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ABSTRACT

Repair welding of AISI 5160 chromium spring steel is challenging due to its high sensitivity to thermal
cycling, which may cause HAZ softening, carbide instability, and reduced toughness. This study proposes
an integrated Response Surface Methodology-Artificial Neural Network—Genetic Algorithm (RSM-ANN-
GA) framework for predicting and optimizing the multi-objective performance of TIG hot-wire repair
welding, aiming to simultaneously enhance weld hardness and impact energy under limited experimental
data. A compact Central Composite Design (CCD) with nine runs was employed, by varying Welding
Current (WC) and Hot-Wire Current (HWC), while travel speed was kept constant. The measured
responses ranged from 49.6-62.2 HRC and 19.8-35.5 J, indicating a strength—toughness interaction
governed by heat-balance control. Quadratic RSM-CCD models assessed by ANOVA showed excellent
adequacy for hardness (R? = 0.979; Adjusted R? = 0.944), dominated by WC and WC? effects, whereas
impact energy was primarily influenced by nonlinear HWC terms with moderate predictability (R? =
0.882; Adjusted R? = 0.686). A feed-forward ANN (2-10-2) provided higher predictive accuracy (R? = 0.97
for hardness; R? = 0.99 for impact energy) compared to RSM. ANN was embedded into a desirability-
based GA optimizer, yielding an optimal condition at WC = 200 A and HWC = 150 A, with predicted
responses of 58.17 HRC and 35.55 J, with a high desirability (D) of 0.95. Microstructural and
fractographic results supported enhanced weld uniformity and ductile fracture behavior.

Keywords-TIG hot-wire welding; RSM—-CCD; artificial neural network; genetic algorithm optimization

I INTRODUCTION softening, local embrittlement,

and degradation of the

AISI 5160 chromium spring steel is extensively used in
automotive and heavy-duty industrial components because its
medium-carbon  chemistry and  Cr-assisted  carbide
strengthening provide high toughness, fatigue resistance, and
wear durability under cyclic and abrasive service conditions
[1]. Despite its excellent hardenability and ability to achieve
martensitic hardness exceeding 60 HRC after quenching [2],
AISI 5160 is highly sensitive to welding thermal cycles.
Inadequate heat control during repair welding can induce HAZ

hardness—toughness balance due to over-tempering and carbide
coarsening [3]. Given that service failures of AISI 5160
components frequently involve fatigue or impact loading [4],
reliable and cost-effective repair welding is crucial for
extending service life.

Gas Tungsten Arc Welding (GTAW/TIG) is widely used in
industrial welding and repair applications due to its excellent
arc stability and precise heat input control [S5, 6]; however,
conventional cold-wire TIG welding may still impose
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unfavorable thermal histories in high-strength steels, leading to
strength—toughness trade-offs governed by heat input and
cooling trajectories [6]. TIG hot-wire welding has therefore
attracted attention as an advanced repair technique, wherein the
filler wire is independently preheated to enhance melting
efficiency, stabilize deposition, and reduce effective heat
transfer to the base metal, thereby limiting excessive HAZ
growth and improving metallurgical stability. Nevertheless, the
process response is governed by strongly nonlinear interactions
among Welding Current (WC), Hot-Wire Current (HWC), and
thermal balance, which directly control phase transformations,
alloy dilution, and fracture-related properties.

As a result, empirical parameter selection is inefficient for
achieving simultaneous optimization of hardness and impact
toughness. While Response Surface Methodology (RSM)
combined with Central Composite Design (CCD) is used to
model nonlinear welding responses with limited experiments,
quadratic models may show limited predictive fidelity for
fracture-sensitive properties under small datasets [7]. Artificial
Neural Networks (ANN) offer superior capability for capturing
complex mechanical property interactions [8], whereas Genetic
Algorithms (GA) enable efficient global optimization of multi-
objective response spaces and are particularly effective when
coupled with desirability-based formulations [9]. The proposed
in [10] hybrid Response Surface Methodology—Artificial
Neural Network—Genetic ~ Algorithm (RSM-ANN-GA)
framework outperformed single-method approaches in multi-
response welding optimization problems. However, such an
integrated methodology has not been systematically applied to
TIG hot-wire repair welding of AISI 5160.

To address this gap, the present study proposes a hybrid
RSM-CCD+ANN-GA  framework for  multi-response
optimization of TIG hot-wire repair welding of AISI 5160 to
maximize hardness and impact toughness under limited
experimental data while ensuring microstructural integrity.

