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Summary 

This study examines springback in mild-steel sheet air V-bending through an integrated 
experimental-numerical-data-driven framework aimed at practical bend design and tool 
compensation. Bending tests were performed using a modular die set while systematically 
varying sheet thickness, punch radius, and target bending angle, and repeated measurements 
were used to ensure reliable springback evaluation. The experimental trends were cross-
checked with nonlinear finite element simulations in MSC Marc Mentat®, providing a physics-
based reference and confirming that the selected parameters govern the springback response 
over the investigated range. To enable fast prediction without repeated simulations, a 
feedforward artificial neural network (ANN) was trained on 106 experimental cases to map the 
forming parameters to springback. Because conventional ANN training can be sensitive to 
random initialisation and can become trapped in local minima, a genetic algorithm (GA) was 
employed to optimise the initial weights and biases prior to gradient-based learning. Compared 
with a standard ANN, the GA-optimised ANN delivered more stable convergence and 
improved generalisation, increasing test accuracy (R² from 0.833 to 0.875) and reducing the 
mean absolute error from 0.195° to 0.075° (61.5% improvement). Overall, the proposed hybrid 
approach combines experimental reliability, FEM validation, and GA-enhanced learning to 
provide an efficient and robust springback prediction tool for sheet-metal forming applications. 

Key words: air V-bending; springback; artificial neural network; genetic algorithm; cold 
forming; finite element analysis  

1. Introduction 
A review of industrial manufacturing practices indicates that cold sheet metal forming 

remains one of the dominant production routes for mechanical components. Mild steel sheets 
are widely used in household appliances, automotive manufacturing, and electronic goods due 
to their favourable mechanical behaviour and good formability [1–2]. In these applications, 
tight dimensional tolerances require high geometric accuracy during forming. In practice, 
bending dies often undergo repeated adjustments to obtain the target geometry, which can 
increase cycle time, labour demand, and production cost [2]. Common bending operations 
include V-bending, U-bending, edge bending, and air bending. Inamdar et al. [3] investigated 
springback in air V-bending for five sheet materials. Their statistical analysis showed that the 
die-opening-to-thickness ratio and the bending angle have a strong influence on springback. 
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Although fewer in number, analytical studies have also clarified key mechanisms. The 
reported results indicate that bending curvature and die-punch geometry significantly influence 
elastic recovery after unloading [4]. Leu and Zhuang [5] proposed an empirical model for high-
strength steel sheets incorporating thickness ratio, a strain hardening exponent, and anisotropy 
via Hill’s anisotropic plasticity theory, and obtained reasonable agreement with experiments. 
Additional work has examined punch radius and sheet thickness effects in free V-bending. Hai 
et al. [6] bent SS400 specimens at 90°, 123.5°, and 150° with a 42 mm punch radius and 
observed increased springback with increasing bend angle. Asnafi [7] studied thick stainless-
steel sheets (7.9–31.3 mm) and developed an analytical model predicting a springback angle 
together with an inner radius and minimum die width before unloading; despite some 
deviations, overall agreement was satisfactory. 

Streppel et al. [8] reported that analytical models can lose validity under industrial 
conditions, especially with small punch radii and large die openings. Such models may still 
support process planning, yet they often neglect influential factors including die geometry 
details, yield behaviour, and the Bauschinger effect [9]. These inherent limitations of closed-
form analytical approaches motivated the adoption of numerically based methods capable of 
resolving complex contact conditions and nonlinear material responses. With improved 
computational resources, the Finite Element Method (FEM) has therefore been widely adopted 
for springback analysis [10–14]. FEM provides detailed predictions but typically requires 
advanced constitutive input and notable computational time, limiting its usefulness for rapid 
design iterations. Tekiner [10] performed extensive experiments using modular air V-bending 
dies across different materials and geometries (about 1000 tests per configuration) and 
quantified the effects of dwell time, punch depth, and die geometry; longer contact times 
reduced springback. 

Other studies have highlighted rolling direction, heat treatment, and tool geometry effects. 
Badr et al. [14] reported substantially lower springback in rolled Ti-6Al-4V sheets than in 
unrolled ones. V-bending tests on 1.2 mm SCGADUB1180 steel showed minimum springback 
at small punch radii and high bending angles, and maximum values at low bending angles with 
larger punch radii; alignment with the rolling direction improved bendability and reduced 
springback [15]. Rolling speed and heat treatment also significantly influence springback [16–
18]. Although FEM addresses the deficiencies of analytical models, its computational cost and 
sensitivity to constitutive assumptions restrict its direct use in iterative process design. These 
constraints have therefore driven interest in faster, data-driven surrogate methods. As data-
driven strategies have expanded, artificial intelligence methods have been explored as 
alternatives. 

