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Abstract 
 

Forecasting is a method of making statements about certain event whose actual results have not 

been observed. It seems to be an easy process but actually is not. It requires a lot of analysis on 

current and past outcomes in order to give timely and accurate timely forecasted results.  

 

Radial Basis Function (RBF) is a method proposed in machine learning for making predictions 

and forecasting. It has been used in various real-time applications such as weather forecasting, 

load forecasting and many such applications.  

 

There are number of problems in Materials Science and Engineering which are difficult to be 

solve using conventional mathematical models because they are non-linear, time variant, noisy or 

ill-defined and consists of numerous variables. Soft computing is a good option for solving those 

complex problems as it is free from imprecision, uncertainty and partial truth.  

 

The paper includes applications of software computing using RBF to predict ferrite number (FN) 

for the austenitic stainless steel welding metal in the as weld condition and after aging. The 

ability to predict the FN in stainless steel welds is important as it has an influence on a wide 

range of properties including corrosion resistance, toughness; long-term temperature stability and 

resistance to hot cracking for ensuring safety radiation. Comparison between ferrite number 

obtained by experimental methods, the chemical compositions of the welded and computational 

method using RBF has been made. The results show that ferrite number prediction using RBF is 

approximately as the experimental results but prediction gives accurate results in a very small 

time compared to the time taken by experiments.    

 

Keywords: Stainless steel 316L Ferrite number, Weld metals aging and Radial basis function. 

 

 

 

1. Introduction 
 

The application of soft computing techniques in solving the nonlinear problems of materials 

science and engineering has been increasing mainly for the last 15- 20 years[1-2] even when the 

nuclear installations are welded and radiation may occur.   The study of the weldments properties 
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and their characteristics is very important relevant to shielding properties and hence to 

radiological safety.  

 

Neural network method was reported to be more accurate compared to other methods. A 

potential risk associated with neural network analysis is over-fitting of the training data [1]. This 

techniques were applied to all aspects of engineering that include design of alloys, materials 

characterization, modeling and prediction of microstructure and mechanical properties in alloys 

and their welds, optimization of chemical composition to achieve the desired properties, 

prediction of microstructure, mechanical properties and embrittlement in highly irradiated alloys, 

creep and fatigue life prediction in power plant materials[3-4] 
 

Forecasting the delta ferrite content accurately has proven very useful in predicting the various 

properties of austenitic stainless steel weld metals [5-6-7]. A minimum delta ferrite content is 

necessary to ensure hot cracking resistance in these welds, while an upper limit on the delta 

ferrite content determines the propensity to embrittlement due to secondary phases, e.g. sigma 

phase, etc., formed during elevated temperature service[8-9-10]. At cryogenic temperatures, the 

toughness of the austenitic stainless steel welds is strongly influenced by the delta ferrite content 

[11]. The ferrite number level can be controlled by taking real measurements [12], in most cases 

by using mange gauge instrument or Shaeffler [13] and WRC-1992 [14] diagrams which are 

derived from the chemical composition of the weld deposit. 
 

Computer modeling and simulation make improvement of engineering materials properties   

possible, as well as prediction of their properties, even when the nuclear installations are welded 

and radiation may occur.   The study of the weldments properties and their characteristics is very 

important relevant to shielding properties and hence to radiological safety. 
 

This paper focuses on specific applications of greatest interest in materials science and 

engineering programming. A radial basis function (RBF) network is a type of artificial neural 

network for application to problems of supervised learning (e.g.: regression, classification and 

prediction). The prediction cannot be made in one go, rather it needs a detailed analysis of past 

data, then the future decisions are made [15]. RBF main features are [16]: 

1. They are two-layer feedforward networks. 

2. A set of radial basis functions is implemented by the hidden nodes. 

3. The output nodes implement linear summation functions. 

4. The network training is divided into two stages: first, the weights from the input two hidden 

layer are determined, and then the weights from the hidden to the output layer. 
 

A comparison of various supervised learning algorithms is explained in [17]. The main 

characteristic of Forecasting is that it is usually wrong, moreover, it needs to be timely and deal 

with real world applications in a better way. So, in order to make an accurate result, the adoption 

of good forecasting model is very important. Various Artificial neural network models for 

forecasting and decision making are presented in [18]. Thus, considering all these requirements 

RBF model is the one which is best suited. Although initially it was used only for the function of 

interpolation but now it’s used for large scale prediction activities such as a Function 

Approximation [19], Time Series Prediction [20], Classification and System Control. The paper 

is further divided as experimental work and methodology in section 2, then computational 

method in section 3, followed by results and discussion in section 4, conclusion in section 5 and 

references. 
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2. Experimental Work and Methodology 
 

2.1 Specimens Preparations  

A commercial rutile coated shielded arc electrodes of class AWS of type E316L with diameter  

 =4 mm was used.The chemical composition of the electrode E316L are shown in Table 1. 
 

