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ABSTRACT

The present research explores the effect of ternary oxide flux on Activated-flux Tungsten Inert Gas welding of austenitic
stainless steel 304. Butt joint welding was performed using three different fluxes (SiO,, TiO, and Cr,0,) combined in various
ratios. Tungsten Inert Gas welding was used to weld 8 mm thick plate of grade 304 stainless steel. Welding parameters such as
penetration depth, weld bead width and reinforcement were observed. The experimental results showed that using fluxes SiO,,
TiO, and Cr,O, resulted in improved weld penetration. Based on the current findings, centripetal Marangoni convection and
constricted arc are proposed as mechanisms for enhancing the penetration of activated flux TIG welding. The microstructure
of the weldment was investigated using an optical microscope and a Scanning Electron Microscope. The hardness of the weld
bead was determined using the Rockwell Hardness Tester. Maximum value of the hardness was found as 66 HRC. The pur-
pose of this work is to investigate the effect of oxide fluxes on weld morphology and welding parameter. Estimation of output
parameters using Artificial Neural Network tool in MATLAB17 was done. The dataset was extracted from the experimental
work. Heat input, flux ratio and gas flow rate have been investigated as input factors for predicting weld bead width and depth
of penetration. In this research, it was found that using ten nodes in a single hidden layer produced the best outcomes. The
estimated values of weld bead width and depth of penetration were found to be pretty similar to the experimental observations.

KEYWORDS: welding, activated-flux, A-TIG welding, weld bead geometry, microstructure, hardness, ANOVA (analysis of

variance), artificial neural network

INTRODUCTION

Stainless steel, aluminiuum, titanium and magnesium
alloys are fabricated primarily with high weld quality
and a smooth, scatter-free surface obtained through
the use of the tungsten inert gas (TIG) welding. Hot
weldment is shielded from ambient contamination by
inert shielding gas, which is primarily pure argon but
is occasionally combined with hydrogen or helium.
Weld spatter can be reduced using TIG welding, and
excellent weld beads are typically produced. Besides
these advantages, its flexibility in combining numer-
ous types of metals opened the door for their exten-
sive use in the industrial and civil sectors. In addi-
tion to the benefits that the TIG welding method has
introduced, shallow penetration has been viewed as
a disadvantage, particularly when combining thick
parts [1-4]. Many techniques were developed to ad-
dress the issue of poor (low) penetration; one of the
most significant of these is activated flux TIG weld-
ing method, which involves covering faying surface
with a paste-like mixture of an activating flux. This
flux layer may be of oxide, fluoride, chloride, etc.
Flux coating gets melted and evaporated with the start
of welding. Penetration depth increases and welding
width bead decreases as a result of arc constriction
and reversal of Marangoni convection [5-7].
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Babbar et al. [8] investigated on AISI 316 stain-
less steel under sea water environment as it is much
resistant to corrosion compared to other grades of
steel without molybdenum. They carried out autoge-
nous bead-on-plate welding utilizing SiO, and TiO,
in three ratios and compared it without using a flux.
A maximum depth of penetration (DOP) of 5 mm was
achieved.

A-TIG process can be used to weld dissimilar met-
als because it stabilizes DOP based on the reversal
of Marangoni convection, in addition to being used
to fabricate various materials such as titanium, alu-
minum, manganese and stainless steel. Filler metal is
needed to fill the gap between the welding portions in
TIG welding process with flat thickness greater than 3
mm. For 8 mm thick work piece, A-TIG welding with
filler metal could be done without even edge prepa-
ration [9-10]. Venkatesan et al. demonstrated [11]
how A-TIG welding could enhance penetration while
welding AISI 409 ferritic stainless steel. SiO, flux had
the highest penetration and aspect ratio (ASR) across
all current levels, while TiO, flux had a rapid fall in
ASR at higher current. A cost-effective SiO, and TiO,
flux combination had up to 5 mm penetration. On
the other hand, Ganesh et al. [12] explored possibil-
ity of A-TIG welding of 10 mm thick SS316LN. An
unspecified multi-component oxide flux was used to
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accomplish autogenous welding to have 10 mm DOP
in one pass; however, in TIG welding, 13 passes were
needed.

