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Abstract: There has been a great increase in the number of automatic and semi-automatic processes designed to speed up 

welding production. Submerged Arc Welding (SAW) is often the method of choice in pressure vessel fabrication. This process 

features high production rates, welding energy and/or welding speed and requires minimal operator skill. The selection of 

appropriate parameters in SAW is essential, not only to optimize the welding process in order to maintain the highest level of 

productivity, but also to obtain the most desirable mechanical properties of the weld. This paper explores the development of 

Probabilistic Neural Network (PNN) model for weld quality prediction. Experiments were designed and conducted by 

Taguchi’s design of experiments. Results from the PNN model are compared with the Neural Network model trained with 

Back Propagation (BPNN) algorithm in terms of computational speed and accuracy. The performance of PNN is better than 

BPNN model and is reasonably more accurate. Confirmatory experiments are done to validate this approach and reported. 
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1. Introduction 

Whenever a product is capable of conforming to desirable 

characteristics that suit its area of application, it is termed as 

quality. Therefore, every manufacturing process has to be 

designed in such a way that the outcome would result in a 

high quality product. With the growing emphasis on the use 

of automated welding systems, SAW is employed in semi 

automatic or automatic mode in industry. In such automated 

applications, precise means of selection of the process 

variables and control of weld bead shape has become 

essential. The acceptable weld bead shape depends on factors 

such as line power which is the heat energy supplied by the 

arc to the base plate per unit length of weld, welding speed, 

joint preparation, etc [1]. Hence, study and control of weld 

bead shape needs attention. To do this exact relationship 

between the process parameters and the bead parameters 

controlling the bead shape has to be established. This may be 

achieved by the development of mathematical expressions 

relating the weld bead dimensions to the important process 

control variables affecting these dimensions.  

Curvilinear regression equations [2] are derived to study 

the relationship between correlation coefficients and standard 

deviation of error in prediction in case of submerged arc 

welding. Response surface methodology [3] is applied to 

develop the mathematical relationships for modelling of 

welding phenomena. Mathematical model [4] is developed to 

optimize current and voltage in TIG welding of sheet metal. 

Polynomial regression analysis [5] is employed to obtain 

optimized process settings in robotic GMAW of sheet metal. 

Both linear as well as non-linear multiple regression 

equations [6] are developed relating the process parameters 

with the bead geometric parameters in arc welding. Murugan 

and Gunaraj [7] proposed mathematical models for 

submerged arc welding of pipes using five level factorial 

technique to predict the critical dimensions of weld bead 

geometry and shape relationships.  

In many situations, the developed mathematical models 

represent the relationship among the overall quality index 

and the process variables, in which the overall quality index 

is represented as a function of process control parameters. 

This mathematical model is then optimized, within an 

experimental domain. The method has an inherent 

disadvantage. To develop an adequate model of statistical 
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importance, an enormous dataset is required, which results in 

an increase in experimentation cost and loss of considerable 

time. Hence many statistical optimization techniques 

evolved. Grey based Taguchi method [8], fuzzy based 

desirability function [9] and grey based Taguchi with entropy 

technique [10] were used to optimize parameters of welding 

process.  

Recently, artificial intelligence such as artificial neural 

networks (ANNs) fuzzy logic, genetic algorithm techniques 

are applied for controlling and monitoring welding process 

[11, -13]. Neural network techniques offer potential as an 

alternative to computer techniques in control technology, and 

has attracted a widening interest in their development and 

application. The objective of this work is to develop a 

Probabilistic Neural Network model for the prediction of 

process parameters on bead geometry in butt SAW process.  

2. Probabilistic Neural Networks 

PNN is a nonlinear, nonparametric pattern recognition 

algorithm, introduced by Donald Specht in 1980s, that 

operates defining a probability density function for each data 

class based on the training set data and the optimized kernel 

width parameter [14, 15]. It is a supervised neural network 

widely used in the area of pattern recognition, nonlinear 

mapping, and estimation of the probability of class 

membership. It is closely related to Bayes classification rule, 

and Parzen nonparametric probability density function 

estimation theory [16, 17]. The fact that PNNs offer a way to 

interpret the network's structure in terms of probability 

density functions [18] is an important merit of this type of 

networks. The standard training procedure for PNNs requires 

a single pass over all the patterns of the training set. This 

characteristic renders PNNs faster to train compared to feed 

forward neural networks. The structure of a PNN is similar to 

feed forward neural networks, although the architecture of a 

PNN is limited to four layers such as the input layer, the 

pattern layer, the summation layer, and the output layer, as 

illustrated in Figure 1. 