Artificial Neural Networks (ANNs) are attractive for springback prediction because they 
can learn nonlinear relations among material behaviour, tool geometry, and process parameters. 
Conventional backpropagation-based ANNs have provided reliable estimates in air V-bending 
when trained with sufficiently representative datasets [19]. Training set composition is critical, 
and improved performance has been reported for networks trained on thinner sheets, 
particularly 2 mm data [20]. Experimental studies varying thickness, die opening, and holding 
time reported ANN models outperforming Multiple Linear Regression under interacting 
conditions [21]. However, classical architectures can suffer from overfitting and local 
convergence issues [22–23]. Hybrid ANN approaches using evolutionary optimisation have 
been introduced, and GA-assisted ANN models have improved convergence and robustness for 
anisotropic steels and plate bending applications [24–25]. More recent research has integrated 
FEM-generated datasets and advanced machine-learning frameworks to capture complex 
geometric-mechanical interactions [26]. Experimental evidence also supports the combined 
effects of multiple forming parameters in nonlinear modelling approaches [27-28].  

32 TRANSACTIONS OF FAMENA L-3 (2026)



A Hybrid FEM-GA-ANN Model for Springback Prediction  K. Yaman, Z. Tekiner 
in Air V-Bending of AISI Steel 

Taken together, these findings indicate a clear progression in springback modelling, 
where analytical approaches provide physical insight, FEM ensures geometric and constitutive 
fidelity, and ANN-based methods improve computational efficiency, although each method 
presents limitations when applied independently, encouraging the development of integrated 
frameworks. The present study proposes an integrated framework combining experiments, 
FEM, and a GA-optimised ANN (GA-ANN) to predict springback in air V-bending of mild 
steel sheets. Since FEM accuracy depends on constitutive assumptions and given that 
conventional ANN training is prone to local convergence issues [29–31], GA-based 
optimisation is employed to enhance learning stability and reduce prediction variability [32–
33]. Unlike approaches that treat these tools separately, this study exploits their 
complementarity within a unified scheme, improving generalisation against nonlinear coupling 
among thickness, tool geometry, and loading conditions [34], and offering a practical route for 
reducing springback-related deviations in industrial forming. 

The key contribution of this study is the integration of experimentally validated FEM data 
with a GA-optimised ANN, where GA improves not only training speed but also model stability 
by reducing the sensitivity to random weight initialisation, a limitation commonly overlooked 
in conventional ANN-based springback studies. 

2. Air V-bending  
In air bending, the sheet metal part is supported by the edges of the mould located below. 

This support method plays a critical role in ensuring that the sheet metal part reaches the desired 
form. The downward movement of the punch according to the die distance creates the bending 
effect on the sheet material. This bending effect results in the punch creating the necessary 
bending angle by applying pressure. As seen in Fig. 1, Rp is the punch radius, Rd is the die 
radius, θ is the bending angle, and θ΄ is the angle measured after springback. Although the air 
bending process is similar to V-bending in terms of the shape the sheet metal part takes, it has 
some important differences. In particular, the edges of the sheet metal part are free at the 
beginning and end of the bending process. This freedom allows the sheet metal to move without 
experiencing any compression or deformation while coming to the desired form. The air 
bending process is particularly useful in obtaining complex shapes. The free edges of the sheet 
metal provide more flexibility and control during the bending process [1]. 

 

Fig. 1  Nomenclature of air V-bending [11, 23] 

Correct alignment of the die and punch is critical to the success of the bending process. 
Misalignment can cause the sheet metal to deviate from the desired form or cause unexpected 
deformations. Therefore, careful adjustment of the die and punch is necessary during the 
bending process. These adjustments determine how the sheet metal will move during the 
bending process and its final form. [1, 11, 23]. 

In air bending dies, a linear bending profile is not observed at the initial stage of 
deformation. As illustrated in Fig. 2, the punch forms a curved, non-linear bending shape over 
the freely supported sheet due to material response. Linearity begins to appear only after the 
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deformation progresses toward the die shoulders [1]. More specifically, free bending produces 
a non-linear curvature because the punch pressure is concentrated in the central region, while 
the sheet edges remain unsupported. This causes greater deformation beneath the punch and a 
gradual decrease toward the edges. The process starts with elastic deformation at the punch-
sheet contact zone and transitions into plastic deformation; however, the deformation is not 
uniformly distributed along the punch width. 

 

Fig. 2  Sheet sections formed in air V-bending [1] 

As the material approaches the die edges, the applied force diminishes, leading to a more 
uniform stress state and a nearly linear bending profile in these regions. Material properties 
such as thickness, hardness, and elastic-plastic behaviour also influence this curvature 
formation. Consequently, while the centre exhibits a pronounced non-linear bending curve due 
to varying stress and deformation distribution, the bending shape becomes more stable and 
linear near the die edges [1]. 