Numerous research works were conducted where
various facets of the A-TIG process had been consid-
ered. Pamnani et al. [13] optimised the TIG process
by employing response surface approach to get the
maximum welding penetration. A-TIG and TIG pro-
cess performance was examined by Kumar et al. [ 14].
The only procedure where full DOP has been attained
is A-TIG. Therefore, by concurrently boosting DOP
and lowering weld bead width (WBW), the A-TIG
process may enhance the performance of the TIG
process. Zuber et al. [15] studied how oxide flux af-
fects welding distortion, ferrite number, hardness val-
ue, and DOP in austenitic stainless steel 304L plates
with a thickness of 8 mm. SiO, powder was combined
with acetone and applied to a bead plate without joint
preparation or the use of filler wire.

Kulkarni et al. [16] examined the microstructure
and mechanical characteristics of AISI 316L and
SS-Alloy 800 after connecting them. A multi-compo-
nent flux was used, including 25 % MoO,, 25 % TiO,,
25 % V,0,, 15 % SiO, and 10 % Co,0,. No filler ma-
terial was used in the A-TIG welding process. The
AISI 316L and SS-Alloy 800 joint successfully pene-
trated 8 mm thick plates with no fractures or defects.
The weldment zone had high impact toughness and an
austenitic microstructure. Alloy 800 HAZ exhibited
grain coarsening. Touileb et al. [17] evaluated the ef-
fects of activating fluxes on the 430 Ferritic Stainless
Steel alloy in A-TIG welding. Three fluxes were iden-
tified: MoO,, TiO, and SiO,. Minitab 17 software was
used to perform experimental runs as per design of ex-
periment (DOE). Each run had a varied percentage of
all three fluxes. The maximum DOP of 7.24 mm was
attained with a combination of 55 % TiO, and 45 %
MoO,. It costs more than twice as much as traditional
TIG welding. When A-TIG welding was employed,
mechanical parameters such as tensile strength, hard-
ness, and breaking absorbed energy were almost un-
changed. Using A-TIG welding, flux resulted in a pos-
itive corrosion potential for the weld metal.

Table 1. The present experimental details

K2 by Kemppi TIG 200AC DC
Current range 10-200 A
Duty cycle — 25 %/200 AC
Make — Mehta Sanghvi and Co. India
Speed — 0.85-to Smm/s
Make — Usha Instruments, India
Motor — power 1/4 HP

TIG welding machine

Travelling vehicle

Belt grinder/polisher
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Some others [18-27] used a variety of fluxes, in-
cluding ones based on chloride, oxide and fluoride,
in dissimilar joining (low alloy and stainless steel).
The results of this research indicate that oxide-based
fluxes have produced the greatest penetration depth.
Additionally, DOP was little affected by other fluxes.
A-TIG welding had been the subject of several in-
vestigations, according to the literature review on the
technique.

According to the literature review and preliminary
experimental tests conducted using the DOE (screen-
ing) approach, the following process input variables
have been considered and their corresponding inter-
vals and levels determined: current (/), welding speed
(v), and percentage of activating fluxes combination
ratio (FR). It has been discovered that the most ap-
propriate design matrix Box—Behnken Design is the
best method for conducting experiments and obtain-
ing the necessary data for modelling and optimisation
purposes based on the number of process parameters
and their preset values.

Then, a neural network using a back-propagation
algorithm was employed to find the relationships be-
tween the process input and output parameters (/, v
and FR, as well as DOP, WBW and ASR). Next, using
the particle swarm optimization (PSO) method, the
optimal BPNN architecture has been identified. PSO
algorithm has finally been used for multi-response op-
timisation [28-33].

In this research work, the combination of the three
activating fluxes (TiO,, SiO, and Cr, O,) in different
ratios have been taken into consideration as the pro-
cess input variable It has been optimised so that DOP
increases, WBW decreases. This is because different
activating fluxes have different effects on the weld
bead geometry, mechanical, and metallurgical prop-
erties of weldments.

