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Optimization of Shielded Metal Arc Weld 
Metal Composition for Charpy Toughness 

Artificial neural network models can help formulate consumables 

BY M. MURUGANANTH, S. S. BABU, AND S. A. DAVID 

ABSTRACT. Artificial neural network 
models that predict the Charpy-impact 
toughness values as a function of compo- 
sition, heat treatment, and shielded metal 
arc welding process parameters were cou- 
pled with multipurpose optimization soft- 
ware. This coupled model was used to op- 
timize the carbon, nickel, and manganese 
concentrations in a weld to achieve a max- 
imum toughness of 120 J at -60°C. The 
coupled model used linear and nonlinear 
techniques to explore the possible combi- 
nations of carbon, manganese, and nickel 
concentrations for a given set of welding 
process parameters .  An opt imum weld 
metal composition was achieved only with 
nonlinear methods. The number of itera- 
tions and the exploration of input para- 
meter space varied depending upon the 
type of nonlinear technique. The pre- 
dicted weld metal composit ion was in 
agreement with published results. 

Introduction 

The development  of a new welding 
consumable for a weldment  with good 
properties is often difficult due to complex 
interaction between alloying elements,  
welding process, process parameters, and 
the testing conditions. Among this wide 
range of variables, it is not possible to vary 
one variable without influencing the effect 
caused by the other. For example, Evans 
showed that, for a given shielded metal arc 
welding process and process parameters, 
increasing the ti tanium concentrat ion 
from 7 to 30 parts per million (ppmw) led 
to a large increase in the toughness of Fe- 
C-Mn-based welds (Ref. 1). Though the 
concentration of titanium was varied, it in- 
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fluenced the effect of oxygen in the weld. 
In a similar manner, increasing nickel con- 
centration in high-manganese ( - 2  wt-%) 
steel welds did not improve the toughness 
of the weld as would be expected other- 
wise. This phenomenon was explained 
with an increase in hardenability effect, 
i.e., increased nickel and manganese con- 
centration led to the formation of marten- 
site (Ref. 2). The above example illus- 
t rated the need for extensive trial and 
error experimentation guided by metal- 
lurgical principles. In the last three 
decades, extensive research has been done 
on welding consumable design and there 
exists a large set of experimental data re- 
lating the process, composition, and prop- 
erties (Refs. 3-6). However, these welding 
consumable designs are not guaranteed to 
be the optimum, since it is not practical to 
explore all combinations of compositional 
and process variations due to the cost and 
time limitations. 

To arrive at an optimum composition 
and process parameters, an alternative ap- 
proach is to use computat ional  models 
that have been well tested and validated 
with already existing experimental data. 
Computat ional  models relate the input 
parameters  (e.g., voltage, current, weld 
metal composition, etc.) to the output pa- 
rameters  (strength, toughness, mi- 
crostructure, etc.). These models can be 
empirical,  phenomenological ,  or inte- 
grated models (may include empirical and 
phenomenological  models).  Empirical  
models are ei ther  based on analytical 
functions or artificial neural network 
models that have been fitted or trained, 
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respectively, on already existing data. The 
empirical models in general have limited 
extendibility to the range of input data 
used in the development stage. The phe- 
nomenological models are based on well- 
established principles or equations that 
describe particular phenomena. Many pa- 
rameters used in the development of these 
models are derived from experimental in- 
formation. The integrated models can 
couple many such models to relate the 
complex interactions between different 
phenomena.  By interrogat ion of these 
computat ional  models over the wide 
range of compositional and process para- 
meters, it is possible to arrive at optimum 
composition by repeated calculations. 

Optimization of welding using compu- 
tational models must consider two main 
issues. First, the models cannot be applic- 
able to overall input space due to its limi- 
tation on applicability. This can be solved 
by limiting the scope of the input data used 
in the calculations. Second, even with lim- 
ited scope of input variables, this ap- 
proach may sometimes lead to insolvabil- 
ity conditions, depending on the input 
parameters space that needs to be consid- 
ered for optimization. For example, in a 
case where n input parameters are varied 
over a range of m values independently, 
the number of combinations that need to 
be evaluated by this forward modeling 
would amount tom n. In a steel weld metal, 
if the concentrations of nickel, silicon, and 
manganese are allowed to vary between 0 
and 10 wt-% with increments of 0.1, then 
the number of combinations to find the 
optimum will be 106 . The 106 evaluations 
can be easily performed for a simple 
model that requires resources of only a 
small desktop computer. For example, if a 
model takes 0.01 s for one calculation, it 
will take only 2.78 h. If the model takes 8 
h to run a particular case, it will take 913 
years! This problem of insolvability can be 
removed by extending the recent advances 
in optimization methodologies. The cur- 
rent paper pertains to the evaluation of 
optimization software toward weld design 
optimization. 
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Fig. 1 - -  In this figure, each vertex corresponds to each dimension 
and the normalized value o f  minimum and maximum in each di- 
mension correspond to size o f  these vertices. A - -  Simplex at the be- 
ginning o f  the step, here a tetrahedron. The simplex at the end o f  the 
step can be: B - -  a reflection away from high point (where the ob- 
jective function is largest); C - -  a reflection and expansion away 
from high point; D - -  a contraction along one dimension from the 
high point; E - -  a contraction along all dimensions toward the low 
point. An appropriate sequence o f  such steps will always converge 
to a minimum of  the objective function (Ref 9). 
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Fig. 2 - -  Flowchart showing the optimization procedure. 

