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Abstract: In this work, the process of dissimilar resistance spot welding (RSW) for AISI 304 and AISI 
1060 steel sheets is experimentally investigated. The effects of the main process parameters such as 
welding current, electrode force, welding cycle, and cooling cycle on the tensile-shear strength (TSS) 
of dissimilar RSW joints are studied. To this aim, using a central composite experimental design 
based on response surface methodology (RSM), the experimental tests were performed. Further-
more, from the test results, an adaptive neuro-fuzzy inference system (ANFIS) was developed to 
model and estimate the TSS. The optimal parameters of the ANFIS system were obtained using a 
teaching-learning-based optimization (TLBO) algorithm. In order to model the process behavior, 
the results of experiments were used for the training (70% of the data) and testing (30% of the data) 
of the adaptive inference system. The accuracy of the obtained model was investigated via different 
plots and statistical criteria including root mean square error, correlation coefficient, and mean ab-
solute percentage error. The findings show that the ANFIS network successfully predicts the TSS. 
In addition, the network error in estimating the TSS in the training and test section is equal to 0.08% 
and 5.87%, respectively. After modeling with TLBO-ANFIS, the effect of each input parameter on TSS 
of the dissimilar joints is quantitatively measured using the Sobol sensitivity analysis method. The 
results show that increasing in welding current and welding cycle leads to an increase in the TSS of 
joints. It is concluded that TSS decreases with increases in the electrode force and cooling cycle. 

Keywords: dissimilar resistance spot welding; adaptive neural-fuzzy inference system;  
teaching-learning-based optimization algorithm; Sobol sensitivity analysis method 
 