MATERIALS AND METHOD

The present research employs an analytical approach
to improve weld bead shape after completing tests.
The Box—Behnken response surface design approach
is used to conduct an A-TIG welding experiment
on an austenitic stainless steel 304 work piece. To
estimate what has been found, an artificial neural
network (ANN) model is developed. The specifics
of the proposed approach, as well as the theoretical
requirements, are described in the following subsec-
tions. The experimental work was carried out using a
TIG welding machine, whose specifications and oth-
er parameters are listed in Table 1. Table 2 displays
the chemical composition of base metal 304 stainless
steel (percentage by weight).
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Table 2. The percentage of chemical composition in 304 stainless steel (wt.%)

C Si Mn S P Cr Ni Fe
0.034 0.445 1.529 0.003 0.030 18.124 8.478 Rest
Table 3. Process parameters and their levels
Factor level
Parameters Symbol Unit
Max Intermediate Min
Heat input HI kJ/mm 0.734 0.634 0.534
Flux ratio FR (S8i0,:TiO,:Cr,0,) 72:18:10 65:25:10 45:45:10
Gas flow rate GFR 1/min 16 14 12
Table 4. Trial experiment
. Reinforcement,
No HI, kJ/mm v, mm/s Root gap, mm Flux GFR, I/min WBW, mm mm DOP, mm
0.734 2.5 1 NF 16 9.05 -0.43 2.84
2 0.634 2.5 1 NF 16 6.09 -0.77 2.24
0.534 2.5 1 NF 16 9.01 —-0.17 2
EXPERIMENTAL DETAILS and DOP. Table 3 provides the parameters of the mod-

SS304, a base metal measuring 65%25%8 mm, was em-
ployed in the experiment. 304 stainless steel is highly
resistant to oxidation and corrosion at high tempera-
ture, and is used for making complicated shapes be-
cause to its high elongation, low yield strength and ex-
cellent formability. Fluxes employed were SiO,, TiO,
and Cr,O,. Welding was done using an autogenous
process. Current was varied from 120 to 160 A. First,
butt welding with a root gap of 1 mm was performed
as a trial experiment, followed by A-TIG welding with
a flux containing a mixture of SiO,, TiO, and Cr,0O, in
various ratios, such as 72:18:10 (high value), 65:25:10
(mid value) and 45:45:10 (low value). The measured
heat input (HI) values were 0.534 kJ/mm (low val-
ue), 0.634 kJ/mm (mid value) and 0.734 kJ/mm (high
value). Root gap was kept fixed at 1| mm. GFR was
varied from 12—16 I/min. Welded plates were cut us-
ing an abrasive cutter, and then ground and polished
to a mirror finish on a belt grinder, on a disc grinder/
polisher using emery paper grades of 400, 600, 800,
1000 and 1200, and using a velvet cloth soaked in alu-
mina suspension. Kalling’s No. 2 reagent was used to
etch it. This solution was employed for around two
minutes to etch the mirror-finish plates. The geometry
of the weld beads was then determined using an opti-
cal microscope. Figure 1, a, b show the experimental
setup for the present research.

The present investigation includes three key pro-
cess items that have been identified as input process
parameters: HI, FR and GFR. Furthermore, the out-
come factors for the current research include WBW

el as well as the different stages of the experiment.

According to Box—Behnken of Response Surface
Methodology (RSM), in order to identify the most
effective process parameters resulting in the highest
penetration depth, for the 15 experimental runs shown
in Table 5, a design with three factors and three lev-
els was chosen. Table 4 shows the trial experimental
findings for various input parameter combinations,
as well as the associated experimental output data
(WBW, DOP, and reinforcement). HI values are cal-
culated by using equation mentioned below:

HI =nUI/(1000v).
Here, HI, HI values are expressed in kJ/mm; welding
speed, v in mm/s; weld voltage, U and weld current, /
are in Volt and Ampere respectively; 1) is process effi-
ciency (for TIG welding, it is taken as 0.8).