3. Experimental work 
In the bending experiments, rectangular specimens with dimensions of 60 × 20 mm were 

used. These dimensions were selected to ensure adequate bending moment development and 
reliable springback measurement while minimising edge effects and maintaining geometric 
stability. DKP (DC01, EN 10130 – AISI 1010) mild steel sheets with thicknesses of 1, 2, 3, and 
4 mm were bent at bending angles of 15°, 30°, 45°, 60°, 75°, 90°, and 120°. Although three 
bending radii were employed for each thickness, these radii were not constant; instead, they 
were selected in proportion to sheet thickness to maintain comparable R/t ratios and ensure 
consistent deformation behaviour (e.g., for t = 4 mm, R = 4, 6, and 8 mm). All sheets were used 
in their as-received cold-rolled condition, and specimens were cut from the same batch and 
aligned parallel to the rolling direction to ensure material consistency. The tensile tests for the 
witness specimen, produced from the same batch and bearing the same serial number as the 
bending samples, were carried out using an H300KU Tinius Olsen tensile testing machine in 
accordance with the ASTM E8-M standard. These tests provided the essential mechanical 
properties of the material, including the modulus of elasticity, the yield strength, and the 
ultimate tensile strength. The geometric dimensions of the dog-bone specimen and the stress-
strain curve obtained from the tensile test are shown in Fig. 3. Predicting the exact variation of 
springback is challenging due to the many interacting material and process parameters. 
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Fig. 3  Stress-strain curve of the DKP steel specimen and the ASTM E8-M tensile specimen geometry 

Factors such as heat treatment and rolling direction influence the reproducibility of the 
tensile test results, even when the tests are conducted under identical conditions. For this reason, 
all specimens were prepared in the same drawing direction and taken from the same production 
batch to maintain consistency throughout the experiments. 

 

Fig. 4  True stress-plastic strain graph of DKP steel material  

The bending process was carried out numerically with the MSC Marc Mentat® analysis 
programme. In order to define the material, three tensile tests were performed on the samples 
at standard values and the stress-strain graph for DKP steel shown in Fig. 4 was obtained 
according to the average values obtained. The values in Table 1 were used as analysis input 
data to define the material. In the numerical model, the material was represented using an 
isotropic elastic-plastic model with bilinear hardening. This approach is appropriate for DKP 
(DC01) mild steel, as its low anisotropy and limited Bauschinger effect allow uniaxial tensile 
data to capture the dominant plastic response. The elastic properties (E = 200 GPa, ν = 0.3) 
were taken from the experimental data, and the plastic region was modelled using the true 
stress-strain curve derived from the same tensile test batch. This curve was defined in the MSC 
Marc Mentat software as a user-input material table to ensure accurate representation of the 
nonlinear deformation behaviour during bending and springback. 

Table 1  Physical properties of DKP steel used in numerical analysis 

Modulus of 
Elasticity (E) 

Poisson 
ratio (v) 

Density (ρ) Yield 
stress (σy) 

Ultimate tensile 
strength (σUTS) 

Tangent 
modulus (Et) 

Strain hardening 
exponent (n) 

200 GPa 0.3 7.8 g/cm3 256 MPa 424 MPa 5 GPa 0.18 

To support the numerical analysis, the plastic behaviour of the DKP steel was modelled using 
a bilinear isotropic hardening law. The material model includes an initial elastic region followed 
by a linear hardening region. This relationship can be expressed as: 
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where E=200 GPa is the Young’s modulus, σy=250 MPa is the yield strength, Et=5 GPa is the 
tangent modulus determined from the slope of the true stress-strain curve beyond yielding, and 
εy (σy/E) is the yield strain. This equation was used in cases where the full stress-strain curve 
was approximated analytically. It complements the user-defined material curve provided in Fig. 
4 and improves the interpretation of the numerical simulation results. In the finite element 
simulations, a Coulomb friction model was also used to describe the contact between the punch, 
die, and the sheet metal surfaces, with a constant coefficient of friction for dry contact 
conditions.  

Table 2  Mesh convergence analysis values 

Mesh level Number of elements Predicted Δθ (deg) Difference (%) 
Coarse 768 1.842 - 

Medium 1024 1.791 2.77 

Fine 1536 1.768 1.28 

In the finite element model, the sheet was discretised using 1024 quadrilateral four-node 
shell elements with an average in-plane element size of 0.8 mm in the bending zone and 1.5 mm 
in far-field regions. Mesh refinement was concentrated at the punch contact area to accurately 
capture stress gradients governing springback. A convergence study comparing 768, 1024, and 
1536 elements confirmed that further refinement beyond 1024 elements yields springback angle 
differences below 1.2%, validating the selected mesh density as both accurate and 
computationally efficient (Table 2). Contact between the punch, die, and sheet was modelled 
using a Coulomb friction formulation. A friction coefficient of μ = 0.125 was adopted, 
consistent with values reported in the literature [11, 12, 26] for dry steel-on-tool contact in sheet 
metal bending operations. Material behaviour was introduced through experimentally derived 
true stress-plastic strain data together with a bilinear isotropic hardening law. A large 
deformation implicit analysis was carried out in MSC Marc Mentat, and automatic contact 
stabilisation enhanced convergence during loading and unloading. Boundary conditions 
replicated the experimental setup, with the die fully constrained and the punch driven by a 
prescribed displacement. This modelling strategy provided a realistic representation of 
deformation and enabled close agreement between simulated and experimental springback 
values, and a mesh-independence check showed Δθ differences below 2%. 

Mould dimensions were determined based on experimental approaches reported in the 
literature. The mould was manufactured using CNC milling, 4-axis wire EDM, and 
conventional machining equipment, with wire EDM ensuring high dimensional precision of the 
modular components. Bending tests were conducted on a double-acting hydraulic press. 
Springback angles were measured after each test using an optical projection device (±0.1° 
resolution, ±0.05° repeatability) and used in all subsequent analyses. No dwell time was 
applied; the punch was retracted immediately after reaching the target displacement. 

