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Resistance spot welding process of AISI 1060 steel has been experimentally investigated by
studying the effects of welding current, electrode force, welding cycle and cooling cycle on
tensile-shear strength. Using the response surface methodology, experimental tests are
performed. An adaptive neural-fuzzy inference system is applied to model and predict the
behavior of tensile-shear strength. Additionally, the optimal parameters of adaptive neural-fuzzy
inference systems are obtained by the gray wolf optimization algorithm. For modeling the process
behavior, the results of experiments have been employed for training (70% of data) and testing
(30% of data) of the inference system. The results show that the applied network has been very
successful in predicting the tensile-shear strength and the coefficient of determination and mean
absolute percentage error for the test section data are 0.96 and 6.02%, respectively. This indicates
the considerable accuracy of the employed model in the approximation of the desired outputs.
After that, the effect of each input parameter on tensile-shear strength is quantitatively evaluated
with the Sobol sensitivity analysis method. The results show that the tensile-shear strength of the
joint rises by increasing the welding current and welding cycle and also decreasing the electrode
force and cooling cycle.

© Shiraz University, Shiraz, Iran, 2021

1. Introduction

employed in fabrication of automobiles, buses, office

furniture, airplanes, aeronautics and many other

High carbon steels with high strength and suitable
wear resistance are used as tool materials. In recent
years, some researchers have proposed methods and
materials for welding these types of steels but there are
still many problems in this regard due to transforming
the heat affected zone to a very hard martensite phase
that decreases the ductility of weld metal. Resistance
spot welding (RSW) is widely employed in many

industries for the purpose of joining sheet metals. It is
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industries [1-5]. The RSW contains thermal, mechanical,
fluid flow

phenomena and hence is very complicated for

electromagnetic, and metallurgical
investigation [6]. In RSW, two or more parent sheet
metals are pressed by electrode force. Then, a welding
current is applied to the electrodes and therefore, a heat
energy is generated between the sheet metals due to their
electrical resistance. Hence, the generated heat leads to

creating a weld nugget that is produced at the faying
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surface of sheets. The key parameter for integrity of the
structures fabricated by RSW especially in load-bearing
conditions is the mechanical strength of the joints.
However, controlling the welding parameters is very
important in achieving the welded joints with proper
strength. In recent years, many research studies have
been conducted in this field. The effects of process
parameters on mechanical properties of welded joints of
stainless steel 304 were studied by Kumar et al. [7]. It
was concluded that welding time had a considerable
effect on tensile shear tensile (TSS). In addition, the
electrode force and welding time had important effects
on microhardness. Chen et al. [8] designed a novel
slightly concave electrode to reduce the unfavorable
interfacial fracture mode. Their results showed that by
the proposed electrode, the range of welding current that
leads to the pullout failure mode is doubled. Zhao et al.
[9] optimized the process parameters of RSW with
entropy weight method. In their method, the nugget
diameter, TSS and failure energy were converted into a
welding quality index. Their results showed that the
welding current and welding time are the most important
parameters that affect the weld quality, respectively. Xia
et al. evaluated the expulsion intensity in a RSW process
[10] by calculating the percentage of ejected metal from
the melt during the expulsion. They concluded that the
rapid decreasing in signals of force and displacement
showed the amount of expelled metal in RSW. Ordofiez
et al. [11] studied the microhardness, TSS and fatigue
behavior of RSW joints for DP980 steel sheets. Their
results showed that the stress concentration near the
fusion zone leads to a decrease in fatigue life of the
welds. The optimization of RSW process of TRIP and
DCOS5 steels was performed with Valera et al. [12] by
Taguchi design of the experiment method. They
concluded that the most effective parameters on TSS of
the joints are welding time and current, respectively.
Vignesh et al. [13] studied the effects of heating cycle,
electrode tip diameter and welding current on TSS of the
joints of AISI 316L and 2205 Duplex sheets with
Taguchi method and concluded that the welding current
has the most considerable effect of TSS. Wan et al. [14]
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compared back propagation neural network (BPNN) and
probabilistic neural network (PNN) for predicting the
weld quality in small scale RSW. The results indicated
that in estimation of failure load and quality level
classification, the BPNN and PNN methods were more
proper, respectively. Artificial intelligence (Al) is
widely used to detect the relationship between input and
output parameters extracted from a dynamic resistance
signal compared to mathematical modeling. Artificial
neural network (ANN) is used to find the correlation
between input and output parameters and is more
practical than traditional techniques [15]. Adaptive
neural-fuzzy inference system (ANFIS) is a mixture of
fuzzy systems and artificial neural network which utilize
the learning ability of artificial neural networks to attain
the fuzzy system parameters [16].