1. Introduction 
The joining of dissimilar materials is necessary in several situations of industrial ap-

plications. Due to the different physical, metallurgical and mechanical properties of par-
ent metals, there are generally more challenges in joining of dissimilar metals than similar 
ones. Fabrication of high-quality joints can guarantee the applying all of advantages of 
the properties for different metals in dissimilar joints. RSW is widely employed for joining 
of similar and dissimilar metals in many industries such as the automobile, aerospace, 
electronics and many other industries due to its simplicity, low cost and its possibility for 
automation. In recent years, much research has been performed and reported on the dis-
similar RSW process. In order to increasing the weld quality, Taufiqurrahman et al. [1] 
used an aluminum layer as interlayer in dissimilar RSW of stainless steel and titanium 
alloys. They also investigated the effect of holding time on TSS of the joints and concluded 
the increasing the holding time will increase the TSS of the welds due to removing the 
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voids in the middle of weld nuggets. Chen et al. [2] studied the mechanical and metallur-
gical properties of the joints fabricated by dissimilar RSW of cemented carbide (WC–10Co) 
and high strength steel (RM80). They concluded that the TSS of the welds is firstly in-
creased and then decreased by increasing the welding current. Taufiqurrahman et al. [3] 
investigated the effects of welding current and electrode force on the physical, metallur-
gical, and mechanical properties for dissimilar RSW joints of SS316L and Ti6Al4V alloys 
with an aluminum interlayer. Their metallurgical investigations revealed no phase trans-
formation on the SS316L interface, but the phase transformation occurred on the Ti6Al4V 
interface. Jaber and Kovacs [4] analyzed the metallurgical and mechanical properties, and 
also failure mode for the joints made by dissimilar RSW of dual phase and low carbon 
steels. They observed a complex microstructure in the fusion zone includes retained aus-
tenite, martensite and bainite. They also concluded that the maximum hardness in the 
heat affected zone of DP600 steel was greater than the maximum hardness of fusion zone 
because of higher hardenability of DP600 steel. Bemani and Pouranvari [5] studied the 
metallurgical and mechanical properties for dissimilar RSW joints of Nimonic 263 and 
Hastelloy X nickel-based superalloys. They concluded that the hardness of fusion zone for 
dissimilar joints had higher values than the based metals. Their results also proved that 
control of fusion zone size and electrode indentation is the key factor to achieve the joints 
with adequate strengths. Noh et al. [6] analyzed the failure behavior for dissimilar RSW 
joints of mild and advanced high strength steels (AHSS). They concluded that the failure 
behavior of RSW dissimilar joints was mainly due to the competition between the element 
with high strength/low ductility and the element with low strength/high ductility. Shi et 
al. [7] determined the failure modes in dissimilar RSW joints of aluminum and steel alloys. 
They observed that in the dissimilar RSW welds of aluminum and steel, an iron-aluminum 
intermetallic compound layer is formed that affects the strength of the joint and changes 
the failure mode between interfacial and pullout modes. They also suggested a new for-
mula for TSS of RSW dissimilar joints of aluminum and steel alloys. Rikka et al. [8] opti-
mized the TSS of welded joints in micro-RSW of nickel tab to inner aluminum casing in a 
cylindrical lithium-ion cell using the Taguchi design of experiment method. They con-
cluded that adjusting the optimum parameters leads to a joint with a strength of 338.4 
MPa. Das et al. [9] studied the RSW of AISI-1008 steel to aluminum alloy 1100 using a 
graphene interlayer. The concluded that the joint strength was improved with using the 
graphene interlayer. It was also observed that the TSS of the welds was increased by in-
crease in welding time and current. Azhari-Saray et al. [10] investigated the dissimilar 
RSW of aluminum alloy 6061-T6 to carbon steel St-12 using Al0·5FeCoCrNi high entropy 
alloy interlayer. Their results showed that the joints with interlayer had more TSS in com-
parison with joints without interlayer. Essoussi et al. [11] studied the RSW process of AISI 
1000 and AISI 304 stainless steels. They investigated the mechanical properties and micro-
structure of the joints and concluded that the homogeneous ASS/ASS leads to the best TSS 
in the spot joints. Neystani et al. [12] studied the effects of RSW parameters, i.e., cooling 
time, preheat current,t and preheat time on the mechanical properties of the joints be-
tween Fe-Cu-C and low carbon steel using the Taguchi design of experiment method. 
They concluded that preheat current was the most effective parameter on the RSW fol-
lowed by cooling time. Valera et al. [13] optimized the RSW parameters for TRIP and 
DC05 steel sheets using the Taguchi design of experiment method. They concluded that 
the welding time and current had the most considerable effects on TSS of dissimilar joints, 
respectively. Vignesh et al. [14] determined the effects of heating cycle, electrode tip di-
ameter and welding current on TSS of AISI 316L and 2205 Duplex joints. Using the 
Taguchi design of experiments and analysis of variance, they concluded that the welding 
current had the most considerable effect on TSS. Mansor et al. [15] studied the micro-RSW 
of stainless steel 316L and Ti-6Al-4V with various process parameters. They designed a 
special geometry for the electrode in the welding tests. Their results indicated that the 
welding current had the most considerable effect on the strength of joints but with con-
trolling the metal expulsion from fusion zone. Also, they observed the columnar dendritic 
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in the fusion zone of the welded joints. Anijdan et al. [16] optimized the parameters in 
dissimilar RSW of DP600 dual phase and AISI 304 stainless steels and studied the TSS of 
the joints. Their results demonstrated the current density has the most considerable effect 
on the strength of the joints followed by holding time after welding. The martensitic struc-
ture was observed in the weld nugget and the pullout failure mode was seen after tensile 
tests. Chen et al. [17] investigated the multi-objective optimization of TSS and stability for 
micro-RSW joints of ultra-thin Ti-1Al-1Mn foils. They used hybrid optimization proce-
dure includes gray relational analysis and principal component analysis for data analysis 
while the back-propagation artificial neural network was employed for prediction a 
model for micro-RSW. Mirzaei et al. [18] modeled the nugget geometry and TSS for RSW 
process of galvanized interstitial free (IF) steel using finite element simulations. They con-
cluded that the welding current had the greatest effect on the nugget size of RSW joints. 
In addition, their results proved that increase in welding current and time and also de-
creasing the electrode force led to the highest amounts of nugget size and joint strength. 
They also concluded that the increase in nugget size resulted in higher amounts of joint 
strength. Ma et al. [19] studied the deformation and failure behaviors of nugget, heat af-
fected zone (HAZ), and corona bond in the RSW process of JSC980YL steel with the aim 
of a novel mini-peel test. They employed the Cockcroft-Latham ductile failure criterion 
for calibrating the fracture constants. Their results showed that TSS of nugget and corona 
bond were 37.6% higher and 5.8% lower, respectively, than that of the base material. Ar-
tificial intelligent approaches, such as fuzzy logic system (FIS) and artificial neural net-
works (ANN), have been utilized successfully to modelling of numerous process behavior 
over recent years. Artificial neural networks have attracted the attention of several inves-
tigators in numerous fields of industry and engineering [20,21]. Simplicity, extensive ca-
pacity, and high-speed processing are the main advantages of utilizing neural networks 
in comparison with conventional approaches. On the other hand, fuzzy logic system (FIS) 
is an accurate alternative to process modeling, especially for systems where mathematical 
modeling is very complex or even not possible [22]. Using fuzzy logic, the relationship 
between input and output variables can be provided for very complex systems. This 
method, using a combination of qualitative variables and mathematical operators, pro-
vides a more accurate decision-making process. The adaptive fuzzy-neuro inference sys-
tem takes advantage of both neural network and fuzzy logic computation methods, so 
that in fuzzy modeling, the variables and parameters of the fuzzy system are computed 
adaptively by the utilization of artificial neural network. This method has been used suc-
cessfully to predict the behavior of many complex engineering processes [23,24]. 