Optimization 
Methodologies 

Optimization techniques 
can be broadly classified 
under  linear and nonlinear  
programming methods. The 
linear programming methods 
can be used to determine the 
optimum when the variables 
are linearly related to the ob- 
jective function and the con- 
straints. An example is the re- 
lation between c/a ratio in a 
body-centered tetragonal 
structure of martensite and 
carbon concentration. But 
such ideal relations do not 
exist in the relation between 
alloying elements and me- 

chanical properties. Under such complex 
relations between input and output para- 
meters, the nonlinear programming meth- 
ods, including sequential quadratic pro- 
gramming (SQP), downhill simplex 
methods, and genetic algorithms are com- 
monly used (Ref. 7). Some of these non- 
linear methods are briefly explained 
below. 

In SQP, the objective function assumes 
a quadratic relationship with the variables 
(design) and parameters. Sequential qua- 
dratic programming can be used for both 
constrained and unconstrained optimiza- 
tion problems. A constrained optimiza- 
tion involves specification of constraints. 
In SQP, search for an optimum is made by 
finding a solution to a quadratic subprob- 
lem at each iteration. This method is used 
for problems with a smooth objective 
function. 

Downhill simplex methods can be il- 
lustrated based on a geometric figure in N 

Table 1 -- Input Variables Used to Train the Models for Establishing a Network of Composition, 
Heat Treatment, and Welding Parameters with Toughness (PWHT is Postweld Heat Treatment) 
(All elements in wt-% unless otherwise specified) 

Input Variables Minimum Maximum Mean Std. Dev. 

Carbon 0.02 0.19 0.07 0.021 
Silicon 0.01 1.63 0.4 0.13 
Manganese 0.23 2.31 1.2 0.42 
Sulphur 0.002 0.14 0.0078 0.008 
Phosphorus 0.003 0.25 0.01 0.014 
Nickel 0 9.4 0.6 1.6 
Chromium 0 11.78 0.5 1.4 
Molybdenum 0 1.54 0.2 0.34 
Vanadium 0 0.53 0.01 0.045 
Copper 0 2.18 0.06 0.22 
Cobalt 0 0.016 0.0007 0.0027 
Tungsten 0 3.8 0.008 0.2 
Oxygen (ppmw) 63 1535 406.2 112.3 
Titanium (ppmw) 0 770 100.03 135.4 
Nitrogen (ppmw) 21 1000 98.3 67.8 
Boron (ppmw) 0 200 13.8 34.3 
Niobium 0 1770 39.3 136.8 
Heat input (kJ mm ~) 0.6 6.6 1.19 0.7 
Interpass temperature (°C) 20 350 200.19 31.23 
PWHT temperature (°C) 20 760 185.36 257.24 
PWHT time (h) 0 100 2.7 6.13 
Test temperature (°C) -196 136 -44.25 36.13 

dimensions, consisting ofN + 1 points (or 
vertices) and all their interconnecting line 
segments, polygonal faces, etc. Here, the 
notation N corresponds to the number of 
dimensions, which is related to the num- 
ber of input parameters. In two dimen- 
sions, a simplex is a triangle. In three di- 
mensions, it is a tetrahedron - -  not 
necessarily a regular tetrahedron. The 
downhill simplex method takes a series of 
steps, most steps just moving the point of 
the simplex where the objective function is 
largest through the opposite face of the 
simplex to a lower point (where the objec- 
tive function becomes the minimum). 
These steps are called reflections, and 
they are constructed to conserve the vol- 
ume of the simplex. The method also ex- 
pands the simplex in one or another di- 
rection to take larger steps to expedite the 
speed of convergence. Conversely, the 
method also shrinks the simplex in all di- 
rections, allowing it to settle in a mini- 
mum. These are called contractions. This 
method is said to have the highest proba- 

I,'.[,'I:!$:'] OCTOBER 2004 



0.45 

04 I { '  

o.ls ' / , 
°°:t .  

0 1000 2OO0 ~0 4OO0 

Iterzt k}ns 

i=t :, ,: u l  

0.5 

o ~" -i,dl,3 'J li 
0 1000 2OOO 3000 4000 5OOO 

ki~ral~or~ 

1000 ~0  3000 4OOO 50OO 

Iklratio~s 

Iliil'Ii l!tr 
0 1000 ~00  3000 4000 5000 

I~rallon$ 

0,4 • 

o,a ! 

