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Abstract 
In welding, so many factors contribute to good quality welds. The deposi-
tion rate is the rate of weld metal deposit at fusion zone during welding, 
which also is a key factors affecting the quality of welded joints. Too high or 
low deposition rate compromises the integrity of weld. This study was car-
ried out with the aim of providing an approach for producing better weld-
ments by optimizing and predicting deposition rate of low carbon steel us-
ing Response Surface Methodology (RSM). 30 sets of experiments were 
done, adopting the central composite experimental design. The tungsten 
inert gas welding equipment was used to produce the welded joints. Argon 
gas was supplied to the welding process to shield the weld from atmospher-
ic interference. Mild steel coupons measuring 60 × 40 × 10 mm was used 
for the experiments. The results obtained show that the voltage and current 
have very strong influence on the deposition rate. The models developed 
possess a variance inflation factor of 1. And P-value is less than 0.05, indi-
cating that the model is significant. The models also possessed a high 
goodness of fit with R2 (Coefficient of determination) values of 91%. The 
model produced numerically obtained optimal solution of current of 160.00 
Amp, voltage of 20 volts and a gas flow rate of 17 L/min produces a welded 
material having deposition rate of 0.4637 kg/hr. This solution was selected 
by design expert as the optimal solution with a desirability value of 98.8%. 
A weld simulation using the optimum value obtained produced a weld with 
good quality. 
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1. Introduction 
According to [1] in industries like ship building, pressure vessel, off shore, avia-
tion, heavy construction, the need of higher metal deposition rate welding is al-
ways required to increase the productivity. Metal deposition in combination with 
fabrication offers a product with high structural integrity, produced with a mini-
mum of scrap. [2] concluded that the Shape of Metal Deposit process (SMD) is a 
viable method for fabricating local, complex features in aerospace components. 

Several techniques have been developed to improve the metal deposition rate 
beyond that of standard, single wire SAW to increase the productivity. An ex-
tensive research work on optimization of welding process was done by [3] [4] 
and [5]. [6] made early a kind of weld deposition analyses, weaved welds for 
cladding of a surface with welded material. According to [7], Tungsten Inert Gas 
Arc Welding is a commonly used welding technique due to its versatility and 
ease that can be maintained in almost all type of working conditions. Stainless 
Steel (SS316) possessing high strength and toughness is usually known to offer 
major challenges during its welding. In this work, Taguchi’s DOE approach is 
used to plan and design the experiments to study the effect of welding process 
parameters on metal deposition rate and hardness of the weld bead. [8] claimed 
that different process parameters of Gas Tungsten Arc Welding (GTAW) affect 
the weldment quality. Increasing welding current increases the deposition rate 
and reduces the hardness. 

[9] and [10] showed by their works that on selecting input parameters such as 
welding current, voltage, speed and time against response of ultimate tensile 
strength of steel, optimization was achieved with the help of Taguchi Method. 

Having a detailed review of literature, it was discovered that the optimization 
of Tungsten Inert Gas deposition rate of mild steel weld have not been estab-
lished to the best of our knowledge. The aim of the study is to provide an ap-
proach for producing better weld joints considering deposition rate of Tungsten 
Inert Gas mild steel weld. 

2. Methodology 

This research study is centered on the experimental study of TIG mild steel 
welds, employing scientific design of experiments, expert systems, statistical and 
mathematical models. The TIG sets of experiment were conducted at the De-
partment of Welding and Fabrication Technology, Petroleum Training Institute 
(PTI), Warri, Delta State, Nigeria. 150 pieces of mild steel coupons measuring 60 
× 40 × 10 was used for the experiments, the experiment was performed 30 times 
using 5 specimen for each run. The materials used in the experiment are TIG 
equipment (Miller machine), shielding gas cylinder and regulator and TIG Torch. 

2.1. Identification of Range of Input Parameters 

The key parameters considered in this work are welding current, welding speed, 
gas flow rate, and welding voltage. The range of the process parameters obtained 
from literature is shown in Table 1. 
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Table 1. Process parameters and their levels. 

