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Abstract 
The penetration depth, which is the distance from the surface of the plate to the bottom of the pool or the 
bottom edge where melting took place, will have a decisive importance in the strength of the weld metal. 
Submerged arc welding is a manufacturing process that is directly affected by various input parameters 
and interactions, and these effects directly affect the penetration depth. This research used an artificial 
neural network with two hidden layers to find the relationship between process inputs and their effects on 
weld penetration depth. Arc voltage (V), electric current intensity (I), electrode stick-out (N), welding 
speed (S), and the thickness of the layer of nanoparticles (F) were selected as input layer neurons and 
penetration depth as output layer neurons. Also, the investigation of the effect of the input parameters on 
the penetration depth showed that the increased intensity of the electric current increases the heat input to 
the welding pool. This, in addition to the rise in the melting of the base metal, also increases the 
penetration depth. Increasing the arc voltage increases the amount of heat input to the welding pool, but 
the melting speed of the electrode does not change much, so the penetration depth increases slightly. 
 
Keywords: Artificial neural networks (ANNs), Modeling and Optimization, Weld geometry, 
Nanoparticles, Submerged arc welding (SAW). 
 

1. INTRODUCTION  
 
Welding is a production method that connects two metallic or non-metallic materials and creates a continuous 
member. Welding with various methods has the most powerful application for connecting and integrating 
parts, especially in cases without disassembling them. Welding is used in multiple industrial sectors, from 
construction in the building sector to large and diverse industries such as automotive, aerospace, 
shipbuilding, and nuclear [1-5].  

Submerged arc welding (SAW) is a method of connecting different parts. The arc between the 
electrode wire and the workpiece is submerged under a layer of powdered flux delivered in front of the 
electrode from a hopper [6]. SAW has several advantages over other welding processes. For example, SAW 
has a relatively higher material deposition rate than traditional welding methods [2]. Furthermore, SAW 
provides a purer and cleaner high-volume weldment, free from porosity, slag inclusions, and other defects 
[7]. SAW is widely used for welding thicker plates and produces less distortion than other welding processes. 
Also, SAW is fully automated, which increases productivity [8-11]. Overall, SAW is a versatile welding 
process with several advantages over other welding processes, making it suitable for various applications. On 
the other hand, welding parameters such as welding speed, current, and voltage can affect the welding 
quality. [12-14].  

A significant problem today's welding engineers faces is achieving the desired quality of welded 
metal. Experience usually achieves this goal and requires many experimental tests that ultimately lead 
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to finding the optimal welding parameters [15]. In this case, several studies have been done in modeling and 
optimizing the effective parameters of the welding process. Researchers have tried to find the optimal values 
of these parameters by modeling and seeing the relationship between the input and output variables to 
achieve the desired properties in the weld metal [16-26]. 

This paper investigated the impact of arc voltage, electric current intensity, electrode stick-out, 
welding speed, and the nano-particle layer thickness on the geometry of the created welds as influential 
parameters. The Central Composite Rotatable Design was used to determine the process input parameters. 
Then, the perceptron artificial neural network was used for modeling between input and output data and 
prediction of weld penetration depth. 

 
 

  
2. ARTIFICIAL NEURAL NETWORK 
 
This research used the artificial neural network to find the relationship between the input variables and the 
output value in the submerged arc welding process. Artificial neural networks (ANNs) are computational 
models inspired by the structure and function of the brain [27]. They are used in various applications, 
including object detection, solving partial differential equations, and training and testing phases [28, 29]. An 
artificial neural network consists of three input, intermediate and output layers, and each layer of the neural 
network contains a set of nodes that have the same function as the human brain’s neurons. To train for it, it 
can be different. 

The input layer receives the data and sends it to the next layer to perform various calculations. In 
other words, this layer does not apply any computing and processing operations to the data and is only 
responsible for receiving and sending data to the middle layer. As seen in Figure 1, the first or input layer has 
five nodes, including arc voltage, electric current intensity, electrode stick-out, welding speed, and the 
thickness of the layer of nanoparticles. 