Input parameters used are GFR, FR and HI. The
design of experiment is made using three levels and
three variables, as per Box—Behnken Design approach
of RSM. Fifteen experimental runs are performed.
Output parameters chosen are DOP, reinforcement
and WBW. Shielding gas utilized is 99.9 % pure argon

b\

Figure 1. Welding machine (a), travelling vehicle (b)
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Table 5. The experimental data

No LA v, mm/s U, v HI, kJ/mm FR GFR, Jmin | WBW, mm | RO | b hm
ment, mm
1 122 25 14.6 0.53436 2.5 12 6.31 021 2.58
2 139 25 152 0.63447 25 14 9.25 ~0.18 342
3 122 25 14.6 0.53436 4 14 7.57 114 3.61
4 159 25 15.4 0.73458 25 12 6.54 03 332
5 139 25 15.2 0.63447 4 12 7.63 052 4597
6 139 25 15.2 0.63447 12 6.79 026 24
7 159 25 15.4 0.73458 25 16 6.73 0.17 3.45
8 159 25 15.4 0.73458 4 14 8.34 0.2 4255
9 159 25 15.4 0.73458 14 7.82 123 4.15
10 139 2.5 15.2 0.63447 2.5 14 8.45 02 2.7
1 122 25 14.6 0.53436 2.5 16 7.37 0 3.08
12 139 25 152 0.63447 25 14 9.25 02 291
13 122 25 14.6 0.53436 1 14 8.94 028 4.14
14 139 25 15.2 0.63447 16 9.06 05 5.7
15 139 25 15.2 0.63447 4 16 6.3 023 2.44

gas, and gun angle is kept constant at 75° throughout.
Weld bead microstructure is examined using both an
optical microscope and a scanning electron micro-
scope (SEM). Rockwell hardness tester is used to
measure hardness. The optimal settings for the A-TIG
welding process contain a HI of 0.634 kJ/mm, a FR
(Si0,:TiO,:Fe,0,) of 45:45:10 and GFR of 16 I/min.

Figure 3, a shows weld beads created by autoge-
nous A-TIG welding. Figure 3, b depicts deep pene-
tration of 5.7 mm with a FR of 45:45:10, current of
150 A and GFR of 16 I/min and Figure 3, a shows a
shallow DOP 2.58 mm with a weld current of 140 A,
FR of 65:25:10 and GFR of 12 I/min has little effect
on DOP.

RESULTS AND DISCUSSION
OF EXPERIMENTAL OBSERVATION

The observed data in table 1 was inputted into the
Minitab 17 program, and analysis of variance (ANO-

Figure 2. A-TIG welded specimens corresponding to respective
experimental runs: ¢ — weld joint in experiment 3; b — weld
joint in experiment 9; ¢ — weld joint in experiment 10; d — weld
joint in experiment 12

VA) tables, contour plots, and surface plots were gen-
erated using the software.

ANOVA TABLE OF DOP WITH VARYING HI,
FR, GFR

Table 6 contains the ANOVA table for DOP, while
Figure 4, a—f'shows the surface and contour plots with
GFR as hold values.

The lowest HI and FR yield the maximum DOP. It
changes slightly as the amount of HI increases. DOP
displays a declining trend at the starting level with an
increasing FR, and DOP practically remains constant
after that.

DOP first decreases as HI increases, but then be-
gins to expand. As FR increases, DOP first decreases
before rising. The lowest DOP is seen at mid-range
HI and FR. Maximum DOP is observed with high HI
and FR.

Atlower FR, DOP changes only somewhat with an
increase in HI. However, at greater FR, DOP increases
in response to an increase in DOP, on the other hand,
increases dramatically when the FR increases for any
HI amount. The regression relationship is relatively
satisfactory since the R* (correlation coefficient) value

Figure 3. Photographs of weld beads: ¢ — macrostructure at a set
current 140 A; b — macrostructure at a set current 150 A
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Table 6. ANOVA table for DOP

