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Abstract 
Final microstructures can often be the end result of a complex sequence of phase transforma- 

tions. Fundamental analyses may be used to model various stages of the overall behavior but they are 
often impractical or cumbersome when considering multicomponent systems covering a wide range of 
compositions. Neural network analysis may be a use l l  alternative method of identifling and describing 
phase transformation behavior. A neural network model for ferrite prediction in stainless steel welds is 
described. It is shown that the neural network analysis provides valuable information that accounts for 
alloying element interactions. It is suggested that neural network analysis may be extremely useful for 
analysis when more fundamental approaches are unavailable or overly burdensome. 

Introduction 
Commercial alloys often undergo a complex series of transformations before attaining the final 

microstructure. For example, in welds, the sequence of transformations may include some or all of the 
followng reactions: primary and secondary phase solidification and associated partitioning and diffision 
of alloying elements, growth (or dissolution) of the solidified phases, solid-state transformations, 
precipitation, and homogenization of compositional gradients. The material behavior is influenced to 
varying degrees by the extent of these transformations. 

This paper considers the case of stainless steel welds. During solidification, femte andor 
austenite phases may form in these materials. The ability to resist hot-cracking is strongly influenced by 
the mode of solidification. The austenite and femte phases may grow or dissolve during cooling 
following solidification. With the relatively high cooling rates prevalent in welding, the transformations 
are normally not carried out to completion, resulting in non-equilibrium residual femte levels. The final 
fernre content is routinely used as an indicator of the solidification mode and the susceptibility of a given 
alloy heat to hot-cracking. In addition, it is important to be able to predict the final ferrite content since 
this affects many of the weld properties. Ferrite Number' is often used as a material specification [ 13 and 
there is a need to be able to predict Ferrite Number as a function of alloy composition as a means for 
alloy qualification. This paper will consider various methods for predicting ferrite content and will show 
the potential advantages that artificial neural networks have in making accurate predictions. 

Ferrite Prediction in Stainless Steel Welds 
Traditional Constitution Diagram Approach The standard method that is used for predicting Ferrite 
Number as a function of alloy composition is to use constitution diagrams. These diagrams consider 
Fernte Number as a bc t ion  of two variables, chromium equivalent (Cr,) and nickel equivalent miq). 
The most recent and accurate constitution diagram is the WRC-1992 diagram [2]. For this diagram, the 
terms are given as: Cr, = Cr + Mo + 0.7Nb, and Ni, = Ni + 35C + 20N + 0.25Cu. The elemental 
symbols represent the weight percent of each element. Among the many suggested relationships for Cr, 
and XiZq, ferrite stabilizers are included in the former whereas austenite stabilizers are contained in the 
latter. The advantage of constitution diagrams is their simplicity and ease of use. Although some 

'Ferrite Number refers to a magnetic measurement that is used in practice and relates to the ferrite 
contcnt. In this papcr it will be assumed that Ferrite Number and ferrite content are comparable, although 
it is rccopized that the relationship betsveen the tsvo quantities is not always simple or direct. 



constitution diagrams include simple composition dependent terms, most diagrams, including the latest 
version (WRC-1992), use constants for the coefficients [2,3]. Thus, the diagrams ignore the composi- 
tional dependence of an alloying element’s influence. This is clearly an oversimplification. Nonetheless, 
constitution diagrams are routinely used in industry and are reasonably accurate. 

Fundamental Approach One can predict femte content in stainless steels fiom a much more fundamen- 
tal perspective. With the avdability of computational thermodynamics [4] and computational kinetics 
that consider multicomponent diffusion [ 5 ] ,  the transformation behavior from the initial solidification to 
the final room temperature state can be modeled. These computational methods are especially useful for 
steels since the available models are well-developed. However, there are problems associated with this 
approach. First, in addition to alloy composition, inputs such as cooling rates and dendrite arm spacings 
are needed and these may be difficult to identifjl. Second, predictions are for a specific alloy composition 
and it is impractical to perform calculations to cover the entire alloy composition space involving all the 
constituents in multicomponent commercial alloys. Third, the computations are often quite time 
consuming. Finally, as shown later, the computations are numerically difficult and often impossible to 
carry out for the required conditions. 

Neural Networks - An Alternative Auuroach The currently available methods for predicting femte 
content are limited,-as described above. There is a need for a more robust and flexible method than the 
constitution diagram approach but one that is quick and easier to use than the fundamental approach. 
Neural networks are a p o w e f i  means for non-linear regression analysis that meet these two require- 
ments. In this approach, a specified set of inputs (e.g., cornposition), is related to a desired set of outputs 
(e.g., Ferrite Number). Neural networks are fast, flexible, and can readily identify trends that are niissed 
by constitution diagrams and are difficult to uncover with a more fundamental approach. 