Parameters Units symbol lower Higher 

Gas flow rate Lit/min F 12 23 

Arc voltage Volt V 14 21 

Welding current Amp A 130 180 

Welding speed mm/min S 2 5 

2.2. Method of Data Collection 

The central composite design matrix was developed using the design expert 
software, producing 30 experimental runs. The input parameters and output pa-
rameters make up the experimental matrix, and the responses recorded from the 
weld samples were used as the data. Figure 1 shows the central composite design 
matrix. Response surface methodology design can either be carried out using the 
Box-Behnken Design or the Central Composite Design. the Central Composite 
Design’s advantages over Box-Behnken is that it allows the experimental re-
searcher to see what effect the factors has on response if the experimental re-
searcher goes beyond or below the chosen levels of factors. In Box-Behnken De-
sign the minimum number of factors it can accommodate is three and it has 
three level of factors which are the Upper level, Lower level and Centre point. In 
this article, the Central Composite Design was adopted. Central Composite de-
sign is also a response surface method (RSM) as stated earlier which apart from 
its three level factors has axial point (also known as star point), and this axial 
point increases the number of levels to five levels to give the experimental design 
flexibility and robustness. In Central Composite Design the minimum numbers 
of factors it can accommodate is two. The number of experiments obtained for 
each number of factors is given by the formula 

2 2n
cN n n= + × +  

where N is the number of runs, n is the number of factors cn  is the number of 
centre points the researcher desire 

The data obtained were analysed using the Response Surface Methodology 

2.3. Testing the Adequacy of the Models Developed 

The analysis of variance (ANOVA) was used to test the adequacy of the models 
developed. The statistical significance of the models developed and each term in 
the regression equation were examined using the sequential F-test, lack-of-fit 
test and other adequacy measures (i.e. R2, Adj-R2 Pred. R2 and Adeq. Precision 
ratio) using the same software to obtain the best fit. The Prob. > F (sometimes 
called p-value) of the model and of each term in the model can be computed by 
means of ANOVA. If the Prob. > F of the model and of each term in the model 
does not exceed the level of significance (say a = 0.05) then the model may be 
considered adequate within the confidence interval of (1-a). For the lack-of-fit 
test, the lack of fit could be considered insignificant if the Prob. > F of the lack of 
fit exceeds the level of significance. 
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Figure 1. Central composite design matrix (CCD), method of data analysis. 

2.4. Test for Model Adequacy and Model Significance 

The significance of the model will be determined using analysis of variance 
(ANOVA), Differential Functioning of Items and Texts (DFITS) a measure of 
the influence of each observation on the values fitted. The significance of the 
input process parameters for the two responses was determined using the 
P-value of the lack of fit and the input process parameters were compared using 
a significance level of significance of Alpha α = 0.05 (Table 2). 

2.5. Model Validation for ANOVA 

The coefficient of determination, R2, was used to validate the obtained model for 
the weld deposition rate. While the adjusted coefficient of determination is ob-
tained and used to validate the proposed model. 

2.6. Methods of Model Validation for Response Surface  
Methodology (RSM) 

Different validation techniques were used to validate the predictions from the 
response surface methodology (RSM) model developed. Validation techniques 
used were: Desirability plots, residuals, DFITS, mean square errors (MSE), least 
significant difference (LSD) bars, Ramp plots, overlay plots, perturbation plots, 
contour plots, steepest ascent optimization comprising 3-D plots and response 
surface plots. 

3. Results and Discussion 

In this study, thirty experimental runs were carried out, each experimental run 
comprising the current, voltage, welding speed and gas flow rate, used to join 
two pieces of mild steel plates measuring 60 × 40× 10 mm. The weld deposition 
rate were measured, respectively. The results are shown in Figure 2. 

3.1. Modelling and Optimization Using RSM 

In this study, a second order mathematical model was developed between some 
selected input variables, namely; current (I), voltage (V), welding speed (WS),  
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Table 2. Analysis of variance components. 

Variation 
Source 

Degree of 
FreedomDf 

Sum of Squares 
SS 

Mean Square 
MS 

Fisher Ratio 
F-value 

Error of residuals n − 2 ( )2

1 1

ˆ
c ni

ij ij
i j

SSE y y
= =

= −∑∑  
2

SSEMSE
n

=
−

  

Regression 1 ( )2

1 1

ˆ
c ni

ij
i j

SSR y y
= =

= −∑∑  
1

SSRMSR =  MSRF
MSE

=  

Lack of fit C − 2 ( )2

1 1

ˆ
c ni

i ij ij
i j

SSLF y y
= =

= −∑∑  
2

SSLFMSLF
c

=
−

 * MSLFF
MSPE

=  

Total n − 1 ( )2

1 1

c ni

ij ij
i j

SSTD y y
= =

= −∑∑  - - 

 

 
Figure 2. Experimental results of deposition rate. 

 
gas flow rate (GFR) and weld deposition rate (WDR) using response surface 
methodology (RSM). 

