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Abstract

The cold V-bending of Grade 4 titanium bone plates at room temperature is a critical
forming operation that must be optimized to control strain localization and springback
and to reduce the risk of surface cracking. This study proposes a combined experimental,
numerical, and artificial intelligence-based approach for the analysis and optimization of
this process. Tensile tests were first performed to characterize the mechanical behavior of
the material and to calibrate the constitutive law used in the finite element model. The
numerical model was then validated through comparison with experimental V-die bending
results. A design of experiments was subsequently applied to investigate the effects of
sheet thickness, die shoulder distance, punch radius, and punch displacement on two
key responses: equivalent plastic strain (PEEQ) and spring back. The results show that
sheet thickness and die shoulder distance are the most influential parameters. In addition,
artificial neural network models were developed to predict process responses, and Bayesian
regularization showed the best overall predictive performance among the tested ANN
training algorithms, namely Levenberg-Marquardt, Bayesian regularization, and scaled
conjugate gradient. The proposed framework provides a basis for optimizing the forming
of titanium orthopedic implants.

Keywords: Grade 4 titanium; orthopedic implants; V-bending; sheet metal forming; spring
back; equivalent plastic strain; process optimization

1. Introduction

Bending is a fundamental forming operation widely used in the automotive, aerospace,
and biomedical sectors. In orthopedic applications, the bending of titanium plates is
particularly important because the final geometry, strain distribution, and spring back
directly affect implant fit and structural integrity. However, controlling spring back, strain
hardening, and fracture during the forming of titanium sheets remains challenging, espe-
cially when thin sections and severe bending conditions are involved. Previous studies
have investigated the effects of process parameters [1-4], advanced numerical modelling
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strategies [5-9], and artificial intelligence (AI) techniques [10-13] to improve the prediction
and optimization of bending behavior. These developments are especially relevant to the
manufacturing of reliable biocompatible medical devices, where dimensional accuracy and
material integrity are critical.

Among metallic biomaterials used in orthopedic applications, commercially pure
titanium and titanium alloys are widely employed because of their favorable combination
of strength, corrosion resistance, and biocompatibility [14]. From a forming point of
view, titanium sheets are known to exhibit limited room-temperature formability and
pronounced spring back, which makes process control particularly important in bending
applications [15]. In addition, the bending response of rolled titanium sheets may be
strongly affected by anisotropy induced by rolling texture, which can influence yield
behavior, strain localization, and spring back [16].

Conventional approaches based solely on force-drop measurements are often in-
sufficient for accurately characterizing bending-induced damage, particularly in ductile
metallic sheets [1]. For this reason, alternative strategies have been developed, including
bending moment analysis, thickness evolution monitoring using digital image correla-
tion (DIC), and strain-based characterization methods [1,5,9]. Process optimization in
bending depends on several variables, such as temperature, punch speed, holding time,
tool geometry, and sheet thickness [2,3,17]. Among the resulting phenomena, spring
back remains one of the main challenges in sheet metal forming [7,18-21], especially in
biomedical applications, where the final implant shape must closely match patient-specific
anatomical requirements.

Because bending behavior depends on both material response and process condi-
tions, an interdisciplinary approach is required. The finite element method (FEM) has
become an essential tool for analyzing bending operations and is often combined with
optimization techniques such as the Taguchi method [4] and genetic algorithms [2,8]. Im-
proved predictive accuracy also depends on an appropriate description of material behav-
ior, including strain hardening, anisotropy, and tension-compression asymmetry [2,5,22].
These aspects are particularly important in the design of biomedical components,
which must satisfy both biocompatibility requirements and mechanical reliability under
service loading.

More recently, machine learning (ML) methods, particularly artificial neural networks
(ANNSs), have been used to predict spring back and assist in process optimization [9-11,13].
Such approaches are promising for the development of efficient and reliable manufacturing
routes for customized implants. In this context, the present study combines experimental
characterization, finite element modelling, and ANN-based prediction to analyze the V-
bending behavior of Grade 4 titanium bone plates. The specific objectives are to identify
the most influential process parameters, to predict equivalent plastic strain and spring back,
and to provide a framework for process optimization.

