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Abstract-  

In this study, the effects of various welding parameters on welding strength in AISI 1045 

medium carbon steel having dimensions 200 mm x 75 mm x 6mm, welded by gas metal arc 

welding were investigated. The welding current, arc voltage and welding speed and gas flow 

rate were chosen as variable parameters.  Ultimate tensile strength was measured for each 

specimen after the welding operations and the effects of these parameters on strength were 

researched. A plan of experiments based on Taguchi technique has been used to acquire the 

data. The experiments were conducted based on a four-factor, Five-level. For the ANN 

modeling, the standard back-propagation algorithm is found to be the best choice for training 

the model. A multi- layer perception network is used for non-linear mapping between the 

input and output parameters. This model can predict the value of strength.  

 

Keywords: gas metal arc welding, Artificial neural network, ultimate tensile strength, 

orthogonal array. 
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INTRODUCTION 

 

Gas-Metal Arc Welding (GMAW) is an arc welding process that joins metals together by 

heating them with an electric arc that is established between a consumable electrode (wire) 

and the workpiece. An externally supplied gas or gas mixture acts to shield the arc and 

molten weld pool. Although the basic GMAW concept was introduced in the 1920s, it was 

not commercially available until 1948. At first, it was considered to be fundamentally a high-

current-density, small-diameter, bare-metal electrode process using an inert gas for arc 

shielding. Its primary application was aluminium welding. As a result, it became known as 

metal-inert gas (MIG) welding, which is still common nomenclature. Subsequent process 

developments included operation at low current densities and pulsed direct current, 

application to a broader range of materials, and the use of reactive gases (particularly carbon 

dioxide) and gas mixtures. The latter development, in which both inert and reactive gases are 

used, led to the formal acceptance of the term gas-metal arc welding. The GMAW process 

can be operated in semi-automatic and automatic modes. All commercially important metals, 
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such as carbon steel, high-strength, low-alloy steel, stainless steel, aluminium, copper, and 

nickel alloys can be welded in all positions by this process if appropriate shielding gases, 

electrodes, and welding parameters are chosen. 

The arc is established between a continuously fed electrode of filler metal and the workpiece. 

After proper settings are made by the operator, the arc length is maintained at the set value, 

despite the reasonable changes that would be expected in the gun-to-work distance during 

normal operation. This automatic arc regulation is achieved in one of two ways. The most 

common method is to utilize a constant-speed (but adjustable) electrode feed unit with a 

variable-current (constant-voltage) power source. As the gun-to-work relationship changes, 

which instantaneously current (if the arc length is decreased) or less current (if the arc length 

is increased). This change in current will cause a corresponding change in the electrode melt-

off rate, thus maintaining the desired arc length [5]. In this work's author have developed an 

intelligent method for predicting the weld strength in gas metal arc welding. The training of 

the ANN model has been done using 25 experiments datasets, which obtained from the   L25 

orthogonal array. 

 

LITERATURE REVIEW 

 

Sukhomay et al. Performed their experiment on metal inert gas welding process. In which 

response surface methodology applied to perform welding experiment and a multilayer neural 

network model has been developed to predict the joint strength. In this research 53 datasets 

prepared to perform the experiments. The performance of the neural network compared with 

the regression model, which has been developed from the same datasets used for the neural 

network and concluded that ANN model is better than multiple regression analysis [1]. Y. K. 

Yousif et al. Has developed an artificial neural network  for analysis and simulation of the 

correlation between the friction stir welding parameter of aluminium plates and mechanical 

properties. In this experiment input variables are welding speed and tool rotation speed where 

responses are tensile strength, yield strength and elongation A comparison was made between 

measured and calculated data. The calculated results were in good agreement with measured 

data [2]. K. Srinivasulu Reddy has done research in submerged arc welding (SAW), weld 

quality is greatly affected by the weld parameters such as welding current, welding speed; arc 

voltage and electrode stick out since they are closely related to the geometry of weld bead. 

