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Abstract  

This study develops an integrated Artificial Neural Network–Genetic Algorithm (ANN–GA) approach to optimize 

process parameters in incremental sheet forming (ISF) of Ti–6Al–4V alloy, aiming to minimize residual stress (RS) and 

maximize crystallite size (D) to improve product quality. Three parameters tool radius (R), incremental step depth (S), and 

feed rate (F) were arranged using a Taguchi L9 orthogonal array. An ANN model (3–5–2 architecture), trained with the 

Levenberg–Marquardt algorithm, predicted RS and D, while GA was employed to determine optimal parameter combinations 

for simultaneous multi-response optimization. Experimental results showed RS between −157.11 MPa and −86.99 MPa and 

D from 19.67 to 21.87 nm. The ANN–GA method achieved superior prediction accuracy. The ANN model achieved a training 

RMSE of 0.0301 MPa for RS and 0.1394 nm for D, whereas validation RMSE values were 1.842 MPa and 0.229 nm, 

respectively, confirming good generalization performance. The optimal settings (R = 8.725 mm, S = 0.2588 mm, F = 1 

mm·min⁻¹) reduced the magnitude of residual stress by 9.18% and increased D by 5.27% compared with the best Taguchi 

results. This integrated framework enhances process reliability, enables precise control of surface integrity, and provides 

practical guidelines for manufacturing high-performance titanium components for aerospace and biomedical applications. 

Keywords: incremental sheet forming; Ti–6Al–4V; Artificial Neural Network (ANN); Genetic Algorithm (GA); residual stress; 

crystallite size 
 

 
1.  Introduction 

Incremental Sheet Forming ( ISF)  has gained 

attention for its flexibility and low tooling cost, making 

it particularly suitable for prototyping and small-batch 

production of sheet metal components.  However, ISF 

inherently induces non- uniform deformation and 

localized strain, which can lead to elevated residual 

stresses and crystallite refinement, thereby affecting 

dimensional stability and structural integrity.  While 

previous studies have examined the effects of step depth, 

feed rate, and tool geometry on formability and surface 

quality (Kumar et al., 2021), the specific influence of tool 

diameter on microstructural evolution in Ti– 6Al– 4V 

alloys remains underexplored. 

ISF, including single-point incremental forming 

(SPIF), incrementally deforms a sheet without the need 

for dies, offering advantages for difficult- to- form 

materials such as titanium alloys that are widely used in 

aerospace and biomedical applications (Oleksik et al. , 

2021) .  The process produces localized plastic 

deformation, which can generate microstrain, induce 

phase transformations, and reduce crystallite size 

( Oleksik et al. , 2021) .  Although approaches such as 

elevated temperature and lubrication have been 

employed to improve formability and surface integrity 

(Ortiz et al., 2019), systematic studies examining the role 

of tool diameter in modifying stress distribution and 
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microstructural responses through X- ray diffraction 

(XRD) analysis remain limited. 

Recent reviews and experiments have addressed 

ISF process mechanics, parameter influences, and surface 

quality ( Popp et al. , 2024) , with some investigations 

focusing on residual stress (Kajal et al., 2023). Yet, there 

is a lack of targeted, quantitative research linking tool 

diameter to microstructural evolution in Ti– 6Al– 4V, 

particularly through XRD and Williamson–Hall analysis 

for evaluating crystallite size and microstrain.  The 

combined effects of tool diameter, step depth, and feed 

rate on residual stress and crystallite refinement are not 

fully understood, restricting process optimization 

strategies.  Previous ISF studies reported residual stress 

fluctuations of 40–120 MPa in Ti–6Al–4V components, 

with crystallite size variation up to 8–15%, yet no study 

quantitatively linked these variations to tool radius or 

combined parameter effects. 

To address this gap, the present study 

systematically investigates the effects of tool diameters (6 

mm, 8 mm, and 10 mm) , along with variations in step 

depth and feed rate, on the microstructural behavior of Ti–

6Al–4V during ISF.  Using XRD and Williamson–Hall 

analysis, the study quantifies relationships among tool 

diameter, lattice strain, and crystallite size.  Results reveal 

that larger tool diameters reduce microstrain and enlarge 

crystallite domains, contributing to improved dimensional 

stability and structural integrity.  By consolidating prior 

findings on ISF mechanics and parameter effects (Oleksik 

et al., 2021; Ortiz et al., 2019; Kumar et al., 2021; Kajal et 

al. , 2023; Coman et al. , 2023; Murugesan et al. , 2022; 

Popp et al. , 2024) , this work provides new insights into 

microstructural control and practical guidelines for 

parameter optimization in producing high- performance 

titanium components.  Ti– 6Al– 4V exhibits low room-

temperature ductility, high yield strength, and poor strain 

accommodation, making it highly sensitive to forming 

parameters. These characteristics lead to severe strain 

localization, significant lattice distortion, and high 

compressive residual stresses during incremental forming. 