O.25 

1760 1780 1800 1620 1840 
Ilermlon$ 

- , ,~ ',~ 

l I.t  ....... 
1760 1780 1800 1820 1840 

, , 

1ToO 1780 18C~ I~0  1840 
I terates 

°° 1 
2O 

1 0  

O I . , , 

1 7 f ~  1780 1800 18~0 1840 

l#mratlons 

Fig. 3 - -  The sequential quadratic programming method succeeds in find- 
ing the optimum. Plots on right column are presented for clarity, focusing 
the region where the optimum was first found. 
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Fig. 4 - -  Downhill simplex finds the optimum in only 67 iterations, unlike 
any o f  the other methods. Plots on right column are presented for  clarity, 
focusing the region where the optimum was first found. 

bility o f  f ind ing  the  global  m i n i m u m  w h e n  
it is s t a r t ed  wi th  initial big s t eps  (Ref .  8). 
F igure  1 shows  re f lec t ions ,  con t rac t ions ,  
and  expans ions  in a c lear  m a n n e r  (Refs .  
7-9) .  

G e n e t i c  a lgo r i t hms  use m u t a t i o n  o r  re-  
c o m b i n a t i o n  a n d  s e l e c t i o n  to  m i n i m i z e  
the  objec t ive  func t ion .  In  this a lgor i thm,  a 
po in t  is c h o s e n  in the  des ign  space ,  and  a 
lot  o f  p o i n t s  a r e  g e n e r a t e d  a r o u n d  this  
po in t .  Th i s  p r o c e s s  is ca l l ed  m u t a t i o n .  
Now,  the  bes t  o f  all the  po in t s  is se lec ted .  
In  r e c o m b i n a t i o n ,  a r a n d o m  n u m b e r  o f  
p o i n t s  e x c h a n g e  va lues .  R e c o m b i n a t i o n  
and  m u t a t i o n  are  u sed  in such  a way so as 
to allow po in t s  to  m o v e  t oward  a d i r ec t ion  
o f  ob jec t ive  f u n c t i o n  m in imiza t i on .  G e -  
n e t i c  a l g o r i t h m s  c o n v e r g e  rap id ly ,  b u t  
have t roub le  conve rg ing  to t he  exact  solu-  
t ion (Ref .  7). 

A hybr id  or  local  o p t i m i z e r  uses  e i t he r  
o f  t he  a b o v e - d e s c r i b e d  o p t i m i z e r s  in an 
a l t e r n a t i n g  m a n n e r ,  a c c o r d i n g  to  t h e  
n e e d .  Fo r  e x a m p l e ,  to c o n v e r g e  fas t  to- 
w a r d  the  g loba l  m i n i m u m ,  the  downhi l l  
s implex  m e t h o d  may  be  used  as a s tart ,  bu t  
w h e n  it c o m e s  to  de a l i ng  wi th  c o m p l e x  
t o p o g r a p h i e s ,  g e n e t i c  o p t i m i z e r s  do  the  

Table 2 - -  Parameters  and Design Variables  Used at the Start of  Opt imizat ion  

Element Base value Minimum Maximum 

Carbon (wt-%) 0.0 0 0.4 
Silicon (wt-%) 0.65 - -  - -  
Manganese (wt-%) 0.0 0 5 
Sulphur (wt-%) 0.006 - -  - -  
Phosphorus (wt-%) 0.013 - -  - -  
Nickel (wt-%) 0.0 0 10 
Chromium (wt-%) 0.21 - -  - -  
Molybdenum (wt-%) 0.4 - -  - -  
Vanadium (wt-%) 0.011 - -  - -  
Copper (wt-%) 0.03 - -  - -  
Cobalt (wt-%) 0.009 - -  - -  
Tungsten (wt-%) 0.005 - -  - -  
Oxygen (ppmw) 380 - -  - -  
Titanium (ppmw) 80 - -  - -  
Nitrogen (ppmw) 180 - -  - -  
Boron (ppmw) 1 - -  - -  
Niobium (ppmw) 10 - -  - -  
Heat input (kJ mm") 1 - -  - -  
Interpass temperature (°C) 250 - -  - -  
PWHT temperature (°C) 250 - -  - -  
PWHT time (h) 16 - -  - -  
Test temperature (°C) -60 - -  - -  
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Fig. 5 - -  Genetic optimizers found the optimum after 323 iterations. Plots 
on right column are presented for clarity, focusing the region where the op- 
timum was first found. 

Fig. 6 - -  Hybrid optimizers succeeded in finding the optimum after 1600 it- 
erations. Plots on right column are presented for clarity, focusing the region 
where the optimum was first found. 

best. Hence, such an alternative imple- 
mentation of optimizers is chosen by the 
pointer technology used in the 
hybrid/local optimizers. How this ran- 
domness is chosen by the local/hybrid op- 
timizer is not presented here, due to pro- 
prietary reasons. 

In this paper, we evaluated the above 
optimization methodologies to arrive at 
optimum weld composition by coupling 
an optimization software with a neural 
network model that relates the composi- 
tion, welding process parameters, heat 
treatment, and Charpy toughness. 