Source Degrees Adjusted sum | Adjusted mean | Fisher V.ah.le PV
of freedom of squares squares or F-statistics
Model 9 11.4553 1.27282 16.58 0.003
Linear 3 1.0591 0.35304 4.6 0.067
HI, kJ/mm 1 0.3894 0.3894 5.07 0.074
FR 1 0.2768 0.27677 3.67 0.116
GFR 1 0.3929 0.37294 5.12 0.073
Square 3 2.8165 0.93883 12.23 0.01
HI, kJ/mm x HI, kJ/mm 1 0.1144 0.11437 1.49 0.277
FR x FR 1 2.685 2.68498 34.97 0.002
GFR x GFR 1 0.0228 0.02275 0.3 0.61
2-Way Interaction 3 7.5797 2.52658 3291 0.001
HI, kJ/mm x FR 1 0.1008 0.10081 1.31 0.304
HI, kJ/mm x GFR 1 0.0342 0.03423 0.45 0.534
FR x GFR 1 7.4447 7.44471 96.97 0
Error 5 0.3839 0.07677 - -
Lack-of-fit 3 0.1097 0.03655 0.27 0.847
Pure error 2 0.2742 0.1371 - -
Total 14 11.8392 - - -

for DOP is 96.76 %, the static values of the model are

experiments are needed to clarify this. Equation (1) is

the DOP regression equation.

DOP=12.4-163 HI +3.677 FR +2.09 GFR +
+17.6 HI x HI + 0.3790 FR x FR — 0.0196 GFR x
x GFR + 1.057 HI x FR - 0.462 HI x

close to zero, and the lack of fit is not significant, as
shown in ANOVA Table 3. The surface and contour
plots show that the largest DOP occurs when the HI

is 0.70 kJ/mm or higher, and the FR is lower or larg- (1)

er. This graphic does not show a distinct trend. More

x GFR - 0.4547 FR x GFR.

Surface plot of DOP, mm vs FR. Contour plot of DOP, vs FR, Surface plot of DOP. mm vs FR
HL kJ/mm HIKJ/mm HI, kl/mm
Hold values Hold values Hold values
GFR. 16 'mm GFR, 16 I'mm GFR, 14 Vmm
DOP, mm
m =25
6 W25
= ®i0.35
E s S 3540
b m 045 =
=4 S-S0 H
=3 4 R— =
= 4
=
0.55 ER ’
0.60 (1 65 | FR
0.70 s
033 0600 oz
HL kl/mm . U063 75— 1
0,550 0,600 0630 0.700 HI. kJ/mm
o HI, klimm ¢
Contour plot of DOP. mm vs FR. Surface plotof DOP, mm vs FR. Contour plot of DOP, mm vs FR.
HI k¥mm HI, klimm HI, k)/imm Hold vatues
0 Hold values Hold values +0 GFR, 14 Vimm
GFR. 14 I/mm GFR, 12 I'mm
“1 DOP,
DOP. mm i
3.0 3 - 25
£ Lt 2530
] 311: ::‘2‘ 3 W 30-35
25 o336 g £ - k]
w 36-38 E 4 — 4.0- 4.5
~Er ] ar 4550
20 a0 42 S 3 4 . s
| 42 B -
1.5 2 FR
0.55
(.60
1.0 0.65 g, ]
0550 0600 0650 0700 HI, klimm 0550 (6600 0,650 0.700
d HL. kJimm e i HL. kl/mm

Figure 4. a — surface; b — contour plot of DOP (mm) for FR against HI with GFR held at 16 1/min; ¢ — surface; d — contour plot
of DOP (mm) for FR against HI with GFR held at 14 1/min; e — surface; f— contour plot of DOP (mm) for FR against HI with GFR

held at 12 1/min
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Table 7. ANOVA table of bead width

Source Degrees Adjusted sum | Adjusted mean | Fisher v.ah_le PV
of freedom of squares squares or F-statistics
Model 9 15.6857 1.74285 14.97 0.004
Linear 3 1.6308 0.54361 4.67 0.065
HI, kJ/mm 1 0.0722 0.07220 0.62 0.467
FR 1 0.9591 0.95911 8.24 0.035
GFR 1 0.5995 0.59951 5.15 0.073
Square 3 9.7326 3.24421 27.86 0.002
HI, kJ/mm x HI, kJ/mm 1 2.1420 2.14204 18.39 0.008
FR x FR 1 0.0108 0.01083 0.09 0.773
GFR x GFR 1 8.1332 8.13323 69.84 0.000
2-Way interaction 3 4.3222 1.44075 12.37 0.009
HI, kJ/mm x FR 1 0.8930 0.89302 7.67 0.039
HI, kJ/mm x GFR 1 0.1892 0.18923 1.62 0.258
FR x GFR 1 3.2400 3.24000 27.82 0.003
Error 5 0.5822 0.11645 - -
Lack-of-fit 3 0.1556 0.05186 0.24 0.862
Pure error 2 0.4267 0.21333 - -
Total 14 16.2679 - - -

