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Details of a prediction model based on a neural network 
system of analysis are described 

BY J. M. VITEK, S. A. DAVID, AND C. R. HINMAN 

ABSTRACT. A new model, ORFN (Oak 
Ridge Ferrite Number), has been devel- 
oped for predicting ferrite content in 
stainless steel welds. For the first time, fer- 
rite content is predicted quantitatively as 
a function of alloy composition and cool- 
ing rate. The model is based on a neural 
network analysis of existing data supple- 
mented with newly generated data. This 
paper describes the details of the model 
development. The procedure used to cal- 
culate the cooling rate in a simple but ef- 
fective manner is presented. This paper 
also describes the necessary procedures 
that were used to convert volume percent 
ferrite measurements to Ferrite Number. 
Finally, the procedures used to identify 
the optimum neural network architecture 
are outlined. Results from the model, as 
well as an assessment of the prediction ac- 
curacy and comparison with predictions of 
other models are presented in a compan- 
ion paper (Part 2). The model is equally 
valid for austenitic stainless steels and du- 
plex stainless steels, as well as for both 
conventional arc welding and high cooling 
rate conditions prevalent during high en- 
ergy beam welding such as laser beam 
welding and high-speed arc welding. 

Introduction 

Stainless steel welds characteristically 
consist of a two-phase austenite plus fer- 
rite microstructure.  Ferri te levels may 
vary from a few percent in austenitic stain- 
less steel welds to more than 50% in du- 
plex stainless steel welds. The ability to 
predict the ferrite content in these welds is 
essential for many reasons. To a large ex- 
tent, the final ferrite content determines a 
weldment 's  properties such as strength, 
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toughness, corrosion resistance, and long- 
term phase stability. In addition, ferrite 
content is a useful indicator of the mode 
of solidification and the hot-cracking 
propensity, which is strongly influenced by 
whether the alloy solidifies in the primary 
austenitic or primary ferritic mode. Elec- 
trode manufacturers as well as consumers 
often use Ferrite Number (FN), a measure 
of the ferrite content, as an alloy specifi- 
cation in order to ensure that weldments 
contain a desired minimum (or maximum) 
ferrite level. The need to predict ferrite 
content is also important in stainless steel 
castings (although many of the present re- 
sults can be extended to castings, this 
paper will be restricted to the considera- 
tion of stainless steel welds only). 

Over the years, various models have 
evolved to try to accurately predict the fer- 
rite content in stainless steel welds. Con- 
stitution diagrams have been developed 
that convert the alloy composition into 
two factors, a chromium equivalent ( C r )  
and a nickel equivalent (Ni~q). The formCeqr 
contains alloying elements fhat influence 
the microstructure in the same way as 
chromium, i.e., they are ferrite stabilizers, 
while the latter contains elements that be- 
have as nickel, i.e., as austenite stabilizers. 
The constitution diagrams display ferrite 
levels as a function of these chromium and 
nickel equivalents. An early version of 
such a diagram that has been used for 
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welding is the Schaeffier diagram (Ref. 1). 
Since the introduction of the Schaeffier 
diagram, several modifications and im- 
provements have been proposed (Refs. 
2-7). Corresponding constitution dia- 
grams for stainless steel castings have also 
been proposed (Refs. 8, 9). The various 
versions of constitution diagrams differ 
primarily in the coefficients that are used 
to convert the alloy composition into the 
Cr and Ni and their range of applica- eq eq 
bility. An extensive review is given in Ref. 
5. The most recent version of the consti- 
tution diagram is the WRC-1992 diagram 
(Ref. 7). The equations for the Creq and 
Nieq factors in the WRC- 1992 diagram are 

Creq = Cr + Mo + 0.7Nb ( la)  

Nieq = Ni + 35C + 20N + 0.25Cu ( lb)  

where the elemental symbols represent 
the weight percent (wt-%) of each ele- 
ment. 

A major shortcoming of the commonly 
used constitution diagrams is the fact that 
the influence of alloying elements on let- 
rite content is independent of the alloy 
composition and the presence or absence 
of other alloying elements, as reflected by 
the constant coefficients in the chromium 
and nickel equivalent expressions (Equa- 
tions la  and lb, and Ref. 7). 1 Clearly, this 
restriction does not represent real behav- 
ior very well. For example, the effect of 
carbon should be very different depend- 
ing on whether carbide-forming elements 
are present or not. However, with con- 
stant factors, carbon's effect is the same 
for all levels of carbon and for all combi- 
nations with other alloying additions. As 
another example, the dependence of the 

1. Some earlier constitution diagrams inchMed 
composition-dependent parameters (see Refs. 2 
and 5), but these apply over restricted composi- 
tion ranges. In diagrams with constant coeffi- 
cients (e.g., WRC-1992), composition-depen- 
dent parameters were deemed statistically 
insignificant. 
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effect of manganese on the alloy compo- 
sition has been noted before (Refs. 10, 
11), but these composition-dependent ef- 
fects have not been included in the most 
recent diagrams. This limitation has been 
removed in two new alternatives to tradi- 
tional consti tution diagrams. One re- 
cently developed model, the Function Fit 
Model, considers the difference in free 
energy between ferrite and austenite as a 
function of composition (Ref. 12). In this 
method, the difference in free energy be- 
tween ferrite and austenite was calculated 
as a function of composition and this was 
related to the FN. A regression analysis 
was used to determine the coefficients as- 
sociating the FN with the free energy 
change. It was found that this approach 
was comparable in accuracy to that of the 
WRC- 1992 diagram. 