The target of the optimization model was to maximize the weld deposition rate. 
The final solution of the optimization process was to determine the optimum 

value of each input variable namely: current (Amp), voltage (Volt), welding 
speed (cm/min) and gas flow rate (l/min) that will maximize the weld deposition 
rate (WDR). 

To generate the experimental data for the optimization process: 
1) First, statistical design of experiment (DOE) using the central composite 

design method (CCD) was done. The design and optimization was executed with 
the aid of statistical tool. For this particular problem, Design Expert 7.01 was 
employed. 

2) Secondly, an experimental design matrix having six (6) center points (k), 
eight (8) axial points (2n) and sixteen (16) factorial points (2n) resulting to 30 
experimental runs was generated. 

The randomized design matrix comprising of four input variables namely; 
current (Amp), voltage (Volt), welding speed (cm/min), gas flow rate (l/min) 
and weld deposition rate (kg/hr) in coded is shown in Figure 3. 
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Figure 3. Design matrix showing the coded values and the experimental values. 

 
The design matrix comprising of four input variables namely; current (Amp), 

voltage (Volt), welding speed (cm/min), gas flow rate (l/min) and weld deposi-
tion rate (kg/hr) in actual values is shown in Figure 4. 

The model summary which shows the factors and their lowest and highest 
values including the mean and standard deviation is presented as shown in Fig-
ure 5; Result of Figure 5 revealed that the model is of the quadratic type which 
requires the polynomial analysis order as depicted by a typical response surface 
design. The minimum value of weld deposition rate (WDR) was observed to be 
0.131 kg/hr, with a maximum value of 0.456 kg/hr, mean value of 0.265 and 
standard deviation of 0.085. 

To validate the suitability of the quadratic model in analyzing the experimen-
tal data, the sequential model sum of squares were calculated for weld deposition 
as presented in Figure 6. 

The sequential model sum of squares figure shows the accumulating im-
provement in the model fit as terms are added. Based on the calculated sequen-
tial model sum of square, the highest order polynomial where the additional 
terms are significant and the model is not aliased was selected as the best fit. 
From the results of Figure 6, it was observed that the cubic polynomial was 
aliased hence cannot be employed to fit the final model. In addition, the qua-
dratic and 2FI model were suggesed as the best fit thus justifying the use of qua-
dratic polynomial in this analysis 

To test how well the quadratic model can explain the underlying variation as-
sociated with the experimental data, the lack of fit test was estimated for each of 
the responses. Model with significant lack of fit cannot be employed for predic-
tion. Results of the computed lack of fit for weld deposition rate as presented in 
Figure 7. 

From the results of Figure 7 it was again observed that the quadratic poly-
nomial had a non-significant lack of fit and was suggest for model analysis while 
the cubic polynomial had a significand lack of fit hence aliased to model analy-
sis. 
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Figure 4. Design matrix showing the real values and the experimental values. 

 

 
Figure 5. RSM design summary. 
 

 
Figure 6. Sequential model sum of square for weld deposition rate (WDR). 
 

The model statistics computed for weld deposition rate based on the different 
model sources as presented in Figure 8. 

From the results of Figure 7 it was again observed that the quadratic poly-
nomial had a non-significant lack of fit and was suggest for model analysis while 
the cubic polynomial had a significand lack of fit hence aliased to model analysis. 
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Figure 7. Lack of fit test for weld deposition rate (WDR). 
 

 
Figure 8. Model summary statistics for weld deposition rate (WDR). 
 

The summary statistics of model fit shows the standard deviation, the 
r-squared and adjusted r-squared, predicted r-squared and the PRESS statistic 
for each complete model. Low standard deviation, R-Squarednear unity and rel-
atively low PRESS are the optimum criteria for defining the best model source. 
Based on the results of Figure 7 and Figure 8 the quadratic polynomial model 
was suggested while the cubic polynomial model was aliased hence, the quadrat-
ic polynomial model was selected for this analysis. 

Analysis of the model standard error was employed to assess the suitability of 
response surface methodology using the quadratic model to maximize the weld 
deposition rate (WDR. The computed standard errors for the selected responses 
is presented in Figure 9. 