Hot-wire feeder

GTAW
Torch
( )
bpC
GTAW Tungsten
Power Electrode ~ |

Ar gas shielding

Fig. 1.

TIG hot-wire welding setup for AISI 5160 steel.

II. EXPERIMENTAL METHOD

A. Materials, Welding Procedure, and Mechanical Testing

TIG hot-wire repair welding experiments were conducted
on AISI 5160 chromium spring steel to generate experimental

data for subsequent modeling and optimization. Plates with
dimensions of 100 mm x 150 mm x 16 mm were prepared, and
a single-V groove with a 60° included angle was machined in
accordance with AWS D1.1/D1.1M to ensure consistent joint
geometry. A schematic of the TIG hot-wire welding
configuration is shown in Figure 1.

The chemical compositions of AISI 5160 and the E71T-1C
filler wire are listed in Table I. A 1.2 mm filler wire was
selected for compatibility with medium-carbon alloy steels.
Welding was conducted using an automated TIG hot-wire
system with 99.99% argon shielding, where the filler wire was
independently preheated to enhance melting efficiency and
control effective heat input.

TABLE L. CHEMICAL COMPOSITION OF BASE METALS
AND FILLER
Material C Mn Si P S Cr Ni Fe

AISI5160 | 0.58 | 0.81 | 0.27 | 0.028 | 0.032 | 0.76 | 0.41 | Bal

E71T-1C | 0.12 | 1.24 | 046 | 0.021 | 0.024 - 0.22 | Bal

WC and HWC were varied, whereas travel speed was fixed
at 100 mm/min. Post-weld quenching and annealing were
applied to simulate the service conditions of AISI 5160.
Mechanical performance was assessed via hardness and Charpy
U-notch impact energy in accordance with ASTM E23. The
hardness was measured across the weld metal and HAZ, as
depicted in Figure 2. Macro and microstructural analyses were
also performed to evaluate weld integrity and microstructural
evolution.

=
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o

w
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=
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| Microstructure and HRC test

U-notch

Fig. 2. Specimen preparation and test locations.

B. Experimental Design Using RSM

RSM-CCD was applied to evaluate the effects of WC and
HWC on the hardness and impact energy of TIG hot-wire
welds with minimal experiments. Two variables were defined
at five coded levels (£1, +a, and center), as presented in Table
II, while travel speed was kept constant to isolate electrical
effects. To minimize experimental cost and time, a single
center point was employed, yielding a nine-run CCD
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comprising four factorial, four axial, and one center-point
experiments. Hardness and impact energy were measured as
responses. The mechanical responses were measured in terms
of hardness (HRC) and Charpy impact energy (J) of the welded
joints, which were selected as key indicators of the strength—
toughness balance of AISI 5160 repair welds. Despite limited
estimation of pure error, the design adequately covers the
parameter space for trend analysis and surrogate modeling.
Based on this dataset, second-order polynomial models were
formulated as:

Y = ﬁo + ﬁ1WC + ﬁzHWC + ﬁnWCZ + ﬁzzHWCZ +
B12WC * HWC (1)

forward ANN, while (6) gives the Levenberg—Marquardt
update rule for efficient training. Equations (7) and (8)
formulate  the  desirability-based  objective  function,
transforming ANN predictions into individual desirabilities and

combining them into a single metric for GA-based
optimization:
xi—xp 0" .
xporm = 2 (—x_rrlzaxl_x_min) —-1,i=12 2)
13 13

norm

Vi = (yk . +1) (y]};nax _ y}r(nin) + y,’cnin,k —12 (3)

hj = tanh(XE, wi; x°" + b;),j = 1,2,...10 (4)

