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ABSTRACT. The development of a neural 
network model, named FNN-1999, for 
predicting Ferrite Number in arc welds as 
a function of alloy composition is de- 
scribed in Part 1. In this paper, the results 
of the model are compared to other 
means of predicting Ferrite Number in 
stainless steel welds. It was found the ac- 
curacy of the FNN-1999 model in pre- 
dicting Ferrite Number is superior to that 
of the WRC-1992 diagram, the Function 
Fit model and a preliminary neural net- 
work model developed earlier. The error 
in fitting the current model to the training 
set was 40% less than that for the WRC- 
1992 diagram. In addition, the FNN- 
1999 model removes the restriction 
found in WRC-1992 and many other 
constitution diagrams that each element's 
contribution to the Ferrite Number is 
constant, regardless of the overall com- 
position. Examples are given that show 
that with this added flexibility of the 
FNN-1999 model, the impact of alloying 
additions varies as a function of concen- 
tration, and in some cases the variation 
can be quite significant. 

Introduction 

The ability to predict the ferrite con- 
tent in stainless steel arc welds is essen- 
tial, as described in detail in Part 1 (Ref. 
1). Although currently available consti- 
tution diagrams are reasonably accurate 
in predicting Ferrite Number, improved 
accuracy and flexibility that takes the 
alloy composition into account is desir- 
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able (Ref. 1 ). Neural network models are 
ideally suited for predicting Ferrite Num- 
ber in welds because of their flexibility 
and their ability to account for nonlinear 
behavior. In Part 1 of this paper (Ref. 1 ), 
the development of a neural network 
model (FNN-1999) for predicting Ferrite 
Number is described in detail, including 
the basic principles behind neural net- 
works, the identification of the optimum 
network architecture and the specifica- 
tions of the network weights for a "best" 
network for ferrite prediction. Here, in 
Part 2, the neural network model results 
are presented, including an assessment 
of the prediction accuracy compared 
with other available methods. Calcula- 
tions are also presented that show com- 
position-dependent effects of various 
elements and the ability of the neural 
network model to capture these effects 
when making ferrite predictions. 

Optimum Neural Network Model 

An optimum neural network architec- 
ture was identified in Part 1 and is shown 
in Fig. 1. The network consists of thirteen 
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input nodes, corresponding to the com- 
positions of thirteen alloying elements (C, 
Cr, Ni, Mo, N, Mn, Si, Fe, Cu, Ti, Nb, V 
and Co), six hidden nodes and one output 
node (Ferrite Number). The network was 
trained on the same extensive data set 
(Refs. 2-4) ("complete training data set") 
used to establish the WRC-1992 constitu- 
tion diagram (Ref. 5). Details regarding 
the development of the network are pro- 
vided in Part 1 (Ref. 1). The best network 
is defined by a series of coefficients 
(weights) that correspond to the node 
connections in Fig. 1 (these are also given 
in Part 1). The range of alloying element 
concentrations over which the network is 
applied is given in Table 1. As described 
in detail in Part 1, non-zero concentra- 
tions must be used for eight of the ele- 
ments (C, Cr, Ni, Mo, N, Mn, Si, Fe). For 
the remaining five elements (Cu, ~, Nb, 
V, Co), a zero concentration is appropri- 
ate when chemical analysis results are not 
available. Some results are also presented 
that consider another data set (Refs. 6, 7) 
("supplemental data set"). These data 
were not used in the training of any of the 
predictive models and therefore this data 
set represents an independent set of ex- 
perimental results useful for evaluating 
the prediction accuracy, although the 
composition range it covers is more lim- 
ited than the training data set (Table 1). 

Results and Discussion 

Prediction Comparisons of Various Models 

Ferrite Number (FN) was calculated 
using the neural network for all alloy 
compositions in the data set used for 
training the neural network, and the pre- 
dicted FN values are plotted against ex- 
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Table 1 - -  Ranges in Composition and FN for the Training and Supplemental Data Sets 

C Cr Ni Mo N Mn Fe Si Cu 

Complete Training Data Set 
Min. 0.008 14.74 4.61 0.01 0.01 0.35 45.60 0.03 0.0 
Max. 0.2 32 33.5 6.85 0.3 12.67 72.51 1.3 3.04 

Ti Nb V Co FN 

0.0 0.0 0.0 0.0 0 
0.54 0.88 0.23 0.32 117 

Supplemental Data Set 
Min. 0.013 16.25 8.4 0.0 0.018 0.1 56.42 0.21 0.0 
Max. 0.13 23.91 13 2.86 0.12 9.5 72.39 1.64 0.0 

0.0 0.0 0.0 0.0 0 
0.0 0.78 0.0 0.0 30.1 

Table 2 - -  Comparison of Errors (experimental - -  predicted FN) for the FNN-1999 Model 
and the WRC-1992 Constitution Diagram (Ref. 5) (Training DataSet) 