In this paper, the ANFIS method is utilized to model
the influence of main parameters in RSW for predicting
the TSS of the joints. For this purpose, with response
surface methodology (RSM), the welding tests are
administered and the results of joints strength will be
used to train and test the ANFIS. In addition, to obtain
the optimal structure of the ANFIS, the gray wolf
optimization (GWO) algorithm is employed. Then, with
the Sobel statistical sensitivity analysis method, the
sensitivity of TSS variations based on changes in each of

the input parameters is investigated.

2. Materials and Methods

2.1. Optimized intelligent modeling

2.1.1. Optimized intelligent modeling

Fuzzy logic and neural network methods are used in
the ANFIS. The ANFIS consists of antecedent and
sequential parts which are interconnected in the if-then
rules. Takagi-Sugeno (TS) fuzzy model is a type of
ANFIS network that has 2 inputs and 1 output as is
shown in Fig. 1.

As shown in Fig. 1, there are 2 inputs (x and y), and
1 output (f) in the ANFIS with the rules in the form of:
Rule one: If (x equals A;) and (y equals B;), then it
becomes f; = p1x +qy + 11
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Layer 1 Layer 2 Layer 3 Layer 4 Layer 5

®;f1

@3 f2

Fig. 1. ANFIS network structure.

Rule two: If (x equals A,) and (y equals B,), then it
becomes f, = prx + @,y + 13

In this system, A; and B; are fuzzy sets and f'is the
output of the system. Also, p;, q;, 1;, are constants that
are attained throughout the learning section [17]. If
output of every single layer is considered to be Oij
(output of node i in layer j), then the functions and
operations of the distinct layers can be explained as:

Layer one: Every single node is identical to a fuzzy
set and the output of that node in the corresponding set
is identical to the degree of membership of the input
variable, in this layer. The parameters of node specify
the form of the membership function (MF) in the node.
Since Gaussian MFs are used in present the paper, it
drives:

1/x—c; 2

pn =) M

where o; and ¢; the width and center of Gaussian MFs
and x is the input value of each node.

Layer two: The values of the inputs of every single
node are multiplied by each other and the rule firing

strength is calculated as:

07 = w; = (g (), i=12 @)

where py; is degree of MF, x in A;and pg; is degree of
MF y in B;.

Layer three: The nodes compute the associated
weight of the rules, where w]' is normalized fire intensity

of rule i.

i=12 (3
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Layer four: the fourth layer is known as the rule
layer that is obtained by multiplying the normalized fire
intensity (obtained in the third step) by the output of the
TS fuzzy system.

Of=wlfi=wlx+qy+r), =12 (4
Layer five: the fifth layer, which is the last step,
consists of a node where all the inputs are gathered

together:

2

w + w
0?=Zw?f=u, i=12 (5

—~ w, + w,

Recently, various optimization techniques such as
particle swarm algorithm and genetic algorithm have
been used to increase the performance of the ANFIS
system. GWO is one of the newest and most efficient
optimization methods that is utilized here to optimize the
ANFIS network.