Optimization Calculations 

The first step in the optimization for 
weld deposit composition is the selection 
of a computer model that relates the 
composition, welding process parame- 
ters, heat treatment, and Charpy tough- 
ness. In this research, we adopted a re- 
cently developed artificial neural network 
(ANN) model for Charpy toughness of 
steel welds (Refs. 2, 10). Artificial neural 
networking is an empirical modeling tech- 

nique. It uses nonlinear regression in 
combination with a probabilistic ap- 
proach to create a network between input 
variables and the output variable. Applic- 
ability of these models for prediction is 
mainly governed by the region covered by 
the input data on which they are trained, 
and the scatter in data. Within the regions 
covered by the input variables during 
training, the accuracy of the prediction 
becomes higher. A model was developed 
using this technique on a dataset consist- 
ing of 4000 data lines comprising compo- 
sition, welding process parameters, 
Charpy test temperature, and preweld 
and postweld heat treatments. The range 
of the input variables gives an approxi- 
mate representation of the model applic- 
ability (Table 1). It is important to note 
that welding process parameters are 
lumped into one parameter, i.e., heat 
input in this model. For information 
about the scatter in data, readers are re- 
ferred to Ref. 2 (http://www.msm. 
cam.ac.uk/phase-trans/2OO2/ananth, thesis. 
pdf)  and Ref. 10. The data used in the 
neural net simulation contain a wide 

range of elemental concentrations and 
are significant even with nickel concen- 
trations in the range of 6 to 10 wt-%. The 
benefits of using the Bayesian neural net- 
work used in this paper are also discussed 
in Ref. 10. It is important to note that this 
ANN model is also capable of describing 
the uncertainty in the predictions. 

In the second step, the above- 
mentioned ANN model was coupled with 
a commercial software package, Epogy 
(by Synaps Inc.), which is capable of per- 
forming both linear and nonlinear opti- 
mization (Ref. 7). This module was devel- 
oped and evaluated on a Redhat Linux 
v9.0 computer. The steps involved in the 
calculations are schematically illustrated 
in Fig. 2. At the start of optimization, an 
initial set of input variables is chosen by 
the user. Moreover, the variables that 
need to be varied (defined as design vari- 
ables) and the variables that have to be 
kept constant (defined as parameters) are 
identified. The optimizer then interro- 
gates the ANN model to evaluate the 
toughness for the initial set of input data. 
Then, the difference between the target 
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Fig. 7 - -  Comparison of Charpy toughness predicted using artificial neural 
network models and measured Charpy toughness values. 

and the current calculation is evaluated 
for meeting the required criteria. On not 
meeting the criteria, the optimizer algo- 
rithm decides the direction in which the 
design variables need to be varied. Subse- 
quently the whole process is repeated. On 
meeting the criteria, the module stops the 
optimization. If, after a large number of it- 
erations, there is no improvement in the 
calculated value, then the module reports 
the highest possible toughness attainable 
for the given set of design variables and 
constraints. 

In the first set of evaluations (Test A), 
the optimization techniques were tested 
for finding an optimum composition by 
considering nickel, manganese, and car- 
bon concentrations as design variables. 
The constant parameter values are shown 
in Table 2. These parameters  were se- 
lected based on earlier experimental re- 
search performed on similar welds (Refs. 
2, 10). Therefore, Test A is aimed at eval- 
uating the robustness of different opti- 
mization techniques. In the second set of 
evaluations (Test B), the design variables 
were increased from 3 to 13. The design 
variables included B, C, Cr, Cu, Mn, Mo, 
N, Nb, Ni, Si, Ti, V, and W. The criterion 
for optimization was set as attaining a 
Charpy toughness of 120 and 200 J at 
-60°C for Test A and Test B, respectively. 

R e s u l t s  

Linear programming methods (de- 
scribed under the heading "Optimization 
Methodologies") failed to find an opti- 
mum in Charpy toughness. The linear 
methods increased the carbon and nickel 
concentrations but did not explore any 
other regions of input space. Hence, there 
was no possibility of finding the optimum 
using this method. This supports the ear- 
lier notion that Charpy toughness is not 

related to the input 
variables in a l inear 
fashion. 

The next four para- 
graphs present the re- 
suits obtained from 
nonlinear optimiza- 
tion techniques. Fig- 
ures 3-6 associated 
with these discussions 
are presented in a two- 
column format. Fig- 
ures on the left column 
give an idea about the 
trend that each opti- 
mizer under considerat ion followed 
throughout the optimization run. Figures 
on the right column focus the iterations 
when the optimizer first reached the opti- 
mum value. 

In the first part of the simulation, the 
SQP method increased the carbon con- 
centration to - 0 . 4  wt-% (see Fig. 3) and 
explored the manganese and nickel con- 
centration variations. In the next part, the 
carbon content was reduced to -0 .05  
wt-% and the nickel concentrations were 
increased above 6 wt-%. The result shows 
that the SQP method clearly identified 
that the maximum rate of increase in 
toughness would be achieved by an in- 
crease in nickel content.  Immediately 
after this step, around 1836 iterations, the 
SQP method reached the optimum com- 
position for the first time. Interestingly, 
the SQP method explored only until 2.5 
wt-% Mn, whereas the region of input 
space defined for manganese was from 0 
to 5 wt-%. With further iterations, carbon, 
nickel, and manganese concentrations os- 
cillated around this optimum composition 
before the termination of the optimization 
exercise. 