FNN-1999 Model WRC-1992 Constitution 
Diagram 

Absolute Number % of Number % of 
Error of Points Total of Points Total 

Entire Training Data Set (961 data points) 
-<1.5 621 64.6 531 55.3 
-<2.5 764 79.5 721 75.0 
-<3.5 826 86.0 794 82.6 
->9.5 32 3.3 56 5.8 

Subset of Training Data Set with FN -< 30 (828 data points) 
-<1.5 599 72.3 516 62.3 
-<2.5 733 88.5 696 84.1 
-<3.5 780 94.2 761 91.9 
->9.5 4 0.5 14 1.7 

Subset of Training Data Set with FN -- 18 (797 data points) 
-<1.5 590 74.0 509 63.9 
<-2.5 722 90.6 679 85.2 
-<3.5 763 95.7 741 93.0 
->9.5 3 0.4 13 1.6 

Output Layer 
FN 

Hidden Layer 

Input Layer 
C Cr  Ni M o  N Mn Fe  Si Cu  Ti Nb V Co 

Fig. 1 - -  Op t imum neural network for predict ing Ferrite Number  as a funct ion o f  composit ion, 
as developed in Part I (Ref. 1). 

perimental measurements in Fig. 2A. The 
same data were used to establish other 
predictive models. For comparison with 
Fig. 2A, similar plots of predicted vs. ex- 
perimentally measured FN are shown in 
Fig. 2 B, C and D using the WRC-1992 
constitution diagram (Ref. 5), the Func- 
tion Fit model (Ref. 8) and the earlier, 
more limited, eight-element neural net- 
work model (Ref. 9), respectively. The 
straight lines represent exact agreement 

between the predicted and measured FN 
values. The WRC-1992 predictions for 
the data were calculated using an inter- 
polation program based on the published 
diagram (Ref. 10). It can be seen imme- 
diately that all four models do a very re- 
spectable job of predicting FN over the 
entire range of FN for most of the data. 
However, there are numerous data points 
that deviate considerably from the line of 
perfect fit in Fig. 2 B, C and D. In partic- 

ular, in the range of experimental FN of O 
to 10, the WRC-1992 model (Fig. 2B) 
often predicts FN values in excess of 20. 
In addition, at higher FN values, all three 
earlier models have the potential for er- 
rors in excess of 20 FN, and in some 
cases the difference between predicted 
and experimental FN is more than 40 FN. 
These errors appear as both overesti- 
mates and underestimates. The new 
neural network FNN-1999 model results 
in Fig. 2A show a dramatically reduced 
tendency for large errors, both at low and 
high FN levels. 

A more quantitative comparison can 
be made by examining the error distribu- 
tions for the different models. Such a 
comparison between the FNN-1999 
model and the WRC-1992 constitution 
diagram is shown in Fig. 3. It is quite clear 
that most of the data are fit very well  by 
either model, with an absolute error of 
less than 3 FN in most cases. In addition, 
the error distributions for both models are 
symmetrical about 0, indicat ing the 
model fits are correct. However, it is also 
clear from Fig. 3 the tails of the error dis- 
tributions are significantly greater for the 
WRC-1992 predictions, indicating there 
are considerably more large errors for 
that model. The error distributions are 
quantified in Table 2. Along with com- 
paring errors over the entire training data 
set, errors are compared in Table 2 over 
more restricted ranges of FN, namely for 
FN < 30 and for FN < 18. These limited 
ranges in FN have been used in the past 
for evaluating the accuracy of predictive 
models (Refs. 5, 6, 8). In all of the com- 
parisons in Table 2, the FNN-1999 model 
is noticeably better than the WRC-1992 
const i tut ion diagram. In some cases, 
90% of the data have errors less than 3.5 
FN when using the FNN-1999 model. 
Table 2 also shows the number of large 
errors in predicted FN is considerably 
less for the FNN-1999 model. This ap- 
plies over the entire range of FN as well  
as for the restricted ranges of FN < 18 or 
FN < 30. For the entire data set, the num- 
ber of prediction errors _> 9.5 is cut nearly 
in half by the FNN-1999 model. For the 
restricted ranges of FN, the number of 
prediction errors > 9.5 is reduced by ap- 
proximately 75%. 
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Fig. 2 - -  Experimentally measured FN vs. predicted FN for the complete training data set for four different predictive models. A - -  FNN- 1999 

f l ~ ~  eight elements (R~ 9). 