2. Material and Methods
2.1. Material

The cold bending of Grade 4 titanium bone plates, as demonstrated in Figure 1, is a
critical step in the manufacturing of orthopedic implants. In this study, particular attention
is paid to the effects of process parameters on deformation severity and spring back, as
excessive strain localization during forming may increase the risk of surface cracking. Un-
derstanding these effects is essential for improving the reliability and mechanical integrity
of bent plates intended for biomedical use. Titanium and its alloys are widely used for
orthopedic implants because of their high specific strength, low density [3], excellent corro-
sion resistance, and good biocompatibility. Furthermore, the biocompatibility of titanium
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has been proven to reduce the risk of rejection or adverse reactions, making it an ideal
choice for orthopedic applications. The chemical composition and the main mechanical
properties of the material are summarized in Tables 1 and 2, respectively.

(b)

Figure 1. Grade 4 titanium bone plate: (a) example of a bone plate used in orthopedic fixation, and

(b) crack observed after bending.

Table 1. Chemical compositions of the grade-4 CP-Ti (wt.%).

Material (@) N H Fe C Ti
CP-Ti Grade-4 0.30 0.009 0.0028 0.206 0.012 Bal.
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Table 2. Mechanical properties of commercially pure titanium.

Material E (GPa) Re (MPa) Rm (MPa) A (%) Alloy Type
CP-Ti Grade-4 104 483 550 15 o

The methodology includes three main steps. First, tensile tests were performed
to identify the mechanical behavior of Grade 4 titanium. Second, a finite element model
implemented in Abaqus ((R2026x) was calibrated and validated using bending experiments.
Third, the validated model was used to simulate the V-die bending process and to generate
the dataset required for statistical analysis and ANN-based prediction.

2.2. Tensile Test

The mechanical properties of the material were determined by quasi-static ten-
sile tests performed at room temperature. This testing was conducted using a 200 kN
MTS machine (MTS, USA, Sousse, Tunisia), in accordance with the standards set out in
ASTM E8/E8M [23]. The specimens were machined by CNC milling at a feed rate of
1500 mm/min, according to the geometry shown in Figure 2 and the dimensions listed
in Table 3.

Figure 2. Tensile specimen geometry.

Table 3. Dimensions of sub-size Specimen.

Dimension mm
G-Gauge length 25.0 £ 0.1
W-Width 6.0+ 0.1
T-Thickness 5
R-Radius of fillet, min 6
L-Overall length, min 100
A-Length of reduced section, min 32
B-Length of grip section, min 30
C-Width of grip section, approximate 10

This machining procedure reduces edge damage that may arise from thermally in-
duced cutting effects. To ensure repeatability, at least three specimens were tested for each
condition after preliminary measurements of thickness and width. In addition, tensile tests
were carried out along different rolling directions in order to assess the possible anisotropy
of the material (Figure 3). The specimen orientations were defined with respect to the
rolling direction according to the conventional 0°, 45°, and 90° configuration reported
in [24].
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Figure 3. Orientation of tensile specimens relative to the rolling direction of the sheet: 0°, 45°, and
90°. Adapted from ref. [24].

Digital image correlation (DIC) was used as a non-contact technique for strain mea-
surement. The specimen surface was first coated with a commercially available matte white
spray paint for metal surfaces in order to obtain a uniform, non-reflective background, and
was then covered with a random black speckle pattern before being mounted in the testing
machine MTS, Sousse, Tunisia (Figure 4a). The region of interest (ROI) was illuminated
using a 20 W LED source, and images were captured with an Impirex ICL-B16 camera
((Imperx, Inc., Boca Raton, FL, USA)) (Figure 4b). The recorded images were stored using
EPIXXCAP STD V3.8 software and processed with GOM Correlate software 2026 to obtain
the displacement and strain fields.

