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 This study investigates two-point incremental forming (TPIF) of perforated Ti-6Al-4V sheets 
using an integrated experimental–computational framework to optimize surface hardness and 
formability. Room-temperature TPIF of mill-annealed Grade 5 Ti-6Al-4V sheets (100 × 100 
× 1 mm) was performed under dry conditions. Sheets with 2 mm holes at pitches of 6, 8, and 
10 mm were formed following a Taguchi L9 design. Holes were produced by precision CNC 
drilling, ensuring clean edges without a heat-affected zone and preserving the base 
microstructure. Hole pitch (Hp), incremental step depth (ISD), and feed rate (Fr) were 
evaluated using Vickers hardness (HV) and forming depth (FD). Hole pitch was the dominant 
factor, contributing 59.1% to hardness and 69.2% to forming depth. An ANN (3–5–2) 
accurately predicted both responses (RMSE = 1.37 for HV; 0.0458 for FD) and was coupled 
with GA for multi-response optimization. The ANN–GA converged within 1000 generations 
and identified the optimum (Hp = 10 mm, ISD = 0.4 mm, Fr = 0.75 mm·min-1 , yielding HV 
and FD values of 341 and 9.92 mm, respectively. Validation experiments at the optimal 
condition showed <2% deviation from predictions. Improved performance was attributed to 
strain redistribution and localized work hardening around perforations. The novelty of this 
work lies in integrating perforation-assisted deformation mechanics with AI-driven multi-
response optimization for a difficult-to-form titanium alloy. This approach offers a practical 
pathway for lightweight, high-strength titanium component design in aerospace, biomedical, 
and EV applications. 
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1. Introduction 
 Titanium alloy Ti-6Al-4V (Grade 5) is widely used in 
aerospace, biomedical, and energy applications due to its 
high strength-to-weight ratio, corrosion resistance, and 
biocompatibility [1]. However, its room-temperature 
formability is limited by the dual-phase α+β microstructure, 
where the hexagonal close-packed (HCP) α-phase provides 
restricted slip systems and the β-fraction cannot sustain 
large uniform deformation [2]. Deformation is governed by 
planar slip and strain localization, with work hardening 
influenced by grain size and phase distribution, and strong 
temperature sensitivity due to the β-transus (~995 °C), 
below which ductility is constrained. These characteristics 
often lead to cracking, thinning, and dimensional 
inaccuracies in conventional forming. 
 Incremental sheet forming (ISF) offers a flexible die-less 
alternative, yet Ti-6Al-4V in single point incremental 
forming (SPIF) still exhibits high forming forces and 

thickness nonuniformity [3]. Two point incremental 
forming (TPIF) improves dimensional accuracy and reduces 
residual stress, with process parameters strongly affecting 
forming depth and hardness [4, 5]. Nevertheless, most 
studies focus on parameter optimization for solid sheets, 
while the effect of structural modification on strain 
redistribution remains underexplored. Introducing 
controlled perforations reduces the effective stiffness and 
alters stress-transfer paths, enabling localized strain 
accommodation near hole edges and progressive strain 
redistribution governed by ligament efficiency. 
 To address this gap, the current study investigates 
perforated Ti-6Al-4V sheets (planar dimensions 100 × 100 
mm, thickness 1 mm) with 2 mm holes at pitches of 6–10 
mm under TPIF. The hole size balances structural integrity 
and strain relief, while the pitch range corresponds to 
ligament efficiency ratios of 2–4. Process parameters were 
designed using Taguchi L9, while hardness (HV) and 
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forming depth (FD) were modeled by ANN and optimized 
via GA. Although 27 combinations exist, L9 minimizes the 
number of experiments, and ANN captures nonlinear 
interactions. The Taguchi–ANN–GA framework [6 – 9] 
links perforation-assisted deformation mechanics with AI-
based multi-response optimization. Unlike conventional 
ANN–GA parameter tuning, the innovation lies in coupling 
structural sheet modification with intelligent modeling. The 
outcomes are relevant to thin-walled aerospace brackets, 
patient-specific biomedical plates, and lightweight EV 
structural panels requiring enhanced local formability and 
surface integrity. 
 