The root mean square (RMS) errors be- neural network model, FNN-1999, with lent (Nieq) of 17. This limit was imposed 
tween the measured and ~redicted FN the extension from 8 to 13 elements, has due to the scarcity of data for Nie~ > 17, 
values for all four FN predic'tion methods the lowest RMS error of all four models, but Lake (Ref. 11 ) has recently sho~n the 
are compared in Table 3. These errors with a 40% improvement over the WRC- WRC-1992 diagram is accurate beyond 
provide a quantitative measure of the de- 1992 constitution diagram RMS error this limit. No attempt was made in the 
gree to which the various models "fit" the and a 27% improvement over the earlier present study to exclude the experimen- 
compete  data set on which they were all neural network model, tal data with Nieq > 17 in the training rou- 
trained. While the Function Fit model When comparing the FNN-1999 tine. (n the entire experimental data set of 
and WRC-1992 diagram accuracies are model for Ferrite Number prediction with 961 points, there were 89 measurements 
comparable, the earlier eight-element the WRC-1992 diagram, it should be on alloy compositions with Nieq > 17. 
neural network model showed a signffi- noted the WRC-1992 diagram has a The RMSerror of the WRC-1992 predic- 
cantly reduced RMS error. The present quoted upper limit for the nickel equiva- tions for these 89 measurements was cal- 
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Fig. 3 - -  Error distributions (experimental FN; predicted FN) for the complete training data set for the FNN- 
1999 model and the WRC- 1992 constitution diagram (Ref. 5). 

culated and found to be essentially the 
same as for the entire data set (5.9 vs. 5.8, 
respectively). Thus, it was concluded in- 
clusion of all the data when comparing 
the WRC-1992 predictions with the 
neural network model did not introduce 
any significant increase in the calculated 
errors for WRC-1992. 

Of course, the large differences be- 
tween prediction and experiment may be 
due to errors in the experimental data. 
Unfortunately, it is impossible to assess 
the accuracy of the experimental data at 
this time. However, occasional large dis- 
crepancies in Ferrite Number prediction 
vs. measurement were also found for the 
supplemental data set when using the 
WRC-1992 diagram, as described later. 
These errors were, once again, consider- 
ably reduced with the FNN-1999 model 
trained on the complete "training set," in- 
cluding any potentially "bad"experimen- 
tal points. This observation suggests the 
effect of bad data is small and that the 
large deviations using the WRC-1992 are 
real prediction errors that are removed 
with the FNN-1999 model. 

Table 3 - -  Comparison of Root Mean 
Square Errors for Complete Training Data 
Set for Four FN Prediction Methods 

Prediction Root Mean 
Method Square Error 

FNN-1999 Model 3.5 
WRC-1992 (Ref. 5) 5.8 
Function Fit Model (Ref. 8) 5.6 
Earlier Neural Network 4.8 

Model (Ref. 9) 
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bias compared to the data used 
for training. This may be a result 
of a bias in the chemical analysis 
or in the FN measurements them- 
selves. The degree of asymmetry 
is somewhat less for the neural 
network model. As was found for 
the training data set, the WRC- 
1992 has the potential for larger 
errors; errors for the WRC-1992 
diagram were as large as 14, 
whi le the largest error for the 
FNN-1999 model was only 7. 

The errors are quantitatively 
compared in Table 4. The fraction 
of the entire data set included 
within AFN < 1.5 and AFN < 2.5 
is less than that found for the 
training data set - -  Table 2. This 
is a consequence of the fact that 
the error distribution is not cen- 
tered about 0 for the supplemen- 
tal data set calculations. If the 
scatter is evaluated using AFN = 1 
as the center (values in parenthe- 

Model Comparisons Using 
an Independent Data Set 

A second means of assessing the ac- 
curacy of the FNN-1999 model com- 
pared to other predictive tools is to apply 
the model to an independent data set. 
The supplemental data set described ear- 
lier was used for this purpose. In a man- 
ner similar to Figs. 2 and 3, the predic- 
tions for this independent data set are 
plotted vs. experimentally measured FN 
in Fig. 4 and the error distributions are 
shown in Fig. 5. Calculations using the 
WRC-1992 constitution diagram are also 
shown in Figs. 4 and 5. From these fig- 
ures, it is clear both the FNN-1999 model 
and the WRC-1992 constitution diagram 
tend to underestimate the FN. The error 
distributions in Fig. 5 are asymmetrical, 
being centered about AFN = 1. This is an 
indication the data set had an inherent 

ses in Table 4) the scatter is com- 
parable to that found in Table 2. 
Examination of Table 4 indicates 

the FNN-1999 model is more accurate 
than the WRC-1992 constitution diagram 
in that more data fall within a specified 
small error limit. When considering the 
entire supplemental data set, Table 4 also 
illustrates the tendency for large errors in 
the WRC-1992 predictions. Table 4 
shows comparable trends when the data 
are restricted to FN < 18. RMS prediction 
errors for all four models for the supple- 
mental data set are compared in Table 5. 
As was true earlier, the FNN-1999 model 
has the lowest RMS error. In general, the 
RMS errors are smaller for the supple- 
mental data set than for the training data 
set (compare Tables 5 and 3). This is most 
l ikely due to the fact that the original 
training data set covered a much broader 
(higher) range of FN values, and at higher 
FN levels larger absolute errors were 
found more frequently. 