The layer between the input and output layers is called the middle layer. The minimum number of 
intermediate layers of the neural network is one layer, and based on the complexity and type of problem, it 
can be added to the number of intermediate layers of the network. The more intermediate layers of the 
network, the deeper the network and the higher its computational load. The middle layers are responsible for 
performing computational operations on the data received from the input layer. 

The last layer of the neural network is the output layer, which calculates the output values of the 
neural network. In other words, the output layer receives inputs from the middle layer, performs calculations, 
and produces the network output. In this research, the middle layer had three nodes, and the output layer had 
one node (penetration depth). 
 
3. Experimentation and data collection 
 
In this paper, the experiments were performed by submerged arc welding process with DC reverse polarity on 
St37 steel with a size of 15×50×150 mm3 by welding of PARS CAT P2310 semi-automatic robot with PARC 
ARC 1203T power supply with constant voltage curve (The chemical composition of the welding wire and 
consumed flux is shown in Table 1). Arc voltage (V), electric current intensity (I), electrode stick-out (N), 
welding speed (S), and the thickness of the layer of nanoparticles (F) have been considered input parameters. 
The maximum and minimum ranges were set for each parameter according to the implementation of several 
experiments based on one variable at a time and checking the weld quality in welded samples. Then the 
parameters arc voltage, electric current intensity, electrode stick-out, welding speed, and the thickness of the 
layer of nanoparticles in five-level (-2, -1, 0, +1, and +2) were determined by Central Composite Rotatable 
Design. The design matrix and the results are presented in Table 2. Then the artificial neural network was 
used for modeling between input and output data. The Developed structure of the artificial neural network 
model is shown in Figure 1. 
 
 
 
 
 
 

Table 1- Chemical composition of the welding wire and consumed flux. 

Chemical composition of the welding wire 
Element C Mn Si Fe 

%W 0.04-0.08 0.9-1.3 0.5-0.8 Balance 
Chemical composition of the consumed flux 

SiO2 + TiO2 Al2O3 + MnO CaF2 
% 5 % 55 % 30 
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Figure 1.  Developed structure of artificial neural network model. 

 

 
 
 
 
 
 
 
 
 
 
 
 
 
 
 

 

4. Results and discussion 
 
This study was carried out to achieve the maximum penetration depth, so the neural network structure with 
five neurons in the input layer and one neuron in the output layer was used to model between input 
parameters and output variables. Considering the effects of each parameter on the depth of weld penetration 
and to achieve optimal welding conditions with the most significant penetration depth of weld, the regression 
equation was investigated and evaluated with the help of the artificial neural network. The input layer 
contains five neurons, including arc voltage, electric current intensity, electrode stick-out, welding speed, and 
the thickness of the layer of nanoparticles, and the output layer has one neuron, including penetration depth.  

The data were randomly selected, and the  Levenberg-Marquardt algorithm was used in the neural 
network. Training data presented to the network during training and adjusted according to its error was 
chosen equal to 70%. Validation data used to measure network generalization and halt training when 
generalization stops improving was selected equal to 20%. Testing data that do not affect the activity and 
provide an independent measure of network performance during and after training was chosen to equal 10%.  
The regression coefficients of experimental data and neural network training data to achieve the maximum 
penetration depth are shown in Figure 2. The error histogram between the outputs and the target, which 
shows the degree of belonging of each data group for different errors, is shown in Figure 3. The values of the 
errors measured by the neural network compared to the actual values of the laboratory measurement data are 
displayed in Table 2. The neural network performance calculation index was Mean Squared Error (MSE). 
MSE is the average squared difference between outputs and targets. Lower values are better, and zero means 
no error. Regression R-Values measure the correlation between outputs and targets. An R-value of 1 indicates 
a close relationship, and 0 represents a random relationship. MSE and R-Values are shown in Figure 4. Also, 

Table 2- Input parameters and their ranges 

Std. V I N S F Penetration depth Error 
1 0 0 0 0 0 7.01 -0.24 
2 0 0 0 -2 0 8.14 0.40 
3 -1 1 -1 1 1 7.65 0.17 
4 1 1 1 -1 -1 9.28 0.36 
… … … … … … … … 
51 0 0 0 0 0 7.12 -0.13205 
52 -1 1 1 1 -1 7.48 0.227065 
53 2 0 0 0 0 8.10 -0.49463 
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the performance plot related to test, validation, and train data is shown in Figure 4, and point 29 is chosen as 
the optimal point. Since the validation check was six and no improvement has been observed, the network is 
stopped. 