The starting material was a commercially supplied rolled Grade 4 titanium plate, from
which tensile specimens were machined along the 0°, 45°, and 90° directions relative to
the rolling direction. Although rolled titanium generally exhibits anisotropic behavior, the
tensile curves obtained in the present study (Figure 5) showed only limited directional
differences. These results therefore indicate low anisotropy in the investigated material
rather than perfectly uniform properties. On this basis, an isotropic elastoplastic model
was adopted as a first approximation for the V-die bending simulations. Nevertheless,
the possible influence of anisotropy on local stress and strain distributions should not
be neglected, and a more advanced anisotropic constitutive model may be considered in
future work to improve predictive accuracy.
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Figure 4. Tensile test: (a) tensile machine and (b) ROI for the DIC analysis.
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Figure 5. Stress-Strain Curves of Grade 4 titanium.

As illustrated in Figure 6, the DIC analysis was conducted during the tensile testing
procedure, with the utilization of two extensometers. The resulting strain data (eps LX and
eps LY) yielded an overall Poisson’s ratio of 0.33.

The elastic behavior was described by Hooke’s law, (o = Ee), with a Young’s modulus
of E = 101 GPa. The plastic behavior was represented using the Swift hardening law,
(o =K (go+ €) ™). The identified material parameters are summarized in Table 4, and the
corresponding fitted curve is shown in Figure 7. The yield stress was determined using the
conventional 0.2% offset method.
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Figure 6. Determination of Poisson’s Ratio via DIC and an extensometer.
Table 4. Swift law parameters.
Flow Stress Model Expression Material Parameters
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Figure 7. Material law and measurement for Grade 4 titanium.
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2.3. V-Die Bending Process

V-bending tests (SOFEMED, Soliman, Tunisia) were carried out on rectangular Grade
4 titanium specimens with dimensions of 150 mm x 10 mm X 6 mm and a die shoulder
distance of 100 mm. During the tests, the applied force and the corresponding displacement
were continuously recorded until specimen failure. These experiments were primarily used
to validate the material law and the numerical model under bending conditions. Minor
irregularities observed near the maximum load may be related to local yielding or material
heterogeneity and should be examined in future work.

2.4. Numerical Simulations of the Sheet Metal V-Die Bending Process

A finite element analysis was performed in Abaqus/Standard to validate the consti-
tutive law identified from the tensile tests and to simulate the subsequent V-die bending
process. A two-dimensional model of the Grade 4 titanium specimen was first developed
to reproduce the V-die bending process and to capture the through-thickness deformation
during bending (Figure 8). The material was described as an isotropic elastoplastic solid
based on the tensile characterization results, while the numerical configuration reproduced
the experimental V-die setup, including the die geometry, punch radius, die shoulder
distance, and the imposed punch displacement.

S, Mises

(Avg: 75%)
+6.837e+02
+6.267e+02
+5.698e+02
+5.128e+02
+4.558e+02
+3.988e+02
+3.419e+02
+2.84%e+02
+2.279e+02
+1.709e+02
+1.140e+02
+5.698e+01
+9.835e-06

Figure 8. Finite element model of the V-die bending process.

In this model, the sheet was defined as a deformable body, whereas the punch and
die were considered rigid tools. Geometrical symmetry was also exploited to reduce
computational cost while maintaining satisfactory numerical accuracy.

A mesh convergence study was carried out to ensure the stability and reliability
of the numerical solution. The mesh was generated using CPS4R elements, i.e., 4-node
bilinear plane stress quadrilateral elements with reduced integration. The convergence
study led to a mesh density of 120 elements along the width and 20 elements through
the thickness. This discretization provided a satisfactory compromise between numerical
accuracy and computational efficiency. The main outputs extracted from the simulations
were equivalent plastic strain (PEEQ) and springback. PEEQ was used as an indicator
of permanent deformation severity, whereas springback was used to assess dimensional
accuracy after unloading.