2.1.2. Gray wolf optimization algorithm

In the Gray Wolf Optimization algorithm (GWO),
which is inspired by Canadian Gray Wolf hunting
actions, by Mirjalili et al. [18] it has been suggested that
they fall into the category of population-based
optimization algorithms. Gray wolves have a leading
social hierarchy, as revealed in Fig. 2. The pioneers of
the crowd are a male and a female known as Alpha. The
next layer in the gray wolf hierarchy is Beta. Beta ones
are secondary wolves that aid with Alpha in decisions or

other group actions. Delta wolf must report to Alpha and

)

w

Fig. 2. The hierarchy of Gray wolfs.
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Beta but dominates Omega. Omega has the lowest rank,
meaning it should always obey other wolves. The GWO
algorithm, like the Particle Swarm optimization
algorithm, starts from a random population. In each
iteration, the Alpha, Beta, and Delta crowd renew their
location according to their prey location. This update
also endures until the space among the wolves and the
prey is stopped or a satisfactory result is achieved. In
GWO, Alpha wolves are the finest result. Other crowd
tracks along with its dominion. Hunting action is done
mainly by Alpha and Beta wolves and henceforth by the
Delta followed by Omega [18]. Specifically, the GWO
consists of the following steps:

Step one: The initial population of gray wolves is
randomly created. The created crowd is characterized by
the n-dimensional search space for operating M
locations. To repeat, start with £ = 0 initialization and

continue to K.

Pi(k) = [P(K) os oo PP () e PrUOIT (6)
,Jj €E{a,B,8}
where k=12,...,kpna, are the present iteration

numbers, kmor 1S the maximum repetition, and
P, (k) Pg (k), Ps (k) is the solutions vector.

Step two: The performance of every single member
of the population is assessed based on the accuracy of
the approximation of the experimental data of the present
problem. Evaluating the performance of each member
leads to the value of the fit function (objective function)

that is used for the GWO optimization algorithm using:
Pi(k)=p,i=12,....M

Step three: The finest 3 solutions obtained so far, we
mean P, (k), Pz (k), Ps(k), are identified by:

J(Pa(k)) = min, {J(P.(K)), Pi (k)€ Dy} @
J (Pah)) =

nin {J(P.(K)), Pi(k)E Dy/ P (K)} ®)
J(Ps(k)) =

min [/(PG0), PUOE Dy /Pok), By () (9)
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Eq. (10) has one situation for the outcome:
J(Fa (k) <J(Pg(k)) <J(Ps(k)) (10)

Step four: Search vector constants are obtained
utilizing Eq. (11) and (12):

R;(k) = [ (K)....7) (). 1 (R (11)
S;(k) = [s} (k) ...s] (k) ... s] (O] 12)
Jj € {@B,8)
in which:
i/ (k) =1/ ()(2q" - D), (13)
s/ (k) = 2q",j € {a, B, 6} (14)

where g/ the uniform distribution of a random number in
the range 0<q/ <1,f=1...n and the constant

v/ (k) in the search process is reduced from 2 to 0.

rf (k) = 2[1 = (k = 1)/ (k max — 1] (15)
f=1..n

Step five: Search constants factors are permitted to

discover their new location by using Eq. (16).

Vi (k) = |s/ (B (k) = P/ (k)| (16)
,i=1...M,j € {a,pB, &}

By utilization of notation P/ (k) for renewed Alpha,

Beta and Delta solutions:

Pi(k) = [p* (k) ...p¥ (k) ...x™(k)]" a7
.J €{a,B, 5}

The components of these solutions are as follows:

P (k) = pl (k) =1 (k)v} (k) (18)
f=1.ni=1..M,j€{a,p, 6}

And the renewed solution vector P;(k + 1) is calculated
by Eq. (19):

Pi(k + 1) = (P(k) + PE(k) + Po(k))/3 (19)
i=1..M
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Step six: The updated solution P;(k + 1) is validated
by the objective function.

Step seven: The GWO is recurrent from step two till
the repetition k reaches the maximum value from the
initial value.

Step eight: In the last level, the algorithm stops, and

the finest solution ever found is saved as:
p" = arg min J(P;(kmax)) (20)

2.1.3. Sensitivity analysis

Sensitivity analysis is a useful utensil in evaluating
of the systems and extracted the influence of the input
parameters on output of system for engineering
problems. Sensitivity analysis describes the output
uncertainty of the model and shows how this uncertainty

is related to the inputs of the system [19].