4. Results and discussion  
This section presents a comparative evaluation of the experimental and numerical results 

obtained from air V-bending tests performed on 1 mm thick sheet metal. Springback behaviour 
is analysed under varying bending angles and punch radii using both experimental 
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measurements and finite element method (FEM) simulations. The results highlight the 
relationship between bending parameters and residual deformation and aim to validate the 
accuracy of the FEM model through consistent trends and deviations observed at critical angles. 
When the graphs are investigated, the numerical analysis and experimental springback values 
are presented comparatively in Figs. 5 and 8. Figure 5 demonstrates close agreement between 
the experimental and FEM bending results for the 1 mm sheet.  

In general, the variation of springback increases with the increasing bending angle, while 
the experimental measurements exhibit a low dispersion, with a standard deviation of 
approximately 5%. For example, for a nominal bending angle of 15°, the experimentally 
measured final angle after unloading was 17.58°, whereas the finite element analysis (FEA) 
predicted a value of 18.07°. Accordingly, the springback variations (Δθ = θfinal − θnominal) were 
2.58° for the experimental case and 3.07° for the numerical model (Fig. 6). 

 

Fig. 5  Experimental-FEM comparison of air V-bending for 1 mm DKP sheet 

At a bending angle of 120°, the experimentally measured final angle increased to 125.85°, 
while the FEA prediction was 127.68°. Thus, the corresponding springback magnitudes 
increased to 5.85° (experimental) and 7.68° (numerical).  

 

Fig. 6  FEM springback (stress) for a 1 mm sheet at (a) 30°, (b) 60°, and (c) 90° (R = 1–3 mm) 
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This comparison clearly shows that both the experiment and the numerical models exhibit 
a consistent trend in which springback increases with the increasing bending angle, a behaviour 
that becomes more pronounced as the punch penetration depth increases due to the higher strain 
accumulation in the sheet. It is evident that the springback (measured angle) increases with the 
bending angle, as illustrated in Fig. 5. For the sake of brevity, only the FEM results corresponding 
to bending angles of 30°, 60°, and 90° are presented in this section. Figures 6a–6c show that 
although the magnitude of plastic deformation decreases at larger bending angles due to shallower 
punch penetration, the springback variation increases as the elastic moment arm becomes longer. 

When the Von Mises stress values under constant sheet thickness and punch radius are 
examined, it can be seen that increasing the nominal bending angle leads to a shallower punch 
penetration, causing the plastic strain to decrease and the stress distribution to spread over a 
wider region with reduced intensity. Although lower plastic deformation results in lower peak 
stress levels, the variation of springback increases because the effective bending arm becomes 
longer and elastic recovery becomes more dominant at larger bend angles. Figure 7 presents the 
equivalent Von Mises stress distribution for the 1 mm thick sheet bent with a 1 mm punch 
radius, illustrating these variations in detail. 

When the bending results of the 1 mm thick sample with a punch radius of 2 mm were 
examined, springback increased as the bending angle increased compared to the bending results 
with a punch radius of 1 mm, while the experimental measurements exhibited a standard 
deviation of approximately 5%, indicating acceptable repeatability. However, an increase in 
springback values was observed as the punch radius increased (Fig. 8).  

 

Fig. 7  Von Mises stress distribution of the semi-model at 90° bending (1-mm DKP, Rₚ = 1 mm) 

 
Fig. 8  Experimental-FEM comparison of air V-bending for t = 1 mm sheets with (a) R = 2 and (b) R = 3 
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Figures 8a and 8b show that the experimental and FEM springback results follow a similar 
overall trend; however, deviations become more pronounced at bending angles of 45° and 120°. 
At 45°, the elastic-plastic transition zone is highly sensitive, and local material anisotropy or 
minor experimental misalignments may contribute to the observed differences. At wider 
bending angles such as 120°, it is considered that since the material undergoes less plastic 
deformation, the springback becomes more dependent on elastic recovery, and it is presumed 
that this situation is more affected by assumptions such as friction, boundary conditions, and 
mesh density used in the FEM model. In addition, in the finite element analyses, an idealised 
isotropic hardening behaviour was adopted together with a constant Coulomb friction 
coefficient (μ = 0.125). Although this approach is sufficient to reflect the overall behaviour, it 
may not fully capture the local variations corresponding to extreme bending angles. 
Nevertheless, the FEM results show that springback increases with the bending angle and punch 
radius, thereby demonstrating the consistency of the numerical model with experimental 
observations. Figure 9 illustrates the finite element analysis (FEA) results of plastic strain 
distribution for 1 mm thick sheet metal during air V-bending at bending angles of (a) 30°, (b) 
60°, and (c) 90°, using punch radii of 1 mm, 2 mm, and 3 mm. The colour scale, ranging from 
red to blue, represents the magnitude of equivalent plastic strain. 

