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Abstract

Nowadays, researchers have been using several predicting tools in the areas of defense, marketing, finance, and engineering. In the
area of welding processes, estimation of response parameters is done. As a predicting tool in this investigation, artificial neural
networks (ANN) and regression equations are used. Using the ANN model, predictions can be made through various learning methods
possible with this algorithm. The regression equation for each response parameter is obtained from MINITAB software. Weld bead
geometry, hardness, and maximum bending load of the welded zone are predicted. Sets of input and output data needed for
experimental runs are obtained by joining AISI 304 and EN 8 steels together using the GMAW process. To predict weld bead geometry
and mechanical properties of the weld zone of dissimilar steels, two separate prediction tools are used. The outcomes are then
compared. Such research is novel in the field of predicting and comparing the output parameters of different weld joints using ANN
and regression analysis (RA). It is concluded that ANN as well as regression equations have predicted the weld bead geometry,
hardness, and maximum bending load with a little error. It is also found that ANN provides satisfactory predicted results with much

less error than the results obtained from the regression equation.

Keywords: ANN, Regression equation, GMAW, ANOVA, MATLAB, MINITAB.

1.0 Introduction

Gas metal arc welding (GMAW) is a versatile process used to
join a large variety of similar and dissimilar metallic materials.
The process is applied in the automotive sector, nuclear power
plants, etc. Several research studies were carried out on the
joining of different metals and their alloys using GMAW. Kumar
et al. [1] used Taguchi's method to investigate the parameter
optimization of AISI 304 and low carbon steel weld joints
utilizing GMAW process. As per signal to noise ratio and ANOVA
analysis, it was calculated that current had a substantial impact
on the hardness of the weld zone (52.45%). Singh et al. [2]
studied how the hardness of different metals influences
welding joint. With the use of filler wire of austenite stainless
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steel of 0.8 mm in diameter, stainless steel 304 was welded
with mild steel, utilizing metal inert gas welding. Result of this
examination indicated optimum value of welding current and
voltage which applied to create the weld section for maximum
hardness of welded mild steel and stainless steel 304
specimens. The study of tensile strength in the gas metal arc
welding process was done by Chaudhari et al. [3]. From this
investigation, it was concluded that tensile strength is directly
proportional to the travel speed and gas flow rate. It was also
concluded that tensile strength is inversely proportional to the
feed rate and voltage.

Various statistical tools and algorithms are applied in different
engineering applications for optimization as well as prediction
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purposes. Multivariate optimization techniques are mostly
used to study the effects of more than one output parameter
on the input parameters. Some of the most commonly used
optimization methods in welding are genetic algorithms, ant
colony optimization, analytical hierarchy process, grey
relational analysis, etc. Linear regression equations and
artificial neural networks are applied as prediction tools. Patel
et al. [4] used Grey Relational Analysis for the optimization of
MIG and TIG welding parameters. The techniques used to weld
AISI 1020 steel plates of 5 mm thickness. Using the mentioned
optimization method, the optimal parameter combination was
obtained. Sabiruddin et al. [5] used the Analytical Hierarchy
Process optimization technique in the GMAW of C45 medium
carbon steels. Then, through the calculation of a pair-wise
comparison matrix and a global matrix for alternative, the
optimized condition was obtained. In the optimization of the
GMAW process, Correia et al. [6] conducted a comparison of
genetic algorithms and RSM. The findings revealed that both
approaches capable of determining the best circumstances.
Researchers further observed that genetic algorithms are an
efficient approach to optimize, particularly in discontinuous
experimental zones. Singh et al. [7] investigated the weld area
and ultimate tensile strength of nitrogen-stimulated austenitic
stainless steel in the GMAW technique. An artificial neural
network was implemented to model the project. It was
concluded that the prediction analysis of the ANN model was
found acceptable for all the responses.Artificial Neural Network
was used by Bera et al. [8] to estimate the ultimate tensile
strength, elongation, and hardness of the weld joint. The 3-10-

3 ANN model with Levenberg-Marquardt (LM) training function
was shown to estimate experimental data with the least
amount of error. Bera and Das [9] used the 3-10-4 ANN model
to predict depth of penetration, reinforcement, hardness, and
bend angle at failure. It was discovered that the constructed
model predicted the outcomes of both replications with
significantly less error, indicating the effectiveness of the
technique.

The present investigation focuses on prediction of weld bead
geometry, hardness and maximum bending load of dissimilar
metal weld joints. Gas metal arc welding is utilized to join AISI
304 stainless steel and EN 8 medium carbon steel plates.
Artificial neural network and linear regression analysis are
performed to predict the output parameters. Then, predicted
results from both the methods are analyzed and compared.