2.1.4. Sobol sensitivity analysis

In this method, with function of Y = f(x) that is the
output and X(X4 X, ... Xp) as the input vector, the output
variance of the model (V) is defined as the summation of

the each decomposed term as presented in Eq. (21):
n n
VI =D Vit ) VetV @
i=1 isj=n

where V; is the first-order effect for each input parameter

[x;(V; = VIE(Y x)]) and Vi; = V[E(Y|x; )] = Vi —

Vilto Vi, . .n shows the interaction effects between input

parameters. Sensitivity index is ratio of each order
. . Vi o~

variance to total variance, so that S; = 7’ is first order

sensitivity index, S;; = % is second order sensitivity

index and so forth. Total sensitivity index as the total
effect of each parameter is defined as the summation of
all orders of the parameter. It is computed by the

following equation [19].

Sri :Si+zsij+"' (22)

i#j

2.2. Resistance spot welding process
For performing the RSW experiments, a constant
alternating current welder (Messer Griesheim) with
capacity of 150 kVA was used. In this welding machine,
the RSW process was controlled by a microcomputer
with fully digital control. During the entire period of
experiments, the water was circulated in the electrodes
in order to improve the heat transfer. AISI 1060 steel
sheets with thickness of 1 mm were used in the RSW
experiments. In Table 1, the chemical composition of
AISI 1060 sheets is presented.
In Fig. 3, a schematic of the RSW welded specimens
with the corresponding dimensions is shown. It should
be noted that the dimensions of welded steel sheets are

length = 150 mm, width = 25 mm and thickness = 1 mm

Table 1. Chemical composition (%) of the AISI 1060 steel sheets used in the RSW experiments

Elements C Si Mn

P S Cr Mo

Weight % 0.62 0.42 0.71

<0.03 <0.05 0.21 0.08

- @
1

!

o

Nugget

] Tn

Unit : mm

Fig. 3. Schematics of the RSW welded specimens with the corresponding dimensions.
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as presented in Fig. 3. Additionally, with a dry air jet, the obtaining the optimum values of input parameters for
sheet surfaces were cleaned. Some trial experiments achieving the best output. 31 experiments were designed
were performed in order to determine the limits of based on RSM and design matrix (Table 2). The
process parameter. As can be seen in Fig. 3, the sheets performed experiments are presented in Table 3.

with overlaps of 30 mm were placed between the centers In Fig. 4, the welded specimens by RSW according
of electrodes. RSM is an optimization technique for to experiments in Table 3 are presented.

Table 2. Coded and actual values of parameters for the RSW investigations

Limits
Parameter
-2 -1 0 +1 +2
Welding current (kA) 6.4 7.8 9.2 10.6 12
Welding cycle (cycle) 20 25 30 35 40
Cooling cycle (cycle) 0 12.5 25 37.5 50

Electrode force (N) 800 1100 1400 1700 2000

Table 3. Design layout of RSW experiments based on response surface methodology
Sample  Welding current (kA) Welding cycle  Cooling cycle  Electrode force (N)

1 7.8 25 12.5 1100
2 10.6 25 12.5 1100
3 7.8 25 12.5 1700
4 10.6 25 12.5 1700
5 7.8 35 12.5 1100
6 10.6 35 12.5 1100
7 7.8 35 12.5 1700
8 10.6 35 12.5 1700
9 7.8 25 37.5 1100
10 10.6 25 37.5 1100
11 7.8 25 37.5 1700
12 10.6 25 37.5 1700
13 7.8 35 37.5 1100
14 10.6 35 37.5 1100
15 7.8 35 37.5 1700
16 10.6 35 37.5 1700
17 6.4 30 25 1400
18 12 30 25 1400
19 9.2 30 25 800
20 9.2 30 25 2000
21 9.2 20 25 1400
22 9.2 40 25 1400
23 9.2 30 0 1400
24 9.2 30 50 1400
25 9.2 30 25 1400
26 9.2 30 25 1400
27 9.2 30 25 1400
28 9.2 30 25 1400
29 9.2 30 25 1400
30 9.2 30 25 1400
31 9.2 30 25 1400
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Fig. 4. The welded specimens by RSW and according to
Table 3 experiments.