 

Fig. 9  FEM springback (strain) for a 1 mm sheet at (a) 30°, (b) 60°, and (c) 90° (R = 1–3 mm) 

As the bending angle increases, the plastic strain spreads over a larger area, indicating 
greater material deformation at wider angles. Additionally, increasing the punch radius results 
in a more uniform strain distribution with a reduction in peak plastic strain values at the bend 
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apex. This suggests that larger punch radii reduce stress concentration and promote a smoother 
deformation process.  

  

Fig. 10  Experimental comparison of the air V-bending process for (a) 1 mm, (b) 2 mm, (c) 3 mm and (d) 4 mm 
thick DKP sheet under variable punch radii 

These results are crucial for understanding and predicting springback behaviour in sheet 
metal forming and can guide the selection of optimal tool geometry to minimise dimensional 
inaccuracies. Consistent with previous studies [3, 5–21], the present results show that increasing 
sheet thickness reduces springback because a larger proportion of the cross-section undergoes 
plastic deformation during bending. Figure 10 demonstrates an approximately linear increase 
in springback with an increasing bending radius for a given sheet thickness. While springback 
increases as the bending angle increases, the lengths of the column bars gradually shorten from 
Fig. 10a to Fig. 10d in the graphs. Therefore, as the sample thickness increases, the springback 
values also decrease.  

 

Fig. 11  Experimental comparison of the air V-bending process for constant (a) R=2 mm, (b) R=3 mm and (c) 
R=4 mm sample punch radius under variable (1, 2 and 3 mm) sheet thickness 

Figure 11 presents the experimental comparison of springback variations (Δθ°) during the 
air V-bending process for different sheet thicknesses (t = 1, 2, 3, and 4 mm) at constant punch 
radii: (a) R = 2 mm, (b) R = 3 mm, and (c) R = 4 mm. In general, the variation of springback 
increases with the bending angle, indicating that materials tend to exhibit more elastic recovery 
at greater angles. Additionally, an inverse relationship is observed between sheet thickness and 
springback, where thicker sheets demonstrate lower springback values due to their reduced 
elastic recovery capacity. For R = 2 mm (a), the highest springback is observed in the t = 1 mm 
thick sample. In the cases of R = 3 mm and R = 4 mm (b and c), the maximum springback 
typically occurs in thinner sheets, particularly those with t = 1 or 2 mm. These findings reveal 
that springback behaviour is highly sensitive to both sheet thickness and punch radii, 
emphasising the importance of optimising these parameters in precision sheet metal forming 
processes. 
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In the present study, the nominal bending angle refers to the target opening angle after 
unloading. Therefore, smaller bending angles (e.g., 15°) require much deeper punch penetration 
and generate higher plastic strain, whereas larger angles (e.g., 120°) are achieved with shallower 
punch displacement and lower plastic deformation. Despite this reduction in plastic strain at 
larger bending angles, the observed springback increases because the effective bending arm 
becomes longer and the geometric constraint diminishes, leading to higher residual bending 
moments during unloading. This geometric effect dominates over the reduction in plastic strain 
and explains why springback increases with the bending angle without contradicting the 
mechanics of the V-bending process. 

The Finite Element Method is widely used to simulate complex bending processes and 
gives successful results in predicting deformation behaviour [14]. One of the most important 
factors affecting the accuracy of this method is the number and type of mesh used in the model. 
A higher number of mesh elements increases the precision by allowing the geometry to be 
divided into smaller parts, which improves the level of detail in the analysis. However, finer 
mesh structures increase the computational time significantly, even when a half-model is used 
to reduce the processing load (see Section 4, Fig. 7). The comparison between the experimental 
and FEM results shows strong overall agreement, with a Mean Absolute Error of 0.49° and an 
RMSE of 0.72°, both calculated directly from the full experimental-FEM dataset evaluated in 
this study. These low error levels confirm that the numerical model captures springback 
behaviour with high accuracy across a wide range of bending conditions. Although some local 
differences appear at both low and high bending angles when small punch radii are used, the 
FEM predictions remain consistent with the experimental trend. Therefore, selecting the 
appropriate mesh size and structure is critical for achieving reliable results. These error metrics 
demonstrate that the FEM model provides reliable and quantitatively validated predictions of 
springback across the investigated parameter range. This confirms that FEM provides a 
trustworthy mathematical approach for estimating deformation and springback behaviour in 
sheet bending processes.  

In addition to FEM, artificial neural networks have also been recognised in the literature 
as effective tools for predicting springback and other bending parameters [19–23, 24, 26–27]. 
When properly trained, these models can provide fast and accurate predictions, and they are 
suitable for use in production environments. In the following section, the artificial neural 
network model developed in this work will be introduced and its performance is compared with 
the experimental results.  