 
 
 

Fig. 1 TPIF setup, tool geometry, and measurement 
locations for perforated Ti-6Al-4V sheets. 
 
2. Materials and Methods 
Material  
 Grade 5 titanium alloy (Ti-6Al-4V) sheets (1 mm thick) 
were used. The supplier-certified composition was a Ti 
balance with 6.2 wt.% Al and 4.0 wt.% V plus minor Fe, O, 
C, and N [10]. Al stabilizes the α-phase (strength/oxidation 
resistance), while V stabilizes the β-phase 
(toughness/ductility at elevated temperature) [10]. The as-
received sheets showed UTS ≈950 MPa, YS ≈880 MPa, 
elongation 14–16%, and hardness ≈340 HV [11]. Room-
temperature formability is limited by the HCP α-phase and 
restricted slip, leading to strain localization, springback, 
thinning, and early fracture in conventional forming [12, 
13]. Hence, incremental sheet forming—particularly 
TPIF—was adopted for localized deformation and improved 
dimensional accuracy [14, 15]. Figure 1 shows the setup, 

partial die, toolpath, and locations for hardness 
measurements. 

 

  (1) 

 
Table 1 Process parameters and factor levels for ISF. 

Parameter (Symbol) -1 0 +1 Unit 
Hole pitch (Hp) 6 8 10 mm 
Incremental step  
depth (ISD) 0.2 0.3 0.4 mm 

Feed rate (Fr) 0.5 0.75 1 mm·min⁻¹ 
 

Incremental setup and formability measurements 
 Figure 1 shows the perforated sheet, clamping system, 
and partial die used for TPIF. Forming was performed on a 
Cyclone VMC Series 610 CNC at the Faculty of Industrial 
Technology, Nakhon Phanom University [16], using a 
hemispherical tool with toolpaths generated in SolidWorks 
CAM based on a Taguchi L9 design [17]. Key parameters 
were ISD (0.2–0.4 mm) and feed rate (0.5–1.0 mm/min), 
with trajectories ensuring smooth transitions and uniform 
strain over the perforated area. Forming depth was measured 
at the pole using a digital height gauge (average of three 
readings). Samples were epoxy mounted, ground, polished, 
and evaluated by micro-Vickers indentation at designated 
locations for hardness testing [18]. 
 
Table 2 Taguchi L9 orthogonal array for ISF.  

Run Hp (mm) ISD (mm) Fr (mm·min⁻¹) 
1 6 0.2 0.5 
2 6 0.3 0.75 
3 6 0.4 1 
4 8 0.2 0.75 
5 8 0.3 1 
6 8 0.4 0.5 
7 10 0.2 1 
8 10 0.3 0.5 
9 10 0.4 0.75 

 
Prediction and optimization 
 Taguchi experimental design  The Taguchi method 
assessed the effects of Hp, ISD, and Fr on hardness (HV) 
and forming depth (FD) in TPIF of perforated Ti-6Al-4V 
sheets. Parameter levels and the L9 array are given in 
Tables 1–2. A larger-the-better S/N ratio was applied [19] 
and computed via Eq. (1) from repeated tests [8]. 
Normalized S/N ratios identified optimal settings, while 
main effects and ANOVA determined factor significance 
and dominant parameters for multi-response performance 
[19, 20]. 
 
 ANN prediction modeling An ANN was built to predict 
hardness and forming depth in TPIF of perforated Ti-6Al-
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4V using HP, ISD, and feed rate as inputs. A feed-forward 
3–5–2 network (Fig. 2) was trained with the Levenberg–
Marquardt algorithm for rapid, stable convergence. 
Learning rate and momentum were 0.5 and 0.4; transfer 

coefficients were 0.6 (input), 1.4 (hidden), and 0.6 (output), 
with a bias of 0.0005 to enhance generalization. Inputs were 
normalized via min–max scaling (Eq. 2) [7,9]. 
 