Downhill simplex methods adapted a 
different strategy by varying carbon, man- 
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ganese, and nickel concentrations simul- 
taneously. Carbon was varied between 0 
and 0.06 wt-%, manganese between 0 and 
0.5 wt-%, and nickel between 6.2 and 8.3 
wt-% - -  Fig. 4. The plots also show that 
the downhill simplex method identified 
the importance of increasing the nickel 
concentration within 20 iterations. Simi- 
larly, the importance of reducing the Mn 
levels to very low levels was also identified. 
The optimum composition was reached in 
67 iterations for the first time. With fur- 
ther iterations until 5000, the downhill 
simplex method explored variations of 
carbon and manganese. Nevertheless, the 
downhill simplex method explored only 
until 0.2 wt-% for carbon and 2.7 wt-% for 
manganese, and did not explore near the 
maximum value specified in the design 
variable range. 

Genetic optimizers adapted a step-by- 
step process in which, during the first 200 it- 
erations, carbon concentration was kept at 
0 wt-%, while nickel was increased gradu- 
ally by varying manganese concentrations 
- -  Fig. 5. After a certain concentration of 
nickel, the carbon contents were also in- 
creased. The optimum composition was 
reached in 323 iterations for the first time. 
It is interesting to note that the shape of 
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Fig. 9 - -  Plots showing the exploration done by local~hybrid optimizer for 
Mn, Mo, N, and Nb. 

Fig. 10 - -  Plots showing the exploration done by local~hybrid optimizer for 
Ni, Si, Ti, and F.. 

variation of manganese and nickel concen- 
tration with the number of iterations before 
reaching the optimum value appears similar 
to that of the downhill simplex method. In 
other words, initially the manganese and 
nickel were increased, and then the man- 
ganese was reduced while increasing the 
nickel content. The only difference is that 
the genetic algorithm was slower in reach- 
ing the higher nickel and lower manganese 
concentrations that are closer to the opti- 
mum level. After reaching the optimum 
composition, the genetic optimizer ex- 
plored the major part of the input space. 
This is in contrast to previous methods. Sim- 
ilar to other methods, the genetic optimiz- 
ers did not explore very high carbon con- 
centrations. 

The next set of calculations considered 
an optimizer based on the local or hybrid 
methodology, and the results are shown in 
Fig. 6. It is interesting to note that in this 
methodology, the first part of optimiza- 
tion led to increased carbon concentra- 
tion close to 0.4 wt-%, the maximum value 
defined in the input range, during the first 
1500 iterations. Subsequently, the opti- 
mizer briefly reduced the carbon to 0.2 
wt-% and explored at higher manganese 

and lower nickel contents. At this stage, 
the optimizer reached a plateau with no 
improved prediction of toughness. With 
further iterations, in the third part of the 
calculations, the optimizer correctly 
found the importance of reducing the car- 
bon to the next level in the range of 0.05 
wt-%. At this stage, the optimum compo- 
sition was reached with increased nickel 
concentration after 1600 iterations. Al- 
though, the hybrid optimizer was slow, 
the methodology explored all of the input 
regions defined for all the three variables. 
This allows for testing the hypothesis that 
the final optimized composition (pre- 
sented in the next paragraph) is the global 
optimum. 

The performances of all optimization 
methods in Test A are compared in Table 
3. It is reassuring to note that all the opti- 
mizers gave one optimized composition 
after the completion of Test A. However, 
the predicted toughness for this optimum 
composition was 87 +_ 20 J. Therefore, the 
optimized value did not meet the required 
criteria of 120 J at -60°C. Nevertheless, 
the optimum composition was used to pre- 
dict the variation of toughness with tem- 
perature using the ANN model. The opti- 

mization for the three variables C, Mn, 
and Ni compared well with that of the ex- 
perimental results (Ref. 2). The experi- 
mental optimum weld composition was Fe 
-0.025 C -0.65 Mn -6.6 Ni -0.65 Si -0.038 O 
-0.018 N -0.013 P -0.006 S -0.03 Cu -0.008 
Ti (wt-%) and the corresponding mea- 
sured toughness of 101 J at -60°C is very 
similar to the predicted optimum weld 
composition. The predicted optimum 
weld composition was further compared 
with experimental measurements by pre- 
dicting the variation of toughness with 
temperature - -  Fig. 7. The comparison 
shows fair agreement with the currently 
attained optimum composition and 
proves the power of this coupled ANN-op- 
timization model. 

In Test B, the effect of considering a 
wide range of design variables was ex- 
plored with a hybrid optimizer. The opti- 
mum composition was arrived after 930 it- 
erations (see Figs. 8-11). Figures 8-11 
illustrate the trend with which the hybrid 
optimizer varied alloying elements. In 
Table 4, Test B gives the optimum compo- 
sition obtained in this analysis. It can be 
seen that the optimizer has reduced Mn, 
Cr, Mo, W, B, and Nb to zero - -  on the 
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other hand, increasing the contents of Ti 
and N to very high levels of 202.5 and 
222.4 ppmw, respectively. However, there 
are no experimental data with such high 
levels of Ti, N, and Ni. Possible reasons 
for selection of this weld composition will 
be discussed in the next section. 