ANOVA TABLE OF WBW WITH VARYING HI,
FR, GFR

Table 7 shows the ANOVA table for WBW. Figure 5,
a—f shows the hold value, surface plot, and contour

Initially, bead width changes somewhat when HI
increases in the lower range of FR. Then it exhibits a
diminishing tendency with increasing HI. However,
with greater FR, bead width decreases with increased
HI. On the other hand, at greater HI levels, bead width

plot for the GFR. . - . .
decreases significantly with increasing FR. Melt vol-
Surfiace plot of WBW, mm vs FR. Contour plot WBW, mm vs FR. Surface plot of WBW, mm vs FR.
HL kV/mm HI. kJ/mm HI. kJ/mm
Hold values 40 Hold values Hold values
GFR, 16 Vimim GFR, 16 Vmm GFR, 14 Vi
35
WHW. mm
B 60
9 30 W60-65
2 W&5-T0
i 235 W70-75 -
23 = 7580 5
= 4 W 80-85 e,
By 2.0 Wss o0 2
| | - 00 =
.35 FR ¥
.55 5 -]
.60 0.65 0.70 I FR
HI. k)/mm L0 s
1550 0600 0.650 0.700 HI. kJ/mm
a HI, kJ/mm 4
Contour plot of WBW. mm vs FR. Surface plot of WBW, mm vs FR. Contour plot of WBW, mm vs FR.
HI, k/mm HI, kl/mm HI, klfmm
Hold values
Hold values Hold values it
GFR. 1 I'mm GFR. 12 Vmm GFR. 12 1'mm
WEBW, mim WEBW. mm
<73 <6l
. 75-80 W 60-63
W 8085 8 W6s5-70
W 5590 3 W70 75
L I g, [ ] 75
= 4
Z 6
FR
0.55
i 0:60.0.65 o 75—1 Lol g
(L550 0.600 0.650 0.700 HIL Klmm 0550 0.600 0630 0.700
e HIL klmm d HL kVmm

Figure 5. a — surface; b — contour plot of bead width (mm) for FR against HI with GFR held at 16 1/min; ¢ — surface plot; d — con-
tour plot of bead width (mm) for FR against HI with GFR held at 14 I/min; e — surface plot; f— contour plot of bead width (mm) for
FR against HI with GFR held at 12 I/min
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ume naturally increases as HI increases. If it directly
increases DOP, it has little effect on bead width. When
DOP is not adjusted, the bead width rises, resulting in
less reinforcing.

Initially, bead width increases somewhat with in-
creased HI in the lower FR range. Then it displays
a diminishing trend as HI increases. However, with
greater FR, bead width increases marginally as HI in-
creases. On the other hand, bead width increases with
increasing FR at greater HI levels.

Bead width first increases somewhat with an in-
crease in HI across all FR ranges. It then exhibits a
diminishing trend as the HI increases. However, with
greater FR, bead width increases as HI increases.
Bead width, on the other hand, increases dramatically
as the FR increases across a wider range of HI.

Because the R? value of bead width is 96.42 %
and static values of probability value (PV) are close
to zero, as shown in ANOVA Table 7, the regression
relation is acceptable. The surface plot and contour
plot show that the greatest bead width occurs in the
lower range of HI, while the FR is undecided. More
thorough studies may be performed to investigate the
presence of any specific trend, if any. Equation (2)
presents the regression equation for bead width.

WBW =-1104 +102.8 HI +2.09 FR + 11.97 GFR —
—76.0 HI x HI — 0.024 FR x FR — 0.370 GFR x
x GFR + 3.15 HI x FR — 1.086 HI % )
x GFR —0.3000 FR x GFR,
when, bead width is in mm, HI is in kJ/mm and GFR
1s in I/min.