Data were collected as per Taguchi’s Design of Experiments and analysis of variance 

(ANOVA) was carried to establish input–output relationships in the process. By this 

relationship, an attempt was made to minimize weld bead width, a good indicator of bead 

geometry, using optimization procedures based on the ANN models to determine optimal 

weld Parameters The optimized values obtained from these techniques were compared with 

experimental results [3]. R. P. Singh et al. Performed their experiments on GMAW to joint 

mild steel plate where input variables are welding current, welding speed, welding voltage 

and external magnetic field were chosen, while depth of penetration and weld bead width as 

output parameters. Back propagated feed forward artificial neural network model was trained 

to predict the output parameters. If four input process variables were fed to the trained model 

it provided the output variables having values very close to the experimental values [4]. 

 

EXPERIMENTAL PROCEDURE 

The chemical composition and mechanical properties of the test specimens are shown in 

Table 1, and that of the welding electrode are given in Table 2. 
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Table 1. Chemical Composition of AISI 1045 Material 

Carbon 0.36-0.45 % 

Silicon 0.10-0.40% 

Manganese 0.60-1.00% 

Sulphur 0.050 max. 

Phosphorus 0.050 max. 

Table 2. Chemical Composition Of filler wire ER70S-6 

Carbon 0.19 

Silicon 0.98 

Manganese 1.63 

Sulphur 0.025 

Phosphorus 0.025 

 

In the present work,  AISI 1045 specimens was prepared with dimensions of 250 mm×75 

mm×6mm of each were used as the workpiece. Optical emission spectroscopy (OES) has 

been done to find out the chemical composition of the base metal, is shown in Table 1. These 

specimens were prepared with V Shaped grooves as shown in Fig. 2, where the groove angle, 

root face and root gap were 65◦, 1.5 mm and 1.5 mm, respectively.  

 

 

Fig: 1:Profile of the edge of the V-groove [1]. 

 

The surface of the plates was grind to remove the dust and other foreign particles. In order to 

obtain a strong bonded joint the properties of the base metal and the welding wire must 

comply with each other. The type of material of welding wire total depends upon the material 

that is required to be welded. So ER 70S-6 was selected as welding wire with a diameter of 

1.2 mm was selected, shielding gas was 80% carbon and 20% argon use in the same 

experiment.  

 

The effect of the process parameters, viz., Voltage, wire speed, welding current and gas flow 

rate and focusing position on the weld joint yield strength has been investigated. Power 

source PROSTAR MIG-350 used to join the 6mm plate which has current and voltage range 

350 A and 24 V respectively.  

 

Table.3. Factor and their level in MIG welding 

 

Process Parameters Level 1 Level 2 Level 3 Level 4 Level 5 

Welding Current 180 190 200 210 220 

Voltage 19.5 20.5 21.5 22.5 23.5 

Gas flow rate l/min 15 16 17 18 19 

Speed mm/min 175 200 225 250 275 
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                 Table.4 L25 Orthogonal array base Design 

Current (Amp) Voltage(v) Gas Flow Rate  

(l/min) 

Speed 

(mm/min) 

180 19.5 15 175 

180 20.5 16 200 

180 21.5 17 225 

180 22.5 18 250 

180 23.5 19 275 

190 19.5 16 225 

190 20.5 17 250 

190 21.5 18 275 

190 22.5 19 175 

190 23.5 15 200 

200 19.5 17 275 

200 20.5 18 175 

200 21.5 19 200 

200 22.5 15 225 

200 23.5 16 250 

210 19.5 18 200 

210 20.5 19 225 

210 21.5 15 250 

210 22.5 16 275 

210 23.5 17 175 

220 19.5 19 250 

220 20.5 15 275 

220 21.5 16 175 

220 22.5 17 200 

220 23.5 18 225 

 

Table .5 is a design of matrix of inputs developed by Taguchi technique in which L 25 

orthogonal array used to check the interaction among the parameters. 