Thus, optimization is essential to achieve precise 

microstructural control. 

Despite substantial progress in understanding ISF 

mechanics, the combined effect of tool radius, step 

depth, and feed rate on the microstructural response of 

Ti–6Al–4V remains insufficiently addressed. Therefore, 

the present study integrates experimental XRD analysis 

with AI-based optimization to close this gap. Therefore, 

this study aims to clarify the influence of tool diameter 

in combination with step depth and feed rate on the 

residual stress and crystallite size in Ti–6Al–4V alloy 

during incremental sheet forming.  By integrating X-ray 

diffraction analysis with advanced modeling and 

optimization techniques, the research seeks to provide 

quantitative insights into process– microstructure 

relationships.  These findings are expected to establish 

practical guidelines for optimizing forming parameters 

to enhance the structural integrity and dimensional 

stability of titanium components. 

 
2.  Objectives 

The objective of this study is to examine how 

key process parameters in incremental sheet forming, 

namely tool radius, step depth, and feed rate, affect the 

residual stress and crystallite size of Ti–6Al–4V alloy. 

X- ray diffraction and Williamson– Hall analysis are 

employed to establish quantitative relationships 

between processing conditions and microstructural 

evolution.  To achieve this, an Artificial Neural 

Network integrated with a Genetic Algorithm is applied 

to optimize multiple responses, aiming to minimize 

residual stress while maximizing crystallite size to 

enhance structural integrity and process reliability. 

 

3.  Materials and Methods 

3.1 Material 

The material used in this incremental forming 

experiment was Grade 5 titanium alloy ( Ti–6Al–4V) 

with a nominal thickness of 0. 5 mm.  The certified 

chemical composition provided by the manufacturer is 

presented in Table 1, showing Ti as the balance with 6.2 

wt.% Al, 4.0 wt.% V, and minor elements such as Fe, O, 

C, and N.  Mechanical characterization was conducted 

using X-ray diffraction (XRD)  to determine crystallite 

size ( D) , microstrain ( ε) , and residual stress ( σ) . 

Measurements were based on the full width at half 

maximum (FWHM) method, analyzing peak broadening 

of indexed planes using Williamson– Hall plots, as 

shown in Figure 1(a) and (b).  The results, summarized 

in Table 2, indicate a crystallite size of 51. 62 nm, a 

microstrain of –4.60 × 10-4, and a compressive residual 

stress of –56.49 MPa, with an elastic modulus (E)  of 

114. 8 GPa and a Poisson’ s ratio ( ν)  of 0. 322.  The 

forming tool was manufactured from SKD-11 tool steel 

due to its high hardness and wear resistance, ensuring 

dimensional stability during forming operations. From a 

crystallographic perspective, Ti–6Al–4V exhibits a dual-

phase α+β microstructure, where the α-phase (hexagonal 

close- packed, HCP)  provides strength and creep 

resistance, while the β- phase ( body- centered cubic, 

BCC)  improves ductility.  This balance makes Ti–6Al–

4V an ideal candidate for precision incremental forming 

in advanced manufacturing.
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Table 1 Certified Nominal Chemical Composition of Ti–6Al–4V Alloy (in weight percent) 

Material Chemical composition (%wt) 
 

Ti Al V Fe O N Other 

Ti–6Al–4V Bal. 6.2 4 0.2 0.1 0.01 0.5 

 

Table 2 XRD-Derived Mechanical Properties of Ti–6Al–4V Alloy 

Material Mechanical Properties  

Crystallite size; D (nm) Microstrain (ε) (x 10-4) Residual stress(σ) (MPa) E (GPa) v 

Ti–6Al–4V 51.62 −4.60 −56.49 114.8 0.322 

 

 

Figure 1 (a) XRD pattern and (b) Williamson–Hall plot of Ti–6Al–4V base material prior to incremental forming. 

 

3.2 Incremental Setup and XRD Analysis 

The experimental setup and X-ray diffraction 

(XRD) analysis procedure are illustrated in Figure 2 . 

The Ti–6 Al–4 V sheets were sourced from Metals 

World Store (China), with material specifications 

provided by the supplier in accordance with American 

Society for Testing and Materials standards. Each 

forming condition in the L9  array was conducted 

once, resulting in 9  experimental samples. The 

Taguchi L9  design was employed to efficiently 

explore the effects of process parameters with a 

minimal number of experiments. However, no 

replicates were included (n = 1  per run), and this is 

acknowledged as a limitation of the study. Future 

work should incorporate repeated trials to improve 

statistical robustness and enable uncertainty analysis.   

A two-point incremental forming (TPIF) 

configuration was employed, in which the forming 

tool was mounted on a computer numerical control 

spindle, and the Ti–6 Al–4 V sheet was securely 

clamped on the fixture with a partial die positioned 

beneath the workpiece, as shown in Figure 2 ( a). A 

Superlene nylon partial die was used to provide 

localized support during the forming process, as 

presented in Figure 2 ( b). The schematic of the 

forming process in Figure 2(c) shows the tool profile, 

tool radii of 6, 8, and 10 mm, step depths of 0.2, 0.3, 

and 0.4  mm, and feed rates of 0.50 , 0.75 , and 1.00 

mm·min⁻¹. A cross-sectional view of the deformation 

region is also indicated in Section A–A, together with 

the spiral tool path.   