OBSERVATION OF MICROSTRUCTURE

Figure 6 shows the microstructure of the best welded
sample No. 8. Figure 6, a depicts the microstructure
as seen using an optical microscope, whereas Fig-
ure 6, b shows it via a SEM. Both optical and scan-
ning electron microscopy (SEM) observations reveal
the formation of black granular formations known as
ferrite structures and white granular structures known
as pearlite. Ferrite is a iron, while cementite is an in-
termetallic complex (Fe,C, iron carbide).

MODELLING USING ANN

An ANN is a nonlinear computer model comprising
several neurones that communicate with one anoth-
er in the same way as a biological nervous system
does. In the present research, we use the Leven-

Table 8. Summary of processes (training, validation and testing)

Process Observation MSG R ?7?
Training 11 0.2394 0.9989
Validation 2 0.3451 0.9415
Test 2 0.3212 0.9809

by optical microscope with X200 magnifications and (b) by SEM
with x1000 magnification

berg—Marquardt multilayer error back propagation
training algorithm (EBPTA) to train feed forward
ANN. This strategy uses the iterative gradient tech-
nique to compute connection weights that minimise
the total means-square error between the algorithm’s
output and the intended outcome. Figure 7 depicts
a wide framework for the present research on weld
bead form. The current study was conducted using
Matlab17 software and the neural network toolbox.
The multilayered ANN model consists of three input
layers (HI, FR, and GFR), three output levels (WBW,
DOP, and reinforcement), and a hidden layer of ten
nodes. Table 5 illustrates the experimental data uti-
lised in the ANN investigation. The training, testing,
and validation ratios are set as 70, 15, and 15 % for
the 15 data sets, respectively. The maximum number
of epochs allowed in ANN analysis is 1000. The iter-
ative method’s beginning and maximum convergence
factors () are 0.001 and 1.00¢'°. The minimal perfor-
mance gradient (MSG) during training is 5.05¢°. The
experimental DOP and WBW are the objectives here.
The outcome is calculated by taking the ANN model’s
penetration depth and WBW into account.
Throughout training, validation, and testing, the
model’s R (coefficient of correlation) values are vir-

Depth
of penetration
Heat P
input
—_—

Bead

Flux width

ratio
—_—
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cement
e

Root
gap
—

R
N\
2\ W
\\
N

Figure 7. Neural network model schematic for forecasting bead
width and penetration

19



Samarendra Acharya et al.

Training: R = 0.99916

Validation: R = 0.99665
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Figure 8. Regression plot analysis

tually same, but its MSG (mean square error) values
are much lower. Thus, this ANN model is considered
while making predictions. A value of R, as shown in
Table 8, is appropriate for a number of tasks such
as training, validation, and testing since it evaluates
goodness-of-fit. Statistically significant changes in
the independent factors balance out with changes in
the dependent variables.

The experimental network’s regression curve,
shown in Figure 8, shows a significant relationship

Table 9. Bead width (predicted data and experimental data with
percentage error)

Target

between the training, validation, and testing stages.
The generated model is strong, as indicated by regres-
sion values approaching Black line is the main regres-
sion line. It shows the central trend of the data. Red
line represents confidence interval boundary. Blue
line represents fitted values or predictions. Green line
represents smoothed fit.

RESULTS AND DISCUSSIONS

Table 9 and Figure 9, a compare the experimental
and expected WBW values of the 15 experimental

Table 10. DOP (predicted and experimental with error)