In this article, for the first time, ANFIS is used to model the effect of important pa-
rameters in the RSW such as welding current, welding cycle, cooling cycle, and electrode 
force in an attempt to predict the TSS of the welded joints. So far, this method has not been 
used to study the behavior and predict the output mentioned in RSW. It should be noted 
that one of the main challenges in the RSW is selecting the input parameters that leads to 
welded joint with maximum strength. Therefore, a complicated study with considering 
all the relations between input parameters and output TSS is necessary. To this aim, first 
using a standard central composite design (based on RSM) and also evaluating the accu-
racy of the experiments, the results of experiments have been used to train and test the 
fuzzy inference system. Also, to achieve the optimal structure of the ANFIS system, teach-
ing-learning-based optimization (TLBO) algorithm has been used. Then, using the ob-
tained results from ANFIS modeling as the input data for Sobel statistical sensitivity anal-
ysis method, the sensitivity of target response of RSW, i.e., TSS to changes in each of the 
input parameters is investigated. 
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2. Material and Method 
2.1. Optimized Intelligent Modeling 
2.1.1. Adaptive Neuro-Fuzzy Inference System (ANFIS) 

The adaptive fuzzy-neural system uses two methods of fuzzy logic and neural net-
work. Like former fuzzy inference systems, the adaptive neuro fuzzy inference system 
consists of two parts, the antecedent and the sequential, that are interconnected through 
a set of if-then rules. There are 5 different steps (layers) in the ANFIS network. One type 
of such network is the Takagi-Sugeno (TS) fuzzy model which has two inputs and one 
output, as displayed in Figure 1. 

 
Figure 1. ANFIS structure. 

As displayed, ANFIS consists of two inputs (x and y), and one output (f) that are 
related by rules in the form of: 

Rule one: If (x equals 1A ) and (y equals 1B ), then it becomes 1 1 1 1f p x q y r= + +  

Rule two: If (x equals A2) and (y equals B2), then it becomes 2 2 2 2f p x q y r= + +  
In this system, iA  and iB  are the fuzzy sets and F are the output of the system. 

Also, ip , iq , ir , are constants that are attained throughout the learning section. If the 
output of every single layer is considered to be j

iO  (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 paper, it drives: 

2
1
2

( )
i

i

x c

Ai x e σμ
 −−  
 =  

(1)

where iσ  and ic  are 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: 
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2 ( ) ( ),         1, 2i i Ai B iO x y iω μ μ= = =  (2)

where Aiμ  is the degree of MF, x in iA  and Biμ  is the degree of MF y in iB . 
Layer three: The nodes compute the associated weight of the rules, where n

iω  is the 
normalized fire intensity of rule i. 

3

1 2
 =  =         1, 2n i

i iO i
ωω

ω ω
=

+
 (3)

Layer four: 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. 

4 =  = ( ),       1,2n n
i i i i i i iO f px q y r iω ω + + =  (4)

Layer five: Fifth layer, which is the last step, consists of a node where all the inputs 
are gathered together: 

2
5 1 1 2 2

1 21

 =  = ,        1,2n
i i

i

f fO f iω ωω
ω ω=

+
=

+  (5)

Recently, various optimization techniques such as particle swarm algorithm and ge-
netic algorithm have been used to increase the performance of the ANFIS system. Teach-
ing-learning-based optimization (TLBO) is one of the newest and most efficient optimiza-
tion methods that is utilized to optimize the ANFIS network in this article. 

2.1.2. Teaching-Learning-Based Optimization (TLBO) Algorithm 
The idea behind this algorithm is based on the impact a teacher has on students 

within a classroom where the teacher is the one who owns the best marks and has a higher 
rank than other students while being able to share his/her knowledge with other students. 
In general, the teaching and learning in a classroom are what inspires this algorithm. 
TLBO algorithm is divided into teacher and learner phase. 