Discussion 

In the three-variable optimizat ion 
case, downhill simplex and genetic opti- 
mizers follow a trend that can be inter- 
preted using metallurgical principles, un- 
like SQP and hybrid optimizers. 

Before reaching the optimum compo- 
sition after 67 i terations with downhill 
simplex, there is a slow increase in carbon 
and manganese concentrations at lower 
nickel contents. Increase in carbon and 
manganese concentration improves the 
toughness by increasing the amount of 
acicular ferrite in the microstructure.  
However, as the concentration of nickel is 
raised above 7 wt-%, the hardenability is 
high enough to result in a martensitic mi- 
crostructure (Ref. 2). Hence, above this 
critical concentration of nickel, any in- 
crease in manganese or carbon concen- 
tration leads to an even harder marten- 
site, thus reducing toughness; whereas a 
nickel martensite at low carbon contents 
is expected to be tougher (Refs. 2, 10). 
Thus, the optimum composition has low 
carbon and zero manganese with high 
nickel concentration. 

Due to innate characteristics like re- 
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Fig. 11 - -  Plots showing the exploration done by local~hybrid optimizer for W. Also shown is the corre- 
sponding toughness at each iteration, where the alloying elements were varied. 

flection and contraction,  the downhill 
simplex methods have explored regions 
even at higher nickel contents (near the 
defined maximum value minus 10 wt-%) 
than the optimum nickel concentration; 
whereas genetic optimizers have gradu- 
ally increased the nickel concentration to 
the optimum level, after which they have 
not explored. This can be attributed to the 

restrictions imposed on the step sizes, 
which are relatively smaller and constant 
in genetic methods compared to the 
downhill simplex methods (Ref. 7). 

All the optimizers arrived at the same 
optimum composition in the case studied 
in Test A. Thus, it is appropriate to con- 
sider this composition as the global opti- 
mum. Under  this specific case, downhill 

Table 3 - -  Comparison of Different Optimizers in Test A, for Successfully Finding Optimum Composition and the Number of Iterations Made before 
Finding the Optimum (The region of input space explored by the optimizer is also presented. Note that while comparing the performance of each op- 
timizer based on the number of iterations, the starting point for all the optimization runs need to be the same) 

Optimizer Success Number of iterations Region of input space Optimized values 
or failure before arriving at optimum explored by the optimizer (wt-%) 

looking for an optimum 
(This decides the chance for 

getting into a local optimum) 

Linear Failed 

SQP Success 1836 

Downhill simplex Success 67 

Genetic Success 323 

Local/hybrid Success 1600 

C (0-0.4) 0.034 
Mn (0-2.46) 0 

Ni (0-10) 7.6 

C (0-0.2) 0.034 
Mn (0-2.72) 0 

Ni (0-10) 7.6 

C (0-0.32) 0.034 
Mn (0-5) 0 
Ni (0-10) 7.6 

C (0-0.4) 0.034 
Mn (0-5) 0 
Ni (0-10) 7.6 
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Table 4 - -  Parameters  and Design Variables Used at the Start of  Optimizat ion 

Element Base value Minimum Maximum 

Carbon (wt-%) 0.0 0.02 0.5 
Silicon (wt-%) 0.0 0.3 0.7 
Manganese (wt-%) 0.0 0.0 5 
Sulphur (wt-%) 0.006 - -  - -  
Phosphorus (wt-%) 0.013 - -  - -  
Nickel (wt-%) 0.0 0.0 10 
Chromium (wt-%) 0.0 0.0 0.5 
Molybdenum (wt-%) 0.4 0.0 0.5 
Vanadium (wt-%) 0.0 0.01 0.5 
Copper (wt-%) 0.0 0.0 0.5 
Cobalt (wt-%) 0.009 - -  - -  
Tungsten (wt-%) 0.0 0.0 0.5 
Oxygen (ppmw) 380 - -  - -  
Titanium (ppmw) 0.0 0.0 500 
Nitrogen (ppmw) 0.0 0.0 500 
Boron (ppmw) 0.0 0.0 500 
Niobium (ppmw) 0.0 0.0 500 
Heat input (kJ mm-') 1 - -  - -  
Interpass temperature (°C) 250 - -  - -  
PWHT temperature (°C) 250 - -  - -  
PWHT time (h) 16 - -  - -  
Test temperature (°C) -60 - -  - -  

simplex can be ranked the best as it ar- 
rived at the global optimum in only 67 
iterations. 

As already discussed in the previous 
section, since the use of individual opti- 
mizers did  not cover all of the input space 
(Test B), the hybrid optimizer was used in 
optimizing 13 variables. The hybrid opti- 
mizers .first reached the opt imum after 
1600 iterations for a three-variable case. 
With the increase in the number of design 
variables, it is expected that the number of 
iterations to arrive at the optimum would 
also increase. Whereas, in the present case 
where 13 variables were optimized, the hy- 
brid optimizer reached the optimum in 
only 930 iterations as compared to 1600 it- 
erations for the three-variable case. This is 
due to the randomness involved in the hy- 
brid optimizer in selecting a particular op- 
timization algorithm for a given kind of 
problem (Ref. 7). 