 

 
Fig. 2 ANN architecture illustrating data flow from the input to output layers. 

 
    (2) 

 
 The transformation from the normalized input vector X′ 
to the predicted output vector Y′ is described by the hidden- 
and output-layer computations in Equations (3) and (4): 

 
   (3) 

 
   (4) 

 
where N is the number of experimental samples, W(1) and 
W(2) are the weight matrices, b(1) and b(2) are the bias vectors, 
and f(⋅) denotes the activation function. The trained ANN 
therefore establishes a robust nonlinear mapping between 
TPIF process parameters and the corresponding mechanical 
responses, providing an efficient surrogate model for 
subsequent optimization. 

 
 ANN–GA optimization  The trained ANN was coupled 
with a genetic algorithm (GA) to optimize TPIF parameters 
for maximum hardness (HV) and forming depth (FD). The 
ANN functioned as a surrogate for fast fitness evaluation. 
The multi-objective task was converted to a weighted single 
fitness function (Eq. 5) with ω₁ + ω₂ = 1, and constraints 
were enforced via a penalty function (Eq. 6) within bounds 
(Lᵢ, Uᵢ). This ANN–GA integration enabled efficient global 
search and identification of optimal forming conditions with 
improved performance [7, 9]. 

 
  (5) 

 
 (6) 

 
 Validation of the ANN–GA model  The ANN–GA 
model was validated using R², RMSE, and MAPE. Data 
were split into training (70%), validation (20%), and testing 
(10%) sets. R² quantified agreement between predicted and 
experimental hardness or forming depth (Eq. 7), while 

RMSE and MAPE measured absolute and relative errors 
(Equations 8–9), with N as sample size. High R² and low 
RMSE/MAPE indicate strong accuracy and generalization 
for multi-response prediction and optimization. 

 

   (7) 

 

  (8) 

 

  (9) 

 

 
 
 

Fig. 3 Crack and failure modes of perforated Ti-6Al-4V  
            sheets after TPIF under varying parameters. 
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3. Results and Discussion 
Surface morphology of formed specimens  
 Figure 3 shows the crack morphology of perforated       
Ti-6Al-4V sheets formed under various TPIF conditions, 
emphasizing the roles of Hp, ISD, and Fr. A smaller Hp       
(6 mm) resulted in fewer and shallower cracks due to more 
uniform load distribution and better strain accommodation. 
Larger pitches (8–10 mm) caused stress concentrations at 
hole edges, promoting multiple crack initiation sites and 
propagation along shear zones. Higher ISD increased plastic 
strain per pass, producing deeper cracks and local thinning 
near the forming pole. Likewise, high feed rates limited 
material flow by reducing dwell time, leading to premature 
fracture. Overall, a small hole pitch, moderate ISD, and low 
Fr effectively reduce cracking and improve deformation 
stability during TPIF of perforated Ti-6Al-4V sheets. 

 
Taguchi analysis  
 The Taguchi method was used to evaluate the effects of 
Hp, ISD, and Fr on HV and FD during TPIF of perforated 
Ti-6Al-4V sheets. Experimental outcomes and 
corresponding signal-to-noise (S/N) ratios are listed in Table 
3. As both responses indicate improved mechanical 
performance and formability, the larger-the-better criterion 
was applied. 
 To enhance interpretation, the safe process window was 
identified between Hp = 6–8 mm and ISD ≤ 0.3 mm, where 
stable deformation occurred without catastrophic cracking. 
This range defines the operational forming window for 
perforated Ti-6Al-4V under the studied TPIF conditions. 

 
Table 3 TPIF results and S/N ratios. 