Teacher phase: In the first phase, the teacher who has more knowledge than others is 
selected from students. The teacher seeks to bring the class mean toward his/her average. 
In reality, however, this is not possible, i.e., not all students can reach the teacher level of 
knowledge, but they indeed change the average to a new value of 𝑀ଶ. In this case, a new 
statistical community emerges whose average is 𝑀ଶ and the teacher is 𝑇ଶ. This process is 
repeated over the first phase until they develop a better or optimized population. In Fig-
ure 2a, 𝑇ଵ is selected as the class teacher and tries to bring the average class level to his/her 
level. 

  
Figure 2. (a) Teacher phase, (b) Learner phase. 
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The mathematical relationship for the teacher phase is described as 𝑋௡௘௪ = 𝑋௢௟ௗ + 𝑟൫𝑋௧௘௔௖௛௘௥ − 𝑇௙ × 𝑀𝑒𝑎𝑛൯ (6)

where 𝑟 is a random vector with a value between 0 and 1 by which the success level of a 
student in comprehending something presented by the teacher is found. Also, 𝑇௙ shows 
the teacher success level with the values. 

Learner phase: After the teacher phase, it is time for the learner phase. The learners 
can learn from each other and affect themselves. As such, their level can rise. According 
to Figure 2b, two learners are randomly selected from the population. The first learner (𝑋௜) 
wants to learn from the second learner (𝑋௝). Based on their mark, two cases are possible: 

First case: If the grades of 𝑋௜ is worse than those of 𝑋௝, while a low-grade learner is 
about to learn from another (𝑋௝) with better marks, then the corresponding mathematical 
relationship is expressed as 𝑋௜,௡௘௪ = 𝑋௜ + 𝑟൫𝑋௝ − 𝑋௜൯ (7)

where 𝑟 is a random vector between 0 and 1, and determines the success level of the 
learner 𝑋௜ in comprehending what was described earlier. 

Second case: If the grades of 𝑋௜ are better than those of 𝑋௝, a condition similar to the 
previous case arises with the exception that 𝑋௝ learns from 𝑋௜ and the associated mathe-
matical equation is in the form 𝑋௜,௡௘௪ = 𝑋௜ + 𝑟൫𝑋௜ − 𝑋௝൯ (8)

One should note that in both teacher and learner phases, a new objective function is 
developed after obtaining 𝑋௜,௡௘௪. If the new objective function is better than the older one, 
the learners’ data are updated; otherwise, the old data remains intact [25,26]. 

2.1.3. Sensitivity Analysis 
Sensitivity analysis is a suitable utensil in evaluating the systems and extracting the 

influence of the input parameters on the output of the 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 [27]. 

2.1.4. Sobol Sensitivity Analysis 
In this method for the defined model with function of Y = f(X) where Y is the output 

and X (xଵ،xଶ، … ،x୬) is the input parameter vector, the output variance of the model (V) is 
defined as the summation of each decomposed term as presented in Equation (9): 

𝑉ሺ𝑌) = ෍ 𝑉௜௡
௜ୀଵ + ෍ 𝑉௜௝௡

௜ஸ௝ஸ௡ + ⋯ + 𝑉ଵ,…,௡    (9)

where  V୧  is the first-order effect for each input factor [x୧ሺV୧ = V[EሺY|x୧)ሿ)  and V୧୨ =VൣE൫Yหx୧،x୨൯൧ − V୧ − V୨] to Vଵ، … ، ୬ shows the interaction of n factors. Sensitivity index is the 
ratio of each order variance to the total variance, so that S୧ = ୚౟୚  is first order sensitivity 

index, S୧୨ = ୚౟ౠ୚  is the 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 sensi-
tivity of the parameter can be computed as Equation (10) [27]. 𝑆்௜ = 𝑆௜ + ෍ 𝑆௜௝௜ஷ௝ + ⋯                    (10)
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2.2. Dissimilar RSW Process 
In the present work, an austenitic stainless-steel sheet (AISI 304) and high carbon 

steel sheet (AISI 1060) with a thickness of 1mm are used. The chemical compositions of 
the welded materials are shown in Table 1. 

Table 1. Chemical composition (%) of the AISI 304 and AISI 1060 stainless steels. 