The level of uncertainty predicted by 
ANN in Test A was 20 J and in Test B was 
70 J. As mentioned earlier, the uncertainty 
is related to the training data used by the 
ANN model developed and is predicted 
using the methodology described in Refs. 
2 and 10. Careful analyses showed that the 
input data do not contain any weld com- 
positions with very low carbon (< 0.02 wt- 
%) and very high titanium (> 120 ppmw) 
and high nitrogen (> 190 ppmw). It is im- 
portant to note that the optimum compo- 
sition in Test B contains 0.02 wt-% carbon, 
202 ppmw titanium, and 222 ppmw nitro- 
gen. Since this prediction is beyond the 
scope of the training data, one would ex- 

pect a high uncertainty in the ANN model 
predictions.  In agreement,  the ANN 
model correctly predicted that the uncer- 
tainty in the calculated toughness was 70 
J. In contrast, the optimum composition 
predicted by Test A was within the scope 
of the input space of the ANN model; as a 
result, the ANN model predicted a lower 
uncertainty of toughness prediction: 20 J. 

Further, the optimization analysis re- 
sulted in a zero concentration of Mn, Cr, 
Mo, W, B, and Nb; whereas C, V, and Si as- 
sumed the minimum concentration in the 
allowed concentration range, unlike Cu, 
whose concentrat ion was raised to the 
maximum with Ni, Ti, and N assuming an 
optimized value. From toughness point of 
view, it is very sensible that elements like 
C, Mn, Cr, and B that increase the hard- 
enability should be kept at low concentra- 
tions. Raiter et al. have analyzed the effect 
of molybdenum on carbon manganese 
steels and have concluded that molybde- 
num decreases the ductile-brittle transi- 
tion temperature (Ref. 12). However, this 
need not be true in the case of higher 
nickel welds. In the microstructure of car- 
bon-manganese welds that consists of aci- 
cular ferrite, molybdenum is known to in- 
crease acicular ferrite microstructure in 
the reheated regions leading to an in- 
crease in the toughness (Ref. 12). Molyb- 
denum also increases the hardenability of 
the alloy. But there is no account in liter- 
ature about the molybdenum effect on 
welds containing martensite, as is the case 
with high-nickel welds. 

Similarly, t i tanium increases the 

amount of acicular ferrite in carbon- 
manganese steels, thus improving the 
toughness (Refs. 1, 3-5). Higher titanium 
contents in combination with higher 
nickel levels cannot have the same effect 
in titanium on formation of acicular fer- 
rite. Instead, it should have some compli- 
cated role in improving the toughness of a 
martensitic microstructure. 

Increased silicon concentration may 
affect the inclusion content and mi- 
crostructure evolution in a complex way. 
Evans (Ref. 13) has shown that silicon ad- 
dition may decrease the oxygen pickup in 
the weld and also may increase the acicu- 
lar ferrite at low levels of manganese con- 
centrations, and may not have any signifi- 
cant effect at high manganese 
concentrations.  Cr, W, Nb, and V are 
carbo-nitride formers that decrease the 
toughness because of precipitation of un- 
desirable precipitates and solid-solution 
hardening. Also, these elements increase 
the hardenabil i ty of the steel weld 
drastically. 

High nitrogen concentrations can 
cause porosity and are deleterious to 
toughness (Ref. 1). Evans has concluded 
that nitrogen has a varying effect on the 
toughness of C-Mn welds, depending on 
the concentration of Ti and B (Ref. 1). It 
was shown that high nitrogen contents de- 
crease toughness in the presence of high 
t i tanium concentrat ions (>250 ppmw) 
(Ref. 1). But the same effect of nitrogen 
may not hold appropriate  for the high- 
nickel welds. 

As the optimized composition has a 
high concentration of nickel and nitrogen, 
the microstructure is speculated to be 
martensitic along with some amount of re- 
tained austenite at the cooling rates in- 
volved in welding. 

From the research point  of view, it 
would be really interesting to make an ex- 
perimental weld of the optimized compo- 
sition specified in Test B. The weld metal 
may, however, have poor strength, as most 
of the solid-solution hardening elements 
are set to zero. 

The above discussion leads to an impor- 
tant question: Is it possible to optimize for 
both strength and toughness? Therefore, 
some preliminary research was done to op- 
timize for both strength and toughness by 
coupling the ANN model for toughness, the 
ANN model for room-temperature yield 
strength (Ref. 2), and the optimization soft- 
ware (Ref. 14). In this hypothetical re- 
search, the objective was to maximize the 
yield strength to 1000 MPa {YSc~,,,) at room 
tempera ture  and the 
Charpy toughness of 90 J [cvuc.%.~,l at 
-60°C. For this analysis, an objective func- 
tion has to be defined as a target for the 
optimization software and it is set to min- 
imize the difference between predicted 
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and target values (LSE) for both Charpy 
toughness and yield strength, which fol- 
lows. 