5. ANN prediction model 
ANN has become an important tool in solving engineering problems that are difficult to 

predict in advance, especially springback, thanks to its ability to analyse complex datasets. 
Estimating intermediate values that cannot be obtained with traditional methods but are of 
critical importance has become feasible due to the modelling capabilities offered by ANN. In 
this study, a network architecture consisting of three inputs, two hidden layers with five 
neurons, and one output layer was used within the Artificial Neural Networks (ANN) 
framework to estimate springback variations (Fig. 12). 
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Fig. 12  Artificial Neural Networks (ANN) architecture used in the study 

While the logarithmic sigmoid function was applied between the input and hidden layers, 
the Purelin function was used in the output layer. In the artificial neural network (ANN) model 
developed here, the logsig activation function was employed to capture nonlinear patterns 
between the inputs and hidden layers, while the Purelin (linear) function was utilised in the 
output to produce continuous numerical predictions. The logsig function maps input values into 
a bounded interval, enabling the network to represent nonlinear dependencies inherent in 
springback behaviour. It is defined mathematically as: 

1

1
( ) xf x

e�
�



.  (2) 

This function is particularly useful in hidden layers as it introduces nonlinearity, allowing the 
network to approximate a wide range of nonlinear functions. On the other hand, the Purelin 
function is a linear activation function defined as: 

( )f x x� . (3) 

This is commonly adopted in regression neural networks where a continuous output is 
required rather than a categorical one. The combined use of nonlinear activation in the hidden 
layers and a linear function at the output enables the ANN to represent input-springback 
interactions consistently. During training, the network weights were updated according to the 
error magnitude so that predicted values gradually converged toward their targets. A total of 
106 experimental measurements were used as the dataset. A 70-15-15 split was adopted for 
training, testing, and validation, respectively, to maximise the number of samples available for 
weight optimisation while retaining independent subsets for validation and final performance 
evaluation — a partitioning strategy widely applied in small-to-medium engineering datasets 
[20, 27]. It should be noted that 106 samples are relatively limited for a three-input ANN 
spanning four thickness levels, seven bending angles, and three punch radii, which yields 84 
unique parameter combinations and an average of only ~1.26 samples per combination. This 
constraint is reflected in the higher deviations observed at small bending angles, where the 
elastic-plastic boundary is most sensitive. Expanding the dataset through targeted sampling at 
underrepresented parameter combinations would substantially improve prediction stability and 
generalisation. Furthermore, the adoption of k-fold cross-validation in future work would 
provide a more robust assessment of model generalisation, particularly given the limited 
dataset size. The comparison of actual and predicted values obtained during training is 
presented in Fig. 13. 
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Fig. 13  ANN training validation graph: experimental (○), training (□), test (×), and validation ( ) data 

All calculations and the system architecture related to the ANN model were carried out 
using the artificial neural networks module of MATLAB® software. The correlation coefficients 
obtained from the training process are presented in Fig. 14. The correlation between the predicted 
outputs and the target values is indicated by the regression results. In the regression graphs 
below, the network responses for the training, validation, and test sets can be compared with 
their corresponding targets. Accordingly, Fig. 14a illustrates the regression analysis of the 
training data; Fig. 14b shows the regression analysis for the validation set; Fig. 14c displays the 
regression analysis for the test data; and Fig. 14d provides the overall regression curve for the 
proposed ANN. The correlation coefficients were calculated as 0.94116 for training, 0.93352 for 
validation, 0.87525 for testing, and 0.93107 for the entire dataset. Since all correlation values 
are close to 1, they confirm a strong relationship between the predicted outputs and the actual 
values. As a result, the artificial neural network model was able to capture the relationship 
between the input parameters and the output parameter. In this paper, deviation values (%) were 
determined using the relative error (RE) method [27] to evaluate the ANN performance. 

 

Fig. 14  Correlation coefficients of training series 
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Fig. 15  Mean Square Error (MSE) of the ANN model 

During network training, the weights were updated until the error value reached 
1.12×10−1. The figure shows the evolution of error performance during the training phase. As 
seen in Fig. 15, the model converged after six iterations, at which point the error metric reached 
its optimal value. In comparing the present ANN predictions with previously collected 
experimental results, very close numerical values were obtained. This indicates that the ANN 
was able to represent the experimental data with sufficient accuracy. When Fig. 16 is examined, 
deviations appear at the initial bending angles of 15° and 30° (yet remain within ±15% across 
all test samples), whereas at 45°, 60°, 90°, and 120°, the ANN results closely match the 
experimental measurements. Increasing the number of samples is essential for producing more 
stable and convergent ANN predictions. As reflected in the graph, it can be anticipated that 
deviation values will approach the horizontal axis and move toward zero as the sample size 
increases.  

 

Fig. 16  Comparison of experimental results vs ANN results for t=1@R=1 

Figures 17a–17m present the variation in springback as a function of bending angle for 
different combinations of sheet thickness (t = 1–4 mm) and punch radius (R = 1–8 mm). Each 
subfigure provides a comparative view of the experimental measurements together with the 
predictions obtained from the FEM and ANN models. Across all conditions, a consistent trend 
is observed in which springback increases as the bending angle becomes larger. This behaviour 
agrees with established expectations, since higher bending angles are generally associated with 
greater elastic recovery resulting from accumulated strain within the material. 
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Fig. 17  Experimental, FEM, and ANN comparisons for t = 1–4 mm sheets under three bending radii 

For thinner sheets (e.g., t = 1 mm; Fig. 17a–17c), FEM tends to slightly overestimate 
springback at higher bending angles, whereas ANN predictions often remain closer to the 
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experimental data. As sheet thickness increases (t = 2–4 mm), the ANN model generally 
continues to reflect the experimental trend, although noticeable deviations appear when larger 
punch radii are considered (Fig. 17j–17l). These differences may arise from nonlinear 
deformation behaviour or complex strain distributions that are more difficult to capture 
accurately using data-driven methods alone. The ANN model produces relatively smooth 
prediction curves and demonstrates good generalisation capability across the full bending 
range. Nevertheless, small underestimations can be observed at lower angles in specific cases 
(e.g., Fig. 17g and 17h), which could be reduced by expanding the training dataset with 
additional localised measurements. 