Elements C Si Mn P S Cr Mo Ni 
AISI 1060 0.62 0.42 0.71 ≤0.03 ≤0.05 0.21 0.08 - 
AISI 304 0.12 0.42 6.2 ≤0.05 ≤0.03 17.1 - 4.7 

A RSW machine with capacity of 150 KVA, controllable time, force, and current and 
pneumatic clamping mechanism is employed for the welding experiments. Conical Cu–
Cr electrodes with the water circulating system and contact diameter of 5 mm are used 
for the RSW tests. Because of wear phenomenon in the RSW experiments, the diameter of 
electrodes was checked before starting of each welding experiment for controlling the 
electrode diameter. For this purpose, the electrodes were ground, cleaned, and measured 
to ensure that they had the desired diameter. Therefore, some electrodes with similar di-
ameters were kept ready for RSW experiments. It should be noted that the dimensions of 
welded steel sheets are 150 mm (length) × 25 mm (width) × 1 mm (thickness). Also, the 
sheets with overlaps of 30 mm were placed between the centers of electrodes. The sheet 
surfaces were cleaned with a dry air jet. In order to determine the limits of process param-
eters for achieving a successful welded joint, some trial experiments were performed. 
Thus, the upper and lower limits of the process parameters such as welding current, weld-
ing cycle, electrode force and cooling cycle were determined and set in the microcomputer 
of the RSW machine. 

Response surface methodology (RSM) is an optimization method that is widely used 
in welding processes for finding the optimum values of input process parameters in order 
to achieving the best response. It is a combine of mathematical and statistical methods for 
modeling and predicting the interested response based on optimized input process pa-
rameters. Based on RSM and design matrix (Table 2), 31 experiments were conducted. It 
should be noted that in the experiments the unit of welding and cooling times (Cycle) can 
be described as 1 Cycle = 1/50 of a second. 

For increasing the accuracy and repeatability of the obtained results, each experiment 
was repeated and done three times and the average value of TSS has been reported. 

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

Parameter Limits 
 −2 −1 0 +1 +2 

Welding current (KA) 6.4 8.4 10.4 12.4 14.4 
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 

The performed experiments are presented in Table 3. 
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Table 3. Design layout of RSW experiments based on response surface methodology. 

Scheme 
Welding Current 

(KA) 
Electrode Force 

(N) Welding Cycle Cooling Cycle 

1 8.4 1100 25 12.5 
2 12.4 1100 25 12.5 
3 8.4 1700 25 12.5 
4 12.4 1700 25 12.5 
5 8.4 1100 35 12.5 
6 12.4 1100 35 12.5 
7 8.4 1700 35 12.5 
8 12.4 1700 35 12.5 
9 8.4 1100 25 37.5 

10 12.4 1100 25 37.5 
11 8.4 1700 25 37.5 
12 12.4 1700 25 37.5 
13 8.4 1100 35 37.5 
14 12.4 1100 35 37.5 
15 8.4 1700 35 37.5 
16 12.4 1700 35 37.5 
17 6.4 1400 30 25.0 
18 14.4 1400 30 25.0 
19 10.4 800 30 25.0 
20 10.4 2000 30 25.0 
21 10.4 1400 20 25.0 
22 10.4 1400 40 25.0 
23 10.4 1400 30 0.00 
24 10.4 1400 30 50.0 
25 10.4 1400 30 25.0 
26 10.4 1400 30 25.0 
27 10.4 1400 30 25.0 
28 10.4 1400 30 25.0 
29 10.4 1400 30 25.0 
30 10.4 1400 30 25.0 
31 10.4 1400 30 25.0 

In Figure 3, some of the welded specimens by RSW according to Table 3 experiments 
are presented. 
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Figure 3. Some of the welded specimens by RSW according to Table 3 experiments. 

In order to evaluate the strength of the welds, dissimilar RSW joints are prepared 
based on ISO 14273 for tensile shear tests. The TSS are performed in a Kpruf universal 
machine at room temperature and with cross-head speed of 1.0 mm/min. During tensile-
shear test, different failure modes were observed, namely interfacial and pullout modes. 
Some of the joints with these failure modes are shown in Figure 4. 

  
(a) (b) 

Figure 4. Two failure modes after tensile shear tests: (a) interfacial mode and (b) pullout mode. 

In Table 4, The TSS and failure modes after tensile-shear tests are presented for the 
RSW joints. 
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Table 4. The values of TSS and failure modes for the RSW joints. 