The effects of die shoulder distance (L), punch radius (R), punch displacement (U),
and sheet thickness (EP) on the V-bending response were investigated using a design
of experiments (DOE) framework coupled with Abaqus simulations (Figure 9). These
parameters were varied over several levels in order to quantify their influence on equivalent
plastic strain and springback and to generate the dataset used for predictive modelling and
process optimization.
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Figure 9. Design of Experiments: (a) (DOE) Methodology and (b) Parameter Definition.

3. Results
3.1. Validation of the Numerical Model

The numerical model was validated by comparing the simulated and experimental
force-displacement curves obtained from the V-die bending tests. A good agreement was
observed between the two responses (Figure 10), indicating that the adopted constitutive
law and modelling assumptions provide a satisfactory description of the material behavior
under bending conditions. This validation supports the use of the model for the subsequent

V-die bending simulations.
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Figure 10. Comparison between numerical and experimental force-displacement curves for the V-die

bending test.
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3.2. Statistical Analysis

The design of experiments reported in Table 5 was used to analyze the effects of four
input parameters on two main responses in the V-bending process: maximum equiv-
alent plastic strain (PEEQ) and spring back. An analysis of variance (ANOVA) was
then performed to identify the significant main effects and interactions and to support
process optimization.

Table 5. Values and levels of bending parameters.

Parameters Level 1 Level 2 Level 3 Level 4
EP (mm) 3 4 6 -
L (mm) 40 60 80 90
R (mm) 2 5 10 -
U (mm) 15 25 35 45

3.3. Influence of Process Parameters and Their Interactions on V-Bending Performance

The ANOVA results presented in Tables 6 and 7 indicate that the regression mod-
els for both equivalent plastic strain (PEEQ) and spring back are statistically significant
(p < 0.05). Sheet thickness (A) and die shoulder distance (B) were identified as the most
influential factors for both responses, with highly significant p-values (p < 0.0001). Punch ra-
dius (C) also affected both outputs, although its contribution was less pronounced, whereas
punch displacement (D) significantly influenced PEEQ and had a weaker but still signif-
icant effect on spring back. Several interaction terms were also found to be significant,
highlighting the importance of considering combined effects between the main process
parameters, particularly sheet thickness, die shoulder distance, punch radius, and punch
displacement, rather than only their isolated contributions. As shown by the perturbation
plots in Figure 11, thickness had the strongest influence on spring back, which decreased as
thickness increased, whereas die shoulder distance exerted the strongest effect on PEEQ.
These trends are further supported by the predicted-versus-actual plots in Figure 12, which
confirm the satisfactory predictive capability of the regression models despite some remain-
ing discrepancies. The response surface analyses in Figures 13 and 14 provide additional
insight into the effect of the process parameters: PEEQ varies moderately within the inves-
tigated parameter domain, with its main trends associated with thickness and die shoulder
distance, while spring back is markedly more sensitive to thickness.

Table 6. ANOVA for density model for PEEQ.

Source Sum of Squares df Mean Square F-Value p-Value
Model 2.02 10 0.1839 51.21 <0.0001
A-EP 0.4587 1 0.4587 127.77 <0.0001
B-L 0.9681 1 0.9681 269.64 <0.0001
CR 0.0266 1 0.0266 741 0.0074

D-U 0.2368 1 0.2368 65.96 <0.0001
AB 0.1289 1 0.1289 35.89 <0.0001
AC 0.0724 1 0.0724 20.16 <0.0001
AD 0.0594 1 0.0594 16.55 <0.0001
BC 0.0603 1 0.0603 16.81 <0.0001
BD 0.0214 1 0.0214 5.95 0.0160

CD 0.0304 1 0.0304 8.46 0.0043
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Table 7. ANOVA for density model for 6 (°).
Source Sum of Squares df Mean Square F-Value p-Value
Model 3099.61 8 387.45 60.95 <0.0001
A-EP 1783.75 1 1783.75 280.60 <0.0001
B-L 681.38 1 681.38 107.19 <0.0001
CR 59.12 1 59.12 9.30 0.0028
D-U 38.11 1 38.11 5.99 0.0156
AB 146.87 1 146.87 23.10 <0.0001
AD 40.64 1 40.64 6.39 0.0126
A? 260.35 1 260.35 40.96 <0.0001
B2 34.40 1 34.40 541 0.0215
Perturbation Perturbation
L
3 i |
5 — - o4 —
B
= 0z~ \ SRR,
) ——NN
Al Tree——_ =
T T T T T i T T T T
(a) (b)