With a Kpruf universal testing machine, the tensile-
shear tests were conducted for evaluating the strength of
the weld. As it is seen in Fig. 5, during the tensile-shear
test, interfacial and pullout failure modes have been
observed.

As the reliability of 95% is sufficient in engineering
investigations, the parameters with p-value less than
0.05 influence the desired output [20]. Hence, based on
Table 4, the welding current, welding cycle, cooling
cycle and electrode force, their squares and some
interactions influence the TSS of the spot welds. The R-
sq= 95.77 % and R-sq (adj) = 93.66% for TSS of joints

prove the suitable accuracy of the proposed model.

39

Pullout failure mode

Fig. 5. Some of the RSW joints after tensile-shear test

2.3. Analysis of variance (ANOVA)

ANOVA results of TSS include the effects of
process parameters and their interactions are presented
in Table 4 for the designed experiments in Table 3.

As the reliability of 95% is sufficient in engineering
investigations, the parameters with p-value less than
0.05 influence the desired output [20]. Hence, based on
Table 4, the welding current, welding cycle, cooling
cycle and electrode force, their squares and some
interactions influence the TSS of the spot welds. The
R-sq= 95.77 % and R-sq (adj) = 93.66% for TSS of
joints prove the suitable accuracy of the proposed

model.

Table 4. ANOVA for TSS of RSW joints

Source DF  AdjSS AdjMS F-Value P-Value
Model 10 27771450 2777145 45.28 0.000
Linear 4 20701667 5175417 84.39 0.000
Welding current (kA) 1 11070417 11070417 180.51 0.000
Welding cycle 1 3760417 3760417 61.32 0.000
Cooling cycle 1 1450417 1450417 23.65 0.000
Electrode force (N) 1 4420417 4420417 72.08 0.000
Square 4 5998533 1499633 24.45 0.000
Welding current (kA)*Welding current (kA) 1 2944240 2944240 48.01 0.000
Welding cycle*Welding cycle 1 1908984 1908984 31.13 0.000
Cooling cycle*Cooling cycle 1 1241631 1241631 20.25 0.000
Electrode force (N)*Electrode force (N) 1 1728742 1728742 28.19 0.000
2-Way Interaction 2 1071250 535625 8.73 0.002
Welding current (kA)*Welding cycle 1 680625 680625 11.10 0.003
Welding cycle*Cooling cycle 1 390625 390625 6.37 0.020
Error 20 1226553 61328
Pure Error 6 33220 5537
Total 30 28998003
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3. Results and Discussion

3.1. The results of ANFIS-GWO system

In the present study, there is 31 empirical data for
ANFIS construction, involving four inputs (mentioned
process parameters) and single output (TSS). This data
collection is arbitrarily separated into 2 subsets, 70% for
training and 30% for testing. The parameters of the input
and output membership functions (as well as the if-then
fuzzy rules) are optimized by the aid of GWO algorithm.
Figs. 6, 7, 8 and 9 show the optimized Gaussian
membership functions associated with input process
parameters. It should be noted that the degree of
membership functions has been provided in a
normalized form.

Also, Fig. 10 shows the actual experimental data and
has also predicted data attained by ANFIS for both the
training and testing phases. It is shown that the accuracy
of the ANFIS predicted data is very high for the training
section if the ANFIS is trained based on the data of this
section. In addition, the ANFIS has been able to predict

Degree of membership

7 8 9 10 11 12
Input 1 (Welding current (kA))

Fig. 6. The optimized membership function for welding
current.

2 = =
FS = ® -

Degree of membership
=
%

=3

20 25 30 35 40
Input 2 (Welding cycle)

Fig. 7. The optimized membership function for welding
cycle.