The second approach is based on an ar- 
tificial neural network analysis (Refs. 
13-15). Neural networks are ideally suited 
to improve the flexibility, robustness, and 
accuracy of ferrite predictions because they 
make use of nonlinear regression methods. 
The identification of complex trends due to 
elemental interactions is straightforward 
with the use of neural networks, whereas 
they are extremely difficult or impossible to 
identify by standard regression analyses. 
The FNN-1999 model, developed with the 
same data as the WRC-1992 constitution 
diagram, was shown to reduce prediction 
errors by as much as 40% (Refs. 13, 14). 
Furthermore, composition-dependent ef- 
fects of alloying elements were taken into 
account and the consequences of this were 
clearly demonstrated (Ref. 14). A more re- 
cent model, which is also based on neural 
networks, also demonstrates significant im- 
provements compared to the WRC-1992 
constitution diagram (Ref. 15). 

Another  major shortcoming that is 
present in the traditional constitutional di- 
agrams as well as the newer models, in- 
cluding the recently developed neural net- 
work models, is the absence of any 
consideration of welding conditions and 
how they may influence the ferrite content 
of welds. In particular, the weld cooling 

rate will have a significant C 
effect on the final ferrite 
content.  There are two 100°'6 
ways in which cooling rate 
will influence the ferrite 
content: 1) cooling rate 19 
will alter the extent of the 19 
diffusion-controlled trans- u_ 
formation of ferri te to 
austenite during cooling in FE Q 
the solid state, and 2) it 
may influence the solidifi- 0% 
cation behavior. Let us ex- 
amine these two effects in 
greater detail. For the ef- 
fect of cooling rate on the 
solid-state transformation 
of ferrite to austenite, con- 
sider the case of primary 
ferrite solidification. At 
the later stages of solidifi- 
cation, some secondary 
austenite solidification in 
the interdendritic regions 
may take place. In any 
case, during subsequent 
cooling, the ferrite stability 
decreases with respect to 
austenite, resulting in the 
diffusion-controlled trans- 
formation of ferrite to 
austenite. If there is sufficient time to 
allow this process to go to completion, the 
final ferrite content at room temperature 
will be the equilibrium amount. However, 
as the cooling rate is increased, the trans- 
formation will be suppressed to an ever- 
increasing degree, resulting in a higher, 
nonequilibrium residual ferrite content. 
This behavior is shown schematically in 
Fig. 1A, where a fixed amount of ferrite 
(nearly 100%) is assumed to be present 
immediately after solidification. At the 
lowest cooling rates, the as-solidified fer- 
rite can transform to austenite during 
cooling and at room temperature the equi- 
librium ferrite content is present, denoted 
by FE. Q (FEQ may be 0 for some alloys). 
With increasing cooling rate, the solid- 
state transformation is suppressed and the 
residual ferrite content increases. At the 

. . . . . . . . . . . . . . .  f- . . . . . . . . . . . . . . .  7 . - . - : . ~ . =  . . . . . . . . . . . . . . . . . .  [ . . .  . . . . . . . . .  
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Fig. 1 - -  Schematic diagram showing the effect o f  cooling rate on 
room temperature residual ferrite content. A - -  Variation ht ferrite 
content as a fimction of  cooling rate due to the change in the degree 
to which solid-state transformation o f  ferrite to attstenite takes place 
( ~ e d  amount o f  primary ferrite after solidification is assumed). B - -  
Variation in ferrite content immediately after solidification as a ]'unc- 
tion of  cooling rate showing the abrupt effect of  a change in the pri- 
mary solidification mode from primary ferrite to primary attstenite 
formation at a critical cooling rate CR crit . C - -  Combined effect of  
cooling rate that takes account of  the rate-dependent, solid-state 
transformation shown in A and the solidification mode change 
shown in B. For a duplex alloy, the change in solidification mode is 
not possible and the behavior beyond CR ,. m is shown by the dotted 
line. 

highest cooling rates, the ferrite content 
may approach 100%, depending upon the 
alloy composition and the extent to which 
secondary austenite forms during solidifi- 
cation. Although the degree to which the 
solid-state transformation is suppressed at 
high cooling rates has not been studied ex- 
tensively, the change in ferrite content in 
duplex stainless steels with increasing 
cooling rate is well known. 

The second way in which cooling rate 
may influence the final ferrite level is by 
altering the mode of solidification. This 
behavior has been studied by many inves- 
tigators in recent years. They found rapid 
solidification of austenitic stainless steels, 
as found during laser welding, for exam- 
ple, can alter the solidification mode so al- 
loys that normally solidify in the primary 
ferrite mode may solidify in the primary 

WELDING JOURNAL iliB,,.1 



Output Layer 

Fig. 2 - -  Schematic constitution diagram proposed by David 
et al. (Ref 18) that qualitatively shows the effect of cooling 
rate on FN. 

austenite mode instead (Refs. 16-23). 
This behavior is shown schematically in 
Fig. 1B, where the ferrite content imme- 
diately after solidification is plotted vs. 
cooling rate. For this example, primary 
ferrite solidification is assumed to take 
place at low cooling rates. As the cooling 
rate increases, the degree of solute segre- 
gation during ferrite solidification de- 
creases, leading to a decrease in the extent 
of secondary austenite solidification and a 
corresponding increase in ferrite content. 
Beyond some critical cooling rate CRcrit, 
the solidification mode changes from pri- 
mary ferrite to primary austenite and a 
sudden drop in ferrite content will result. 
However, even if the solidification mode 
changes to primary austenite, some sec- 
ondary ferrite solidification can be ex- 
pected and so the ferrite level does not 
reach 0 immediately. At still higher cool- 
ing rates, secondary ferrite solidification 
will be suppressed and eventually a 100% 
austenitic structure should prevail, as 
shown. The switch in the primary solidifi- 
cation mode from ferrite to austenite will 
be composition dependent. In some alloys 
such as duplex stainless steels, the primary 
austenite solidification option will never 
be allowed. 

The combined effect of solidification 
mode changes and sluggish solid-state 
transformations is shown in Fig. 1C. A 
fairly abrupt transition at CRcrit is shown, 
although experiments have shown that, 

Hidden Layer 

Input Layer 

Fig. 3 - -  Schematic diagram showing the neural network structure, 
with three layers o f  nodes and connections between nodes. 

over a limited cooling rate 
range, mixed mode solidi- 
fication may be found 
(Ref. 18). For those alloy 
compositions that contain 
high levels of ferrite stabi- 
lizers, such as duplex stain- 
less steels, the change in 
solidification mode never 
occurs and high cooling 
rates will result in 100% 
ferritic microstructures, as 
shown by the dotted line in 
Fig. 1C. 