A neural network was developed for predicting Ferrite Number as a b c t i o n  of composition (1 3 
elements: Fe, Cr, Ni, Mo, Mn, C, N, Si, Ti, V, Nb, Cu, Co) for stainless steel welds. The details 
regarding the development of the network are given elsewhere [6] .  The neural network was trained on 
the same data set that was used for the WRC-1992 diagram but it was found to be 40% more accurate in 
predicting Ferrite Number. Measured versus predicted Femte Number (FN) for these two methods for 
the same experimental data is shown in Figure 1. A complete description of the neural network is given 
elsewhere [6]. The absence of large errors for the neural network, compared to the constitution diagram, 
is especially noteworthy. For example, 1.9% of the WRC-1992 predictions had errors 220 FN whereas 
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Figure 1: Measured vs predicted Femre Number for (a) WRC-1992 constitution diagram and (b) neural network. 
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Figure 2: Effect of composition on neural-network-predicted 
Femte Number for austenitic (“aus”, 2OCr-1 lNi-.OSC-2Mn-lSi- 
.O IMo-.O 1N-OV wt%) and duplex (“dup”, 22Cr-5Ni-.03C-2Mn- 
lSi-3Mo-.2N-OV) stainless steel base compositions. - I10 

- Io0 only 0.3% of the neural network prediction errors were 
this large. In addition to the substantial improvement in 
prediction accuracy, the neural network analysis acwmts 
for elemental interactions. Variation in behavior as a 
hc t ion  of composition can be readily identified For 
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1 1 LBO example, the Fenite Number variation as a hct ion of 
alloy content can be calculated. It was found tha.t the 

cally as a function of the base alloy composition This is 
shown in Figure 2 where the predicted Ferrite Number is plotted as a function of Si or V concentration 
for two different base compositions. 
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Discussion 
The composition dependencies shown in Figure 2 were evaluated further. Considering the Si 

effect first, the neural network shows a modest increase in Ferrite Number as Si content increases from 
0.4 to 1.0 wt %, but beyond 1% Si there is no appreciable change with Si content. Such composition- 
dependent effects are not identified in traditional constitution diagrams. However, the neural network 
does not provide any explanation as to why the Si influence changes with composition. Computational 
thermodynamics [4] was used to calculate the phase equilibria in the same steel as a function of Si 
content (Figure 3) .  Three different effects are observed as the Si content varies from 0.2 to 1.6 wt YO. 
First, the extent of secondary solidification of austenite (FCC) increases. Second, the solid state stability 
range of ferrite (BCC) is expanded. Finally, the liquidus and solidus temperatures decrease. These 
trends are expected to have different effects on the final femte content. The first leads to an increase in 
the amount of austenite (or a decrease in the femte content). The second trend results in the opposite 
behavior, i.e., it will yield higher femte levels at room temperature. The suppressed liquidus and solidus 
temperatures at higher Si contents will slow the diffusion reactions. Multicomponent diffusion calcula- 
tions were attempted to determine which of these effects has the most influence on the final 
microstructure. Unfortunately, these numerical calculations could not be performed to adequately resolve 
this question. The calculations were very time-consuming, could not be carried out with C as a 
constituent, and failed before the transformation was sufficiently complete. Thus, fundamental calcula- 
tions to model the behavior were severely limited. 

Considering the V effect shown in Figure 2, a curious trend is found. Intuitively, vanadium is 
assumed to promote the ferrite phase since the vanadium should react with C and thereby counteract C’s 
strong austenite-stabilizer effect. This behavior was found for the duplex stamless steel base composi- 

tion (dashed line Figure 2). However, for the austenitic 
stainless steel base composition (solid line, Figure 2), the 
neural network predicts, surprisingly, that vanadium acts 
as an austenite stabilizer. Computational thermodynamics 
calculations showed that the main effect of increasing V L. - 

ECC + FCC 
content was to increase the solid-state stability range of [ femte (Figure 4). Although there was no indication that 1 vc wiii form at these concentrations, an explanation of 0: 
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Figure 4: Calculated vertical section of phase diagram showing 
effect of varying vanadium content on phase stability for an 
austenitic stainless steel base composition (see Figure 2). 

the austenite stabilizing effect of V was not found 
Multicomponent diffusion calculations as a function of V 
content were not carried out. However, the training data 
for the neural net work were re-examined to determine if 
the trends identified by the neural network were justified. 
Although the data were not conclusive, a tendency for 
decreasing Ferrite Number with increasing V content was 
found €or the austenitic stainless steel base composition. 
There was no indication that vanadium behaved as a 

ferrite stabilizer for this base composition. Therefore, the neural network trend reflects the variations that 
existed in the experimental data. These results raise a question as to the accuracy of the data. 

There are several advantages to using the p o w e f l  non-linear regression capabilities of neural 
networks for describing phase transformation behavior. The application for predicting Ferrite Number 
cleariy shows that neural networks are capable of identifying trends in multivariable problems that may 
be difficult or impossible to isolate with more fundamental computational methods, even if a complex 
sequence of phase transformations is involved. Neural networks also have the potential for considering 
process variables as inputs for the predictions. As basic calculation procedures become more advanced, 
neural networks may still be desirable because they are less cumbersome and more practical when 
considering a large set of conditions for which individual detailed calculations would be impractical. 
Neural network analysis is limited insofar as the fundamental mechanisms that are responsible for the 
observed trends in behavior are not identified. Furthermore, neural network analyses are limited to the 
range of variables over which the network was trained Ultimately, a neural network analysis comple- 
mented by fundamental calculations may be the best approach for tackling complex phase transformation 
behavior in a practical and efficient manner while still gaining a basic understanding of the microstructur- 
al development. 

Conclusions 
A neural network analysis was applied to the problem of predicting Ferrite Number in stainless 

steel welds. The behavioral trends resulting from the complex sequence of phase transformations that 
control the final ferrite content and the composition dependent effects of alloying additions are described 
by the neural network. The neural network analysis represents a significant improvement over currently 
available constitution diagrams. Neural networks can complement more basic computations that may be 
cumbersome and limited in their ability to model multicomponent commercial alloys. 
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