From the results of Figure 9, it was observed that the model possess a low 
standard error ranging from 0.20 for the individual terms, 0.25 for the combine 
effects and 0.19 for the quadratic terms. Standard errors should be similar within 
type of coefficient; smaller is better. The error values were also observed to be 
less than the model basic standard deviation of 1.0 which suggests that response 
surface methodology was ideal for the optimization process. Variance inflation 
factor (VIF) of approximately 1.0 as observed in Figure 8 was good since ideal 
VIF is 1.0. VIF’s above 10 are cause for alarm, indicating coefficients are poorly 
estimated due to multicollinearity. In addition, the Ri-squared value was ob-
served to be between 0.0000 to 0.0476 which is good. High Ri-squared (above 
1.0) means that design terms are correlated with each other, possibly leading to 
poor models. 
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Figure 9. Result of computed standard errors. 

 
The correlation matrix of regression coefficient is presented in Figure 10. 
Lower values of the off diagonal matrix as observed in Figure 10 indicates a 

well fitted model that is strong enough to navigate the design space and ade-
quately optimize the selected response variables. From the results of Figure 10 it 
was observed that the off diagonal matrix had coefficients that were approx-
imately 0.00 which is an indication that the quadratic model was the ideal one 
for this analysis since off diagonal matrix greater than 0.00 is cause for alarm in-
dicating a model having coefficients that are poorly correlated. 

To understand the influence of the individual design points on the model’s 
predicted value, the model leveages were computed as presented in Figure 11. 

Leverage of a point varies from 0 to 1 and indicates how much an individual 
design point influences the model’s predicted values. A leverage of 1 means the 
predicted value at that particular case will exactly equal the observed value of the 
experiment, i.e., the residual will be 0. The sum of leverage values across all cases 
equals the number of coefficients (including the constant) fit by the model. The 
maximum leverage an experiment can have is 1/k, where k is the number of 
times the experiment was replicated. Leverages of 0.6698 and 0.6073 calculated 
for both the factorial and axial points coupled with 0.1663 for the center point as 
observed in Figure 11 shows that the predicted values are close to the experi-
mental values. Hence lower residual value which shows the adequacy of the 
model. 

In assessing the strength of the quadratic model towards maximizing the weld 
deposition rate (WDR) one way analysis of variance (ANOVA) figure was gen-
erated for deposition rate and result obtained is presented in Figure 12. 

Analysis of variance (ANOVA) was needed to check whether or not the model 
is significant and also to evaluate the significant contributions of each individual 
variable, the combined and quadratic effects towards each response. From the 
result of Figure 12, the Model F-value of 22.14 implies the model is significant. 
There is only a 0.01% chance that a “Model F-Value” this large could occur due 
to noise. Values of “Prob > F” less than 0.0500 indicate model terms are signifi-
cant. In this case B, C, AB, AC, AD, BD, CD, A2, D2 are significant model terms. 
Values greater than 0.1000 indicate the model terms are not significant. The  
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Figure 10. Correlation matrix of regression coefficients. 
 

 
Figure 11. Computed model leverages. 
 

 
Figure 12. ANOVA figure for validating the model significance towards maximizing the 
weld deposition rate (WDR). 
 
“Lack of Fit F-value” of 0.48 implies the Lack of Fit is not significant relative to 
the pure error. There is an 84.86% chance that a “Lack of Fit F-value” this large 
could occur, due to noise. Non-significant lack of fit is good as it indicates a 
model that is significant. To validate the adequacy of the quadratic model based 
on its ability to maximize the weld deposition rate (WDR) the goodness of fit 
statistics presented in Figure 13. 
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Figure 13. GOF statistics for validating model significance towards maximizing the weld 
deposition rate (WDR). 

 
From the result of Figure 13, it was observed that the “Predicted R-Squared” 

value of 0.8358 is in reasonable agreement with the “Adj R-Squared” value of 
0.9108. Adequate precision measures the signal to noise ratio. A ratio greater 
than 4 is desirable. The computaed ratio of 17.704 as observed in Figure 13 in-
dicates an adequate signal. This model can be used to navigate the design space 
and adequately maximize the weld deposition rate (WDR). 

To obtain the optimal solution, we first consider the coefficient statistics and 
the corresponding standard errors. The computed standard error measures the 
difference between the experimental terms and the corresponding predicted 
terms. Coefficient statistics for weld deposition rate is presented in Figure 14. 