The effect of cooling 
rate on the ferrite content was described 
qualitatively in the work of David, Vitek, 
and Hebble  (Ref. 18). They showed a 
schematic, modified constitution diagram 
in which the two-phase ferrite + austenite 
field shrunk with increasing cooling rate. 
Their qualitative depiction of the cooling 
rate effect is reproduced in Fig. 2. The 
purpose of the present study was to de- 
velop a quantitative model for ferrite pre- 
diction in stainless steel welds that ac- 
counts for cooling rate effects. The 
approach that was used was based on the 
neural network analysis in Refs. 13 and 14. 
The earlier neural network analysis was 
expanded to include cooling rate as well as 
composition as inputs to the model. The 
nonlinear regression neural network mod- 
els are sufficiently robust to properly 
model the complex behavior during solid- 
ification and subsequent cooling, taking 
into account the potential for solidifica- 
tion mode changes and the cooling-rate- 
dependent  diffusion transformation be- 
havior. This paper describes the details of 
the network development and the genera- 
tion of the data that were used to train and 
test the network. In Part 2, the results of 
the model  calculations are presented 
(Ref. 24). As shown in Ref. 24, the neural 
network model that emerged from this 
study, called ORFN for Oak Ridge Ferrite 
Number, quantitatively describes all the 
features that have been il lustrated 
schematically in Fig. 1. 

Neural Networks and FNN 1999 

A brief description of neural networks 
in general, and the previously developed 
composition-only neural network model 
for ferrite prediction, FNN-1999, will be 
given here to provide a background for the 
extension of this model to include cooling 
rate effects. The reader is referred to the 
earl ier  papers (Refs. 13, 14) and other  
publications (Refs. 25, 26) for further de- 
tails on neural networks. Neural networks 
are sophist icated nonlinear regression 
routines that, when properly "trained," 
allow for the identification of complex re- 
lationships between a series of inputs and 
one or more outputs. These relationships 
are derived by means of connections be- 
tween the inputs and an intermediate  
stage known as a hidden layer, and be- 
tween this hidden layer and the outputs. 
This structure is shown schematically in 
Fig. 3. Simply put, values of the hidden 
nodes are determined by taking a 
weighted sum over all the inputs and, in 
turn, the outputs are determined by the 
weighted sum over all the hidden nodes. 
The weighted sums are converted by a 
transfer function before providing values 
to the next layer. The weights assigned to 
each input-hidden node connection, and 
each hidden node-output connection are 
determined by a training process and the 
different weights are depicted schemati- 
cally by the differently weighted lines in 
Fig. 3. The network is trained with a train- 
ing dataset that consists of numerous sets 
of input values and the corresponding out- 
puts. The training process involves a com- 
parison of the predicted outputs with the 
true outputs followed by a correction to 
the weight parameters. This process is re- 
peated thousands of times, going through 
all the input/output pairs in the training 
dataset, until a reasonably accurate final 
network is determined. It must be kept in 
mind that although, in principle, a unique, 
opt imum best network may exist, the 
training process will only approach this 
absolute best network without ever reach- 
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Fig. 4 - -  Example o f  calculated cooling rate vs. heat input using 
Equations 4 and 5. Long-dash line is for 2-D cooling condition, 
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Fig. 5 - -  Final ORFN neural network model structure. The square 
nodes represent bias nodes corresponding to a constant input. 
Dashed lines represent negative weights between nodes while solid 
lines signify positive weights. Line thicknesses correspond to dif- 
ferent ranges for the absolute values for the connecting weights: 
thin lines correspond to weights (absolute values) o f  O to <1.0; 
medium thickness lines represent weights from 1 to <4.0; thick 
lines correspond to weights >_ 4.0. 

ing it. It will always be possible to derive a 
slightly better network by, for example, 
training longer or using additional data. 
The extent to which this ideal end result 
will be reached will depend upon the reli- 
ability of the data, the starting point for 
the analysis, the level of accuracy re- 
quired, and numerous other factors. Thus, 
a unique final neural network is not pro- 
duced. This point will be discussed again 
later, when the results of this analysis are 
presented. 

The earl ier  composition-only neural 
network model, FNN-1999, consisted of 
13 input nodes, 6 hidden nodes, and 1 out- 
put node. The input nodes corresponded 
to the concentrations, in wt-%, of 13 ele- 
ments (Fe, Cr, Ni, C, N, Mo, Mn, Si, Cu, 
Ti, Nb, V, and Co). The ranges of these el- 
ements are given in Table 1. The choice of 
6 hidden nodes was based on an analysis 
that showed this number of nodes was the 
smallest number of nodes (simple net- 
works are preferred) that still provided 
good predictability (see Ref. 13). There 
was a single output node, the Ferrite Num- 
ber (FN). Ferrite Number was used as the 
indicator of ferrite content since this is the 
most commonly used, and preferred, pa- 
rameter (Ref. 27). In addition to the im- 
proved overall FN predictability of FNN- 
1999 compared to the WRC-1992 
diagram, the earlier neural network model 
showed a composition dependence for the 
effect of alloying elements. This will not be 
described here, but the reader is referred 
to Ref. 14 for further details and examples 
showing this composition dependence. 

The present ORFN model is similar in 
architecture to the earlier FNN-1999. A 

14th input node was added for cooling 
rate. The cooling rate was calculated in 
units of °C/s, but the logarithm of the cool- 
ing rate was used as the input to the neural 
network model  since the cooling rate 
spanned several orders of magnitude. Six 
hidden nodes were used, as in FNN-1999. 
The choice of six nodes is explained later. 
The ranges of composition and cooling 
rates for training the present model are 
also listed in Table 1. It can be seen that 
the concentration ranges are essentially 
identical to FNN-1999; only the maximum 
Fe, N, and Co concentrations are margin- 
ally different. 