October 2021

M. Safari, A.H. Rabiee & V. Tahmasbi

= £ e
ES 2N % [
T T

Degree of membership
=]
18

<

0 10 20 30 40 50
Input 3 (Cooling cycle)

Fig. 8. The optimized membership function for cooling cycle.

/\

= & o
IS N )

Degree of membership
=
o

o

800 900 1000 1100 1200 1300 1400 1500 1600 1700
Input 4 (Electrode force (N))

Fig. 9. The optimized membership function for electrode
force.

(=)
n
=3
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® train %

6000 F | & et
E=P L]

5500 |
5000 |
4500
4000 "
3500 f °
3000 "

2500 F

2000 ' ' * -
2000 3000 4000 5000 6000

Experimental (Tensile-Shear strength (N))

Predicted (Tensile-Shear strength (N))
()

Fig. 10. Comparison between experimental and predicted
data.

the data of the test section appropriately. Next, Fig. 11
shows the value of the TSS of welds for the actual and
predicted data in both the training and testing sections.
As can be seen in these diagrams, the actual
experimental data and ANFIS predicted data in the

training phase coincide quite well. The second part of the
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7000 T T T
Actual training data
® Predicted training data
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Z ®  Predicted testing data
= e o °
&0 °
S 5000 - *
- [ ] [ ]
- [ ] [ ]
173
& . ?
2 4000 - * 9 ° .
0 (]
i’ ° °
2] ) e oo ® ) )
E 3000 - o ¢ .
°
°
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Fig. 11. Differences between experimental and test data for prediction of TSS.

diagrams (test section) also show that the ANFIS has
been able to predict the data related to the test section.
Moreover, Fig. 12 illustrates the error histogram for both
training and testing phases. The y-axis in Fig. 12 (error
distribution) represents the number. It can be seen here
that the error frequency is greater at values closer to zero
especially for the training part.

Moreover, Fig. 13 demonstrates the error and mean

absolute percentage error (MAPE) associated with the

18 T T

16 -

14 -

12

10

Error distribution

-100 -50 0 50 100

Error distribution

0 . |
-800 -600 -400 -200 0 200 400 600 800
Error

Fig. 12. Error histogram for training and texting sections.
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training and testing sections. As can be seen, the amount
of error in the test section is greater than the training
section. It can also be seen that the MAPE for the test
section is close to zero and for only three data index the
MAPE has been increased to a maximum of 2%.
Furthermore, the network MAPE for the test section is
low and except for one data, the rest of the values did not
exceed 8%.

Furthermore, to quantitatively inspect the developed
model, different statistical criteria containing mean
absolute error (MAE), root mean square error (RMSE),
coefficient of determination (R? or R-squared) and mean
absolute percentage error (MAPE) are utilized. These

criteria are defined as:

n
1
RMSE = —Z(OA —0,)? (23)
n i=1
1 n
MAE=EZ|0A—0P| (24)
i=1

[X1-1(04 = 04)(0p — 0p)]°

R? = = = 25
B, (0s - Oy 0 — 0] &)
100% < [04 = Op
MAPE = (26)
n — | OA

where 0, is the measured output value for the i-th data,
Op is the approximated output by the ANFIS for the i-th
sample, 0, is the mean of measured data and Op is the

mean of predicted data. To examine the model accurateness,
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Fig. 13. Error and mean absolute percentage error for the training and testing sections.

the above-mentioned criteria are independently
computed for training and test sections, as shown in
Table 5.

Table 5. RMSE, MAE, R? and MAPE criteria for TSS of

welded joints
RMSE MAE R? MAPE (%)
Train 29 13 0.99 0.37
Test 253 225 0.96 6.02

From the listed values in Table 5, it becomes clear
that the ANFIS has been notably successful in predicting
the TSS. The criteria RMSE and MAE are small, while
they alone are not appropriate for model evaluation.
Next, R? and MAPE criteria that determine the amount
of error relative to the number of data are used. The
coefficient of determination, R?, is so close to one,
indicating the high accuracy of the model. The
percentage errors of MAPE in the training section are
0.37%. Furthermore, the MAPE in the test section are
6.02%. It can be seen here that the ANFIS error in the

test section is relatively greater compared with the

October 2021

training section. This is completely expected as in the
training section, all training data (70% of all data) are
used, and the model has been developed in such a way
that the network outputs completely match the utilized
data, whereas the network test is carried out based on the
test data (the remaining 30% of the data) and this data is
not used in the network training section. Thus, due to the
existence of error in empirical data, this amount of error
in estimation is to be expected.