where Y denotes the predicted response (hardness or impact Yo = Y% viechy + ¢, k= 1,2 %)
energy) and P terms are regression coefficients obtained by r T
least-squares estimation. Ori1 =0 =0 J+ul)""]e (6)
Although the quadratic RSM models capture main, 0, y, <L,
interaction, and nonlinear effects, their predictive accuracy is L)
limited by the small dataset and the strong nonlinearity of d = YT L <y <U
impact energy. Therefore, the RSM—CCD data were used to ' U -L ' ' '
train an ANN and coupled with a GA to enhance prediction and 0 y <L
enable multi-objective optimization. ’ T @)
TABLE II. PROCESS PARAMETERS AND CODED LEVELS D= (H72”=1 dr )1/2 ®)
FOR RSM
TABLE III. CCD EXPERIMENTAL MATRIX AND RESPONSES
Factor L Hi hParameterl h: + alph: Hardness
oW 1 - al a a a
WC (A) 175 22g5 1641.)65 2351.)35 Run | WC HWC (HRC) Impact energy (J)
HWC (A) 120 180 107.57 192.43 1 175 120 50.8 24.5
2 225 120 60.2 19.8
3 175 180 52.6 29.2
Experimental Design 4 225 180 61.0 25.6
5 164.65 150 49.6 34.8
l 6 235.35 150 62.2 28.5
7 200 107.57 56.0 22.0
Welding Process 8 200 19243 56.8 30.1
l 9 200 150 58.0 35.5
Mechanical test ’ Experimental I RESULTS
Hardness & Impact test validation )

l T

Machine Learning Model [ Multi-Optimization

MLR- ANN model Genetic Algorithm (GA)

1 T

Model Evaluation
R? | RMSE

ANN Fitness function

Fig. 3.

Hybrid RSM-ANN-GA optimization framework.

C. Prediction and Optimization Framework

An integrated ANN-GA framework was employed to
predict mechanical responses and identify optimal welding
parameters. The workflow comprising experimental design,
ANN modeling, GA-based optimization, and validation is
displayed in Figure 3, with the ANN serving as a surrogate
model embedded in the GA fitness function. Equations (2) and
(3) define the normalization and denormalization of inputs and
outputs for ANN modeling. Equations (4) and (5) describe the
hidden-layer activation and output formulation of the feed-

A. Mechanical Properties and RSM—CCD Analysis

Table III presents the CCD matrix and mechanical
responses of TIG hot-wire-welded AISI 5160 joints. Hardness
ranged from 49.6 to 62.2 HRC and impact energy from 19.8 to
35.5 J, indicating that electrical parameters strongly governed
the strength—toughness balance via their combined effect on
heat input and microstructural evolution. In hot-wire TIG,
resistance preheating of the filler wire enhances deposition
efficiency and alters the thermal cycle relative to cold-wire
TIG, thereby influencing hardness and toughness.

The hardness increased primarily with WC, reaching its
maximum under the high-current axial condition (Run 6: WC =
235.35 A, HWC = 150 A), where the hardness attained 62.2
HRC, whereas HWC enhanced impact energy at fixed WC,
consistent with improved heat balance from hot-wire
preheating. This trend aligns with the thermal sensitivity of the
hardness—toughness trade-off in AISI 5160. ANOVA of the
quadratic RSM-CCD models, presented in Table IV,
confirmed excellent model adequacy for hardness (S = 0.30, R?
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= 0.979, Adjusted R? = 0.944), with WC being the dominant
factor (40.07%, p = 0.0048), followed by WC? (25.07%, p =
0.0094), while HWC and HWC? were also significant; the WC
x HWC interaction was insignificant (p = 0.194).

TABLE IV. ANOVA: QUADRATIC RSM MODEL FOR
HARDNESS
Source Df Sum of F-value P-value Contribution
squares (%)
wC 1 5.125 57.02 0.0048 40.07
HWC 1 2.078 23.12 0.0171 16.24
wc? 1 3.207 35.68 0.0094 25.07
HWC? 1 1.862 20.71 0.0199 14.55
WCxHWC 1 0.25 2.78 0.1940 1.95
Residual 3 0.27 — - 2.11
S$=0.30; R? = 0.979; Adjusted R* = 0.944
TABLE V. ANOVA: QUADRATIC RSM MODEL FOR IMPACT
ENERGY
Source Df Sum of F-value P-value Contribution
squares (%)
WC 1 22.928 2.06 0.2466 8.11
HWC 1 104.985 9.44 0.0545 37.13
wC2 1 25.21 2.27 0.2293 8.92
HWC2 1 95.976 8.63 0.0606 33.94
WCxHWC 1 0.303 0.03 0.8795 0.11
Residual 3 33.369 - - 11.8

§=3.34; R> = 0.882; Adjusted R? = 0.686

In Table V, the quadratic model for impact energy shows

moderate fit (S = 3.34, R? = 0.882, Adjusted R? = 0.686), with
significant contributions from HWC (37.13%) and HWC?
(33.94%), while WC-related terms are minor and statistically
insignificant (a0 = 0.05). The lower adjusted R? indicates higher
sensitivity to microstructural and fracture variability,
highlighting the limited effectiveness of a compact CCD-based

quadratic RSM for accurate impact energy prediction.