 

Table 5. Experimental Result Table 

 

Current (Amp) Voltage(v) Gas Flow Rate  

(l/min) 

Speed 

(mm/min) 

UTS 

Mpa 

180 19.5 15 175 536.21 

180 20.5 16 200 565.24 

180 21.5 17 225 525.34 

180 22.5 18 250 554.26 

180 23.5 19 275 559.41 

190 19.5 16 225 556.13 

190 20.5 17 250 565.82 

190 21.5 18 275 554.23 

190 22.5 19 175 556.65 

190 23.5 15 200 556.87 

200 19.5 17 275 585.23 

200 20.5 18 175 575.26 
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200 21.5 19 200 567.24 

200 22.5 15 225 561.89 

200 23.5 16 250 575.65 

210 19.5 18 200 602.32 

210 20.5 19 225 587.20 

210 21.5 15 250 585.23 

210 22.5 16 275 603.23 

210 23.5 17 175 585.32 

220 19.5 19 250 601.19 

220 20.5 15 275 612.32 

220 21.5 16 175 605.69 

220 22.5 17 200 591.75 

220 23.5 18 225 605.17 

 

Before applying inputs and outputs for ANN training, data have to be converted into a 

range of 0 to 1 or -1 to 1 i.e. Data should be normalized for ANN training. An equation no. 1 

was used for data normalization which ranges the data to [0, 1]. Normalized and randomized 

result table is shown in Table 7. 

 

Important specifications used for ANN modelling 

 
Some of the important specifications of parameters that are frequently required throughout the 

modelling process have been shown in Table 6. 

 
Table 6. Important specification used in ANN modelling 

 

Sr.no Parameter Technique used/ Type of Parameter 

Used 

1 Nos. of input neuron 4   ( current, Voltage, Gas flow rate, Speed) 

2 Nos. of output neuron 1 ( Ultimate tensile strength) 

3 Total nos. of data set 25 nos.  

4 Data normalization Between ( 0 – 1) 

5 Transfer function of 

hidden layer 
Tansig  

6 Transfer function of 

output layer 

Purelin 

7 Error function  Mean squared error function 

8 Learning rule Back propagation 

9 Algorithm  Levenberg-Marquardt 

 

Before applying inputs and outputs for ANN training, data have to be converted into a range 

of 0 to 1 or -1 to 1 i.e. Data should be normalized for ANN training. An equation no. 1 was 

used for data normalization which ranges the data to [0, 1]. Normalized and randomized 

result table is shown in Table 7 

 

                                   xn =
x−xmin

xmax −xmin
                                                                               (1) 

 

Where, 

xn = Normalized Value of Variable x 
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x = Value of Variable x 

xmin = Minimum Value of variable x 

xmax = Maximum Value of Variable x 

 

 

Table 7. Normalized Experiment Result Table 

 

Current (Amp) Voltage(v) Gas Flow Rate  

(l/min) 

Speed 

(mm/min) 

UTS 

Mpa 

0 0 0 0 0.124971 

0 0.25 0.25 0.25 0.458726 

0 0.5 0.5 0.5 0 

0 0.75 0.75 0.75 0.33249 

0 1 1 1 0.391699 

0.25 0 0.25 0.5 0.353989 

0.25 0.25 0.5 0.75 0.465394 

0.25 0.5 0.75 1 0.332145 

0.25 0.75 1 0 0.359968 

0.25 1 0 0.25 0.362497 

0.5 0 0.5 1 0.688549 

0.5 0.25 0.75 0 0.573925 

0.5 0.5 1 0.25 0.48172 

0.5 0.75 0 0.5 0.420212 

0.5 1 0.25 0.75 0.578409 

0.75 0 0.75 0.25 0.885031 

0.75 0.25 1 0.5 0.711198 

0.75 0.5 0 0.75 0.688549 

0.75 0.75 0.25 1 0.895493 

0.75 1 0.5 0 0.689584 

1 0 1 0.75 0.87204 

1 0.25 0 1 1 

1 0.5 0.25 0 0.923776 

1 0.75 0.5 0.25 0.763509 

1 1 0.75 0.5 0.917797 

 

Neural Network Design: 

 In this research work feed-forward neural network with back propagation is used. 