3.2. Analysis of the effects of input parameters on
TSS based on sensitivity analysis

3.2.1. The effect of welding current

It can be concluded from Fig. 14 that increase in the
welding current leads to an increase in the TSS because
the generated heat in the welding zone and consequently
the weld nugget rises. It should be noted that larger weld
nugget diameter leads to higher TSS [21].

3.2.2. The effect of welding cycle
It can be proved from Fig. 15 that the TSS is

increased by enlarging the welding.
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Fig. 14. Effect of welding current on TSS of spot welds.
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Fig. 15. Effect of welding cycle on TSS of spot welds.

3.2.3. Effect of electrode force

As shown in Fig. 16, the TSS of the joints decreases
by increasing the electrode force due to decreasing the
electrical resistance at the welding area and then
reducing the heat energy. In addition, more electrode
force leads to a reduction in the weld nugget diameter,
and consequently a reduction in the weld nugget

diameter reduces the amount of joint strength [22].

3.2.4. Effect of cooling cycle

In Fig. 17, the effect of cooling cycle on TSS can be
seen and it is proved the TSS will be decreased by
increasing the cooling cycle. The reason is as the
carbon content of AISI 1060 is high, increasing the
cycle leads to an increase in the risk of brittle
microstructure in the welded joint. In addition,
increasing the cooling cycle leads to an increase in
primary grain size that then encourages the martensite

formation at weld region [23].
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Fig. 17. Effect of cooling cycle on TSS of spot welds.

3.3. Sobol sensitivity analysis of tensile shear of RSW
joints
Using the Simlab software, which simultaneously
changes the input parameters for evaluating their effects
on output [19], the result of Sobol sensitivity analysis for
the TSS is shown in Fig. 18. It is concluded that welding
current, electrode force, welding cycle and cooling cycle
are the most effective parameters that, respectively,

strengthen the joints.

Cooling cycle
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\
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I Welding cycle

|| Cooling cycle

I Electrode force (N)

Fig. 18. The diagram of effectiveness of input parameters on
TSS of RSW joints.
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4. Conclusion

In this paper, RSW of AISI 1060 steel sheets were
experimentally investigated. The effects of welding
current, welding cycle, electrode force and cooling cycle
were modeled and predicted by ANFIS-GWO and Sobol
sensitivity analysis methods. The following results were
obtained:

1. Welding current, welding cycle, cooling cycle and
electrode force, their squares and some interactions
influenced the strength of the joints.

2. It was concluded that increase in the welding
current leads to a rise in the TSS given the rise in the
generated heat in the welding zone and consequently the
weld nugget.

3. It was proved that the TSS is increased by
increasing the welding cycle because of a rise in the
generated heat in the welding zone and consequently
enlarging the weld nugget diameter.

4. The TSS of the joints decreases by increasing the
electrode force due to a fall in the electrical resistance at
welding area and then reducing the heat energy. In
addition, more electrode force leads to a reduction in the
weld nugget diameter, and consequently a reduction in
the weld nugget diameter reduces the amount of joint
strength.

5. It was proved that the TSS will decrease by
increasing the cooling cycle. The reason was as the
carbon content of AISI 1060 is high, increasing the cycle
leads to rise in the risk of brittle microstructure in the
welded joint.

6. The results showed that the ANFIS network was
very suitable in predicting TSS based on variation in
RSW process parameters and the coefficients of
determination and mean absolute percentage error
confirmed the effectiveness of this method.

7. It was concluded from Sobol sensitivity analysis
method that welding current, electrode force, welding
cycle and cooling cycle are the most effective parameters

on the strength of joints, respectively.
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