It is noteworthy the supplemental data 

Table 4 - -  Comparison of Errors (Experimental - -  Predicted FN) for the FNN-1999 Model 
and the WRC-1992 Constitution Diagram (Ref. 5) (Supplemental Data Set) 

FNN-1999 Model WRC-1992 Constitution Diagram 
Absolute Number % of Number % of 
Error of Points Total of points Total 

Entire Supplemental Data Set (265 data points) 
-<1.5 136 (163) 51.3 (61.5) 110 (145) 41.5 (54.7) 
-<2.5 198 (211) 74.7 (79.6) 189 (210) 71.3 (79.2) 
-<3.5 230 (240) 86.8 (90.6) 231 (251) 87.2 (94.7) 
=>9.5 0 (0) 0 (0) 4 (4) 1.5 (1.5) 

Subset of Supplemental Data Set with FN -< 18 (254 data points) 
"=1.5 133 (166) 52.4 (63.0) 108 (143) 42.5 (56.3) 
• '=2.5 194 (207) 76.4 (81.5) 185 (208) 72.8 (81.9) 
-<3.5 225 (235) 88.6 (92.5) 227 (246) 89.4 (96.9) 
~9.5 0 (0) 0 (0) 0 (0) 0 (0) 

Values in parentheses are calculated using AFN = I as the center of the error distribution. 
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Fig. 4 - -  Experimentally measured FN vs. predicted FN for the supplemental data set for two different predictive models. A - -  FNN- 1999 model 
from the present study; B - -  WRC-1992 constitution diagram (Ref. 5). 
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Fig. 5 - -  Error distribution (experimental FN; predicted FN) for the supplemental data set for the 
FNN- 1999 model and the WRC- 1992 constitution diagram (Ref. 5). 

set covered a relatively small range in FN. 
Of the 265 data points, 254 corresponded 
to FN < 18. This is the range over which 
the WRC-1992 diagram was optimized. 
Therefore, the fact that the FNN-1999 

model is more accurate than the WRC- 
1992 diagram, even in this limited range 
of FN, is significant, even though the ex- 
tent of improvement is less than that for the 
training data set (compare Tables 3 and 5). 

Table 5 - -  Comparison of Root Mean 
Square Errors for Supplemental Data Set for 
Four FN Prediction Methods 

Prediction Root Mean 
Method Square Error 

FNN-1999 Model 2.3 
WRC-1992 (Ref. 5) 2.6 
Function Fit Model (Ref. 8) 5.1 
Earlier Neural Network Model 2.6 

(Ref. 9) 

Predictability Evaluation of the FNN-1999 

The final method for evaluating the 
predictability of the neural network was 
to train the network on an "almost com- 
plete" training set, and then test the net- 
work on the few data points (- 1%) left 
out of the training set. This was done for 
ten different 99%-1% combinations. This 
method provides a better indication of 
the prediction RMS error than that shown 
in Table 3 since the predictions are for 
new alloy compositions not used during 
the training of the network. The RMS er- 
rors in Table 3 are an indication of how 
well the neural network model (or the 
other models) can be fitted to the data, 
while the RMS error from the 99%-1% 
calculations is a true prediction error for 
the 1% test data that are not used during 
the network training. The average RMS 
error for these ten tests was 3.3. This 
value is comparable to the 3.5 RMS error 
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Fig. 6 - -  Calculated FN vs. concentration for a typical austenitic stainless steel base composition. Calculations were performed using the FNN- 
1999 mode l  A - -  C, Cr, Ni, Mo, V, Co; B - -  N, Si, Mn, 1i, Nb, Cu. The base metal concentration is 65.9 Fe-20 Cr- 11 Ni-0.08 C- 0.01 Mo-O.O 1 N° 
2 Mn-1 Si. The plots show the dirrerence in FN when one element is varied and all other concentrations are held constant at the base metal value 
(except Fe, which is adjusted to compensate for the varying element concentration). 