Sample Tensile-Shear Strength (N) Failure Mode 
1 4280 Interfacial 
2 6100 Pullout 
3 4720 Interfacial 
4 6050 Pullout 
5 4740 Interfacial 
6 6830 Pullout 
7 4770 Interfacial 
8 6048 Pullout 
9 4150 Interfacial 

10 5300 Pullout 
11 3450 Interfacial 
12 4810 Pullout 
13 5090 Pullout 
14 6340 Pullout 
15 5300 Pullout 
16 6900 Pullout 
17 2940 Interfacial 
18 6030 Pullout 
19 6037 Pullout 
20 5100 Pullout 
21 4600 Interfcial 
22 5910 Pullout 
23 5300 Pullout 
24 5000 Pullout 
25 5740 Pullout 
26 5680 Pullout 
27 5700 Pullout 
28 5660 Pullout 
29 5700 Pullout 
30 5730 Pullout 
31 5770 Pullout 

2.3. Analysis of Variance (ANOVA) 
Based on the measured values for TSS of RSW joints of 31 experiments (Table 3), the 

results of analysis of variance are presented in Table 5. As it is seen in Table 5, the ANOVA 
shows the effect of input parameters as well as their interaction on TSS. 

  



Metals 2021, 11, 1324 11 of 19 
 

 

Table 5. ANOVA for TSS of dissimilar joints of AISI 304 and AISI 1060 steels after RSW process. 

Source DF Adj SS Adj MS f-Value p-Value 
Model 7 21907927 3129704 44.36 0.000 
Linear 4 18475843 4618961 65.47 0.000 

Welding current (KA) 1 13232835 13232835 187.55 0.000 
Electrode force (N) 1 380268 380268 5.39 0.029 

Welding cycle 1 4387005 4387005 62.18 0.000 
Cooling cycle 1 475735 475735 6.74 0.016 

Square 2 2121631 1060815 15.04 0.000 
Welding current (KA) × 
Welding current (KA) 1 1960822 1960822 27.79 0.000 

Cooling cycle × Cooling cycle 1 272794 272794 3.87 0.061 
2-Way Interaction 1 1310453 1310453 18.57 0.000 

Welding cycle × Cooling 
cycle 1 1310453 1310453 18.57 0.000 

Error 23 1622757 70555 - - 
Lack-of-Fit 17 1617985 95176 119.68 0.000 
Pure Error 6 4771 795 - - 

Total 30 23530684 - - - 

It is customary in engineering problems to consider a reliability of 95% sufficient. 
Therefore, the p-values less than 0.05 were considered to obtain effective parameters [28]. 
However, all of process parameters such as welding current, welding cycle, cooling cycle 
and electrode force, squares of welding current and cooling cycle and also interaction of 
welding cycle and cooling cycle influence the TSS of the spot welds. Considering R-sq = 
93.10% and R-sq (adj) = 91% for TSS of RSW joints proves the acceptable accuracy of the 
proposed model. As R-sq approaches unity or 100%, the accuracy of the model increases 
and its anticipation accompanies with lower discrepancy. 

3. Results and Discussion 
3.1. The Results of TLBO-ANFIS System 

In this study, 31 experimental data are employed for testing the network which in-
cluding four inputs (the welding current, electrode force, welding cycle and cooling cycle) 
and one output (TSS). This data set is randomly divided into two subsets of 70% for net-
work training and 30% for network testing. The number and parameters of input and out-
put membership functions as well as fuzzy if-then rules are optimized using TLBO algo-
rithm. Figures 5–8 show the optimized Gaussian membership functions for the input var-
iables. 

 

 

Figure 5. Optimized membership functions for the welding current. 
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Figure 6. Optimized membership functions for the electrode force. 

 

 

Figure 7. Optimized membership functions for the welding cycle. 

 

 

Figure 8. Optimized membership functions for the cooling cycle. 

In this section, certain graphical methods are used to evaluate the performance of the 
proposed model. Figure 9 simultaneously shows the actual data and the data approxi-
mated by the ANFIS model. 
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Figure 9. Comparison between experimental and predicted data. 

In these diagrams, the circular markers represent the data used in the training section 
and the triangular markers are for the network test data. The midline 𝐸 = 𝐴 is also a ref-
erence for determining the correctness of the obtained model. As can be seen, the accuracy 
of the ANFIS network is exceptional in estimating the data of the training and test section 
(circular and triangular markers are located close to the midline). Figure 10 shows the TSS 
for the actual and predicted data in the training and test section. In these diagrams, the 
lines in blue and orange are related to the experimental data of the training and test sec-
tion, respectively. Circular and triangular markers are also related to the data predicted 
by the ANFIS network associated with training and test section, respectively. As observed, 
the ANFIS network corresponds to the data in the training section (circular markers match 
blue lines). The second part of the plots (i.e., the orange part) also shows that the network 
has been able to properly predict the data pertinent to the test section. 