Table 1: Chemical composition of the electrode316L. 
 

Element C Cr Ni Mn Si P S Mo Fe 

Electrode wt% 0.02 18.5 12 0.8 0.7 - - 2.6 Bal. 
 

 

Manual shielded metal arc welding (SMAW) process was used to prepare a weld deposit coupon 

the deposit was air-cooled. Machining of the multi-pass deposited weld metal beads has been 

performed to prepare a weld deposit plate. The deposit weld metal plate was cutting into 

specimens with 10x10x55 mm using shaping machine, as show in Fig.1. 

 
 

 

 

 

 

 

 

Fig.1: Three orthogonal direction of weld specimen F,B,T& theopposite transverse sectionTn. 
 

Weld metal specimens were aged at temperatures 400ºC at various holding time ranging from 

100 to 5000 hr followed by air-cooling.  

 

2.2 Measurement of FN using Magne Gage Instrument    

Ferrite number was determined using a Mange gage instrument. The ferrite number of the weld 

deposited were estimated before and after aging.Ten readings for each specimen were recorded 

in three orthogonal surface direction F, B, T. Also the opposite transverse section of specimens 

were measured Tn,then the average of  the ten reading was calcutated. 

 

2.3 2 Measurement of FN using Chemical Compositions and (RBF) Techniques 

The ferrite number was also calculated by determining the chemical compositions of the welded 

using Shaeffler diagram as in Fig.2 and  WRC1992 diagram as in Fig.3.The ferrite number was 

calculated by (RBF) neural network technique. 

                   Fig.2: Shaeffler diagram.                                              Fig.3: WRC1992 diagram. 
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3. Computational Method 
 

The computational method used for predicting the ferrite number is RBF. The RBF network 

consists of three layers which are Input layer, a single hidden layer and output layer. It can solve 

complex problems similar to a neural network with multiple layers. The cause following the 

same is its capability to transform nonlinear input into linear output. The input field to each node 

of a hidden layer is nonlinear in nature and it is treated with radial activation function usually 

Gaussian Function. Additional the final output is the weighted summation of these nonlinear 

inputs to the output layer, thus transforming non linearity into linearity. Let the input data 

samples are denoted as [15]:  

X= [x1x2…xn] 
 

Then, 
 

Output yi=fi(x) =  𝑤𝑖∅
𝑁
𝑖=1  (||xi-ci||)         (1)  

 

Where i=1, 2….. n (n is the number of nodes at hidden layer), Wi is the weight connecting 

between the hidden layer to the output layer, ci is the value of ith center in the hidden layer, ||.|| is 

the Euclidean norm and ∅ is the Radial Basis Function. The network design of RBF Network is 

shown in Fig.4 as:  
Input                Hidden             Output 

                                                       Layer                Layer                Layer 

x                       c                        y 

 
Fig. 4: RBF Network Structure. 

The most important factor that affects the success of RBF network is optimally choosing the 

parameters [21] i.e. number of nodes in the hidden layer. It is rather more significant than even 

choosing an activation function. Since if choose less hidden layers nodes it will lead to a bad 

approximation to its opposing choosing large number will lead to the problem of over fitting.  
 

The factors that need to be determined for construction of an RBF network are [22-23]:  

1- Choosing an appropriate value for the center. 

2- Deciding the activation function to be implemented in hidden layer.  

3- Deciding the spread value. 

4- Adjusting the output weights, where normalization is done by using: 
 



International Journal of Emerging Trends in Engineering and Development                         Issue 7, Vol.4 (July 2017) 

Available online on http://www.rspublication.com/ijeted/ijeted_index.htm                                         ISSN 2249-6149 

©2017 RS Publication, rspublicationhouse@gmail.com Page 159 
 

𝑦 =  
𝑌−𝑌𝑚𝑖𝑛

𝑌𝑚𝑎𝑥 −𝑌𝑚𝑖𝑛
                (2) 

Where Y is the actual value of the data sample, Ymax takes the maximum value of the sample 

data and Ymin takes the minimum value from the sample of data. 