The optimal equation which shows the individual effects and combine inte-
ractions of the selected input variables (current, voltage, welding speed and gas 
flow rate) against weld deposition rate is presented based on the coded variables 
in Figure 15. 

The optimal equation which shows the individual effects and combine inte-
ractions of the selected input variables (current, voltage, welding speed and gas 
flow rate) agains tweld deposition rate is presented based on actual factors in 
Figure 16. 

The diagnostics case statistics which shows the observed values of (weld depo-
sition rate (WDR) against their predicted values is presented in Figure 17. The 
diagnostic case statistics actually give insight into the model strength and the 
adequacy of the optimal second order polynomial equation. 

Lower residual values resulting to higher leverages as observed in Figure 17 is 
an indicator of a well fitted model.  

To asses the accuracy of prediction and established the suitability of response 
surface methodology using the quadratic model, a reliability plot of the observed 
and predicted values of weld deposition rate is presented in Figure 18. 

The high coefficient of determination (r2 = 0.9538) as observed in Figures 4.26 
was used to established the suitability of response surface methodology in max-
imizing the weld deposition rate (WDR). 

To accept any model, its satisfactoriness must first be checked by an appro-
priate statistical analysis output. To diagnose the statistical properties of the 
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Figure 14. Coefficient estimates statistics generated for maximizing the weld deposition 
rate (WDR). 

 

 
Figure 15. Optimal equation in terms of coded factors for maximizing weld deposition 
rate (WDR). 

 

 
Figure 16. Optimal equation in terms of actual factors for maximizing weld deposition 
rate (WDR). 

 
response surface model, the normal probability plot of residual presented in 
Figure 19. 

The normal probability plot of studentized residuals was employed to assess 
the normality of the calculated residuals. The normal probability plot of  
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Figure 17. Diagnostics case statistics report of observed versus predicted weld deposition 
rate (WDR). 

 

 
Figure 18. Reliability plot of observed versus predicted weld deposition rate (WDR). 

 

 
Figure 19. Normal probability plot of studentized residuals for maximizing weld deposi-
tion rate (WDR). 
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residuals which is the number of standard deviation of actual values based on the 
predicted values was employed to ascertain if the residuals (observed-predicted) 
follows a normal distribution. It is the most significant assumption for checking 
the sufficiency of a statistical model. Result of Figure 19 revealed that the com-
puted residuals are approximately normally distributed an indication that the 
model developed is satisfactory. 

To determine the presence of a possible outlier in the experimental data, the 
cook’s distance plot was generated for the different responses. The cook’s dis-
tance is a measure of how much the regression would change if the outlier is 
omitted from the analysis. A point that has a very high distance value relative to 
the other points may be an outlier and should be investigated. The generated 
cook’s distance for deposition rate is presented in Figure 20. 

The cook’s distance plot has an upper bound of 1.00 and a lower bound of 
0.00. Experimental values smaller than the lower bound or greater than the up-
per bounds are considered as outliers and must be properly investigated. Results 
of Figure 20 indicates that the data used for this analysis are devoid of possible 
outliers thus revealing the adequacy of the experimental data. 

To study the effects of current and voltage on deposition rate, 3D surface plots 
presented in Figure 21. To study the effects of gas flow rate and welding speed 
on deposition rate, 3D surface plots presented in Figure 22. The 3D surface plot 
as observed in Figure 22 and Figure 23, shows the relationship between the in-
put variables (current and voltage), (welding speed and gas flow rate) against the 
response variables (weld deposition rate) It is a 3 dimensional surface plot which 
was employed to give a clearer concept of the response surface. Although not as 
useful as the contour plot for establishing responses values and coordinates, this 
view may provide a clearer picture of the surface. As the colour of the curved 
surface gets darker, the weld deposition rate increases proportionately. The 
presence of a coloured hole at the middle of the upper surface gave a clue that 
more points lightly shaded for easier identification fell below the surface. 

Finally, numerical optimization was performed to ascertain the desirability of 
the overall model. In the numerical optimization phase, we ask design expert to 
maximize the weld deposition rate (WDR). In addition, the optimum current, 
voltage, welding speed and gas flow rate was determined simultaneously. 

 

 
Figure 20. Generated cook’s distance for weld deposition rate (WDR). 
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Figure 21. Effect of current and voltage on weld deposition rate. 

 

 
Figure 22. Effect of welding speed and gas flow rate on weld deposition rate. 
 