No. WBW WBW Percentage No. DOP DOP Percentage
(Experimental) (Predicted) Error (Experimental) (Predicted) Error
1 7.64 7.65 0.13 1 2.58 2.6 0.77
2 8.35 8.43 0.94 2 3.42 3.44 0.58
3 7.81 7.77 0.51 3 3.61 3.6 0.27
4 7.97 7.95 0.25 4 332 3.31 0.3
5 8.77 8.74 0.34 5 4.597 4.609 0.26
6 8.8 8.79 0.11 6 2.4 2.41 0.41
7 8.89 8.85 0.45 7 3.45 3.46 0.28
8 8.58 8.54 0.46 8 4.25 4.24 0.23
9 8.77 8.81 0.45 9 4.15 4.17 0.47
10 9.29 9.33 0.42 10 2.7 2.71 0.36
11 8.82 8.86 0.45 11 3.08 3.082 0.06
12 9.09 9.12 0.32 12 291 29 0.34
13 7.68 7.72 0.51 13 4.14 4.11 0.72
14 8.69 8.73 0.45 14 5.7 5.75 0.86
15 9.09 9.18 0.98 15 2.44 2.42 0.82
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Figure 9. Bar graph showing difference between experimental and predicted WBW or simply bead width (@), bar graph showing

difference between the experimental and predicted penetration (b)

Table 11. Input parameters (minimum, maximum, mean, standard deviation)

No Input parameters Min. value Max. value Mean value Standard deviation
1 HI, kJ/mm 0.534 0.734 0.634 0.0731
2 FR 1 4 25 1.0954
3 GFR, I/min 12 16 14 1.4605

Table 12. Output parameters (minimum, maximum, mean, standard deviation)

No Output parameters Min. value Max. value Mean value Standard deviation
1 WBW, mm 6.3 9.25 7.756 1.0414
2 DOP, mm 2.4 5.7 3.516 0.8884

runs, whereas Table 10 and Figure 9, b illustrate the
experimental and anticipated DOP values. There
are minor departures from the predicted values
of bead geometry i.e. WBW and DOP in certain
experimental runs, but overall there is satisfacto-
ry agreement. The authors predict the result while
keeping stable input and output nodes by adjust-
ing the amount of training data sets, hidden layers,
and hidden nodes through trial and error. It is not
uncommon to discover disparities between experi-
mental and expected results using ANN.

Using the data allocated for validation, Figure 10
presents a graphical depiction of performance
during the validation step. A maximum of 1000
epochs can be used with the ANN model. With the
lowest prediction error, the fifth epoch of the eleven
repetitions yielded the best validation performance.
The starting value is zero and the ending value is
eleven as the training progresses. It is assumed that
the MSG values for training, validation, and testing
are 0.2394, 0.3451, and 0.3212, respectively. The
R values are nearly one, while the MSG values are
almost zero. Thus, the ANN architecture that was
used was successful.

Table 11 displays the minimum, maximum, mean,
and standard deviation of the input parameters, while

Best Validation Performance is 0.19644 at epoch 5

10? -
= Train
= Validation
— Test
------ Best

101 L

lg=)
£
=
5
a) 100 -
wn
§
= ¢
10-' F
102 b— 1 1 ) ! .

0 1 2 3 4 5 6 7 8
8 Epochs

Figure 10. Graph of the best validation performance

Table 12 displays the minimum, maximum, mean,
and standard deviation of the replies, or output pa-
rameters.

CONCLUSIONS

Based on the experimental investigation on A-TIG
welding of SS304 steel flats by utilizing a ternary flux
combination (Si0,:TiO,:Cr,0,), data analysis with
the help of ANOVA and applying ANN for prediction
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of bead geometry, the following conclusions may be
drawn:

With a HI of 0.634 kJ/mm, root gap of 1 mm, GFR
of 16 1/min and FR 0f45:45:10, maximum DOP of 5.7
mm is achieved.

The DOP and width of the weld bead are more in-
fluenced by HI and FR.

We may conclude that the ANOVA regression anal-
ysis is satisfied in this situation because the PV values
of the ANOVA table for the DOP and bead width are
often less than 0.05 and the lack of fit is insignificant.

The bead width has an R? value of 96.42 % while
the DOP has an R? value of 96.76 %. The results,
therefore, are more than 90 % and pretty acceptable.

Based on measurements made with a Rockwell
hardness testing machine, the maximum hardness
value for the A-TIG weldment is 65 HRC. It is quite
satisfactory.

The A-TIG welding bead width and penetration
depth determined by ANN are found to be fairly close
to the experimental value. Minor differences are also
observed from time to time, and this is normal. The
ANN model has been successfully applied in this
case. Consequently, it can be said that the ANN is a
helpful tool for estimation.
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