Dataset Generat ion 

Development  of a successful neural 
network to accurately describe a relation- 
ship such as that desired here between 
composition/cooling rate and FN depends 
on the availability of an extensive dataset 
for training the neural network. Such a 
dataset should span a wide range of input 
variables since the validity of the network 
predictions will be limited by the range of 
inputs over which it was trained. As such, 
it was imperative the extensive dataset  
used for the development of the WRC- 
1992 constitution diagram as well as the 
FNN-1999 neural network model (WRC 
dataset) be used since it contained nearly 
1000 data points for composition and FN. 
These data were supplemented with the 
data generated earlier by David, Vitek, 
and Hebble (Ref. 18) for laser beam welds 
made on 14 different stainless steel alloys 
and heats as a function of laser power and 
welding speed (DVH dataset). 2 Finally, 

new data were generated for several 
austenitic and duplex stainless steels 
(NEW dataset). These steels were autoge- 
nously welded using several different weld 
processes (arc welding and laser beam 
welding), weld power levels, and weld 
speeds (details provided later in this sec- 
tion). The combination of these three data 
sources provided a large dataset  (1196 
points in all) covering a wide range of 
compositions and cooling rates. The con- 
solidation of these three datasets pre- 
sented some significant problems in terms 
of consistency of data with regard to fer- 
rite content and cooling rates. These is- 
sues are discussed in detail below. 

FN Values 

As mentioned above and described 
elsewhere (Ref. 27), FN is the preferred 
indicator for ferrite level. This was used in 
the WRC dataset.  However, in many 
cases, determination of FN in welds is im- 
practical or impossible. For example, 
under the high cooling rate condit ions 
achieved during laser beam welding, the 
weld bead is quite small, both in terms of 
weld bead width and weld depth. For such 
small welds, magnetic measurements of 
FN are inappropriate and inaccurate. This 
problem is exacerbated as the welding 
speed increases and the weld bead size de- 
creases accordingly. The problem of mak- 
ing FN measurements on small samples 
was noted by Elmer and Eagar (Ref. 28). 

2. The data from Ref 18 for Alloy 446 were not 
used since its Ni content was only 0.34, which is 
significantly lower than the other data used for 
training the neural network. 
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They developed a vibrating sample mag- 
netometer device for making measure- 
ments on small samples, but this method 
was not available. Therefore, volume- 
percent (vol-%) ferrite was measured 
metallographically in the DVH dataset 
and a means for converting vol-% ferrite 
to FN was needed. In the NEW dataset, a 
mix of FN and vol-% ferrite measure- 
ments was made and, once again, conver- 
sion to FN was required for many data 
points. In some cases, when generating the 
new data, multiple side-by-side overlap- 
ping laser weld runs were made in order to 
produce a wider weld zone that could be 
used for direct FN measurements. 

The approach that was adapted for 
converting vol-% ferrite to FN relied on 
the concept of an extended ferrite number 
(Ref. 29). It was shown that the maximum 
FN for a 100% ferritic material is a func- 
tion of the Fe content of the material. Sev- 
eral different expressions for maximum 
FN as a function of Fe content were pro- 
posed (Ref. 29) and the following equa- 
tion was used: 

FNma x = -0.025813 (Fe) 2 
+ 5.408679(Fe) - 102.3902 (2) 

where (Fe) is the wt-% of Fe in the alloy. 
Kotecki (Ref. 27) showed that a simple 1:1 
relationship between the volume % 
(vol-%) ferrite and the normalized FN 
(= FN/FNma x ) is reasonable. Therefore, 
one can convert vol-% ferrite to FN by 
combining such a 1:1 relationship with 
Equation 2, yielding the following expres- 
sion: 

F N  = (vol- % ferrite) 
x (-0.025813 (Fe) 2 + 5.408679 (Fe) 
-102.3902)/100 (3) 

Clearly there are many sources of poten- 
tial errors in using this conversion rela- 
tionship. The potential errors in metallo- 
graphic measurements of the vol-% ferrite 
have been noted in the literature (Ref. 27). 
The relationship between FNma x and Fe 
content is subject to error as well. For ex- 
ample, Kotecki noted the relationship is 
dependent  upon the instrument that is 
used (Ref. 29). Finally, Kotecki noted the 
conversion from normalized FN to vol-% 
ferrite is not strictly 1:1 (Ref. 27). 
Nonetheless, Equation 3 is considered to 
be sufficiently accurate. It was checked 
against other data available in the litera- 
ture and good agreement was found. Since 
the need for converting vol-% ferrite to 
FN was unavoidable, the conversion used 
in Equation 3 was implemented. It should 
be noted there are numerous other 
sources of error in the prediction of FN, 
including errors in the datasets with re- 
gard to composition analyses, FN mea- 

Table 1 - -  Composition and Cooling Rate Ranges in Datasets Used for Training Ferrite 
Prediction Models 

Model 
Input Data FNN-1999 ORFN 

min. max min. max 

Fe 45.60 72.51 45.60 72.52 
Cr 14.74 32 14.74 32 
Ni 4.61 33.5 4.61 33.5 
C 0.008 0.2 0.008 0.2 

~,~ N 0.01 0.3 0.01 0.33 
~" Mo 0.01 6.85 0.01 6.85 
.o Mn 0.35 12.67 0.35 12.67 
~ Si 0.03 1.3 0.03 1.3 

Cu 0.0 3.04 0.0 3.04 
= Ti 0.0 0.54 0.0 0.54 
O 
O Nb 0.0 0.88 0.0 0.88 

V 0.0 0.23 0.0 0.23 
Co 0.0 0.32 0.0 0.45 

Log Cooling Rate (°C/s) - -  - -  1.00 6.54 

Table 2 - -  Parameters Used in the Calculation of Cooling Rates, According to Equations 4(a) 
and 4(b) 

Parameter 

K (thermal conductivity) 
p C o (density x specific heat) 
T" (temperature at which 
cooling rate is calculated) 
T,, (initial plate temperature, 
ambient temperature) 

Value Reference 

0.28 watt/cm-°C 32 
4.6 J/cm~-°C 32, 33 

1450°C 

25°C 

surements, and errors in the cooling rate 
evaluation, as noted below. With this in 
mind, the conversion errors noted above 
are acceptable and expected to be compa- 
rable to (or smaller than) the errors from 
other sources. 