 
Figure 23. Interphase of numerical optimization model for maximizing weld deposition 
rate (WDR). 

 
The interphase of the numerical optimization of deposition rate showing the 

objective function is presented in Figure 23. 
The constraint set for the numerical optimization algorithm is presented in 

Figure 24. 
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Figure 24. Constraints for numerical optimization of selected responses. 

 
The numerical optimization produces about twenty two (22) optimal solu-

tions which are presented in Figure 25. 
From the results of Figure 25, it was observed that a current of 160.020 amp, 

voltage of 20.00 vol, a welding speed of 47.460 cm/min and gas flow rate of 
17.000 L/min will result in a welding process with the following properties: Weld 
deposition rate (WDR) 0.436708 kg/hr. This solution was selected by design ex-
pert as the optimal solution with a desirability value of 98.80%.  

The ramp solution which is the graphical presentation of the optimal solution 
is presented in Figure 26. 

The desirability bar graph which shows the accuracy with which the model is 
able to predict the values of the selected input variables and the corresponding 
responses is shown in Figure 27. 

It can be deduce from the result of Figure 27 that the model developed based 
on response surface methodology and optimized using numerical optimization 
method, predicted the weld deposition rate by an accuracy level of 99.39%. Fi-
nally, based on the optimal solution, the contour plots showing each response 
variable against the optimized value of the input variable is presented in Figure 
28 and Figure 30. To identify the region with the optimum current and voltage, 
predicting the optimum deposition rate response a contour plot is produced in 
Figure 28. 

To identify the region with the optimum gas flow rate and welding speed, 
predicting the optimum deposition rate response using contour plot is produced 
in Figure 29. To predict the desirability of the model a contour plot is produced 
in Figure 30. 

As presented in Figures the contour plot can be employed to predict the op-
timum values of the input variables based on the flagged response variables. 

3.2. Discussion 

In this study, the optimization of weld deposition rate (WDR) was done using 
response surface methodology (RSM).The target of the optimization model was 
to Maximize the weld deposition rate, statistical design of experiment (DOE), 
using the central composite design method (CCD) was done. The design and 
optimization was executed with the aid of Design Expert 7.01. 
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Figure 25. Optimal solutions of numerical optimization model. 
 

 
Figure 26. Ramp solution of numerical optimization. 
 

 
Figure 27. Prediction accuracy of numerical optimization. 

 
The model summary, which is presented as shown in Figure 5, revealed that 

the model is of the quadratic type, which requires the polynomial analysis order 
as depicted by a typical response surface design. To validate the suitability of the 
quadratic model the sequential model sum of squares were calculated for the re-
sponse presented in Figure 6. To test how well the quadratic model can explain 
the underlying variation associated with the experimental data, the lack of fit test 
statistic was estimated for each of the responses. 

The summary statistics of model fit shows the standard deviation, the 
r-squared and adjusted r-squared, predicted r-squared and the PRESS statistic 
for each complete model. Low standard deviation, R-Squared near unity and 
relatively low PRESS are the optimum criteria for defining the best model  
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Figure 28. Contour plot for optimum current. 

 

 
Figure 29. Predicting weld deposition and voltage predicting the deposition raterate us-
ing contour plot. 

 
source. Variance inflation factor (VIF) of approximately 1.0 as observed in Fig-
ure 7 was good since ideal VIF is 1.0. VIF’s above 10 are cause for alarm. 

To understand the influence of the individual design points on the model’s 
predicted value, the model leverages were computed as presented in Figure 11. 
Leverage of a point varies from 0 to 1 and indicates how much an individual de-
sign point influences the model’s predicted values. A leverage of 1 means the 
predicted value at that particular case will exactly equal the observed value of the  
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Figure 30. Predicting desirability using contour plot. 

 
experiment, i.e., the residual will be 0. Leverages of 0.6698 and 0.6073 calculated 
for both the factorial and axial points coupled with 0.1663 for the center point as 
observed in Figure 11 shows that the predicted values are close to the experi-
mental values. Hence, lower residual value which shows the adequacy of the 
model. 

