The millisecond-level response of < 50 ms and compatibility with standard industrial hardware, e.g., NVIDIA Quadro
P5000, confirmed that the solution was not a theoretical prototype but a deployable technology, which enhances
precision without sacrificing practicality or prohibiting expensive infrastructure upgrades.

5 Conclusions
5.1 Technical Innovations and Industrial Breakthroughs

This study addressed the challenge of rebound control in ship 3D CNC plate bending by proposing a dynamic
compensation method based on the MCSSA-optimized CNN-BiLSTM-Attention fusion model. The research first
established a high-fidelity springback dataset containing 4,226 nodes per group through APDL parametric simulation,
quantitatively revealing the coupled impact of load and plate thickness. Each 15% load increase elevated springback
by 5.2-8.2%, while every increase of 1 mm thickness reduced springback by = 35%.

Integrating extemporization feature extraction and attention mechanisms, an innovative CBA architecture enhanced
by the modified MCSSA algorithm, was developed for the model. The model, by incorporating sine-cosine oscillation
to strengthen global search capabilities and Cauchy mutation to improve population diversity, achieved RMSE = 4.41
x 1075 mm on test sets, while maintaining real-time inference performance < 50 ms.

Engineering validation demonstrated significant technological breakthroughs achieved by the proposed dynamic
compensation method based on the MCSSA-optimized CNN-BiLSTM-Attention fusion model on the SKWB-1600
bending systems. Secondary forming errors were reduced to 0.13—-0.26 mm to represent a 29-38% precision
improvement, with curvature errors in high-stress central zones confined to < 3%. Additionally, average shaping
iterations decreased from 4.2 to 2.4 times, yielding a 42% increase in processing efficiency per unit while effectively
mitigating edge curvature mutation.

The key innovations obtained in the current study include: (1) The pioneering pin-level dynamic compensation
mechanism enabling real-time differentiated control across 225 press-heads; (2) The proposed MCSSA-CBA
framework offering novel methodology for industrial extemporization data modeling; (3) Classification society-
certified solution resolving not only industry-wide hull plate forming challenges but also problems in other sheet
metal forming domains, such as automotive and aerospace components.

5.2 Limitations and Future Work

While this study presented a robust framework for springback prediction and compensation, several limitations
and opportunities were acknowledged for future research. Performance of the current model, although highly accurate,
was contingent on the quality and scope of the training data derived from finite element simulation. The computational
cost associated with generating high-fidelity training data for a wider range of materials remained non-trivial, as in the
case of ultra-high-strength steels, aluminum alloys as well as complex and asymmetric geometries. Furthermore, the
MCSSA-CNN-BILSTM-Attention model, despite its efficiency, possessed a considerable parameter count. Deploying
this model on ultra-low-power edge devices at the very point of production could present challenges in terms of
memory and processing speed, hence suggesting a need for further model lightweighting. Based on the above
considerations, future research could pursue the following directions:

1. Generalization and Transfer Learning: Develop strategies to transfer knowledge from the existing high-fidelity
simulation model to new materials and forming scenarios, with minimal extra data requirements. This includes
exploring meta-learning and few-shot learning techniques to enhance the adaptability of the model, and to reduce its
reliance on extensive and material-specific simulations.

2. Model Lightweighting and Deployment of Hardware: Investigate model compression techniques such as
pruning, quantization, and knowledge distillation to create a lighter version of the predictive network. The goal is to
enable real-time inference on low-cost and low-power embedded systems to be integrated directly into next generation
bending machines, so as to further reduce the latency and cost of hardware.

3. Multi-Physics Integration: Expand the model to incorporate thermal effects and strain-rate sensitivity for
applications involving hot forming or materials with significant thermal-mechanical coupling. This would involve
creating a unified simulation framework that co-models thermal and mechanical fields to generate training data for
more complex forming conditions.

4. Closed-Loop Real-Time Adaptation: Develop the current system into a fully adaptive closed-loop control
system that compensates based on a pre-trained model. The system could continuously learn and update its parameters
in real time based on direct laser scanning feedback. This approach would create a self-improving system capable of
adapting to material batch variations and tooling wear over the time.
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