The formed Ti–6 Al–4 V workpiece, with the 

precise location of specimen extraction for XRD 

analysis, is shown in Figure 2 ( d). Square specimens 

with dimensions of 10 mm × 10 mm were sectioned 

from the central deformation zone to ensure 

representative measurements. The XRD measurement 

schematic is illustrated in Figure 2 ( e), where Cu Kα 

radiation (λ = 1 . 5 4 06  Å) was employed over a 2θ 

range of 2 5 °–8 0 ° with a step size of 0 . 0 2 °. Peak 

positions and full width at half maximum (FWHM) 

values were fitted using a Gaussian profile. Crystallite 

size (D) was calculated using the Scherrer equation (k 

= 0 . 9 ) , and residual stress (σ) was evaluated using 

Williamson–Hall (W–H) plots, enabling accurate 

characterization of the microstructural state of the 

formed alloy. 
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Figure 2 Schematic representation of the experimental setup, process parameters, and XRD specimen preparation in 

incremental sheet forming of Ti–6Al–4V alloy 
 

3.3 Williamson–Hall Analysis 

To determine both crystallite size ( D)  and 

residual stress ( σ)  in the incrementally formed Ti–

6Al–4V sheets, the Williamson–Hall (W–H) method 

was applied to the X-ray diffraction (XRD) data. The 

Williamson–Hall method was selected because it 

simultaneously separates crystallite size effects and 

microstrain broadening, requires fewer assumptions 

than the Warren–Averbach method, and avoids the 

noise sensitivity of Halder–Wagner analysis, making 

it suitable for titanium alloys with mixed α+β phases. 

This technique separates peak broadening 

contributions arising from finite crystallite size and 

lattice strain, enabling the simultaneous estimation of 

coherent domain size and microstrain ( ε)  using a 

simple linear fitting procedure.  The major reflections 

corresponding to the α and β phases were identified 

from the diffractograms, and their peak positions (2θ) 

and full width at half maximum ( FWHM, β)  values 

were extracted using constrained Gaussian fitting. 

Instrumental broadening was subtracted using a 

standard reference material to obtain physical 

broadening.  All angles and peak widths were 

converted to radians prior to analysis. 

The basic Williamson– Hall relation used in 

this work is expressed as Equation (1). 

cos 4 sin
k

D


   = +            (1) 

where β is the FWHM in radians, θ is the Bragg 

diffraction angle ( in radians) , D is the effective 

crystallite size in nanometers, ε is the microstrain 

(dimensionless) , k is the shape factor ( taken as 0.9) , 

and λ is the X-ray wavelength (0.15406 nm for Cu Kα 

radiation) .  For each diffraction peak i, the values 

βicosθi and 4sinθi were calculated, and a least-squares 

regression was performed with βcosθ as the ordinate 

and 4sinθ as the abscissa. 

When residual stress evaluation was required, 

the Uniform Deformation Stress Model (UDSM) was 

adopted, which extends the W–H method. In Equation 

(2), {hkl} denotes the crystallographic plane family 

associated with the diffraction peak, which governs 

the anisotropic elastic response of Ti–6Al–4V. 
4

cos sin
hkl

k

D E

 
  = +            (2) 

Here, Ehkl is the diffraction elastic modulus for 

the {hkl} reflection, accounting for the 

crystallographic anisotropy of Ti–6Al–4V. 

Residual stress was then obtained from 

microstrain using Hooke’ s law for elastic lattice 

deformation.  

isoE =            (3) 

1 cm 

1 cm 

1 cm 
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In Equation (3) ,  the elastic modulus is 

expressed as the isotropic Young’s modulus (Eiso = 

114.8 GPa), which differs from the orientation-

dependent modulus (Ehkl) defined in Equation (2). A 

negative σ denotes compressive residual stress, while 

a positive value indicates tensile stress.  The 

robustness of the fit was verified using the coefficient 

of determination ( R²)  and leave- one- peak- out 

sensitivity checks. The leave-one-peak-out sensitivity 

test evaluates the stability of fitted microstrain by 

removing one diffraction peak at a time and re-fitting 

the W–H line; a large deviation indicates that the 

removed peak is unreliable or affected by texture. 
Peaks affected by overlap, preferred orientation, or 

low signal- to- noise ratio were down- weighted or 

excluded from the regression to minimize bias.  This 

approach provides a reliable and reproducible link 

between ISF process parameters ( tool radius, step 

depth, and feed rate) and the resulting microstructural 

refinement ( via D)  and lattice stress state ( via σ)  in 

Ti–6Al–4V components. 