Table 6 - -  Composition Ranges around a Starting Austenitic Stainless Steel Composition for Which FN Was Calculated as a Function of 
Concentration Using the FNN-1999 Model 

C Cr Ni Mo N Mn Si Cu Ti Nb V Co 

start 0.08 20 11 0.01 0.01 2 1 0 0 0 0 0 
Min. 0.02 18 8 0.01 0.01 0 0.2 0.0 0.0 0.0 0.0 0.0 
Max. 0.12 22 14 0.3 0.04 4 1.6 0.6 0.6 0.6 0.3 0.3 

found for the complete training data set 
- -  Table 3. This indicates the training set 
errors (Table 3), and presumably the error 
distribution as well, are representative of 
the errors that can be expected from in- 
dependent data. The assessment of pre- 
dictability with this 99%-1% method has 
a distinct advantage over the use of the 
supplemental data set. As seen in Fig. 4, 
the supplemental data set covers only a 
limited range in FN, from 0 to 30. Since 
the neural network model was developed 
to predict FN over a much broader range 
in FN (0 to 117), a test over this expanded 
range is more appropriate. The nature of 
the 99%-1% test is such that all data can 
be, in principle, included in the 1% test 
sets and, therefore, the entire range of FN 
is tested. The 99%-1% prediction test 
could not be made for the WRC-1992 di- 
agram, and so a comparison of pre- 
dictability among the two models using 
this approach was not possible. 

Composition-Dependent Behavior 

It would be desirable to interpret the 
final weight coefficients in the neural net- 
work (Tables B-2 and B-3, Appendix B in 
Part 1) and identify their relationship to 
the coefficients in the expressions for the 
chromium equivalent (Creq) and Nieq fac- 
tors. Unfortunately, a direct interpi'eta- 
tion of the neural network weights is not 
possible. While some hidden nodes are 
strongly influenced by some elements, 
with large positive or negative weights for 
the corresponding input nodes, the con- 
tributions from these nodes are then ad- 
justed by the weights from the hidden to 
the output layer. Therefore, a direct inter- 
pretation of the elemental contributions 
to the final FN is rather difficult, or even 
impossible. Instead, as described below, 
the effect of various element additions 
can be examined by simply calculating 
the FN as a function of composition. 

As noted in Part 1, a severe limitation 
of the most widely used constitution dia- 
grams is that the coefficients in the terms 
for the Cre~ and Nieq factors are constant. 
This mean~ the influence of a given ele- 
ment on the FN is the same over the en- 
tire composition space and is totally in- 
dependent of any other element 
concentrations. This is unlikely to be an 
accurate description of real behavior. This 
potential limitation is removed with the 
use of neural networks. Nonlinear effects 
and element interactions are all possible 
in the neural network framework. It is 
valuable to investigate how the elemental 
contributions vary, if at all, when the over- 
all composition is changed. This was 
done by specifying a starting base com- 
position and then allowing each element 
to vary over a limited range, adjusting the 
Fe concentration accordingly but holding 
all other element concentrations con- 
stant. The first base composition consid- 

46-Sl FEBRUARY 2000 



A 12o - 

11o - 

1 o o  

~ 80 

"E 70 

6O 

50 

Cr 

40 
C , 

.01 
Cr , 

20 

3 

B 120 - 

110 

100 

i,o 
~ 80 

"E 70 

6O 

5 0 -  

40 

Sl 

N 

Mo , 
1 ; 

N , 
0.1 0'.2 0'.3 

Mn , 

S i  , 
0 .4  0'.6 018 1'.0 112 114 1'.6 

ered, comparable to a typical austenitic 
stainless steel, was (in wt-%) 65.9 Fe-20 
Cr-11 Ni-0.08 C-0.01 Mo-0.01 N-2 Mn-1 
Si. The FN was calculated using the FNN- 
1999 model for this base composition as 
well as for a range of concentrations for 
each of 12 elements (Fe was not consid- 
ered since it was varied to compensate for 
the independently varying concentra- 
tion). The range of values that were ex- 
amined is listed in Table 6. The calculated 
FN vs. concentration is plotted in Fig. 6. 
Note the concentration scale varies ac- 
cording to the element, and only one el- 
ement concentration is allowed to change 
at a time, with all other elements (except 
Fe) held constant at the base metal con- 
centration• 

Several features are immediately no- 
ticeable in Fig. 6. First, the effect of con- 
centration on FN varies dramatically ac- 
cording to the element that is varied, with 
some elements increasing the FN as the 
concentration increases and others 
showing the opposite effect. It is also 
clear the change in FN is not necessarily 
linear with concentration. In particular, a 
nonlinear variation is found for V and Si, 
and, to a lesser degree, for Ni and Ti. For 
the austenitic stainless steel base compo- 
sition, several elements produce a posi- 
tive slope for the curves, including Cr, Ti, 
Mo, Nb and Cu. The elements that result 
in a negative slope are Ni, V, C, N, Mn 
and Co. The slope of the FN vs. concen- 
tration curve changes from positive to 
negative for Si. The identification of these 
trends is extremely valuable, and is to- 
tally overlooked by currently available 
constitution diagrams. The grouping of 
elements according to the slopes corre- 
sponds to the process of grouping ele- 
ments in the Creq and Nieq expressions. 