 
Figure 10. Difference between experimental and predicted data. 

Figure 11 displays the error of the data related to the training and test section. It is 
observed that the error in the training section is less than the error in the test section. 
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Figure 11. Error of experimental and predicted data. 

To quantitatively investigate the obtained model, certain statistical criteria including 
root mean square error (RMSE), coefficient of determination (𝑅), and mean absolute per-
centage error (MAPE) are employed. These criteria are expressed as 

RMSE = ඩ1𝑛 × ෍ሺ𝑇஺ − 𝑇௉)ଶ௡
௜ୀଵ  (11)

𝑅 = ∑ [ሺ𝑇஺ − 𝑇ത஺)ሺ𝑇௉ − 𝑇ത௉)ሿ௡௜ୀଵට[∑ ሺ𝑇஺ − 𝑇ത஺)ଶ௡௜ୀଵ ሿ[∑ ሺ𝑇௉ − 𝑇ത௉)ଶ௡௜ୀଵ ሿ (12)

MAPE = 100%𝑛 ෍ ฬ𝑇஺ − 𝑇௉𝑇஺ ฬ௡
௜ୀଵ  (13)

where 𝑇஺ is the measured output for the 𝑖th sample, 𝑇௉ is the predicted output by the 
ANFIS network for the 𝑖-th sample, 𝑇ത஺ is the average of measured data and 𝑇ത௉ is the 
average of predicted data. To examine the model accuracy, the above-mentioned statisti-
cal criteria are separately calculated for the training and test section as listed in Table 6. 
Each of these criteria can represent the error of the obtained model, thus indicating the 
accuracy of predictions. 

Table 6. Different criteria (RSME, 𝑅 , and MAPE) for TSS modeling 

  RMSE 𝑹 MAPE (%) 𝐓𝐞𝐧𝐬𝐢𝐥𝐞 − 𝐒𝐡𝐞𝐚𝐫 𝐬𝐭𝐫𝐞𝐧𝐠𝐭𝐡 
Training 9.82 0.99 0.08 

Test 298 0.96 5.87 

According to the values listed in Table 6, it is clear that the ANFIS network has been 
notably successful in predicting the TSS. RMSE values are very small. Indeed, these crite-
ria alone are not enough for model evaluation. Next, the criteria 𝑅 and MAPE which de-
termine the amount of error relative to values of data are studied. The coefficient of deter-
mination, 𝑅, for TSS is close to 1 (above 0.9), indicating the high accuracy of the model. 
Moreover, the percentage error of MAPE in the training section is 0.08%. Furthermore, the 
percentage error of MAPE in the network test section is 5.87%. It can be seen here that the 
network error is relatively higher in the test section than in the training section. This is 
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perfectly normal as the training section uses all the training data (70% of the entire data) 
and the model is obtained such that the network outputs are completely consistent with 
the used data. In contrast, the network test is based on the test data (the remaining 30% of 
the data) which have not been used in the network training section. Thus, due to errors in 
experimental results, such inconsistencies are to be expected in estimation. 

3.2. Analysis of the Effects of Input Parameters on TSS Based on Sensitivity Analysis 
3.2.1. The Effect of Welding Current 

In Figure 12, the effect of welding current on TSS of dissimilar spot welds is shown. 
As can be seen, by increasing the welding current the TSS of the welded joints is increased. 
The reason is that the generated heat in the welding area and consequently the depth of 
penetration is increased with an increase in the welding current. However, this leads to 
an increase in the welded joint strength. 

 
Figure 12. Effect of welding current on TSS of spot welds. 

3.2.2. The Effect of Welding Cycle 
In Figure 13, the effect of welding cycle on the TSS of the dissimilar welds is pre-

sented. It can be concluded from Figure 13 that the strength of the joints will be increased 
by increasing the welding cycle due to increase in the generated heat in welding zone and 
consequently increasing the spot area. 

 
Figure 13. Effect of welding cycle on TSS of spot welds. 