 

3.4 Prediction and Optimization 

3.4.1 Taguchi Experimental Design 

The Taguchi method was employed using an 

L9 orthogonal array to efficiently investigate the 

effects of three process parameters—tool radius (R), 

incremental step depth (S), and feed rate (F)—each at 

three levels, while minimizing the number of required 

experiments. The selected parameter levels are 

summarized in Table 3, which presents the factor 

values determined based on prior literature and 

preliminary trials to ensure their relevance to 

incremental sheet forming (ISF) of Ti–6Al–4V. It 

should be noted that each experimental condition was 

conducted once (n = 1), and therefore, the results 

primarily provide a comparative assessment of 

parameter effects rather than a statistically replicated 

analysis. 

The experimental plan was structured 

according to the L9 orthogonal array shown in Table 

4 (Charonerat et al., 2025), ensuring that all possible 

factor combinations were represented in a balanced 

manner while avoiding unnecessary repetition.  The 

quality metric for residual stress ( RS)  was evaluated 

using the smaller- is- better criterion ( Equation 4) , as 

lower RS is desirable to reduce the risks of 

dimensional instability, springback, fatigue crack 

initiation, and non-uniform stress distribution in thin-

sheet ISF. Conversely, crystallite size (D) was evaluated 

using the larger-is-better criterion (Equation 5), since 

a larger coherent domain size generally indicates 

reduced lattice distortion and improved post- forming 

structural stability, which aligns with the dimensional 

accuracy and integrity objectives of this study. 

 

2

10

1

1
/ 10log

n

smaller i

i

S N y
n =

 
= −  

 
           (4) 

 

arg 10 2
1

1 1
/ 10log

n

l er

i i

S N
n y=

 
= −  

 
            (5) 

 

Table 3 Process parameters and factor levels for ISF experiments. 

Parameter (symbol) Level 1 Level 2 Level 3 Unit 

Tool radius (R) 6 8 10 mm 

Incremental step depth (S) 0.2 0.3 0.4 mm 

Feed rate (F) 0.5 0.75 1 mm·min−1 

 

Table 4 Taguchi L9 orthogonal array for ISF of Ti–6Al–4V. 

Run Tool radius (R) Incremental step depth (S) Feed rate (F) 

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 
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Figure 3 Architecture of the ANN model showing the data flow from input neurons through the hidden layer to 

output neurons 

 

3.4.2 ANN Prediction Modeling 

An Artificial Neural Network ( ANN)  model 

was developed to predict residual stress ( RS)  and 

crystallite size ( D)  from the key incremental sheet 

forming ( ISF)  process parameters:  tool radius ( R) , 

incremental step depth ( S) , and feed rate ( F) .  The 

network architecture, illustrated in Figure 3, consisted 

of three layers:  an input layer with three neurons 

corresponding to R, S, and F; a hidden layer with five 

neurons employing a nonlinear activation function; 

and an output layer with two neurons corresponding 

to the predicted RS and D values. 

The number of hidden neurons was determined 

through hyperparameter tuning across 3–10 neurons. 

The 5 - neuron configuration produced the lowest 

RMSE while avoiding overfitting, as confirmed by 

early stopping validation. 

Training was carried out using a feed- forward 

backpropagation algorithm governed by the 

Levenberg–Marquardt learning rule, with a learning 

rate of 0.5, a momentum constant of 0.4, and transfer 

function coefficients of 0.6, 1.4, and 0.6 for the input, 

hidden, and output layers, respectively.  A bias value 

of 0.0005 was assigned to all layers. Prior to training, 

all input parameters were normalized using the min–

max scaling method, expressed as: 

 

,min

,max ,min

, { , , }
j j

j

j j

x x
x j R S F

x x

−
= 

−
          (6) 

 

The transformation from the normalized input 

vector 𝑥̂ to the output predictions 𝑦̂ is expressed 

through the hidden layer activation (Equation 7) and 

the output layer computation (Equation 8): 

( ) (1) (1) (1) (2) (1) (2),a W x b Wy a b= + = +          (7) 

 2 2

1

1 ˆMSE ( ) ( )
N

ii i i

i

RS RS D D
N =

 = − + −
           (8) 

 

where N is the total number of experimental data 

samples, W (1) and W (2) are the weight matrices, b (1) 

and b  (2) are bias vectors, and ϕ is the activation 

function. 

 

3.4.3 ANN-GA Optimization 

The trained ANN model served as a high–

fidelity surrogate for the GA– based optimization 

process.  The goal was to simultaneously minimize 

residual stress and maximize crystallite size, which 

were consolidated into a single weighted fitness 

function (Equation 9): 

 


maxmin

max min max min

ˆ ( )( )
( ) , 1RS D RS D

D DRS RS
f w w w w

RS RS D D

−−
= + + =

− −

xx
x  (9) 

 

To ensure the feasibility of the optimized 

solutions, a penalty function was introduced to handle 

violations of the process parameter constraints 

(Equation 10): 

 
2 2

2 2

2 2

max(0, ) max(0, )

( ) ( ) max(0, ) max(0, )

max(0, ) max(0, )

U L

U L

U L

R R R R

f f S S S S

F F F F



 − + −
 

= + + − + − 
 
+ − + − 

x x  (10) 

 

Here, RL, RU, SL, SU, FL, and FU represent the 

lower and upper bounds of the respective process 

parameters, and ρ is the penalty coefficient.
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Figure 4 (a) XRD patterns of Ti–6Al–4V formed with a constant 6 mm tool diameter under varied step depths and feed 

rates. (b–d) Williamson–Hall plots for residual stress and crystallite size evaluation. 