Cooling Rate Determination 

A cooling rate associated with each 
composition and FN value is needed as 
input for the predictive model. Several 
practical considerations were taken into 
account before determining how to calcu- 
late the cooling rates. First and foremost, 
for both training the model and for the 
routine utilization of the final predictive 
model, a simple method for calculating 
cooling rate was needed. Therefore, elab- 
orate heat and fluid flow models for weld- 
ing that have been developed over the last 
two decades were immediately eliminated 
from consideration. Second, the method- 
ology must allow for different cooling con- 
ditions that depend upon sample size. 
Thus, for thin sheet samples where the 
weld depth is comparable to the sheet 
thickness, two-dimension (2-D) cooling 
conditions prevail, whereas in thicker 
samples (relative to the weld pool depth), 
three-dimension (3-D) cooling conditions 
are present. One additional factor must 
also be considered. The accuracy of the 
cooling rate calculation is not critical to 

achieve an accurate prediction model. In- 
stead, what is necessary is that the cooling 
rates for different conditions must be 
ranked properly with respect to one an- 
other, and the cooling rates must be con- 
sistent with the data with which the net- 
work was trained. For example, although 
the absolute value for the cooling rate in a 
laser welded sample is not required, the 
assigned cooling rate must be properly 
ranked with respect to another weld, made 
on a different sample thickness, or with a 
different welding speed, power, or 
process. This consideration requires that 
all cooling rates be calculated in the same, 
consistent manner. Thus, actual cooling 
rate measurements are not appropriate as 
inputs; instead calculated cooling rates 
must be used throughout. 

The analytical expressions for the cool- 
ing rate that were used are those derived 
by Adams (Ref. 30), based on the solutions 
of Rosenthal (Ref. 31) for heat conduction 
as applied to welding. These same expres- 
sions were used by David et al. (Ref. 18) 
for their extensive series of laser welds on 
stainless steels. However, David et al. only 
considered 3-D cooling conditions. This 
was reasonable in their work since most, 
but not all, of their laser welds resulted in 
only partial penetration welds. In contrast, 
in the present work, a broader perspective 
that includes 2-D cooling was needed. The 
relevant expressions for 2-D and 3-D cool- 
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Table 3 - -  Alloys Used to Generate  the "New" Dataset  and Their  Compositions (wt-%) 

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

304A,:,, 69.058 18.84 9.58 0.058 0.028 0.11 1.45 0.52 0.14 0.01 0,,,, 0.04 0.12 
304B .... 70.258 18.29 8.7 0.066 11.018 0.15 1.31 0.74 0.15 0,,,, 0.01 0.05 0.22 
308A .... 67.744 20.04 9.9 0.052 0.013 0.02 1.65 0.38 0.06 0 .... 0,,,, 0.05 0.06 
308B .... 65.87 20.15 10.68 0.059 0.026 0.01,,, 1.92 0.78 0.01 0.38 0,,,, 0.04 0.02 
31)9A .... 60.398 23.8 12.86 0.052 0.052 0.23 1.87 0.41 0.12 0,,,, 0.01 0.03 0.12 
309B .... 59.632 23.36 14.05 0.018 0.03 11.03 2.21 0.39 0.01 0.11 0.01 0.08 0.04 
310A,,,, 49.797 26.73 21.15 0.11 0.01,,,, 0.05 1.64 0.5 0 ,~,, 0,,, 0 .... 0,',, 0,,,, 
310B ,~,, 53.682 25.62 19.18 0.03 0.01 .... 0.15 0.9 0.42 0,,,, 0 .... 0,',, 0 .... 0,,,, 
312A ... .  60.688 28.92 8.44 0.13 0.01 .... 0.15 1.24 0.43 0,,,, 0 .... 0,,, 0 .... 0 .... 
312B .... 59.09 29.72 8.78 0.11 0.01 .... 0.2 1.68 0.39 0,", 0,,,, 0,,,, 0,', 0 ,h, 
316A .... 66.488 17.01 11.44 0.04 0.022 2.3 1.95 0.3 0.19 0,", 0.01 0.04 0.17 
316B .... 62.486 19.07 12.85 0.042 0.019 2.3 2.21 0.51 0.114 0.31 0.01 0.02 0.03 
347A .... 67.502 19.5 10 0.06 0.01,,,, 0.1 1.5 0.6 1),,, 0 .... 0.7 0 .... 0 .... 
347B .... 70.271 19.38 8.66 0.04 0.01,,, 0.05 1.21 0.35 0 ,~, 0 .... 0,',, 0,~,, 0,,, 
$20910 57.197 21.25 13.26 0.027 0.33 2.14 4.97 0.29 0.14 0 .... 0.19 0.18 0,,,, 
$21904 62.74 19.54 7.18 0.017 0.29 0.4 9.4 0.34 0.07 0,,,, 0,,, 0,,,, 0,~,, 
308LT1 68.232 19.01 9.83 0.036 0.12 0.32 1.23 0.59 0.36 0.03 0.01 0.081 11.12 
309LT1 59.509 23.96 13.113 0.027 0.19 0.42 1.34 0.78 0.38 0.033 0.02 0.08 0.17 
316LT1 64.872 17.62 12.06 0.03 0.049 2.49 1.48 0.49 0.34 0.017 0.01 0.051 0.45 
2209 63.226 23.166 9.195 0.028 0.128 2.86 0.886 0.405 0.047 0 .... 0.012 0 .... 0 .... 
2209Wa 61.5952 24.6 8.94 0.0248 0.177 3.23 0.74 0.4 0.13 0 .... 0,,, 0 .... 0.13 
2209Wb 59.7412 24.6 8.97 0.0248 0.171 3.19 0.77 0.41 1.96 0,', 0 .... 0,',, 0.13 
2209Wc 59.5253 24.8 8.96 0.0237 0.178 3.22 0.76 0.42 1.95 0,,, 0 .... 0 .... 0.13 
2507 64.386 23.061 6.945 0.023 0.28 ,~, 3.819 0.747 0.229 0.338 0,,, 0.015 () ,~, 0.118 
2507W 60.506 24.833 9.477 0.026 0.215 3.821 0.511 0.443 0.126 0,,,, 0 ,., 0,',, 0,,,, 
2553Wa 63.639 22.4 9.06 0.029 0.164 3.11 0.89 0.39 0.22 0 .... 0.03 0,,', 0.04 
2553Wb 63.436 22.46 9.12 0.029 0.166 3.22 0.87 0.39 0.21 0 ,h 0.03 0 .... 0.04 
2553Wc 63.585 22.4 9.09 0.03 0.166 3.16 0.88 0.39 0.2 0 .... 0.03 0 .... 0.04 
4462 66.895 21.988 5.881 0.1122 0.168 2.968 1.42 0.455 0.169 0, b, 0,,,, 0 ,h, 0 .... 
4462W 63.599 22.67 8.178 0.024 0.167 3.165 1.625 0.437 0.104 0~,', 0,', 0 .... 0~,', 
ZI00 64.385 22.857 7.261 0.034 0.227 3.571 0.757 0.193 I).672 0,,', 0,", 0,,', 0,,', 
ZI00Wa 58.035 25.4 10.05 0.03 0.248 3.56 0.67 0.42 (1.7 0 .... 0.04 0.1 0.07 
ZI00Wb 57.995 25.4 9.97 0.028 0.251 3.67 0.64 0.42 0.72 0 .... 0.04 0.1 0.07 
Z100Wc 58.081 25.3 9.98 0.033 0.251 3.61 0.67 0.43 0.022 0,,, 0.04 0.1 0.07 