The network consists of three layers. The first layer, which is the input layer,  second layer is 

hidden layer and third layer is the output layer. A network of two transfer function, where the 

first transfer function is signed and the second transfer function is linear, can be trained to 

approximate any function.  

The network is trained using a suitable supervised learning algorithm, in this case, the 

Levenberg-Marquardt algorithm. In the case of supervised learning, the network is presented 

with both the input data and the target data called the training set. The network is adjusted 

based on comparison of the output and target values until the outputs match the targets. 

After the data have been normalized, input data files and targets data files are created 

for training purpose. ANN model is created, trained and simulated, and model used 3 layers - 

one input layer, one hidden layer and one output layer. Numbers of neurons in the input and 

output layer were fixed and they were 4 and 1 respectively. In this study one hidden layer 
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with 8 neurons were used. In model tansig transfer function was used in between input layer 

and output layer, whereas purelin transfer function was used in between hidden layer and 

output layer.  

 

 
 

  Fig 2.ANN model Training 

Figure. 2 shows neural network toolbox model creation and training window of ANN model. 

It is back propagation model type used LM training algorithm which has 8 neurons in hidden 

layer, MSE performance function, tansig and purelin transfer function is used in between 

input and hidden layer, and in between hidden and output layer respectively. 

 

RESULT AND DISCUSSION 

 

Accuracy of ANN model prediction is depending upon the Root mean square error (RMSE), 

the Coefficient of multiple determination (R
2
) values has been used for making comparisons. 

These values are determined by the following equations 

 

                RMSE =  
1

n
    aj − pj 

2n

j=1
 

1

2

                                                                              (2) 

                R2 = 1 −  
  aj−pj 

2n

j=1

  pj 
2n

j=1

                                                                                           (3) 
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Where aj = Experimental Value , pj = predicted value by ANN model. 

 

Table 8. Data sets used for ANN analysis 

 

No. of 
Experiment 

UTS 
Mpa 

ANN  
RESULT 

Mpa 

ERROR 
Mpa 

Percentage 
error (%) 

RMSE R2 

1 536.21 536.2317 -0.02173 -0.00405 

0
.2

6
4

6
 

0
.9

9
9

9
 

2 565.24 565.3051 -0.06509 -0.01152 

3 525.34 525.3769 -0.03694 -0.00703 

4 554.26 554.4968 -0.2368 -0.04272 

5 559.41 559.3652 0.044829 0.008014 

6 556.13 556.1199 0.010089 0.001814 

7 565.82 565.6635 0.156506 0.02766 

8 554.23 554.3134 -0.0834 -0.01505 

9 556.65 556.2478 0.402223 0.072258 

10 556.87 556.8151 0.054922 0.009863 

11 585.23 585.2652 -0.03516 -0.00601 

12 575.26 575.4502 -0.19018 -0.03306 

13 567.24 567.7185 -0.47848 -0.08435 

14 561.89 562.1247 -0.2347 -0.04177 

15 575.65 575.6605 -0.01051 -0.00183 

16 602.32 602.2157 0.104309 0.017318 

17 587.2 586.3936 0.806427 0.137334 

18 585.23 585.1974 0.032624 0.005574 

19 603.23 603.3193 -0.08933 -0.01481 

20 585.32 585.1109 0.209095 0.035723 

21 601.19 601.8407 -0.6507 -0.10824 

22 612.32 612.3721 -0.05214 -0.00852 

23 605.69 605.7329 -0.04289 -0.00708 

24 591.75 591.9152 -0.16518 -0.02791 

25 605.17 605.1539 0.01612 0.002664 

 

 

Fig 3 Error Graph 
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Weight and bias value of ANN model: 

Weight and bias matrix associate with the inputs of summer are adjusted /updated by using 

Some learning rule or training algorithm which is non-linear, multi-variable optimization 

(Minimization) of error function. 