2.0 Experimental

2.1 Joining of Dissimilar Steels

In this work, AISI 304 and EN 8 steel plates are tried to join
together by using GMAW process. 100% CO, is utilized as a
shielding gas in this process. Schematic diagram for MAG
welding setup is shown in Fig. 1. Heat input, root gap and
torch angle are preferred as input parameters, which are
arranged using Taguchi's L9 orthogonal array to select
treatments of the experimental work. Several destructive tests,
such as the macro etch test, hardness test, and bending test,
are performed. Input and output values are shown in Table 1.
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Fig. 1 : Schematic diagram of MAG welding setup
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Table 1 : Input and output parameters

Levels of Input parameters Max
S| Reinfor- Depth of Bead Rockwell ben?iiﬁ
e Heat Root Torch cement Penetration width hardness load 9
& Input Gap Angle (mm) (mm) (mm) (Scale A) KN
(kJ/mm) (mm) (Degree) (kN)
1 0.552 0 30 2.928 1.508 9.72 56 2.8
2 0.552 1 45 2.327 5 12.16 58 5.2
3 0.552 2 75 1.781 6 11.30 59 8.4
4 0.645 0 45 4.047 3.628 12.06 63 4.4
5 0.645 1 75 4.145 6 11.40 56 6.4
6 0.645 2 30 1.857 6 15.40 55 6
7 0.737 0 75 2.214 2.750 11.72 67 7.2
8 0.737 1 30 3.149 6 10.42 60 6.4
9 0.737 2 45 1.857 6 10.58 63 8.4

From the experimental results, it is observed that, by
increasing heat input and root gap, response parameters such
as depth of penetration, hardness and maximum bending load
increase. But reinforcement and bead width decrease as input
parameters are increased. There are combined effects of input
parameters on output parameters which should be discussed
by optimizing the process parameters.

2.2 Estimation of Response Parameters using
Regression Analysis

With the supplied set of explanatory variables p (x;, X,,.....X,),
regression models are set up to predict the dependent
variables (Y). Input variables of the equation are heat input,
root gap and torch angle, and output characteristics are
reinforcement, depth of penetration, bead width, Rockwell

Hidden Layer

hardness and maximum bending load. Regression equations
for output parameters are shown below.

Reinforcement, R (mm) = 3.03 + (0.35*Q) — (0.616*G)
+ (0.0012*A)

Depth of Penetration, P (mm) = 0.06 + (4.05*Q) +

(1.686*G) + (0.0081*A)

11.91 - (0.79*Q) +

(0.630*G) — (0.0077*A)

Bead width, W (mm)

Rockwell hardness in
scale A, HRA

38.12 + (30.6*Q) — (1.50*G)
+ (0.0667*A)

Max bending load, P(kN) = - 4.24 + (10.07*Q) +
(1.40*G) + (0.0495*A)

Where Q, G and A stands for Heat Input (kJ/mm), Root Gap
(mm) and Torch Angle (degree) respectively.

Output Layer

10

Fig. 1 : Schematic view of ANN formed
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2.3 Estimation of Response Parameters
using ANN

An artificial neural network (ANN) is also implemented for the
prediction of output data, so that the predicted result can be
compared with the predicted results obtained from the linear
regression equation. The 3-10-5 model of ANN, along with the
Levenberg-Marquardt (LM) training function, is used to design
the network as shown in the diagram (Fig. 1).

3.0 Results and Discussion

3.1 Results obtained from Regression Equation
and ANN

Estimation of output parameters is made using regression
equations and ANN, which are shown in Table 2 and Table 4.
Then error values are calculated as listed in Table 3 and
Table5.

Table 2 : Estimation of response parameters using linear regression equation

Sl. Reinforcement Depth of Bead width Rockwell hardness Max Bending
No. (mm) Penetration (mm) in Scale A load (N)
(mm)
1 3.2592 2.5386 11.24292 57.0122 2.80364
2 2.6612 4.3461 11.75742 56.5127 4.94614
3 2.0812 6.2751 12.15642 57.0137 7.83114
4 3.30975 3.03675 11.05395 60.8585 4.48265
5 2.72975 4.96575 11.45295 61.3595 7.36765
6 2.05975 6.28725 12.42945 56.858 6.54015
7 3.37795 3.65235 10.75027 65.6747 6.89409
8 2.70795 4.97385 11.72677 61.1732 6.06659
9 2.10995 6.78135 12.24127 60.6737 8.20909
Table 3 : Error values obtained from linear regression prediction
Sl. Reinforcement Depth of Bead width Rockwell hardness Max Bending
No. (mm) Penetration (mm) in Scale A load (N)
(mm)