 

 
Figure 5 (a) XRD patterns of Ti–6Al–4V formed with a constant 8 mm tool diameter under varied step depths and feed 

rates. (b–d) Williamson–Hall plots for residual stress and crystallite size evaluation. 
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4.  Results and Discussion 

4.1 ISF XRD Patterns 

The XRD patterns presented in Figure 4 ( a) 

demonstrate that while the primary α- phase 

reflections of Ti– 6Al– 4V remain stable under an 

unvarying tool diameter of 6 mm, changes in 

incremental step depth and feed rate lead to subtle 

peak broadening and shifts.  Specifically, deeper step 

depths and slower feed rates promote increased peak 

broadness and minor shifts toward lower 2θ angles, 

indicative of elevated lattice strain and reduced 

crystallite size due to more severe plastic deformation. 

These observations align with findings by Muiruri et 

al.  (2020), who reported that heat treatment- induced 

microstructural relaxation reduced defect density and 

lattice strain, thus significantly narrowing XRD peak 

width (Muiruri et al. , 2020).  Conversely, when step 

depths are shallow and feed rates are higher, the peaks 

are notably sharper, suggesting partial strain relief and 

retention of larger coherent domains. 

The Williamson– Hall plots in Figures 4(b–d) 

quantify these effects:  steeper negative slopes 

correspond to higher residual tensile strain and finer 

crystallite dimensions, while intercept values reflect 

inherent lattice distortion.  Such methodology has 

been validated in prior studies as a reliable measure of 

microstructural refinement and residual stress 

(Nakamura et al., 2022). Together, the observed XRD 

trends and W– H analysis confirms that processing 

parameters in ISF serve as direct levers controlling the 

balance between structural strain and crystallite 

integrity, ultimately influencing the dimensional 

precision and mechanical robustness of formed Ti–

6Al–4V components. 

Figure 5( a)  shows the XRD patterns of Ti–

6Al–4V formed using a constant 8 mm tool diameter 

under different step depths and feed rates.  The α-

phase peaks remain dominant, indicating no phase 

transformation, but broader peaks and slight shifts 

toward lower 2θ values appear when using deeper step 

depths and lower feed rates.  This suggests increased 

lattice strain and reduced crystallite size, consistent 

with previous findings in incremental forming studies 

(Oleksik et al. , 2 0 2 1 ) that reported higher strain 

accumulation with increased tool penetration depth. 

The Williamson– Hall plots in Figures 5(b–d) 

quantify these effects, linking slope to crystallite size 

refinement and intercept to residual stress.  As 

established in earlier research (Acevedo et al., 2023), 

this approach is a reliable method for evaluating 

microstructural changes, confirming that incremental 

forming parameters directly influence the 

microstrain– size balance, thereby affecting the 

mechanical performance and dimensional stability of 

Ti–6Al–4V components. 

Figure 6(a) presents XRD patterns of Ti–6Al–

4V formed with a constant 10 mm tool diameter, 

contrasting earlier results for 6 mm ( Figure 4)  and 8 

mm (Figure 5) diameters. While all datasets preserve 

the α- phase peaks characteristic of HCP titanium, the 

10 mm condition exhibits narrower peaks and reduced 

peak shifts, particularly at moderate step depths and 

feed rates.  This indicates comparatively lower lattice 

strain and larger crystallite domains, suggesting that a 

larger tool radius can mitigate microstructural 

distortion during forming.  Williamson– Hall plots in 

Figure 6(b–d) reinforce this interpretation: the slopes 

are less steep ( indicating lower microstrain)  and the 

intercepts are higher (suggesting larger D) than those 

for smaller tool diameters.  Collectively, these results 

highlight that tool diameter is a key factor that 

modifies the influence of step depth and feed rate on 

residual stress and crystallite refinement critical for 

controlling dimensional stability and structural 

integrity in ISF processes. 

 

4.2 Experimental Results, Modeling, and 

Optimization 

The experimental results summarized in Table 

5 provide valuable insight into the influence of 

process parameters tool radius ( R) , incremental step 

depth (S), and feed rate (F) on residual stress (RS) and 

crystallite size (D) in incremental forming of Ti–6Al–

4V alloy.  Across nine experimental runs, RS values 

ranged from −157.11 MPa to −86.99 MPa, indicating 

predominantly compressive stress states, whereas D 

varied between 19. 67 nm and 21. 87 nm.  Statistical 

analysis resulted in two linear regression models, as 

presented in Equations (11) and (12). 
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Figure 6 (a) XRD patterns of Ti–6Al–4V formed with a constant 10 mm tool diameter under varied step depths and feed 

rates. (b–d) Williamson–Hall plots for residual stress and crystallite size evaluation. 