  

1 51 41 31 21 11 09876

8000

7000

6000

5000

4000

3000

2000

1 000

0

Welding current (KA)

Te
ns

ile
-S

he
ar

 st
re

ng
th

 (N
)

4035302520

8000

7000

6000

5000

4000

3000

2000

1 000

0

Welding cycle

Te
ns

ile
-S

he
ar

 st
re

ng
th

 (N
)



Metals 2021, 11, 1324 16 of 19 
 

 

3.2.3. Effect of Electrode Force 
As can be seen from Figure 14 the strength of the dissimilar welds is decreased by 

increasing the electrode force. This is since by increasing the electrode force, the electrical 
resistance in the welding area is decreased and consequently the heat energy in that area 
will be decreased that leads to decreasing the TSS. 

 
Figure 14. Effect of electrode force on TSS of spot welds. 

3.2.4. Effect of Cooling Cycle 
In Figure 15, the effect of cooling cycle on TSS of dissimilar joints can be seen. It is 

proved from Figure 15 that increasing in the cooling cycle leads to a decrease in weld 
strength. This is since increasing the cooling cycle leads to spreading the heat of welding 
area to the electrodes and this causes the electrodes to get more exposed to the wear. 

 
Figure 15. Effect of cooling cycle on TSS of spot welds. 

3.3. Sobol Sensitivity Analysis of Tensile-Shear of RSW Joints 
In Figure 16 the result of Sobol sensitivity analysis for the TSS of dissimilar joints is 

shown. The data in Figure 16 were achieved by Simlab software which simultaneously 
changes the input process parameters and evaluated their effects on output [27]. As can 
be seen from Figure 16, all the process parameters significantly influence the TSS of the 
welds. It also concluded that the parameters of welding current, welding cycle, cooling 
cycle, and electrode force have the greatest effect on the strength of the dissimilar joints, 
respectively. 

200018001600140012001000800

8000

7000

6000

5000

4000

3000

2000

1000

0

Electrode force (N)

Te
ns

ile
-S

he
ar

 st
re

ng
th

 (N
)

504030201 00

8000

7000

6000

5000

4000

3000

2000

1 000

0

Cooling cycle

Te
ns

ile
-S

he
ar

 st
re

ng
th

 (N
)



Metals 2021, 11, 1324 17 of 19 
 

 

 
Figure 16. The diagram of effectiveness of input parameters on TSS of RSW joints. 

4. Conclusions 
In this paper, dissimilar RSW process of AISI 304 and AISI 1060 steel sheets was ex-

perimentally investigated. The effects of the main process parameters such as welding 
current, welding cycle, electrode force, and cooling cycle on the TSS of dissimilar RSW 
welded joints were modeled and predicted by adaptive neuro-fuzzy inference system 
(based on a teaching-learning-based optimization algorithm) and Sobol sensitivity analy-
sis method. Then, modeling accuracy and effectiveness of each of the input RSW param-
eters were analyzed. It was demonstrated that the mathematical model could accurately 
anticipate the TSS of welded joints in the studied ranges of input parameters. The follow-
ing can be highlighted as the findings of current study. The results showed that all of the 
process parameters such as welding current, welding cycle, cooling cycle, electrode force, 
the squares of the welding current and cooling cycle, and also the interaction of the weld-
ing cycle and cooling cycle influenced the TSS of the dissimilar spot welds. The results 
proved that by increasing the welding current the TSS of dissimilar welded joints was 
increased due to an increase in the generated heat in the welding area and, consequently, 
the depth of penetration. It was concluded that the strength of the dissimilar joints was 
increased by increasing the welding cycle due to increase in the generated heat in welding 
zone and consequently increasing the spot area. It was demonstrated that the strength of 
the dissimilar welds was decreased by increasing the electrode force due to decreasing the 
electrical resistance in the welding area and consequently the heat energy in that area. The 
results showed that increasing in the cooling cycle led to a decrease in dissimilar weld 
strength due to spreading the heat of welding area to the electrodes. In addition, increas-
ing the cycle led to an increase in the risk of brittle microstructure in the welded joint. The 
analysis of the results showed that the resulting ANFIS network was very efficient for the 
present application and that by using this system it was possible to predict the values of 
TSS based on changes in process input variables. It can be seen here that coefficient of 
determination and mean absolute percentage error for the test section data is 0.96% and 
5.87%, respectively, which indicates the high accuracy of the final model in approximating 
the desired outputs of the RSW process. The results of the Sobol sensitivity analysis for 
the TSS proved that all of process parameters were significantly influenced the TSS of the 
welds. It also concluded that the parameters of welding current, welding cycle, cooling 
cycle and electrode force had the greatest effect on the strength of the joints, respectively. 
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