Figure 11. The perturbation plot: (a) 8° and (b) PEEQ.
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Figure 12. Prediction Accuracy Plot: (a) for 8° and (b) for PEEQ.
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Figure 13. Response surface analyses for PEEQ combined effect: (a) EP and L; (b) EP and R; (c) EP
and U; (d) L and R.
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Figure 14. Response surface analyses for 6° Combined Effect. (a) EP and L; (b) EP and U.

In particular, increasing thickness leads to a clear reduction in spring back, whereas
increasing die shoulder distance and punch displacement also tends to reduce the spring
back angle, although to a lesser extent. The regression models therefore provide satisfactory
predictions for both PEEQ and spring back, with R? values of 0.8102 and 0.7832, respec-
tively (Table 8). The adjusted and predicted R? values remain acceptable, and the adequate
precision values indicate a useful signal-to-noise ratio for both models. The remaining
differences between predicted and observed values may be attributed to the simplified
isotropic material description, the use of a single hardening law, and the presence of non-
linear interactions that are not fully captured by the current model. Further improvements
could be achieved by incorporating anisotropic constitutive behavior, enlarging the dataset,
and exploring more advanced optimization strategies.
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Table 8. Model Performance Statistics.

Response R? Adjusted R? Predicted R? Adeq Precision
PEEQ 0.8102 0.7943 0.7604 37.1801
0(°) 0.7832 0.7703 0.7509 28.0524

3.4. Artificial Neural Networks for Prediction

Three ANN training algorithms-Levenberg-Marquardt, Bayesian regularization, and
scaled conjugate gradient, were evaluated for the prediction of spring back and PEEQ,
as summarized in Table 9. The dataset was divided into training, validation, and testing
subsets in proportions of 70%, 15%, and 15%, respectively. All networks were built with a
single hidden layer containing 10 neurons.

Table 9. Algorithm Performance.

Algorithm Output R (Train) R (Val) R (Test) MSE (Train) MSE (Val)
Levenberg-Marquardt 0° 1.000 0.996 0.995 3.8 x 1070 0.108
Bayesian regularization e° 1.000 0.997 1.000 32 x 1077 <0.001
Scaled conjugate gradient 0° 0.960 0.890 0.936 2.18 0.104
Levenberg-Marquardt PEEQ 0.969 0.862 0.823 1.3 x 107° 0.009
Bayesian regularization PEEQ 1.000 0.973 0.978 5.4 x 1077 <0.001
Scaled conjugate gradient PEEQ 0.949 0.955 0.958 1.5 x 1073 0.001

Best Traininig performance is 3.15x10-8 epoch 1000

-

[

» = [
(e ——————————

Mean Squared Error (mse)

200

In the context of spring back prediction, both the Levenberg-Marquardt and Bayesian
regularization algorithms demonstrated R-values that approached 1, thereby indicating
the rapid convergence of the mean squared error (MSE), as reflected by the network
performance curves shown in Figure 15.
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Figure 15. Training performance. (a): 8 (°); (b): PEEQ.

The scaled conjugate gradient algorithm showed lower overall predictive performance,
mainly due to its lower validation correlation values, although some error values remained
comparable for specific outputs. For PEEQ prediction, the Levenberg-Marquardt algorithm
converged rapidly during training, but its validation and test performance were less
consistent, suggesting a reduced generalization capability compared with the training
response (Figure 15b).
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However, Bayesian regularization demonstrated superior generalization with a re-
duced mean squared error (MSE) on the validation data, as evidenced by the regression
plots shown in Figure 16.
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Figure 16. Predictive accuracy. (a): 0 (°) and (b) PEEQ.
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Bayesian regularization has been shown to be an effective method of minimizing
mean square error (MSE) during training and validation phases, with results compa-
rable to those achieved by the Levenberg-Marquardt algorithm. However, it has been
observed to demonstrate enhanced stability and efficacy during the testing phase, as
evidenced by regression plots and comparisons of predicted and experimental curves
(Figure 17). In contrast, the scaled conjugate gradient algorithm has been found to be less
reliable overall.