PNN consists of nodes allocated in three layers after the 

inputs: 

Pattern layer: There is one pattern node for each training 

example. Each pattern node forms a product of the weight 

vector and the given example for classification, where the 

weights entering a node are from a particular example. After 

that, the product is passed through the activation function is 

given in eq. (1) 

( ) 2 [ ] 1 / ?T

kiexp σ−x w                          (1) 

Summation layer: Each summation node receives the 

outputs from pattern nodes associated with a given class: 

( ) 2

1  1[ ]  /Nk T

i kiexp σ=∑ −x w                           (2) 

Output layer: The output nodes are binary neurons that 

produce the classification decision 

( ) ( )2 2

1 1 1  /   1  [ /[ ] ]Nk T Nj T

i ki i kjexp expσ σ= =− > −∑ ∑x w x w   (3) 

 

Figure 1. Architecture of PNN Layer. 
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3. Development of the Proposed 

Model 

The stages of development of PNN model are as follows: 

a) data acquisition (b) development of proposed PNN model 

c) Performance evaluation of developed model with ANN 

model (d) Validation of the developed model. 

3.1. Data Acquisition 

The data required to train the proposed PNN model is 

obtained through experimentation. The material used in this 

study is ASME SA516 Grade 70 steel. Table 1 shows the 

chemical compositions of SA516 Grade 70 steel. Even 

though, number of parameters which are affecting the quality 

of weld, only four parameters welding current (I), arc voltage 

(V), welding speed (S) and electrode stickout (E) are 

significant. The operating ranges of the parameters are 

chosen from American Welding Society handbook. The 

levels of the individual process parameters/factors are listed 

in Table 2. 

Table 1. Chemical combination of the base metal. 

Chemical composition (%) 

Mn C P S Si Al Cu Ni Cr Ti Mo 

1.14 0.22 0.019 0.008 0.24 0.054 0.02 0.01 0.02 0.004 0.002 

Table 2. Process parameters and the chosen levels. 

No Process parameters Level 1 Level 2 Level 3 

1 Welding current (I), amperes 275 325 400 

2 Arc voltage (V), volts 28 32 36 

3 Welding speed (S), cm/min 16 19 22 

4 Electrode extension (E), mm 25 30 35 

Experimental setup consists of DC electrode positive SAW 

machine at Precision Storage Vessels Ltd, Kanyakumari, 

India. Experiments were carried out by Taguchi’s design of 

experiments using L27 orthogonal array. Base plates of size 

250 mm × 200mm × 8 mm were cut into strips using shear 

cutter machine and its surfaces were ground to remove oxide 

scale and dirt before welding. For good quality of weld, 

edges of the test pieces were ground by grinding machine. 

Square butt joint with a 1-mm root opening was selected to 

join the plates in the flat position. Electrode wire of diameter 

2.5 mm and flux of grain size 0.2-1.2 mm were used for 

welding. The flux was baked for 2 hours at 523 K before use 

to avoid mixture contamination. The parameters were varied 

applying design matrix as shown in Table 3. The photograph 

during welding is shown in Figure 2. 

 

Figure 2. SAW Experimentation. 

 

Figure 3. Weld cut samples. 
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Where 

W = Weld bead width in mm, R = Weld bead height in mm, P = Weld bead penetration in mm, AP = Area of penetration in 

mm
2
 and AR = Area of reinforcement in mm

2
 

Table 3. Taguchi’s orthogonal array with experimental observation. 