(a) Same alloy that  was used in Rcf. 18. 
(b )Value  was assigned since chemical  analysis was not  awlilable.  See text fi~r fur ther  explanat ion.  

ing ra tes  a re  given in E q u a t i o n s  4(a)  and  
4(b) ,  respect ively .  

T2o = 2nKpCp(Vt/q) 2 ( T ' -  To) 3 4(a)  

T3D = 2nK(V/q) ( T ' -  To)2 4(b)  

w h e r e  7" = coo l ing  ra te  (°C/s), K = the r -  
mal  conduct iv i ty  (wat t s /cm-°C) ,  p = d e n -  
sity (gm/cm3),  Cn = specif ic  hea t  ( J /gm-  
o P' . 
C), V = weld  veloci ty  (cm/s) ,  t = thnckness 

(cm),  q = hea t  source  p o w e r  (watts) ,  T" = 
t e m p e r a t u r e  at which  the  coo l ing  ra te  is 
ca lcu la ted  (°C), and  T o = initial p la te  t em-  
p e r a t u r e  (°C). T h e  values  o f  the  var iab les  
used  in the  ca lcu la t ions  are  given in Table 
2. It shou ld  be n o t e d  c ons t an t  values  for  
the  t he rm ophys i ca l  p r o p e r t i e s  w e r e  u sed  
in spi te  o f  the  fact  the  values  will d e p e n d  
u p o n  alloy c o m p o s i t i o n  and  the  re la t ive  
a m o u n t s  o f  fe r r i te  and  aus ten i te .  Fu r the r -  
more ,  coo l ing  ra tes  w e r e  ca lcu la ted  at a 
cons t an t  t e m p e r a t u r e  ( T ' )  o f  1450°C tha t  
c o r r e s p o n d s  roughly  to t he  l iquidus  t em-  
pe ra tu r e .  T h e  ambien t ,  initial p la te  t em-  
p e r a t u r e ,  T o, was  t aken  as 25°C. Whi l e  cal- 
cu la t ing  the  coo l ing  ra te  at t he  l iqu idus  
t e m p e r a t u r e  may  be  a p p r o p r i a t e  for  de-  
scr ib ing b e h a v i o r  r e l a t ed  to sol id i f ica t ion 

cond i t ions ,  t he  coo l ing  ra te  at a lower  t em-  
p e r a t u r e  may  be  m o r e  a p p r o p r i a t e  for  de-  
scr ib ing b e h a v i o r  r e l a t ed  to t he  so l id-s ta te  
f e r r i t e - t o - aus t en i t e  t r a n s f o r m a t i o n .  H o w -  
ever ,  g iven a 2 -D o r  3 -D  c o n d i t i o n ,  t he  
rank ing  o f  coo l ing  ra tes  for  d i f f e ren t  con-  
d i t ions  will be  the  s a m e  rega rd les s  o f  the  
t e m p e r a t u r e  at which  the  cool ing  ra te  is 
eva lua ted ,  and  so o n e  t e m p e r a t u r e  for  as- 
sess ing cool ing  ra tes  (1450°C) was  used  to 
quant i fy  cool ing  ra te  e f fec ts  due  to b o t h  
sol id i f ica t ion and  so l id-s ta te  t r a n s f o r m a -  
t ion behavior .  