Various expressions 
for the Crer. and Nieq C 120 - 
are available (Refs. 5, 
12). In general, some 110 - 
or all of the following 
elements are in- ~ lOO- 

cluded in the Creq "~ 90_ 
expressions: Cr, Ti, 
Mo, Nb, V and Si. ~ 8 0 -  
Similarly, some or all 
of the following ele- "~ 70-  
ments are included ~. 60 
in the expressions for 
the Nieq: Ni, C, N, 50 
Mn, Co and Cu. In 
most cases, the ele- 40 
mental groupings Cu 

found by the FNN- Ti, Nb, V, Co 
1999 model are 
identical to the 
groupings that have 
been suggested in 
the literature over 
the years. The few 
exceptions are Si, Cu 
and V, which are dis- 
cussed below. 

The neural net- 
work calculations 
indicate that Si 
changes from a fer- 
rite stabilizer to a weak austenite stabi- 
lizer at higher concentrations. When in- 
cluded in traditional constitution 
diagrams, Si is treated as a ferrite stabi- 
lizer. The reversal in behavior indicated 
by the FNN-1999 model and shown in 
Fig. 6 may explain the difficulty in iden- 
tifying a statistically significant coeffi- 
cient for Si in the WRC-1988 diagram 
(Ref. 13), the predecessor to the WRC- 
1992 diagram. As a result, Si was ex- 
cluded from both of these diagrams. 

010 014 018 1~2 
0~0 011 01~ 013 

Fig. 7 - -  Calculated FN vs. concentration for a typical duplex stain- 
less steel base composition. Calculations were performed using the 
FNN-1999 model• A - -  C Cr, Ni; B - -  Mo, N, Mn, Si; C - -  Cu, Ti, 
Nb, V, Co. The base metal concentration is 66.77 Fe-22 Cr-5 Ni-3 Mo- 
2 Mn-1 5i-0.03 0 0 . 2  N. The plots show the variation in FN when one 
element is varied and all other concentrations are held constant at the 
base metal value (except Fe, which is adjusted to compensate for the 
varying element concentration). 

Figure 6 indicates Cu is a very weak 
ferrite stabilizer for the austenitic stainless 
steel base composition. This is opposite to 
its role as an austenite stabilizer as iden- 
tified in the WRC-1992 diagram. How- 
ever, it should be noted the magnitude of 
the effect of Cu for the austenitic stainless 
steel base composition, as calculated by 
the FNN-1999 model, is very small. A 
change in Cu content from 0 to 0.6 results 
in an increase in FN of only 0.5, which is 
negligible. As shown later, for a different, 
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duplex stainless steel base composition, 
the effect of Cu is reversed and conforms 
with the behavior described in the WRC- 
1992 diagram. It is noteworthy that the Cu 
coefficient included in the WRC-1992 di- 
agram was added after the additional data 
for duplex stainless steel test composi- 
tions was included. 

The behavior of V as an austenite sta- 
bilizer is quite surprising and counterin- 
tuitive. One might expect V to tie up C 
and N, strong austenitizers and, by re- 
ducing their role, V would effectively be 
a ferrite stabilizer. However, the FNN- 
1999 results show this is not the case, at 
least for the austenitic stainless steel base 
composition that was considered. An at- 
tempt was made to examine the actual 
experimental data to see if this predicted 
behavior was justified by the experimen- 
tal measurements. The nature of the 
database was such that a direct compar- 
ison of different V levels, with all other el- 
emental additions held constant, was not 
possible. However, comparisons of the 
experimental data for nearly identical 
compositions except for V (V varied from 
0 to 0.12) did indeed show a small 
austenite stabilizing effect of V, although 
the effect was quite small and may well 
be within the experimental error. The 
comparison unambiguously showed V 
did not have a strong ferrite stabilizer ef- 
fect for this base composition and for V 
additions up to 0.12. It may be con- 
cluded the FNN-1999 model accurately 

reflected the data it was trained on. Using 
computational thermodynamics (Ref. 
14), calculations of the vertical section of 
the multicomponent phase diagram for 
the austenitic stainless steel base compo- 
sition were made to examine the effect of 
vanadium content (0 to 0.3 wt-%) on the 
phase stability. These calculations 
showed that for the relatively low C and 
N levels of the base composition (0.08 
and 0.01, respectively), vanadium carbo- 
nitride formation was not expected. 
These results indicate that the intuition- 
based interactions between vanadium 
and carbon and/or nitrogen do not take 
place for this composition, thus support- 
ing the neural network results that show 
vanadium does not behave as a ferrite 
stabilizer. Predictions of unexpected be- 
havior such as the effect of vanadium 
could be readily examined by producing 
new data specifically aimed at this base 
composition. Retraining the neural net- 
work on the new data could be readily 
accomplished if it were found the new 
data exhibited different trends 

The neural network FN calculations 
as a function of composition can be eval- 
uated even further if the average slopes of 
the curves in Fig. 6 are normalized to the 
slopes of either Cr or Ni. In this way, a 
quantity corresponding to the coeffi- 
cients in the Cre~ and NL expressions 
can be obtained. ~he result~ of these cal- 
culations are listed in Table 7. The num- 
ber of expressions in the literature for the 

Creq and Nieq are too numerous to com- 
pare with the results in Table 7. However, 
it can be said the values in Table 7 are 
roughly comparable to the proposed co- 
efficients in the literature (except for Si, 
Cu and V, as discussed above). In partic- 
ular, the values for the Mo, Nb, C and N 
normalized slopes are of the same mag- 
nitude as the coefficients in the WRC- 
1992 constitution diagram (Ref. 5). 