FEM results show good consistency with experiments at intermediate angles but may 
diverge under more extreme bending conditions. Overall, the ANN and FEM approaches 
complement one another and, when combined with experimental observations, they provide a 
balanced and effective framework for estimating springback in sheet metal forming 
applications. 

6. Hybrid GA-ANN model for optimised springback prediction 
Artificial Neural Networks have become an effective tool for modelling complex physical 

behaviour, particularly springback in sheet metal forming. However, classical ANN models 
trained with backpropagation may converge to local minima because of random weight 
initialisation, which weakens generalisation on unseen data. To overcome this limitation, a 
Genetic Algorithm (GA) was integrated into the ANN framework, creating a hybrid GA-ANN 
model. 

Genetic Algorithms are evolutionary optimisation techniques capable of locating global 
optima in multidimensional nonlinear search spaces. In this study, GA was used to optimise the 
ANN weight and bias parameters rather than relying solely on gradient-based learning. By 
exploring the solution space broadly, GA determined more suitable initial conditions for ANN 
training and contributed to reducing the Mean Squared Error (MSE). Each individual in the GA 
population represented a complete weight-bias vector, and the MSE from ANN predictions 
served as the fitness function. The population evolved through crossover, mutation, and 
selection operations, with parameters (population size, mutation rate, number of generations) 
determined experimentally to achieve stable convergence. 

In this hybrid framework, GA does not analyse the dataset directly. Instead, it functions 
as an evolutionary optimiser that determines the initial weight and bias configuration of the 
ANN. The GA hyperparameters (population = 50, mutation rate = 0.05, crossover rate = 0.8, 
generations = 100) were selected through preliminary sensitivity trials as the combination 
yielding stable MSE convergence at acceptable computational cost, consistent with comparable 
GA-ANN studies [27, 32]. A mutation rate of 0.05 was used to preserve diversity in the 
population, while a crossover rate of 0.8 facilitated an effective recombination of candidate 
solutions. Tournament selection was adopted as the selection strategy due to its stable 
convergence behaviour. The optimisation was carried out for 100 generations, after which no 
further reduction in MSE was observed. The optimal individual obtained at the end of this 
evolutionary process was then used to initialise the ANN weights and biases, enhancing 
network stability and improving prediction accuracy. 

The Hybrid Genetic Algorithm-Artificial Neural Network (GA-ANN) model therefore 
combines the global search capability of GA with the nonlinear learning capacity of ANN. The 
ANN architecture used in this study is a feedforward network consisting of three input 
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parameters (x₁, x₂, x₃), two hidden layers, and a single output neuron. The general mathematical 
representation of the model is given as follows [28]: 

� � � � � � � �2 1 1 2
output hidden

1 1

ˆ
h inn n

j ji i j
j i

y f w f w x b b
� �

� �� �
� 
 
� �� �� ��

� ��
�

�
� � ,  (4) 

where xᵢ denotes the input parameters (sheet thickness, bending angle, and punch radius), ωᵢⱼ⁽¹⁾ 
and bⱼ⁽¹⁾ are the weights and biases of the hidden layers, ωⱼ⁽²⁾ and b⁽²⁾ are the weights and biases 
of the output layer, fhidden and foutput refer to the log-sigmoid and linear (Purelin) activation 
functions, respectively, and ŷ is the predicted springback amount. 
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The GA optimisation process aims to determine the optimal weights and bias values that 
minimise the Mean Squared Error (MSE), as defined by the above equation (5) [30]. Each GA 
individual (chromosome) represents a candidate weight-bias vector [30]: 

� � � � � � � �1 1 2 1, , , K w b w b� �� � � .  (6)  

The fitness of each individual is evaluated based on the defined error function. The 
genetic algorithm (GA) proceeds through several evolutionary steps, including selection, where 
the most suitable individuals are chosen for the next generation, using methods such as roulette 
wheel or tournament selection; crossover, in which new individuals are produced by combining 
genetic information from selected pairs; and mutation, where small random alterations are 
introduced to maintain diversity within the population. The optimal individual K*, identified at 
the end of this evolutionary process, is assigned as the initial configuration for the ANN model. 
The prediction phase is then performed using these optimised parameters, resulting in more 
accurate and reliable estimations with reduced error. 