Run Hp ISD Fr HV FD SN/ HV SN/ FD 

1 6 0.2 0.5 315.4 7.75 49.98 17.79 
2 6 0.3 0.75 329.6 7.95 50.36 18.01 
3 6 0.4 1 318.7 9.32 50.07 19.39 
4 8 0.2 0.75 334.9 8.45 50.50 18.54 
5 8 0.3 1 336.1 8.65 50.53 18.74 
6 8 0.4 0.5 338.8 8.6 50.60 18.69 
7 10 0.2 1 323.6 9.83 50.20 19.85 
8 10 0.3 0.5 335.5 9.65 50.51 19.69 
9 10 0.4 0.75 340.8 9.95 50.65 19.96 

 
 ANOVA was used to quantified parameter significance. 
For HV (Table 4), Hp was dominant (59.10%), followed by 
ISD (22.50%) and Fr (18.20%). The regression model 
showed excellent agreement with the data (R² = 99.71%, 
R²(adj) = 98.85%) and minimal residual error (0.20%). 
These results suggest that smaller Hp enhances stress 
transfer and localized strain hardening in the perforated 
structure, improving surface hardness. 
 
Table 4 ANOVA of HV S/N ratios for TPIF. 
Source DF Seq SS Adj SS Adj MS F-value P-value % Con. 
Hp 2 0.276 0.276 0.138 204.45 0.005 59.10 
ISD 2 0.105 0.105 0.053 77.99 0.013 22.50 
Fr 2 0.085 0.085 0.043 63.07 0.016 18.20 
Res.E 2 0.001 0.001 0.001 0.000  0.000  0.20 
Total 8 0.467  0.000 0.000  0.000  0.000  100.00 

S = 0.0260; R-Sq = 99.71%; R-Sq(adj) = 98.85% 
 
 For FD (Table 5), Hp was the dominant factor (69.20%), 
followed by ISD (13.30%) and Fr (12.20%). The high 
determination coefficient (R² = 94.70%) indicates good 
model adequacy, while the residual contribution (5.30%) 
reflects geometric variability inherent to TPIF. Larger 
forming depths occurred at moderate step depths (0.3–0.4 
mm) and higher feed rates (0.75–1.0 mm·min⁻¹), promoting 
stable plastic flow without premature fracture. 
 
Table 5 ANOVA of FD S/N ratios for TPIF. 
Source DF Seq SS Adj SS Adj MS F-value P-value % Con. 
Hp 2 3.524 3.524 1.762 13.06 0.071 69.20 
ISD 2 0.676 0.676 0.338 2.50 0.285 13.30 
Fr) 2 0.621 0.621 0.310 2.30 0.303 12.20 
Res. E 2 0.270 0.270 0.135 0.000  0.000  5.30 
Total 8 5.090 0.000  0.000  0.000  0.000  100.00 
S = 0.3673; R-Sq = 94.70%; R-Sq(adj) = 78.80% 
 
 Overall, Taguchi analysis identifies Hp as the primary 
parameter controlling both hardness and formability via 
stress redistribution around perforations, while step depth 
and Fr provide secondary control over strain accumulation. 
These results support subsequent multi-response 
optimization using the ANN–GA framework to determine 
optimal TPIF parameters. 

 

 
 

Fig. 4 MSE convergence during ANN training. 
 

Modeling and Optimization 
 Figure 4 presents ANN training performance, showing 
mean squared error (MSE) trends for training, validation, 
and testing. The best validation result (MSE = 0.089887) 
occurred at epoch 1. The decreasing training MSE confirms 
effective learning of the nonlinear links between TPIF 
parameters and responses (hardness and forming depth). 
The close alignment of all curves indicates strong 
generalization with minimal overfitting, demonstrating high 
predictive reliability of the ANN model for TPIF of 
perforated Ti-6Al-4V sheets. 
 Table 6 compares experimental HV with ANN, Taguchi, 
and linear regression predictions for TPIF of perforated Ti-
6Al-4V sheets. ANN showed the best accuracy (RMSE = 
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1.37, MAE = 1.05, MAPE = 0.32%), effectively capturing 
the nonlinear effects of hole pitch, ISD, and feed rate. 
Taguchi had larger errors (RMSE = 5.02, MAE = 3.91, 
MAPE = 1.17%), while linear regression performed close to 
ANN (RMSE = 1.45, MAE = 1.08, MAPE = 0.34%), but 
was less effective for complex interactions. Overall, ANN 
offers the most reliable hardness prediction for TPIF 
optimization. 
 