It is very instructive, and quite illumi- 
nating, to examine the individual ele- 
ment effects when the base composition 
is drastically different. Once again, a se- 
vere limitation of the most widely used 
constitution diagrams is that the Cre~ and 
Nieq coefficients do not change as a ~unc- 
tion of the overall alloy composition. By 
doing the same analysis as above, and 
calculating the FN as a function of con- 
centration but using a different base com- 
position, the FNN-1999 model can pro- 
vide valuable information as to how the 
elemental effects may change with base 
alloy composition. For comparison with 
the results in Fig. 6, a typical duplex 
stainless steel composition was chosen as 
a second starting composition. The com- 
position was 66.77 Fe-22 Cr-5 Ni-3 Mo- 
2 Mn-1 Si-0.03 C-0.2 N. As was done 
earlier, the individual element concen- 
trations were varied one at a time and the 
Fe level was adjusted accordingly. The 
range in compositions is listed in Table 8. 
The results of the calculations are shown 
in Fig. 7. As in Fig. 6, when the concen- 

Table 7 --Average Slopes of Calculated FN (Using the FNN-1999 Model) vs. Concentration, and Normalized to the Slopes for Cr or Ni to 
Obtain Comparable Cr~q or Ni~ Coefficients 

Cr Ti la) Mo Nb Cu Ni la) V (al C N Mn Co Si Ib) 

Average slope +3.6 +29.6 +5.0 +2.2 +0.8 -2.8 -17.6 -52.9 ~18.3 -0.2 -2.1 - -  
Slope + Cr slope 1 8.2 1.4 0.6 0.2 
Slope + Ni slope 1 6.3 18.9 17.3 0.1 0.8 

Base composition is that of a typical austenitic stainless steel. 
(a) The slope for Ti, Ni and V was not constant; an approximate value is given. 
(b) The slope for Si varies from positive to negative and therefore a meaningful average slope could not be calculated. 

Table 8 - -  Composition Ranges around a Starting Duplex Stainless Steel Composition for Which FN Was Calculated as a Function of 
Concentration Using the FNN-1999 Model 

C Cr Ni Mo N Mn Si Cu l-i Nb V 

Start 0.03 22 5 3 0.2 2 1 0 0 0 0 
Min. 0.01 20 3 1 0.1 1 0.4 0.0 0.0 0.0 0.0 
Max. 0.05 24 7 5 0.3 3 1.6 1.2 0.3 0.3 0.3 

Co 

0 
0.0 
0.3 

Table 9 u Average Slopes of Calculated FN (Using the FNN-1999 Model) vs. Concentration, and Normalized to the Slopes for Cr or Ni to 
Obtain Comparable Cr~q or Nieq coefficients 

Cr Ti Mo Nb Si V Co Ni C N Mn Cu 

Average slope +9.7 +122.8 +10.9 +3.1 +16 .7  +106.4 +37.4 -16.9 -77.3 -197.1 -5.2 -9.0 
Slope + Cr slope 1 12.6 1.1 0.3 1.7 11.0 3.9 
Slope + Ni slope 1 4.6 11.7 0.3 0.5 

Base composition is that of a typical duplex stainless steel. 
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tration of only one element was varied 
(with the Fe concentration adjusted ac- 
cordingly), all other element concentra- 
tions were held constant at the base 
metal value. The effect of concentration 
on FN for several elements is quite dif- 
ferent from the behavior shown in Fig. 6. 
The effect of V is the opposite of what was 
seen before; V changes from a weak 
austenite stabilizer to a very strong ferrite 
stabilizer. Just the opposite holds for Cu; 
it changes from a weak ferrite stabilizer 
for an austenitic stainless steel base com- 
position to an austenite stabilizer for a 
duplex steel base composition. The latter 
behavior is the same as indicated in the 
WRC-1992 diagram. Increasing Si con- 
centration leads to a steady increase in 
FN, without the reversal seen in Fig. 6. 