Experimental runs 
Process variables Dimensions of weld bead Geometry 

I V S E R W P D 

1 1 1 1 1 1.27 15.62 4.06 15.73 

2 1 1 2 2 1.02 17.18 3.81 17.9 

3 1 1 3 3 1.28 19.22 4.12 19.6 

4 1 2 1 2 1.42 16.66 4.32 18.12 

5 1 2 2 3 1.62 17.73 4.57 20.1 

6 1 2 3 1 1.93 15.45 4.83 17.53 

7 1 3 1 3 1.83 17.45 4.88 19.34 

8 1 3 2 1 2.38 15.28 5.84 16.37 

9 1 3 3 2 2.54 16.45 6.10 19.2 

10 2 1 1 2 1.08 17.4 3.98 18.8 

11 2 1 2 3 1.32 18.7 4.06 21.2 

12 2 1 3 1 1.34 16.3 4.32 19.02 

13 2 2 1 3 1.82 18.15 4.57 21.14 

14 2 2 2 1 1.89 15.82 5.14 18.3 

15 2 2 3 2 1.92 17.32 4.83 20.96 

16 2 3 1 1 2.29 14.45 5.59 17.41 

17 2 3 2 2 2.42 16.59 5.84 19.71 

18 2 3 3 3 2.43 18.02 6.20 22.4 

19 3 1 1 3 1.33 20.33 4.32 23.1 

20 3 1 3 2 1.51 16.71 4.57 19.24 

21 3 1 3 2 1.52 18.24 4.61 23.2 

22 3 2 1 3 1.78 16.31 6.04 18.19 

23 3 2 1 3 1.81 17.67 5.17 21.4 

24 3 2 1 3 1.94 18.94 5.08 21.57 

25 3 3 2 1 1.96 17.29 5.88 23.37 

26 3 3 2 1 2.22 18.67 5.68 21.87 

27 3 3 2 1 2.77 16.22 7.19 22.6 

 
Three samples were transversely cut from each perfectly 

selected welded joint. The sample preparation included 

sectioning, grinding and polishing as well as etching. Test 

samples measuring approximately 50 mm long, 10 mm wide 

and 8 mm thicknesses were cut transverse to the weld joint 

with a shearing machine. After cutting, the samples were first 

rough ground using a surface grinder. Grinding was done 

until all the scratches on the samples surface disappear. The 

transverse face of the samples were polished using mesh size 

of 245, 425 and 515 (grade 1/0, 2/0 and 3/0) Sianor B 1600 

sand paper. The specimens are further polished using 

aluminum oxide initially and then by utilizing diamond paste 

and velvet cloth in a polishing machine. The polished 

specimens after cleaning with alcohol are macro-etched using 

2%Nital (98% nitric acid + 2% alcohol) solution to reveal the 

weld profile showing the base metal, the heat affected zone 

and the weld metal. Each macro-etched sample image was 

scanned using an Epson Scan jet with 2400 X 4800 DPI 

resolutions and 1:1 scale as shown in Figure 3. Bead 

geometries (reinforcement (R), width (W) and penetration 

(P)) were measured using the Adobe acrobat-measuring tool 

at 500% magnification. The measured dimensions were 

compared with those obtained using a Toolmakers' 

microscope, to check the accuracy of measurement. With the 

help of a digital planimeter, the areas of the parent metal 

melted and the metal forming the reinforcement were 

measured. Percentage of dilution is calculated as D = [AP / 

(AP+ AR)] x 100. The observed values from the specimens 

are given in Table 2. Where AP is area of penetration and AR 

is the area of reinforcement. 

[3] Development of the proposed PNN Model 

This section describes with the development of proposed 

PNN model to predict weld quality. First the neural network 

is developed with welding current, arc voltage, welding 

speed and electrode stick out as inputs and bead 

reinforcement, bead width, bead penetration and dilution as 

outputs. Data required for training and testing the proposed 

PNN model is taken from Table 3. The flowchart for the 

developed PNN model is shown in Figure 4. 

The pattern layer in the proposed PNN model has one 

neuron for each pattern in the training set and each of these 

neurons has a set of weighted connections between it and the 

input layer. Each pattern layers neuron is connected to the 

summation layer neuron that represents its patterns category. 

Weights on the connections from the pattern layer to the 

summation layer are considered unity. Each neuron in the 

output layer receives only two inputs, one from each of two 

summation units. One weight is fixed with strength of unity; 

the other weight has a variable strength equal to: 

� = −������ . �

�

�
� . �������                        (4) 

Where h refers to a priori probability of patterns being in 

category A or B, l is the loss associated with identifying a 

pattern as being in category in one category when it is in 
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reality in the other category, and n is the number of A or B 

patterns in the training set. The values , ,hA hB nAand nB  are 

determined by data pattern themselves, but the losses must be 

based on knowledge of the application. The proposed PNN 

model is trained by setting the weights of one neuron in the 

pattern layer to the magnitude of each training pattern's 

element. That neuron is then connected to the summation unit 

corresponding to that pattern's category. The network is 

trained with a single pass. The hidden layer (pattern layer) 

consists of one neuron for each train data sample. The hidden 

neurons store the values of the feature variables along with 

target class. The summation layer has one neuron for each 

category of the target variable. The neurons in this layer 

compute the weighted vote for each class category. The final 

layer compares the weighted votes in the summation layer 

and uses the largest vote to predict the output. Smoothing 

parameter σ  is chosen as 0.65. A degree of averaging of 

nearest neighbours provides better generalization where the 

degree of averaging is dictated by the density of the training 

samples. The objective function is minimization of the mean 

square error and calculated using equation (5). 