Table 9. Weight and bias value of ANN model 

Weight values Bias Values 

Input – Hidden Layer 
Hidden – 

output layer 

Hidden 

layer 

Output 

Layer  

2.336533 -2.17804 3.971334 -0.53187156 0.113674 -4.04526 0.539762376 

3.753433 3.50317 0.18258 -0.143404768 0.36588 -5.08148  

-0.90113 -3.92297 -1.45129 -1.033111907 0.307207 3.544586  

1.431001 -2.14129 3.455596 1.313334977 -0.26279 -2.4072  

-0.3806 -2.49402 3.694074 2.454808381 0.363369 -0.74069  

-4.30084 -2.36688 -1.24367 -1.600564549 -0.73837 3.117099  

-2.45957 -1.59813 -3.44521 -2.268440096 0.592263 2.490645  

-0.40647 -2.4514 -3.33459 -2.830821872 -0.17478 0.844573  

 

Linear Regression Fitting of ANN Model:  

 

Performance on the training can be measured by the training value R, this regression plot is 

created by the MATLAB software. This regression plot shows the variation in Target value 

and predicted value by ANN. As the predicted value near to target value the error will be 

reduced. As the training value R move toward the 1 the error also reduces. In this regression 

plot all 25 data lie on fit line and the value of R is 1 which indicated the ANN predicated 

output values are near to target values. Target values are experimental values. 

 

        

 

 

 

 

 

 

Fig. 4 Regression plot 
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 Fig. 5 Training Performance Graph 

Figure 5 shows retrained performance (MSE) graph of ANN model, created during its 

training. The train stopped after 95 epochs because the validation error increased. It is a 

useful diagnostic tool to plot the training to check the progress of training.  

 

 

 
 

       Fig. 6 .Comparison of Experimental Results and Predicted ANN Results 

 
For producing the ANN output with the help of weight and bias matrix following equation has 

been used. 

For output of first layer  

 

a1 = f1 (net.iw{1,1}*p+net.b1{1}                                                                              (4) 
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For output of second  layer  

 

a2 = f2 (net.lw{2,1}*a1+net.b2{2}                                                                             (5) 

 
Where a1 and a2  is the output vector of first layer and second layer respectivel , f1 represents the 

tansig transfer function and f2 represent purelin transfer function , iw and lw are the weight 

matrix of hidden layer and output layer respectively, p is the input vector, b1 and b2 are the bias 

vector of first layer and second layer respectively. 

 

Table 10. Optimum value of UTS of L25 orthogonal array  

 

Current (Amp) Voltage(v) Gas Flow Rate  

(l/min) 

Speed 

(mm/min) 

UTS 

Mpa 

220 20.5 15 275 612.32 

 

By using equation no. 4 & 5 we have predicted 625 readings of output in the full factorial 

design of matrix (four inputs and five levels) of UTS with the help of weights and biases and 

have got the optimum value of UTS among that readings which have seen in Table no. 11 

 

Table 11. Optimum value of UTS of full factorial design  

 

Current (Amp) Voltage(v) Gas Flow Rate  

(l/min) 

Speed 

(mm/min) 

UTS 

Mpa 

220 21.5 15 175 621.91 

 

CONCLUSION 

 

In this research Taguchi base L25 orthogonal array use were input variables are current 

(Amp), Voltage (V), Gas flow rate (l/min) and speed (mm/min) to find out ultimate tensile 

strength as a response. In this experiment neural network Back propagation learning rule uses 

to adjust weight and bias value to minimize the error. Levenberg–Marquardt algorithm is 

used to train the neural network. 

 

 The following conclusions are made 

 

1) The predicted value of ultimate tensile strength through the ANN model is very close to 

the experimental measured values. 

2) Current is a significant parameter in GMAW. Voltage and speed are effecting parameters 

as well, But not as current. 

3) By using a weight and bias value can predict the output value of unknown input value in 

this research. 

4) An artificial neural network is a good prediction tool than regression model.  
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