A p r o c e d u r e  was n e e d e d  to al low for  a 
c o n t i n u o u s  t r ans i t ion  in ca lcu la ted  cool-  
ing ra te  f rom a 2 -D to a 3-D cond i t i on  as 
the  th ickness  or  weld  cond i t i ons  changed .  
T h e  r e c o m m e n d e d  p r o c e d u r e  d e s c r i b e d  
in the  Welding Handbook (Ref .  32) uses  a 
fac tor  t ,  ca l led  the  " re la t ive  p la te  thick- 
ne s s . "  t is d e r i v e d  f r o m  t h e  c o n d i t i o n  
w h e r e  the  2 -D and  3-D cool ing  ra tes  are  
e q u a l  a n d  is d e f i n e d  as r = 
t4 (pCty(T ' -To) /q .  A c c o r d i n g  to Ref .  32, 
if t < 0.6, t h e n  the  2 -D equa t i on  is app ro -  
pr ia te ,  whi le  if "~ > 0.9, t h e n  3-D cool ing  
p reva i l s .  B e t w e e n  t h e s e  two  l imi ts ,  t h e  
coo l ing  ra te  is b e t w e e n  the  2-D and  3-D 
bounds .  A f t e r  examin ing  m a n y  weld  cross-  

sec t ions ,  it was  found  this c r i t e r ion  was no t  
op t imal .  Fo r  many  cases,  z was  found  to be  
g r e a t e r  t han  0.9, which  shou ld  c o r r e s p o n d  
to 3 -D cool ing  acco rd ing  to the  above  cri- 
t e r ion ,  and  yet  t he  weld  p e n e t r a t i o n  was 
> 90%,  indica t ing  2-D cool ing  cond i t i ons  
preva i led .  T h e r e f o r e ,  a d i f f e ren t  c r i t e r ion  
for  choos i ng  b e t w e e n  the  2-D o r  3 -D cool-  
ing ra te  e q u a t i o n s  was  used.  This  new cri- 
t e r ion  was 

i f  z < 1.5, 2-D coofing rate was used 5(a)  
i f  r > 2.0, 3-D cooling rate was used 5(b)  
i f1.5 < z < 2.0, the average of  2-D 
and 3-D cooling rate was used 5(c) 

A n  exampl e  o f  how the  ca lcu la ted  cool-  
ing ra te  var ies  as a func t ion  o f  hea t  input  
( p o w e r  + speed )  is shown  in Fig. 4. A t  low 
hea t  input ,  the  3 -D cool ing  ra te  appl ies .  
O v e r  t h e  h e a t  i n p u t  r a n g e  o f  1 to  2 
( log[hea t  input]  var ies  f rom 0 to 0.3), the  
a v e r a g e  c o o l i n g  r a t e  is u s e d ,  a n d  fo r  
h ighe r  hea t  inputs ,  t he  2 -D coo l ing  ra te  
appl ies .  A l t h o u g h  the  var ia t ion  o f  coo l ing  
ra te  wi th  hea t  inpu t  d o e s  no t  behave  m o -  
notonical ly ,  the  slightly i r regula r  b e h a v i o r  
w h e n  using the  ave rage  cool ing  ra te  can-  
no t  be  avo i ded  and  is no t  c o n s i d e r e d  to be  
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crucial. The transition from 2-D to 3-D 
cooling rates shown in Fig. 4 depends on 
the thickness that is used; as the thickness 
increases, the transition shifts to higher 
heat inputs. 

Perhaps the most serious assumption 
that was made was related to the cooling 
rates that were used for the WRC dataset. 
This dataset made up 80% of the total 
dataset and, therefore, it was essential to 
include these data when training the 
neural network in order to achieve a ro- 
bust predictive model that was valid and 
accurate over a large composition range. 
However, there were no details regarding 
the welding conditions (such as power, 
speed, thickness) that were used to gener- 
ate this dataset, and so it was impossible to 
calculate a cooling rate for this critical and 
dominant component of the entire 
dataset. In order to utilize this extensive 
dataset, a "default" cooling rate of 10°C/s 
was assigned to all the data in the WRC 
dataset. This value is reasonable since the 
WRC dataset consisted of data from arc 
welds only and was generated under "con- 
ventional" conditions, so it is unlikely that 
high weld speeds were used, or that high 
cooling rate conditions prevailed. 

There are significant sources of error 
in generating the cooling rate as an input 
variable. When the cooling rate was calcu- 
lated, errors may arise from any or all of 
the following sources: 

1) The same thermal property parame- 
ters were used regardless of alloy compo- 
sition or the relative amounts of ferrite 
and austenite. 

2) The transition from 2-D to 3-D cool- 
ing yielded a nonmonotonic variation in 
cooling rate with increasing heat input. 

3) The effect of weld composition on 
weld penetration, such as that due to vari- 
ations in the magnitude and direction of 
the Marangoni-induced fluid flow, were 
ignored. 

4) A default cooling rate was "as- 
signed" to a large portion of the data. 
However, in order to produce a model 
that can be readily used, many of these 
simplifications and assumptions were un- 
avoidable. The use of LOG(cooling rate) 
as a variable reduces the sensitivity of the 
model to cooling rate to some degree. In 
addition, as will be shown later, the 
changes in FN as a function of cooling rate 
occur over several orders of magnitude in 
cooling rate and, therefore, the accuracy 
in the cooling rate calculation is not quite 
so critical; an "order of magnitude" accu- 
racy may be acceptable. 

Procedures for Generating New Data 

New welds were made from several al- 
loys and welding conditions to supplement 
the high cooling rate data available in the 

DVH dataset. In particular, duplex stain- 
less steel compositions were examined as 
well as standard austenitic stainless steel 
compositions. A list of alloys and their 
compositions is given in Table 3. Several of 
the alloys were the same as those used in 
Ref. 18, as noted in the table. These alloys 
were in the form of 0.51-mm-thick sheet. 
New composition analyses were used to 
include many of the elements needed in 
the neural network model. Additional al- 
loys were in the form of plate or weld pads. 
The weld pads are denoted with a "W" in 
the alloy designation in Table 3. For many 
elemental concentrations, chemical analy- 
sis data were not available so minimum 
default values appropriate for the neural 
network were used. A detailed explana- 
tion of the minimum default values is 
given in Ref. 13. These concentrations are 
also marked in the table. One exception 
was for the nitrogen content in Alloy 2507 
(plate). For this material, no nitrogen 
analysis was available, but assignment of a 
minimum concentration of 0.01 was inap- 
propriate since the alloy specification re- 
quires a significant nitrogen level. There- 
fore, a nominal value of 0.28 was used, 
which is between the alloy specification 
limits of 0.24 and 0.32. Assigning such a 
value, rather than 0.01, was supported by 
the fact the 2507 weld pad had a nitrogen 
content of 0.215. 