1 -0.3312 -1.0306 -1.52292 -1.0122 -0.00364
2 -0.3342 0.6539 0.40258 1.4873 0.25386
3 -0.3002 -0.2751 -0.85642 1.9863 0.56886
4 0.73725 0.59125 1.00605 2.1415 -0.08265
5 1.41525 1.03425 -0.05295 -5.3595 -0.96765
6 -0.20275 -0.28725 2.97055 -1.858 -0.54015
7 -1.16395 -0.90235 0.96973 1.3253 0.30591
8 0.44105 1.02615 -1.30677 -1.1732 0.33341
9 -0.25295 -0.78135 -1.66127 2.3263 0.19091
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Table 4 : Predicted results obtained from ANN

Sl. Reinforcement Depth of Bead width Rockwell hardness Max Bending
No. (mm) Penetration (mm) in Scale A load (N)
(mm)
1 2.993425291 1.511248492 10.38873982 56.01733883 2.805093501
2 2.525871227 4.903395768 12.22254212 57.95240071 5.238532637
3 1.892261051 5.814239964 13.16262006 60.2170846 8.315399854
4 3.781911333 3.684707435 12.10961968 62.38055967 4.374133064
5 4.144977338 5.99989695 12.78525565 66.9974245 8.353528587
6 1.894998875 5.008178266 15.30747506 55.04450143 7.609660729
7 4.145 6 13.14183657 66.99999996 7.751320565
8 3.206980627 5.655261742 10.64637928 60.00715042 6.375983782
9 1.838064083 5.999899053 11.88150851 63.49354172 8.399968495
Table 5 : Error values obtainedfrom ANN
Sl. Reinforcement Depth of Bead width Rockwell hardness Max Bending
No. (mm) Penetration (mm) in Scale A load (N)
(mm)

1 -0.065425291 -0.003248492 -0.668739822 -0.017338832 -0.005093501
2 -0.198871227 0.096604232 -0.062542121 0.047599291 -0.038532637
3 -0.111261051 0.185760036 -1.86262006 -1.217084604 0.084600146
4 0.265088667 -0.056707435 -0.04961968 0.61944033 0.025866936
5 2.27E-05 0.00010305 -1.38525565 -10.9974245 -1.953528587
6 -0.037998875 0.991821734 0.092524943 -0.04450143 -1.609660729
7 -1.931 -3.25 -1.42183657 0.0000000365 -0.551320565
8 -0.057980627 0.344738258 -0.22637928 -0.007150417 0.024016218
9 0.018935917 0.000100947 -1.301508506 -0.493541723 0.0000315

3.2 Comparison of Estimated Response obtained
from Regression Analysis and ANN
All the response parameters of dissimilar welding in MAG

welding are predicted by the linear regression equation as well
as by the artificial neural network (ANN). Reinforcement, depth

of penetration, bead width, hardness, and maximum bending
load are predicted and compared with the actual values taken
from the destructive testing. Line plotsare formed for each
response, providing actual data, predicted data obtained from
the regression equation and predicted data obtained from
ANN. All the charts are shown below.
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Fig. 2 : Line plot showing comparison of actual
value and estimates for reinforcement

From the above line plot (Fig. 2) of reinforcement, it
isobserved that predicted data obtained from ANN is quite
close to actual data sets in almost all cases. Also, the predicted
data obtained from the regression equation provides
satisfactory results.
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Fig. 3. Line plot showing comparison of actual
value and estimates for Depth of penetration

A similar kind of trend is found in the results of the depth of
penetration (Fig. 3). It is observed that predicted data
obtained from ANN are quite close to actual data sets in almost
all cases except for a few points. The predicted data obtained
from the regression equation resemble the actual data with
less error.
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Fig.5 : Line plot showing comparison of actual value
and estimates for Rockwell hardness

The predictions made by both methods are close to the actual
values as shown in Fig. 5. But, if the comparison is made, then
ANN shows better results in the estimation of Rockwell
hardness with negligible deviation.
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Max. bending load (kN)
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Fig. 6 : Line plot showing comparison of actual value
and estimates for Maximum bending load

From Fig. 6 it is depicted that, the predictions made by both
methods are close to the actual value. But ANN provides better
results in the prediction of maximum bending load than the
regression equation, by a small amount.
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4.0 Conclusion

Prediction of output parameters are done using linear
regression equation and artificial neural network. It is observed
that both the methods provide satisfactory prediction of the
output parameters with negligible deviation. Reinforcement,
depth of penetration, bead width, Rockwell hardness and
maximum bending load are predicted. In case of estimation of
bead width, error value is higher than other predicted
parameters. Predictions would be more accurate by increasing
a greater number of datasets. Although, it is found that ANN
provides satisfactory predicted results with much less error
than the results obtained from the regression equation.
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