The model performance was evaluated in comparison with the conventional ANN 
approach, and it was observed that the GA-ANN model outperformed the standard ANN in 
both training and test datasets by achieving higher correlation coefficients (R²) and lower MSE 
values. These findings indicate that GA-based optimisation not only enhances the predictive 
accuracy but also improves the structural stability of the ANN model. The results obtained 
(Table 3) demonstrate that the proposed hybrid model provides a reliable and optimised 
approach, achieving an MAE of 0.075° and MSE of 0.011 compared to 0.195° and 0.059 for 
the conventional ANN, representing a 61.5% reduction in MAE and a five-fold improvement 
in MSE. The corresponding comparative performance metrics are detailed in Table 4, while the 
prediction accuracy is illustrated graphically in Fig. 18. These metrics were calculated based 
on the full test set of 14 samples (~15% of 106 total measurements). Table 3 presents 14 
representative samples selected to illustrate the range of prediction accuracy; the complete test 
set results are consistent with the reported aggregate metrics. 
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Table 3  GA-ANN estimation results 

No Train-
target 

Train-
predicted 

Test-
target 

Test-
predicted 

Relative 
Error (%) 

1 3.071 3.321 3.121 3.300 5.73 

2 3.464 3.228 3.413 3.352 1.78 

3 2.796 3.822 2.752 2.895 5.19 

4 4.236 3.772 4.154 4.496 8.23 

5 4.286 4.120 4.253 4.104 3.50 

6 4.838 4.257 4.920 4.488 8.78 

7 3.792 4.529 3.788 3.593 5.15 

8 5.310 4.797 5.086 4.414 13.21 

9 6.256 4.812 6.279 6.650 5.90 

10 4.646 4.966 4.605 4.953 7.55 

11 4.236 5.067 4.211 3.789 10.02 

12 4.918 5.062 5.011 5.114 2.05 

13 4.898 5.125 4.952 4.942 0.20 

14 4.784 5.166 4.798 4.552 5.12 

Table 4  Comparative performance results of ANN and GA-ANN models 

Model  
Type 

R2 
(Training) 

R2 
(Test) 

Mean Squared 
Error (MSE) 

Mean Absolute 
Error (MAE) 

ANN 0.931 0.833 0.059 0.195 

GA-ANN  0.965 0.875 0.011 0.075 

Figure 18 illustrates the comparative performance of the Genetic Algorithm-optimised 
Artificial Neural Network (GA-ANN) model against the actual experimental springback values 
obtained from the test data. The plot reveals that the GA-ANN model successfully captures the 
general trend and non-linear behaviour of springback across various test samples. Particularly 
between samples 1 and 8, the predicted values closely follow the actual measurements with 
minimal deviation, demonstrating the model’s ability to approximate the springback 
phenomenon accurately under different bending conditions. In the latter part of the data series 
(samples 9–14), some fluctuations between the predicted and actual values are observed.  

 
Fig. 18  Actual and predicted springback values for the GA-ANN model with inset showing relative error (%) 

per test sample 
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These discrepancies may be attributed to localised effects such as strain hardening, 
material anisotropy, or minor misalignments during the physical bending process, which are 
not fully accounted for in the model’s training data. Despite these slight deviations, the GA-
ANN predictions remain within a reasonable margin of error, indicating that the model does 
not suffer from overfitting and retains strong generalisation capabilities. 

Future work may extend the proposed framework by incorporating physics-informed 
neural networks [35] and real-time closed-loop springback compensation strategies [36]. 
Applying deep learning architectures to larger FEM-generated datasets [37] and exploring 
springback prediction across diverse automotive-grade materials [38] would further improve 
generalisation. Additionally, integrating advanced optimisation algorithms beyond GA may 
enhance both convergence speed and prediction robustness across wider forming condition 
ranges. 

7. Conclusions 
This study establishes an integrated framework combining experimental measurements, 

finite element simulations, and a GA-optimised ANN for accurate springback prediction in air 
V-bending of mild steel sheets. The experimental results confirmed that springback increases 
systematically with the bending angle and punch radius, while it decreases with sheet thickness 
across all investigated parameter combinations. The FEM model showed strong quantitative 
agreement with the experiments, achieving an MAE of 0.49° and an RMSE of 0.72°, thereby 
validating its reliability as a physics-based reference model. 

A feedforward ANN trained on 106 experimental samples achieved a correlation 
coefficient of 0.93, demonstrating that data-driven modelling can successfully capture 
nonlinear parameter interactions without repeated numerical simulations. The integration of a 
Genetic Algorithm for ANN weight initialisation further enhanced predictive performance, 
increasing test R² from 0.833 to 0.875, reducing MAE from 0.195° to 0.075° (61.5% 
improvement), and MSE five-fold from 0.059 to 0.011. These results confirm that GA-
enhanced initialisation substantially improves both prediction accuracy and convergence 
stability. 

Overall, the proposed hybrid framework provides a computationally efficient and 
industrially applicable alternative to iterative FEM-based springback compensation, supporting 
tool design and process optimisation in sheet metal forming. Future research may expand the 
dataset, incorporate anisotropic hardening models, and explore advanced evolutionary 
strategies to further strengthen generalisation capability. 

Data Availability Statement 
The data generated and analysed during this study are available from the corresponding author 
upon reasonable request and subject to institutional regulations. 
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