Also, the effect of Arc voltage, electric current intensity, electrode spacing from the nozzle, welding 
speed, and nano-particles layer thickness was investigated on the penetration depth. The results show that the 
electric current's intensity significantly affects the welding geometry, increasing the welding penetration 
depth by increasing the melting speed of the base metal and the welding wire. On the other hand, excessive 
current will lead to loss of energy and welding wire [30-33]. As shown in Figure 5, the current increased 
from 500 to 700 Amps, the heat entering the workpiece grew, and a higher amount of the base metal melted 
and thus increasing the penetration depth. Welding voltage differs between the welding wire potential and the 
molten metal’s surface area. A higher welding voltage can cause a slight increase in the penetration depth 
[30,33]. Although by increasing the arc voltage from 24 to 32 volts, the heat input into the workpiece rose, 
the melting rate of the electrode did not change very much. Therefore, the weld's penetration increased by a 
small amount, and the effect of the discharge voltage on the increase in penetration depth was much less than 
the effect of the welding current. Too long nozzle distance from the workpiece causes the improper 
protection of the welding pool and the melt to be exposed to the atmosphere. On the other hand, the very 
short distance of the nozzle causes the tip of the nozzle to burn due to the high heat of the boiling pool, and 
with the increase of the electrode distance, the penetration depth decreases. [34,35]. By increasing the 
electrode spacing from the nozzle from 30 to 40 mm, the heat flux concentration of the workpiece decreased, 
and the amount of heat entering the workpiece was reduced. Therefore, the amount of melting of the substrate 
and the penetration depth was subsequently reduced. As the welding speed increases, the heat input to the 
welding area decreases; therefore, the penetration depth increases [32-36]. The results indicate that the heat 
input into the workpiece decreased by increasing the welding speed from 300 to 500 mm/min. The nano-
particles used in this study can introduce large amounts of manganese oxide and alumina into the boiling 
pool. Because the thermal conductivity of nanoparticle powder is lower than the base metal, increasing the 
thickness of the nanoparticles reduces the penetration depth.  
 
 

 
Figure 2. The regression coefficients of experimental data and neural network training data. 
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Figure 3. The error histogram between outputs and target. 

 
Figure 4. Performance plot- the Mean Squared Error and R-Values between outputs and target. 

 
 
 
 
 
 
 
 
 

 

 
 

 
 

 
 

                                                                      
 

 
Figure 5. The effect of input parameters on the penetration depth 
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5. CONCLUSIONS 
 
Welding is a production method that connects two metallic or non-metallic materials and creates a continuous 
member. Welding is used in various industrial sectors, from construction in the building sector to large and 
diverse industries such as automotive, aerospace, shipbuilding, and nuclear. In this research, an artificial 
neural network with two hidden layers was used to find the relationship between the input parameters of the 
submerged arc welding process and their effect on penetration depth. Arc voltage, electric current intensity, 
electrode stick-out, welding speed, and the thickness of the layer of nanoparticles were selected as input layer 
neurons and penetration depth as output layer neurons. Also, the investigation of the effect of the input 
parameters on the penetration depth showed that: 
• Increasing the electric current intensity to 700 amps increases the heat input to the welding pool, melting 
the base metal and increasing the penetration depth.   
• By increasing the arc voltage from 24 to 32 volts, the heat entering the welding pool increases, but the 
melting rate of the electrode does not change much. As a result, the penetration depth increases slightly. 
• Increasing the thickness of the layer of nanoparticles had significant effects on the geometry of the 
welding. 
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