Radial basis networks are designed using newrbe function. This function can produce a network 

with zero error on training vectors. It is called in the following way [24-25]: 

net = newrbe(P,T,SPREAD)  

The function newrbe takes matrices of input vectors P and target vectors T, and a spread constant 

SPREAD for the radial basis layer, and returns a network with weights and biases such that the 

outputs are exactly T when the inputs are P. 

4. Results and Discussions  
 

In the present work, the ferrite number was determined by three methods: 

1. By using a Magne gage 

2. By determining the chemical compositions of the welded  

3. Neural Network using Radial Basis Function (RBF)  

The ferrite numbers were measured as a function of aging time to evaluate the ferrite stability. 

Measurements were taken on each sample before and after aging so as to eliminate any variation 

in FN in the as-welded condition from specimen to specimen. 
 

4.1 Ferrite Number Variation in the as Weld Condition 

The ferrite number was determined using a Magne gage ten readings for each specimen were 

recorded in three orthogonal surface directions F, B and T. Also the opposite transverse sections 

of specimens Tn as shown in Fig.1.The ferrite number  were estimated as shown in Table 2,it 

shows the average (arithmetic mean) for each specimen of as of as weld conditions. 
 

 

Table 2: The ferrite number in the as weld condition. 
 

Weld 

Condition 
F B T Tn 

As- weld 11.67 10.47 6.82 9.35 
 

 

It can be seen that the average of the measurements has highest value at the top surface (F). 

However the each transverse sides surface of specimens do not have the same average. The 

chemical composition of the welded specimen was determined by wet analysis. By using the 

chemical compositions, chromium equivalent (Creq) and nickel equivalent (Nieq) were 

determined. Ferrite number was determined by using Shaeffler diagrame and WRC diagrames. 

Table 3 shows  the calculated values of FN of deposit by using Shaeffler and WRC diagrames 

compared with average of measured values of (F) for as weld. 
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Table3: FN using Shaeffler, WRC1992 diagrams and average of measured values of (F). 
 

Using Tools Cr, Ni Equivalent 316L FN 316L 

Shaeffler diagram Fig. 2 
Cr eq=22.385 

Ni eq=13 

 

12 

 

WRC 1992 Fig. 3 
Cr eq=21.1 

Ni eq=12.7 

 

12 

 

 

Magne-Gage instrument Average(F) As-weld=11.67 

 

It is noted that the predicted values of ferrite content of the studied weld metal when using 

Shaeffler diagrame Fig.2  and  WRC1992 diagrame Fig.3 ,it is found that thay are nearly the 

same as the measured value using Magne gage at the face (F). The percentage error (%) for (F) is 

2.83% between FN measuring using Magne gage, Shaeffler and WRC diagrams. The precision 

and accuracy of the measuring techniques used in establishing the diagrams. In the Schaeffler 

and WRC diagrams this involves metallographic technique variable whereas in the Magne-Gage 

variables of the magnetic measurements are involved.  Finally, in both cases there exist the 

inherent variables influencing the ferrite content of the pad being observed such as the cooling 

rate and other variables affecting the size and morphology of the ferrite being measured. 

It can be concluded that it is better to use direct measurement of ferrite weld pads in user 

laboratories than to use chemical analysis from either user laboratories or commercial 

laboratories , and calculate the ferrite No.  

The precision and the accuracy of the ferrite value obtained is better with direct measurement of 

a welded pad when compared with established diagrams calculations.   

The weld of austenitic stainless steel normally contains some amount of ferrite the percent which 

will depends upon the chemical composition of filler metal, type of welding and conditions 

during the welding process. The amount of delta ferrite that can be present is controlled by its 

role on cracking. 

A minimum ferrite content is necessary to ensure hot cracking resistance in these welds [1-5], 

while an upper limit on the delta-ferrite content determines the propensity to embrittlement due 

to secondary phases [6] (e.g., sigma phase) formed during elevated temperature service. At 

cryogenic temperatures, the toughness of the stainless steel weld is strongly influenced by the 

ferrite content [7]. In duplex austenitic-ferritic stainless steel weld metals, a lower ferrite limit is 

specified for stress corrosion cracking resistance while the upper limit is specified to ensure 

adequate ductility and toughness [4]. Hence, depending on the service requirement a lower limit 

and/or an upper limit on ferrite content is generally specified.  

 

4.2 Ferrite Numbert Variation after Aging Condition 

The ferrite number was determined using a Magne gage ten readings for each specimen were 

recorded in three orthogonal surface directions F, B & T. Also the opposite transverse sections of 

specimens Tn as shown in Fig.1. The ferrite number  were estimated as shown in Table 4, it 

shows the average (arithmetic mean) for each specimen after aging.  
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Table 4:The ferrite content (FN) variation against the aging time. 
 