The slopes in Fig. 7 as well as the nor- 
malized values (with respect to the Cr or 
Ni slopes) are listed in Table 9. It is inter- 
esting to compare the potency of Cr and 
Ni for the two base compositions. Exam- 
ination of the average slopes for these 
two elements in Tables 7 and 9 shows 
that Cr is a stronger ferrite stabilizer 
(steeper slope) and Ni is a stronger 
austenite stabilizer for the duplex stain- 
less steel base composition. The values of 
the normalized slopes in Table 9 are also 
very different from those in Table 7 for 
many elements. This is a direct indication 
of a change in behavior when the base 
composition is changed from that of an 
austenitic stainless steel alloy to a duplex 
steel. The effect of C is diminished con- 
siderably. On the other hand, the influ- 
ence of Ti and Co is enhanced. The ef- 
fects of Mo, Nb and Mn are relatively 
unchanged. 

Additional Comments 

The use of neural networks for pre- 
dicting Ferrite Number has an additional, 
potentially important advantage in that, 
in theory, process variables can be in- 
cluded as well as composition as inputs 
to the model. For example, many studies 
have shown that at high cooling rates 
prevalent during laser beam or electron 
beam welding, the residual ferrite con- 
tent can be significantly different than 
that found for the same alloy under typi- 
cal arc welding conditions (Refs. 15-21 ). 
The dramatic changes in ferrite content 
are often attributable to a change in the 
solidification mode so that an alloy that 
solidifies in the primary ferrite mode 
under near-equilibrium conditions can 
change to primary austenite solidifica- 
tion when rapidly cooled. In addition, 
rapid cooling after solidification will af- 
fect the solid-state transformation kinet- 
ics. In theory, this additional factor that 
influences Ferrite Number can be incor- 

porated into a neural network model. 
Such an enhancement is planned for fu- 
ture work. Furthermore, if the training 
data set included data on the specific arc 
welding technique, in addition to the in- 
formation on composition and FN, then 
the effect of arc welding process on the 
final FN could be included as well. This 
was not done in the present case since 
this additional information on arc weld- 
ing process was not available. 

The FNN-1999 model cannot be con- 
densed into a simple pictorial form such 
as the WRC-1992 diagram. However, as 
shown in Figs. 6 and 7, important infor- 
mation on the influence of individual 
elements on the FN can be readily calcu- 
lated. The neural network is especially 
easy to use in these types of calculations 
since the entire neural network can be 
easily converted into a spread sheet for- 
mat. These types of calculations can yield 
even more useful information than the 
pictorial constitution diagram since the 
changing influence of various elements 
can be identified directly. For the inter- 
ested reader, the FNN-1999 model is 
available over the Internet and sample 
calculations can be made. The neural net- 
work can be accessed at the following 
Web site: http://engmO 1.ms.ornl.gov. 

Finally, it is interesting to speculate on 
other potential applications of neural 
network models beyond simply Ferrite 
Number prediction. In many cases, Fer- 
rite Number prediction is not an end in 
itself. Ultimately, Ferrite Number predic- 
tion is a means for estimating an alloy's 
susceptibility to weld cracking or its me- 
chanical properties, including its corro- 
sion resistance. In this regard, it may be 
possible to use neural networks to di- 
rectly correlate composition with these 
properties and bypass the intermediate 
Ferrite Number stage completely. Neural 
networks are ideally suited for such ap- 
plications. Several neural network mod- 
els have already been developed to pre- 
dict weld alloy properties (Refs. 22, 23). 
The largest impediment for using neural 
network models to predict properties of 
stainless steels directly is the availability 
of a sufficiently complete database. If 
such a database were available, develop- 
ment of the required neural network 
models could easily follow and the need 
for constitution diagrams and Ferrite 
Number prediction could be eliminated 
altogether. 

Conclusions 

A neural network model, identified as 
FNN-1999, was developed to relate 
residual ferrite content in arc welds to 
alloy composition. Details of the neural 
network development are presented in 

Part 1. The model uses the concentrations 
of thirteen elements (C, Cr, Ni, Mo, N, 
Mn, Si, Fe, Cu, Ti, Nb, V and Co) and 
shows a significant improvement in FN 
prediction accuracy compared to an ear- 
lier neural network model that consid- 
ered the concentrations of only eight el- 
ements. It is also shown that the fitting 
error for the FNN-1999 model is 40% 
less than that for the WRC-1992 consti- 
tution diagram. In addition, the FNN- 
1999 model has the ability to account for 
significant variations in the influence of 
individual alloying additions as a func- 
tion of overall alloy concentration. It is 
shown that such variations in the effect of 
alloying additions can be significant. For 
some alloying additions, the basic nature 
of their influence, in terms of the element 
behaving as an austenite stabilizer or fer- 
rite stabilizer, was found to be reversed 
when the base composition was 
changed. The new FNN-1999 model 
provides a simple and quick means for 
predicting Ferrite Number in arc welds 
with a substantial improvement in the ac- 
curacy of the prediction compared to 
other models that are currently available. 
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