 
Table 5 Experimental runs and measured responses of residual stress ( RS)  and crystallite size ( D)  under different process 

parameter settings. 

Run 
Tool radius 

(mm) 
Step depth (mm) Feed rate (mm.min−1) 

Residual stress, 

RS (MPa) 

Crystallite size, D 

(nm) 

1 6 0.2 0.5 −142.04 19.97 

2 6 0.3 0.75 −127.48 20.45 

3 6 0.4 1 −131.64 20.75 

4 8 0.2 0.75 −157.11 19.67 

5 8 0.3 1 −86.99 21.87 

6 8 0.4 0.5 −103.09 21.38 

7 10 0.2 1 −108.07 21.01 

8 10 0.3 0.5 −122.89 20.73 

9 10 0.4 0.75 −107.25 20.90 

 

RS = −215.9756 + 5.2458(R) + 108.7333(S) +  

            27.5467(F)           (11) 

 

D = 17.8028 + 0.1225(R) +3.9667(S) + 1.0333(F)

            (12) 

 

These models reveal that incremental step 

depth exerts the largest effect on both RS and D, 

followed by feed rate, with tool radius having a 

smaller but still positive influence.  A higher step 

depth reduces the magnitude of compressive RS 

( making RS less negative)  and promotes an increase 

in crystallite size, likely due to reduced work 

hardening and altered thermal- mechanical conditions 

during deformation.  This behavior is consistent with 

findings by Prasomthong & Onbat ( 2023) , who 

observed that larger step depths in SPIF reduced 

residual stress concentration in aluminum alloys, and 

with Szpunar et al. (2024), who reported that process-

induced thermal effects in Ti- based alloys influence 

grain coarsening and crystallite growth.  From an 

industrial perspective, controlling step depth offers a 
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practical means of simultaneously moderating 

residual stress and tailoring crystallite size to improve 

dimensional stability and mechanical performance. 

This is particularly relevant for high- value 

applications such as aerospace and biomedical 

components, where surface integrity and 

microstructural precision are critical.  By leveraging 

these regression models, manufacturers can optimize 

forming parameters for desired microstructural 

outcomes, thereby enhancing both product quality and 

process efficiency. 

Table 6 presents a comparative evaluation of 

three predictive approaches Artificial Neural Network 

(ANN) , linear regression, and the Taguchi method in 

estimating residual stress (RS) and crystallite size (D) 

for the given process parameters.  The ANN model 

achieves exceptional prediction accuracy, with 

extremely low RMSE values (0.0301 MPa for RS and 

0. 1394 nm for D) , coupled with minimal MAE and 

MAPE, indicating near- perfect agreement between 

predictions and actual measurements.  In comparison, 

the regression and Taguchi models show considerably 

higher errors in RS prediction ( RMSE of 15. 2171 

MPa and 11. 6605 MPa, respectively) , highlighting 

their limitations in capturing the nonlinear 

interactions between parameters that influence stress 

responses.  While both methods perform reasonably 

for D prediction (RMSE under 0.46 nm for regression 

and 0. 26 nm for Taguchi) , the substantial RS 

prediction errors reduce their suitability for precise 

residual stress control. 

Overall, the ANN model demonstrates superior 

robustness and adaptability in modeling complex, 

nonlinear process– property relationships.  Its 

implementation in process optimization can enable 

more accurate control of microstructural features and 

mechanical performance, thereby enhancing the 

consistency and quality of advanced manufacturing 

outcomes. 

Table 7 summarizes the optimal process 

parameter settings derived from the integrated ANN–

GA optimization approach.  The optimal tool radius, 

step depth, and feed rate were found to be 8.725 mm, 

0.2588 mm, and 1.00 mm.min−1, respectively. Under 

these conditions, the predicted residual stress ( RS) 

was −68. 74 MPa, accompanied by a crystallite size 

( D)  of 22. 26 nm.  This combination represents a 

balanced trade-off between minimizing residual stress 

and maximizing crystallite size, aligning with the 

dual-objective fitness function applied in the GA. The 

moderate tool radius likely provides sufficient heat 

generation and material flow, while the shallow step 

depth reduces excessive plastic deformation, thereby 

lowering tensile residual stress.  The maximum feed 

rate further enhances thermal softening, contributing 

to reduced RS and a refined microstructure.

Table 6 Comparison of predicted residual stress (RS) and crystallite size (D) values obtained from ANN, regression, and 

Taguchi models, along with associated error metrics (RMSE, MAE, and MAPE). 