Aging Time [hr] F B T Tn 

100 hr 11.78 10.02 9.68 10.72 

200 hr 13.19 11 12.44 12.21 

500 hr 14.49 11.42 13.31 12.62 

1000 hr 12.9 10.64 11.61 12.63 

2000 hr 13.99 11.18 11.62 11.03 

5000 hr 13.21 10 12.02 11.42 
 

 

Table 4 shows the ferrite content (FN) variation against the aging time. It can be seen that the 

ferrite content increased with increasing the aging time to 500 hr aging and then decreasing at 

1000hr and become increase again 2000 hr.  The ferrite content (FN) after 5000 hr decreased to 

13.21. That means the studied weld metal after aging to 5000 hr the ferrite content increase with 

about 1.54 FN from as weld condition value so the ability of crack is bigger.     

 

Aging of 316L stainless steel weld at 400°C results transformation of ferrite to austenite .The 

rate of transformation noting by the change of FN depends upon the ageing time [8-9-11].  

 

Hale et al. [26] found that no change in FN after aging type 308L stainless steel welds at 375 and 

400°C was observed. After aging 20.000 hr, a drop in FN of 3 was indicating that some 

significant loss in ferrite content had taken place after such extensive aging. This could be 

attributed to transformation of ferrite to austenite. 
 

J.M. Vitek et al. [27] found that the FN measurements are not sensitive to decomposition of 

ferrite into α and ά since they are a measure of the amount of ferromagnetic phase that is present 

and both α and ά are ferromagnetic constituents. 
 

The ferrite decomposition could be hard to estimate exactly by using the magnetic measurement. 

However the ferrite content has relatively transformed after 5000 hr aging as measured by 

Magne gage.  

 

4.3 Computational Method 

The computational method used to predict the FN is the RBF neural network. The network is 

trained using the as weld condition and the after aging time for 100hr, 200 hr and500hras input 

data and its corresponding values for three orthogonal surface directions F, B and T. Also the 

opposite transverse section of specimens Tn, then the output value is predicted for the aging time 

for 1000hr, 2000hr and 5000hr. The results are illustrated in Fig. 5 and Fig. 6 they show that the 

training and the predicted data is nearly to the measuring data of FN. 
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Fig.5: Comparison between measuring data, training data and predicting data for F &B. 
 

 

 

 
 

Fig. 6: Comparison between measuring data, training data and predicting data for T &Tn. 
 

Percentage Error for as weld and aging time condition at F, B,T & Tn  between FN measuring 

using Magne gage and Percentage using Radial Basis Function (RBF) are in Table 5 and Table 6. 

The minimum percentage error is 0% and the maximum is 2.7%. 

 

Table 5: FN percentage error between Magne gage and RBF for the as weld condition at F, B, T & Tn  
 

 

 

 

 

Weld 

Condition 

Percentage 

Error (%) 

(F) 

Percentage 

Error (%) 

(B) 

Percentage 

Error (%) 

(T) 

Percentage 

Error (%) 

(Tn) 

As weld 1.106 0.958 0 0.588 
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Table 6:  FN percentage Error between Magne gage and RBF after aging time at F, B, T & Tn  

 

 

 

 

 
 

 

 

 

 

5. Conclusion 

In this paper, a comparison is made between experimental results using Magne gage, chemical 

compositions and computational prediction using RBF, for calculating ferrite number for the as 

weld and aging austenitic stainless steel welding metal. 

The Magne gage for FN measurement is one of the methods for measuring the accurate content 

of FN  whereas Schaeffler’s Diagram and WRC analysis provide only approximate contents of 

the ferrite number and they are used only for the as weld condition.  

Neural network models for predicting FN in stainless steel welds have been developed in the last 

few years. The general architecture of RBF neural network technique including its layered 

structure along with its mathematical formulations is proposed in this paper.  

The percentage error of measuring ferrite number, is 2.8 using Magne gage, Shaeffler and WRC 

diagrams in as weld condition for face (F) while it is 1.106 when using RBF.  

RBF technique of neural network is significantly more accurate in determining the FN than the 

chemical compositions of the welded diagrams. Finally, the advantages of RBF are that the 

training/learning is very fast and the networks are very good at interpolation, RBF is particularly 

useful for the as weld condition and after aging and it is applicable to all conditions. 
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