Table 6 Experimental vs. predicted HV  
              (ANN, Taguchi, LR) in TPIF. 

Run Exp. ANN 
model 

Taguchi 
model 

Regression 
model 

1 315.4 316.2 323.1 317.1 
2 329.6 330.3 329.7 329.1 
3 318.7 319.8 322.3 319.5 
4 334.9 334.5 336.0 334.8 
5 336.1 336.5 336.4 336.0 
6 338.8 338.0 335.9 337.2 
7 323.6 324.9 331.3 324.9 
8 335.5 335.1 333.2 335.7 
9 340.8 341.0 336.1 341.3 

RMSE 1.37 5.02 1.45 
MAE 1.05 3.91 1.08 
%MAPE 0.32 1.17 0.34 

 
Table 7 Experimental vs. predicted FD  
             (ANN, Taguchi, LR) in TPIF. 

Run Exp. ANN 
model 

Taguchi 
model 

Regression 
model 

1 7.75 7.80 8.09 7.86 
2 7.95 8.03 8.27 8.00 
3 9.32 9.38 9.02 9.12 
4 8.45 8.44 8.61 8.54 
5 8.65 8.70 8.85 8.69 
6 8.60 8.55 8.80 8.66 
7 9.83 9.91 9.38 9.73 
8 9.65 9.58 9.43 9.70 
9 9.95 9.92 9.68 9.88 

RMSE 0.0458 0.27 0.07 
MAE 0.0349 0.22 0.05 
%MAPE 0.4200 2.46 0.52 

 
 Table 7 compares experimental and predicted FD from 
ANN, Taguchi, and linear regression models. ANN 
achieved the highest accuracy with the lowest errors (RMSE 
= 0.0458, MAE = 0.0349, MAPE = 0.42%), effectively 
capturing nonlinear process–response behavior. The 
Taguchi model showed larger errors, while linear regression 
provided moderate accuracy but lower precision for 
complex interactions. Overall, ANN showed the closest 
agreement with experiments, confirming its suitability for 
FD prediction and TPIF optimization. 
 Figures 5(a,b) compare ANN, Taguchi, and regression 
predictions with experimental hardness and forming depth. 
ANN and regression closely match the data, capturing 
nonlinear process–response behavior, whereas Taguchi 
shows larger deviations due to linear averaging. Overall, 

ANN delivers the highest accuracy, confirming its 
robustness for modeling TPIF of perforated Ti-6Al-4V 
sheets. 

 

 

 
Fig. 5 Experimental vs. predicted ANN, Taguchi,  
          and regression results for (a) hardness, and (b)  
          forming depth in TPIF. 
 

 
 

Fig. 6 ANN–GA optimization: (a) best/mean fitness  
              convergence, and (b) parameter contribution to the  
              optimum. 

(a) 

(b) 

(a) 

(b) 
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ANN–GA Optimization 
 Figure 6 shows ANN–GA convergence and parameter 
influence. In Fig. 6(a), best and mean fitness rise rapidly in 
the first 200 generations and stabilize after ~600, with a 
small gap at 800 generations indicating near-global 
convergence. Figure 6(b) identifies Hp as dominant (~67%), 
followed by ISD (~20%) and Fr (~13%), emphasizing the 
key role of perforation spacing in strain localization, plastic 
flow, and the resulting hardness and forming depth during 
TPIF of Ti-6Al-4V sheets. 
 Table 8 summarizes the optimal TPIF parameters 
identified by the ANN–GA framework. The global optimum 
was achieved at a Hp of 10 mm, ISD of 0.4 mm, and Fr of 
0.75 mm·min⁻¹, resulting in a predicted hardness of 341 HV 
and forming depth of 9.92 mm with a desirability index of 
1.000. These results confirm that the ANN–GA model 
effectively captures nonlinear parameter interactions and 
enables simultaneous optimization of hardness and 
formability in perforated Ti-6Al-4V sheets. 
 