TABLE VI PREDICTION ACCURACY OF ANN AND RSM-
CCD
Run Exp. Exp. RSM ANN RSM ANN
HRC impact HRC HRC impact impact
1 50.80 24.50 51.00 50.78 26.51 24.50
2 60.20 19.80 60.41 60.19 21.67 19.84
3 52.60 29.20 5243 52.40 31.45 29.54
4 61.00 25.60 60.84 61.00 27.71 25.74
5 49.60 34.80 49.62 49.64 32.67 34.72
6 62.20 28.50 62.23 62.21 26.60 28.40
7 56.00 22.00 55.76 56.02 20.15 22.00
8 56.80 30.10 57.08 56.67 27.92 29.72
9 58.00 35.50 58.02 58.17 35.52 35.55
R2 0.97 0.99 0.86 0.99
RMSE 0.93 0.10 2.32 0.18

Figure 4(a) shows that hardness increases significantly with
WC, exhibiting pronounced curvature, consistent with
significant WC and WC? effects. Figure 4(b) exhibits a dome-
shaped impact-energy surface, with higher values at
intermediate settings and reduced toughness at high-WC/low-
HWC conditions, in agreement with ANOVA (Table V),
indicating HWC-dominated nonlinear control of impact energy.

(@)

Hardness (HRC)

S
7]
&
g
b ="
(b) g
150 b 195
B: Hot wire Current (1}\) 130 - 185 A: Welding Current (A)
120 175
Fig. 4. RSM response surfaces of hardness and impact energy.

B. ANN-Based Prediction and Model Validation

ANN predictions were validated against experimental data
and quadratic RSM—CCD models. The second—order RSM-—
CCD equations for HRC and IM as functions of WC and HWC
are given in (9) and (10), following standard CCD formulations
[11]. ANN surrogate modeling is recognized for capturing
nonlinear welding responses under limited datasets [10]:

HRC = 77.17 — 09(WC) — 0.349(HWC) +
1.68 X 10 — 3(WC)2 — 3.33x10 — 4(WC - HWC) +
8.89x10 — 4(HW()? ©)

IM = 282.07 — 1.744(WC) — 1.932(HWC) +
4.71x10 — 3(WC)2 — 3.67 x10 — 4(WC - HWC) (10)

Table VI summarizes the validation results and prediction
accuracy. The ANN shows excellent agreement with
experiments for both HRC (R? = 0.97, RMSE = 0.93) and IM
(R? = 0.99, RMSE = 0.10), whereas the quadratic RSM—-CCD
yields acceptable accuracy for hardness (R? = 0.86) but limited
performance for impact energy. This reflects the reduced
capability of quadratic RSM to capture strong nonlinearity and
variability in toughness-related responses, consistent with
previous reports favoring ANN-based models for such
conditions [12].
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The run-by-run comparison in Figure 5 demonstrates that
ANN predictions closely follow the experimental trends across
all CCD runs, whereas the RSM—-CCD model exhibits larger
deviations, particularly for impact energy [10, 12]. This
confirms that ANN is a more efficient surrogate predictor,
justifying its use as the GA fitness function for multi-objective
optimization, consistent with prior welding optimization
studies [13].

64

—=— Exp.

62+

60 1

584
56

54

Hardness (HRC)

524

50+

(b)

Impact ennergy (J)

18 T T T T T T T T T

Run

Fig. 5. Comparison of experimental and predicted responses.

C. ANN-GA Multi-Objective Optimization Results

Multi-objective optimization of TIG hot-wire welding
parameters was conducted using a GA coupled with the trained
ANN surrogate, where the ANN served as the fitness function
to maximize hardness and impact energy via an overall
desirability index [14]. The ANN-GA converged to a balanced
condition that optimizes the strength—toughness trade-off [15].
The best and worst solutions are outlined in Table VII: the
optimal setting (WC = 200 A, HWC = 150 A) yielded 58.17
HRC and 35.55 J with high desirability (D = 0.95, Rank 1),
whereas a suboptimal condition (WC =200 A, HWC = 107.57
A) produced 56.02 HRC and 22 J with low desirability (D =

0.43, Rank 9) [16]. These results highlight the significant role
of HWC in controlling heat balance and impacting energy
performance [17].