In assessing the strength of the quadratic model towards maximizing the weld 
deposition rate (WDR), one way analysis of variance (ANOVA) figure was gen-
erated for deposition rate and result obtained is presented in Figure 12. To vali-
date the adequacy of the quadratic model based on its ability to maximize the 
weld deposition rate (WDR) the goodness of fit statistics presented in Figure 13. 
From the result of Figure 13, it was observed that the “Predicted R-Squared” 
value of 0.8358 is in reasonable agreement with the “Adj R-Squared” value of 
0.9108. Adequate precision measures the signal to noise ratio. A ratio greater 
than 4 is desirable. The computaed ratio of 17.704 as observed in Figure 13 in-
dicates an adequate signal. This model can be used to navigate the design space 
and adequately maximize the weld deposition rate (WDR). 

The optimal equation which shows the individual effects and combine inte-
ractions of the selected input variables (current, voltage, welding speed and gas 
flow rate) against weld deposition rate is presented based on actual factors in 
Figure 16 and Figure 17. The diagnostics case statistics which shows the ob-
served values of (weld deposition rate (WDR) against their predicted values is 
presented in Figure 17. The diagnostic case statistics actually give insight into 
the model strength and the adequacy of the optimal second order polynomial 
equation, Lower residual values resulting to higher leverages as observed in Fig-
ure 17 is indicators of a well fitted model. To assess the accuracy of prediction 
and established the suitability of response surface methodology using the qua-
dratic model, a reliability plot of the observed and predicted values of weld de-
position rate is presented in Figure 18. 

To determine the presence of a possible outlier in the experimental data, the 
cook’s distance plot was generated for the different responses. The Cook’s dis-
tance is a measure of how much the regression would change, if the outlier is 
omitted from the analysis. A point that has a very high distance value relative to 
the other points may be an outlier and should be investigated. The generated 
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cook’s distance for deposition rate is presented in Figure 20. To study the effects 
of current and voltage on deposition rate, 3D surface plots presented in Figure 
22. 

The 3D surface plot as observed in Figure 22 and Figure 23, shows the rela-
tionship between the input variables (current and voltage), (welding speed and 
gas flow rate) against the response variable (weld deposition rate). It is a 3 di-
mensional surface plot, which was employed to give a clearer concept of the re-
sponse surface. Although not as useful as the contour plot for establishing res-
ponses values and coordinates, this view may provide a clearer picture of the 
surface. As the colour of the curved surface gets darker, the weld deposition rate 
and the weld bead volume increase proportionately. The presence of a coloured 
hole at the middle of the upper surface gave a clue that more points lightly 
shaded for easier identification fell below the surface. 

Finally, numerical optimization was performed to ascertain the desirability of 
the overall model. 

From the result of Figure 25, it was observed that a current of 160.020 amp, 
voltage of 20.00 vol, a welding speed of 47.460 cm/min and gas flow rate of 
17.000 L/min will result in a welding process with weld deposition rate (WDR) 
0.436708 kg/hr. This solution was selected by design expert as the optimal solu-
tion with a desirability value of 98.80%. 

The desirability bar graph, which shows the accuracy with which the model is 
able to predict the values of the selected input variables and the corresponding 
responses, is shown in Figure 18. It can be deduced from the result of Figure 27 
that the model developed, based on response surface methodology and opti-
mized, using numerical optimization method, predicted the weld deposition rate 
by an accuracy level of 99.39%. Finally, based on the optimal solution, the con-
tour plots showing each response variable against the optimized value of the in-
put variable are presented in Figure 28 and Figure 29, respectively. To identify 
the region with the optimum current and voltage, predicting the optimum depo-
sition rate response a contour plot is produced in Figure 28. To identify the re-
gion with the optimum gas flow rate and welding speed, predicting the optimum 
deposition rate response, a contour plot is produced in Figure 29. 

4. Conclusion 

In this study, the response surface methodology to optimize the deposition rate 
of TIG welded joints and result shows that they are suitable models. Weld depo-
sition rate is a very important factor that influences the integrity and quality of 
welded joint. The study reveals that respond surface methodology (RSM) pro-
duced a good model for predicting weld deposition rate. it was observed that a 
current of 160.020 amp, voltage of 20.00 vol, a welding speed of 47.460 cm/min 
and gas flow rate of 17.000 L/min will result in a welding process with weld de-
position rate (WDR) 0.436708 kg/hr. It has been shown that the optimization 
and prediction of weld deposition rate has improved the quality of welded joints. 
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A weld simulation was carried out using the optimum value obtained from the 
response surface methodology to produce a welded sample with good quality. It 
is, therefore, recommended that welding and fabrication industries should en-
deavor to use the optimum welding process parameters obtained in this study to 
produce high quality welds in Tungsten inert gas welding process, as applicable. 
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