Table 8 Optimal ANN–GA TPIF parameters for perforated  
               Ti-6Al-4V 

Parameter Optimal 
Value Unit Optimization 

Objective 
Hp  10 mm – 
ISD 0.4 mm – 
Fr 0.75 mm·min⁻¹ – 
Pre. HV 341 HV Maximize 
Pre. FD 9.92 mm Maximize 

D 1 – Multi-response 
optimum 

 
Discussion 
 The ANN–GA framework showed strong capability in 
modeling and optimizing nonlinear interactions between 
TPIF parameters and mechanical responses of perforated Ti-
6Al-4V sheets [21]. The close match between experimental 
and predicted results—high R² with low RMSE and 
MAPE—confirms accurate representation of coupled 
effects from hole pitch, ISD, and Fr [22]. The Levenberg–
Marquardt–trained ANN ensured rapid, stable convergence, 
reliably capturing nonlinear deformation behavior 
governing hardness and forming depth [23]. GA integration 
enabled efficient global search, converging toward 
parameters that simultaneously maximized hardness and 
formability [24]. 
 From a materials viewpoint, the optimized parameters 
align with Ti-6Al-4V deformation mechanisms. Larger Hp 
promotes strain localization and plastic flow, while 
moderate ISD and Fr limit stress concentration, delaying 
crack initiation and improving strain uniformity. Hardness 
enhancement is linked to localized work hardening and 
partial dynamic recovery in the α+β microstructure under 
cyclic strain [12]. Perforation thus reduces effective 
stiffness while enhancing local ductility and overall 
formability. 

 Overall, hybrid AI optimization outperforms 
conventional Taguchi or RSM approaches in nonlinear, 
multi-response manufacturing problems [21, 24, 25]. The 
ANN–GA framework delivers high accuracy and efficiency, 
reducing experimental cost and time while providing a 
robust data-driven basis for intelligent optimization of 
titanium incremental forming processes. 
 
4. Conclusions 
 This study developed an ANN–GA framework for 
optimizing TPIF parameters of perforated Ti-6Al-4V sheets. 
The ANN accurately captured nonlinear interactions among 
hole pitch, ISD, and feed rate, and GA optimization 
identified the optimum (Hp = 10 mm, ISD = 0.4 mm, Fr = 
0.75 mm·min⁻¹), achieving a 341 HV hardness and a 9.92 
mm forming depth. 

Prediction errors were reduced to RMSE = 1.37 
HV and 0.0458 mm, outperforming Taguchi and regression 
models. Performance improvement is attributed to strain 
redistribution and localized work hardening in the α+β 
microstructure. The key contribution is coupling structural 
perforation with AI-based multi-response optimization, 
rather than parameter tuning alone. Compared with 
conventional Taguchi methods, the approach reduces the 
number of experiments (L9 vs. 27) and better represents 
nonlinear behavior. 

The study is limited to experimental–AI analysis of 
1 mm sheets without FEM validation. Future work will 
extend the framework to other thicknesses and numerical 
modeling. Practically, the findings guide the manufacture of 
thin-walled aerospace, biomedical, and EV components 
requiring enhanced local formability. The framework 
supports data-driven intelligent forming aligned with 
Industry 4.0. 

 
5. Suggestions 
 Future work should integrate real-time process 
monitoring and adaptive control with the ANN–GA 
framework to enable closed-loop optimization for smart 
TPIF systems. Incorporating additional process variables 
and in-situ data streams would further enhance model 
robustness and support Industry 4.0–oriented, data-driven 
manufacturing of advanced titanium alloys. 
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