TABLEVIL  BEST AND WORST ANN-GA WELDING
SOLUTIONS
Case wc | mawe | 84 | Ga@ | p | Rank
(HRC)
Optimal (bes) | 200 | 150 | 58.17 | 3555 | 095 | 1
Non-optimal | 505 | 10757 | 5602 2 |o43| o
(worst)

Figure 6(a) demonstrates that HWC contributes more than
WC to the optimal solution, complying with the role of hot-
wire assistance in stabilizing melting and improving thermal
control [18]. The convergence trends in Figure 6(b) indicate
stable GA behavior, with rapid early improvement of best
fitness and steady enhancement of mean fitness over 1000
generations, confirming efficient optimization performance
[19]. These results validate the effectiveness of the ANN-GA
framework in enhancing both hardness and impact energy
under limited experimental data [10].

60

50+

404

301

Best Individual

204

WC HWC
Variable

0.9 1

0.8 1

0.74

Best Fitness
—— Mean Fitness

(®)
0.6

Fitness Value

0.5

0.4+

T T T T
0 200 400 600 800 1000
Generation

Fig. 6. ANN-GA convergence characteristics.
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Fig. 7. Optical Microscopy-Scanning Electron Microscopy-Energy Dispersive Spectroscopy (OM-SEM-EDS) comparison of weld microstructures under: (a)

optimal condition, (b) non-optimal condition.
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D. Microstructural and Fracture Surface Analysis

Figure 7 compares weld-region microstructures and
elemental distributions under ANN—-GA-identified optimal and
non-optimal TIG hot-wire conditions. The optimal case shows
a more homogeneous OM etching and uniform SEM contrast,
indicating stable heat input and consistent fusion—solidification
behavior [20]. In hot-wire GTAW, filler-wire preheating
enhances deposition efficiency and moderates thermal
gradients, promoting controlled weld pool dynamics and
reduced microstructural heterogeneity [21].

EDS analysis further supports this trend: the optimal
condition exhibits higher Cr and Ni contents (~8 wt.% Cr, ~4
wt.% Ni) than the non-optimal case (4.3 wt.% Cr, 2.1 wt.%
Ni), indicating enhanced alloying contribution and more stable
elemental mixing in the weld pool [22]. Weld-metal
composition, particularly the balance between ferrite and
austenite stabilizers, governs impact toughness by controlling
phase transformations, grain boundary characteristics, and the
formation of brittle secondary phases [23].

(b)

Fig. 8. Macro-fracture and SEM fractography of Charpy specimens for:
(a) optimal, (b) non-optimal weld conditions.

Figure 8 shows macro-fracture surfaces and SEM
fractography (Regions I-II) of Charpy specimens. The optimal
weld exhibits ductile-dominant features with dense, deep
dimples and extensive microvoid coalescence, indicating
higher plastic deformation and impact energy [24]. In contrast,
the non-optimal weld shows mixed-to-brittle characteristics,
including quasi-cleavage facets and shallow dimples, consistent
with reduced ductility [25]. These observations confirm that
hot-wire-assisted heat balance promotes tougher fracture
behavior, whereas unfavorable parameters induce local brittle
zones that facilitate crack initiation under impact loading [26].

IV. CONCLUSION

This study developed a hybrid Response Surface
Methodology—Artificial Neural Network—Genetic Algorithm
(RSM-ANN-GA) framework for multi-response optimization
of TIG hot-wire repair welding of AISI 5160, achieving
simultaneous improvement in hardness and impact energy
under a limited dataset. A compact nine-run Central Composite
Design (CCD) effectively captured the design space, revealing
a hardness of 49.6-62.2 HRC and an impact energy of 19.8-
35.5 J, with a clear strength—toughness trade-off governed by
heat input balance. RSM analysis indicated that hardness is
mainly influenced by Welding Current (WC) and its quadratic
term, while impact energy is dominated by Hot-Wire Current
(HWC) and its nonlinear effect. The ANN model outperformed
RSM with high accuracy (R? = 0.97 and 0.99) and low
prediction errors, effectively capturing nonlinear relationships.
Coupling ANN with GA enabled efficient optimization,
yielding an optimal condition at WC =200 A and HWC = 150
A, with 58.17 HRC and 35.55 J, with a high desirability (D) of
0.95, supported by improved ductile fracture characteristics.
However, the limited dataset restricts statistical robustness;
future work should expand experiments and validate results
under service conditions, including fatigue and wear, while
incorporating additional process variables.
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