21
( )

2 p k

Obj T O
p

= −∑∑                               (5) 

Where T is the target output, p is the number of patterns 

and ‘O’ is the desired output. 

 

Figure 4. Flowchart depicting methodology of developed PNN model. 

4. Results and Discussion 

Significant process parameters affecting the cutting 

process are identified as welding current, arc voltage, 

welding speed and electrode stick. Indicator to predict weld 

quality is identified in terms of weld bead geometry. The 

quality of weld is evaluated by the welding parameters 

through experimentation using Taguchi method and the 

responses are recorded. Results were used to train the PNN 

model. To determine the accuracy of the developed models, 
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confirmatory runs are conducted with the same experimental 

set up. In the confirmatory tests, the process variables are 

assigned some intermediate values and responses are 

measured. Input values and results from the confirmatory 

experiments are given in Table 4. The results show that the 

accuracy of the model is above 95%. The percentage of error 

is calculated by [{observed value- predicted value}/predicted 

value] x 100. Results from the developed model is compared 

with the predicted results from the Neural Network model 

trained with Back Propagation algorithm as shown in Table 

5. 

The developed BPNN feed forward back propagation 

network model is trained with Levenberg-Marquardt back 

propagation algorithm. Data sets from experimentation are 

used to train the proposed model. The learning function was 

gradient descent algorithm with momentum weight and bias 

learning function. Number of hidden layers and neurons were 

determined through a trial and error method, in order to 

accommodate the converged error. The structure of the 

proposed neural network is 4-7- 4 (4 neurons in the input 

layer, 7 neurons in hidden layer and 4 neurons in the output 

layer). With a learning rate of 0.5 and a momentum term of 

0.9, the BPNN was trained for 10000 iterations. Both the 

models are developed using MATLAB functions. 

Error between the desired and actual outputs was less than 

0.001. BPNN model trained with back propagation algorithm 

has limitations owing to the time taken to converge to 

optimum solution and accuracy of result is less. The time 

elapsed by PNN model to predict weld quality was 20% less 

than that of ANN model trained with back propagation 

algorithms shown in Figure 5. The training process of PNN is 

without any iteration for the weight adaptation, as against a 

large number of iteration (epochs) necessary in case of 

BPNN. Therefore, the PNN is free from the demerits like 

local minima and slow convergence in training and empirical 

determination of network structure and parameters. 

Furthermore, in PNN, single parameter namely smoothing 

factor is to be tuned whereas in the BPNN at least four 

parameters like learning rate, momentum coefficient, weights 

etc. are to be tuned during training of neural network. This 

makes PNN easy to design and simple in use than the 

classical ANN. The configurations of the computing machine 

used were Intel Pentium IV 1.8 GHz processor, 512 MB 

RAM and 80 GB Hard Disk Drive.  

Table 4. Results from confirmatory Experiments. 

Ex. 

No 

Input parameters Output parameters 

I V S E R W P D 

1 300 30 17 27 1.25 15.84 4.35 21.31 

2 340 33 18 31 2.41 16.37 6.25 17.72 

3 380 35 21 34 2.03 18.23 5.16 15.81 

 

Table 5. Performance Evaluation of developed models. 

% error in weld quality prediction 

PNN Model BPNN Model 

Reinforcement Width Penetration Dilution Reinforcement Width Penetration Dilution 

10.07 1.66 1.39 1.04 19.04 1.06 6.85 2.73 

7.66 3.02 7.54 1.39 8.36 3.42 7.95 3.8 

3.04 2.35 4.26 .828 11 1.93 4.66 2.06 

 

Figure 5. Comparison of Performance of developed models. 

5. Conclusions 

Probabilistic neural network was designed taking welding 

current, arc voltage, welding speed and electrode stick as 

input parameters. They were used to predict the bead 

reinforcement, bead width, bead penetration and dilution 

with reasonable degree of accuracy. Confirmatory 

experiments are carried out and the results are compared with 

the developed ANN model. It is observed that the developed 

proposed PNN model predicts output with reasonable 

accuracy than the other in less time. Hence the developed 

PNN model supports for online prediction and production 

system. 
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