20
15 il

10

L] 20 40 &0 &0 100 120 140 160

e rumerical 8 = § predit ; Bayesian regularization

(a)

160

—#— numerical PEEQ —g— PEE] predit - Bayesian regularization
(b)

Figure 17. Comparison between numerical results and Bayesian-regularization predictions for
(a) spring back and (b) PEEQ.

Overall, Bayesian regularization showed the best predictive performance among the
tested algorithms for both spring back and PEEQ, as illustrated in Figure 17. Within the
present experimental configuration, it provided the most favorable compromise between
prediction accuracy, generalization capability, and mean squared error. Although all three
algorithms demonstrated promising results, Bayesian regularization appeared to be the
most suitable approach for the two considered outputs. Further improvements could still
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be achieved by optimizing the network architecture, tuning the training parameters, and
enlarging the dataset.

4. Discussion

This study adopted a combined experimental, numerical, and Al-based approach to
analyze and optimize the V-bending of Grade 4 titanium plates for orthopedic applications.
The results showed that sheet thickness and die shoulder distance are the dominant pa-
rameters controlling equivalent plastic strain and spring back. The overall trends obtained
from the simulations are consistent with the mechanical characterization and with previous
studies on bending and spring back [17,18,25]. More specifically, the strong influence of
sheet thickness observed in the present study is consistent with previous investigations
showing that an increase in thickness generally reduces springback because of the associ-
ated increase in bending stiffness and the modification of the stress distribution through the
sheet thickness. The marked effect of die shoulder distance is also mechanically meaningful,
since this parameter controls the bending severity and the contact conditions between the
sheet and the tools, thereby directly affecting both strain localization and elastic recovery.
By contrast, punch radius and punch displacement showed less pronounced effects within
the investigated parameter range, which suggests that their contribution is more secondary
under the present forming conditions.

The ANN results further support the feasibility of data-driven prediction for V-bending
responses, in agreement with previous studies reporting the usefulness of neural-network-
based approaches for springback estimation and process optimization [9,10,13]. Among
the tested algorithms, Bayesian regularization showed the best overall predictive perfor-
mance, suggesting that it is a promising approach for predicting springback and PEEQ
from the main process parameters, namely sheet thickness, die shoulder distance, punch
radius, and punch displacement. In addition to the dominant effects of sheet thickness
and die shoulder distance, punch radius and punch displacement also influenced spring-
back and plastic strain, although their contributions were less pronounced, which is con-
sistent with previous studies emphasizing the role of tool geometry and process con-
ditions in bending operations [2,10,13,19]. Nevertheless, the remaining discrepancies
between numerical and predicted results indicate that further improvements could be
achieved by incorporating anisotropic constitutive behavior and enlarging the dataset used
for training.

5. Conclusions

This study demonstrated that a combined experimental, numerical, and ANN-based
methodology can be used to analyze the V-bending behavior of Grade 4 titanium plates
for orthopedic applications. Among the investigated parameters, sheet thickness and die
shoulder distance were found to have the strongest influence on equivalent plastic strain
and spring back. The proposed framework therefore provides a useful basis for process
optimization in titanium plate forming, since sheet thickness and die shoulder distance
were identified as the most influential parameters controlling springback and equivalent
plastic strain, whereas punch radius and punch displacement showed less pronounced
effects within the investigated range. However, further work is still required to improve the
constitutive description of the material and to strengthen the predictive validation of the
ANN models before extending the approach to direct crack-risk assessment and implant
manufacturing optimization.
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