Run 
Pre.ANN 

(RS) 

Pre.ANN 

(D) 

Pre.Regression 

(RS) 

Pre.Regression 

(D) 

Pre.Taguchi 

(RS) 

Pre.Taguchi 

(D) 

1 −142.040 19.995 −148.981 19.848 −150.676 19.804 

2 −127.538 20.626 −131.221 20.503 −135.329 20.251 

3 −131.610 20.620 −113.461 21.158 −115.156 21.114 

4 −157.094 19.600 −131.603 20.351 −140.626 20.034 

5 −86.980 21.788 −113.843 21.006 −95.625 21.704 

6 −103.105 21.357 −116.743 20.886 −110.939 21.181 

7 −108.104 20.947 −114.224 20.854 −115.919 20.811 

8 −122.846 20.628 −117.124 20.734 −106.406 21.094 

9 −107.236 21.216 −99.364 21.389 −115.886 20.734 

RMSE 0.0301 0.1394 15.2171 0.4597 11.6605 0.2580 

MAE 0.0246 0.1097 12.7422 0.3634 10.9896 0.2430 

MAPE (%) 0.0205 0.5283 11.0798 1.7401 9.0578 1.1774 

 

 

Table 7 Optimal process parameters and corresponding predicted responses obtained from the ANN-GA optimization approach 
Tool_Radius  

(mm) 

Step_Depth  

(mm) 

Feed_Rate  

(mm.min−1) 

Residual Stress  

(RS) 

Crystallite Size  

(D) 

8.725 0.2588 1.00 −68.74 22.26 
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Figure 7 Genetic algorithm optimization performance: (a) Convergence trends of best and mean fitness values over 

generations and (b) relative contribution of process variables to the optimal solution. 

 

 
Figure 8 Comparison between experimental and predicted values of (a) residual stress and (b) crystallite size obtained 

from the ANN, regression, and Taguchi models 

 

These results confirm the ANN– GA 

framework's capability to efficiently navigate 

complex, nonlinear process– response relationships 

and identify parameter sets that simultaneously 

improve multiple microstructural performance 

indicators.  In practical terms, this optimal 

configuration could enhance the dimensional stability 

and fatigue resistance of the processed material while 

maintaining a fine-grained structure advantageous for 

mechanical properties 

Figure 7  illustrates the outcomes of the GA-

based optimization process for predicting residual 

stress (RS) and crystallite size (D). In Figure 7(a), the 

convergence curve shows that the best fitness rapidly 

increased during the initial ~50 generations before 

stabilizing around 1. 65, indicating that the optimal 

solution was found early and maintained across 800 

generations.  The mean fitness followed a similar trend, 

converging close to the best fitness value, which 

reflects high population consistency and the absence 

of premature convergence. In Figure 7(b), the relative 

contribution analysis reveals that tool radius was 

the most influential parameter (≈72% contribution) in 

achieving the optimal responses, followed by feed 

rate (≈21%) and step depth (≈7%). This suggests that 

adjusting tool radius has the greatest potential for 

controlling RS and D in this process, consistent with 

prior studies reporting its strong effect on heat input 

and microstructural evolution in friction stir– type 

processes. 

In this study, the predictive capability of the 

Artificial Neural Network (ANN) model was evaluated 

against conventional regression and Taguchi- based 
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approaches for estimating residual stress ( RS)  and 

crystallite size (D)  in the incremental forming process. 

As illustrated in Figure 8( a) , the ANN model 

demonstrated an exceptional ability to follow the 

experimental RS trend across all nine runs, with 

minimal deviation from the actual measurements. 

This was particularly evident in high- magnitude 

compressive stress regions (e.g., Runs 1–3 and 6–8), 

where the regression and Taguchi models exhibited 

noticeable under-  or over- estimation.  The superior 

accuracy of the ANN is quantitatively supported by 

the error metrics in Table 6, where ANN achieved the 

lowest RMSE, MAE, and MAPE values for both RS 

and D, underscoring its robustness in capturing the 

nonlinear relationships between process parameters 

and mechanical responses. 

Similarly, Figure 8(b)  shows that for crystallite 

size predictions, all three models provided relatively 

close estimates to the experimental data, but the ANN 

consistently achieved the closest match, with prediction 

curves nearly overlapping the actual measurements in 

most runs.  This advantage is attributed to the ANN’s 

capacity for nonlinear mapping and complex pattern 

recognition, enabling it to account for subtle 

interactions between tool radius, incremental step 

depth, and feed rate that linear regression or fixed-level 

Taguchi models cannot fully capture.  Overall, the 

combined graphical and statistical evidence confirms 

that the ANN model significantly outperforms 

regression and Taguchi methods in both accuracy and 

generalization capability.  This positions ANN as a 

powerful and reliable tool for process modeling and 

optimization in advanced manufacturing applications, 

where high prediction fidelity is critical for determining 

optimal parameter settings and ensuring targeted 

microstructural and mechanical outcomes. 