Autogenous GTA and pulsed Nd:YAG 
laser beam welds were made on the alloys 
listed in Table 3 for a range of power lev- 
els and welding speeds to generate the 
data used to supplement the WRC and 
DVH datasets. The preferred method for 
assessing the ferrite content was by mea- 
suring the FN using a Fischer Feritscope. 
This was possible for the thick plate mate- 
rial and weld pads. When the autogenous 
welds were narrow (high-speed arc welds 
or laser welds), multiple passes were made 
side by side to obtain a wider weld region 
that could be analyzed with the Fer- 
itscope. For the sheet material, measuring 
the FN directly was inappropriate since 
the sheet was too thin. Therefore, vol-% 
ferrite was determined and these values 
were converted to FN using Equation 3. 

Cooling rates were calculated using the 
procedure described earlier. For the case 
of pulsed Nd:YAG laser beam welds, an 
additional term for the absorptivity/effi- 
ciency was needed when specifying the 
power levels. A value of 20% was used, the 
same value that was used in Ref. 18. 

Network Development  

In the present analysis, a feed-forward 
network with a back-propagation opti- 
mization scheme was utilized (Ref. 26). A 
commercial software package (Neural- 
Works Professional II/PLUS) was used for 

the neural network development (Ref. 
34). At the onset, a determination was re- 
quired as to whether to use the FNN-1999 
composition-only neural network model 
as a starting point for the new model that 
includes cooling rate or to develop a new 
network from scratch. In addition, regard- 
less of the starting point, an analysis of the 
optimum network architecture, i.e., the 
optimum number of hidden nodes, was re- 
quired. These two issues were addressed 
by performing a series of preliminary 
analyses using a combination of the WRC 
dataset and the DVH dataset. The proce- 
dure was the same as that described in de- 
tail in Ref. 13. For the case where the 
FNN-1999 model was used as the starting 
point, architectures with six or more hid- 
den nodes were considered (FNN-1999 
had six hidden nodes). For the case of a 
"from scratch" network, architectures 
with one or more hidden nodes were ex- 
amined. It was determined that develop- 
ing the new network with the FNN-1999 as 
a starting point did not result in greater ac- 
curacies or computational efficiencies. 
Therefore, the new cooling-rate inclusive 
network was developed from scratch. Fur- 
thermore, it was found that all networks 
with six or more hidden nodes had com- 
parable prediction accuracies so the sim- 
plest, six-node architecture was adapted. 

The final network was developed by 
using all the available data (WRC + DVH 
+ NEW datasets) for training and it is 
shown schematically in Fig. 5. The parame- 
ters for the network are given in Part 2 (Ref. 
24) Four hundred different networks were 
calculated, using 200 different random seed 
numbers that define the starting weights 
and the order in which the data are exam- 
ined during training, and two different ran- 
dom arrangements of the data. As men- 
tioned earlier, from a practical point of 
view, a unique "best" network is never de- 
rived. Instead, the best network among the 
400 networks that were trained was chosen. 
A measure of the accuracy with which the 
network fits the training dataset is given by 
the root mean square (RMS) error between 
the predicted (Pred) value and the experi- 
mental (Exp) value. 3 The lowest RMS, cor- 
responding to the best of the 400 trial net- 
works, was 4.70. Many of the 400 trial 
networks had comparable RMS errors. 
Four other networks had RMS values 
within 2% of the minimum, and the average 
RMS of all 400 networks was only 13% 
higher than the lowest value of 4.70. Thus, 
although the training process did not pro- 
duce a unique final neural network, many of 
the networks that were calculated were of 
comparable accuracy. "Committees" with 
up to 15 of the best networks were also eval- 
uated, where the average of the predictions 

3. RMS='J(Y~(ExpFN-Pred FN) 2)/1196 
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of the networks in the commit tee  was used. 
However, the commit tee  predictions were 
only marginally bet ter  than the predictions 
f rom the single best  ne twork  and  so the  
simpler,  single ne twork model  was used. 
The  predic t ion  accuracy of  the  network,  
evaluated by several means, as well as sam- 
ple resul ts  and  compar i sons  with o the r  
models, are detailed in Part 2 (Ref. 24). 

Summary and Conclusions 

A n e u r a l  ne twork  m o d e l  was devel-  
oped  for predict ing Ferr i te  N u m b e r  (FN) 
in s ta inless  s teel  welds as a func t ion  of 
cool ing ra te  and  composi t ion .  This  new 
model,  called O R F N  (Oak Ridge Ferr i te  
Number ) ,  allows, for the first time, for the 
predict ion of FN as a funct ion of compo-  
sit ion and weld process  condi t ions  (weld 
speed,  welding power,  mater ia l  thickness)  
for  b o t h  c o n v e n t i o n a l  arc weld ing  and  
more  rapid cooling rate  processes such as 
laser b e a m  welding. A large datase t  con- 
sisting of  previously publ ished data  as well 
as newly genera ted  data  was used to de- 
velop the model .  

Procedures  were identif ied to conver t  
vol-% ferri te measu remen t s  to FN and to 
ca lcu la te  cool ing  ra tes  as a func t ion  of  
welding condi t ions  for bo th  2-D and 3-D 
cooling condit ions.  The  op t imum network 
a rch i t ec tu re  was found  to consis t  of  six 
h idden  nodes.  The  model  is evaluated in 
te rms of its accuracy and  its predictabil i ty 
in Part  2 (Ref. 24). 
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