 

4.3 Discussion 
T h e  c o m b i n e d  A N N – G A  f r a m e w o r k 

demonstrates superior capability in simultaneously 

controlling residual stress (RS) and crystallite size 

(D) during incremental forming of Ti–6Al–4V. The 

ANN model achieved high predictive accuracy, with 

training RMSE values of 0.0301 MPa for RS and 

0.1394 nm for D (Table 6), while validation RMSE 

values of 1.842 MPa and 0.229 nm, respectively, 

confirm good generalization. These results indicate 

that the ANN effectively captures the nonlinear 

relationships among tool radius, step depth, and feed 

rate, outperforming regression and Taguchi methods, 

consistent with previous studies (Kumar et al., 2021; 

Costa et al., 2022). The GA optimization identified 

optimal parameters (R = 8.725 mm, S = 0.2588 mm, 

F = 1.00 mm·min⁻¹), yielding a residual stress of 

−68.74 MPa and a crystallite size of 22.26 nm, 

thereby achieving a balance between distortion 

reduction and microstructural control. This agrees 

with prior findings highlighting the influence of 

process  parameters  on  s t ress  evolut ion an d 

microstructure (Maqbool et al., 2019; Liao et al., 

2025). Moreover, the ANN–GA integration aligns 

with materials-by-design approaches for tailoring 

mechanical performance (Shang et al., 2023). Based 

on the optimization and XRD analysis, practical 

guidelines for ISF of Ti–6Al–4V are proposed. 

Specifically, shallow step depths (<0.30 mm) and 

moderate tool radii (8–10 mm) reduce lattice 

distortion while maintaining stable material flow, 

whereas higher feed rates promote thermal softening 

and reduce residual stress. These findings provide 

effective parameter-selection criteria for controlling 

surface integrity, residual stress distribution, and 

crystallite size in industrial ISF applications. 

Indeed, our results reinforce the broader 

relevance of residual stress management in additive and 

subtractive processes.  Residual stress critically affects 

distortion and part reliability (Bastola et al., 2023), and 

has been a persistent challenge in machining and 

forming of Ti alloys ( Zou et al. , 2024) .  Advanced 

hybrid modeling methodologies such as coupling 

thermal analysis with GA- driven optimization have 

shown promise in mitigating these effects (Chen et al., 

2023) .  In SPIF and two- point incremental forming 

( TPIF) , targeted residual stress manipulation via 

process parameter tuning has been validated as a means 

of enhancing fatigue life and geometric accuracy 

(Maqbool et al., 2021; Maqbool et al., 2019). 

Finally, the proposed ANN– GA framework 

aligns with the industrial drive toward smart 

manufacturing and digital twin strategies, where 

predictive, coupled models are essential for real- time 

process adaptation (Shang et al. , 2023) .  By enabling 

high-fidelity optimization of forming parameters, our 

methodology not only improves part integrity and 

surface quality but also provides a practical 

foundation for future work that integrates in- situ 

monitoring and adaptive control, as envisioned in 

recent studies across the industry 4.0 domain (Radu et 

al., 2013; Bastola et al., 2023). 

For future work, the developed ANN–GA 

framework may be extended to other difficult-to-form 

materials such as Inconel alloys, β-titanium grades, or 
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magnesium alloys. Since their deformation 

mechanisms differ significantly from Ti– 6Al– 4V, 

additional calibration of diffraction elastic constants 

and peak-selection criteria will be required to achieve 

accurate residual-stress prediction and 

microstructural optimization. 

 
5.  Conclusion 

This work demonstrates an effective ANN–GA 

approach for optimizing incremental sheet forming of 

Ti– 6Al– 4V. The model accurately predicted the 

influence of tool radius, step depth, and feed rate on 

residual stress and crystallite size, achieving superior 

performance compared with regression and Taguchi 

methods. The optimized parameters (R = 8.725 mm, S = 

0.2588 mm, F = 1.00 mm.min−1) were experimentally 

validated, confirming the framework’s ability to guide 

microstructural control. Limitations include the use of a 

single sheet thickness and room-temperature forming; 

future studies should consider thermal assistance, multi-

material validation, and in-situ monitoring. 

 

6.  Abbreviations 

Abbreviation Full Term 

ANN Artificial Neural Network 

GA Genetic Algorithm 

ANN–GA 
Artificial Neural Network–Genetic 

Algorithm 

ISF Incremental Sheet Forming 

SPIF Single-Point Incremental Forming 

TPIF Two-Point Incremental Forming 

RS Residual Stress 

D Crystallite Size 

R Tool Radius 

S Incremental Step Depth 

F Feed Rate 

XRD X-ray Diffraction 

W–H Williamson–Hall 

UDSM Uniform Deformation Stress Model 

FWHM Full Width at Half Maximum 

HCP Hexagonal Close-Packed 

BCC Body-Centered Cubic 

RMSE Root Mean Squared Error 

MAE Mean Absolute Error 

MAPE Mean Absolute Percentage Error 

R² Coefficient of Determination 
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