( CVN-6O c _ 90") 2 
L S E  = I -  c ....... J ~, 90 

• / R T  
+ Y S  c . . . .  - 1 0 0 0  = 0 (1) 

1000 ) 

The hybrid optimizer was used for both 
optimizations. Six input parameters, i.e., 
carbon, manganese, nickel, copper, tita- 
nium, and interpass temperatures, were 
varied by the optimizer to look for the op- 
timum composition that satisfied Equa- 
tion l, while all other parameters  were 
kept constant (Table 2). The optimizer ar- 
rived at an optimum composition after 136 
iterations. The optimum parameters were 
predicted to be 0.032 wt-% C, 0.0 wt-% 
Mn, 9.38 wt-% Ni, 0.086 wt-% Cu, 60 
ppmw Ti, and an interpass temperature of 
210°C, while the base composition of the 
weld metal was Fe-0.65Si-0.0Mn 
-0.006Cu-0.0380-0.018N-0.013P-0.00S 
(wt-%). For this condition, the predicted 
Charpy value was 80 - 20 J at -60°C and 
the predicted room-tempera ture  yield 
strength was 866 - 89 MPa. It is notewor- 
thy that this analysis showed that it is not 
possible to achieve 1000 MPa yield 
strength while maintaining a toughness of 
90 J, and the predicted compromise was 
866 MPa yield strength at room tempera- 
ture and 80 J Charpy toughness value at 
-60°C. In addition, to achieve this result, 
the optimizer also increased the interpass 
temperature to 210°C. In the same analy- 
ses, relaxation of input ranges above the 
trained limits given in Table 1 led to re- 
duction of carbon to 0.01 wt-%, increase 
of nickel to l0 wt-%, reduction of copper 
to 0.006 wt-%, reduction of titanium to 32 
ppmw, and an increase in the interpass 
temperature to 300°C. However, the pre- 
dicted toughness of 86 - 18 J a t -50  °C and 
predicted room-tempera ture  yield 
strength of 840 - 105 MPa are not signif- 
icantly different from the earlier predic- 
tions. This analysis also showed that the 
selection of objective function and the 
number of input parameters ,  and the 
range of input parameters that can be var- 
ied during optimization, have a significant 
effect on the optimization results. The op- 
timum composition predicted by this cou- 
pled strength and toughness optimization 
has not yet been validated by experiment 
and is the focus of the ongoing research. 

Conclusions 

An artificial neural network model was 
coupled with optimization software to pre- 
dict weld metal composition that will maxi- 

Table 5 - -  Optimized Composition and the Maximum Obtainable Charpy Toughness for the Given 
Base Composition and Process Parameters as Suggested by All the Optimizers (Test A for three 
variable optimization involving C, Mn, and Ni. Test B pertains to the 13-variable optimization) 

Element Test A Test B 

Carbon (wt-%) 0.034 0.02 
Silicon (wt-%) 0.65 0.3 
Manganese (wt-%) 0.0 0.0 
Sulphur (wt-%) 0.006 0.006 
Phosphorus (wt-%) 0.013 0.013 
Nickel (wt-%) 7.6 7.9 
Chromium (wt-%) 0.21 0.0 
Molybdenum (wt-%) 0.4 0.0 
Vanadium (wt-%) 0.011 0.009 
Copper (wt-%) 0.03 0.5 
Cobalt (wt-%) 0.009 0.0089 
Tungsten (wt-%) 0.005 0.0 
Oxygen (ppmw) 380 380 
Titanium (ppmw) 80 202.5 
Nitrogen (ppmw) 180 222.4 
Boron (ppmw) 1 0.0 
Niobium (ppmw) 10 0.0 
Heat input (kJ mm') 1 1 
Interpass temperature (°C) 250 250 
PWHT temperature (°C) 250 250 
PWHT time (h) 16 16 
Test temperature (°C) -60 -60 
Maximum toughness obtainable (J) 87 128 
Uncertainty 20 70 

mize the toughness at -50°C. The coupled 
model used linear and nonlinear techniques 
to explore possible combinations of carbon, 
manganese, and nickel concentrations for a 
given set of welding process parameters. 
The analysis was performed with different 
optimization techniques, including simple 
linear and nonlinear sequential quadratic 
programming (SQP), downhill simplex, ge- 
netic algorithm, and local/hybrid methodol- 
ogy. The downhill simplex method arrived 
at optimum composition with the minimum 
number of iterations; however, it did not ex- 
plore the full scope of input parameters 
space. In contrast, the local/hybrid method 
arrived at optimum composition after 1600 
iterations; however, it did explore the full 
scope of input parameters space. 

The predicted weld metal composition 
was Fe-0.034C-0Mn-7.6Ni-0.65Si  
-0.0380-0.018N-0.013P-0.006S (wt-%) 
and toughness at -60°C was 87 J + 20 J. 
The published toughness for this weld was 
101 J. This shows the applicability of cou- 
pled optimization and forward models to 
design weld metal composition. 

Another interesting analysis done for 
optimizing 13 different variables proved 
that the optimum was not the same as in 
the case where C, Ni, and Mn were varied. 
Preliminary work with coupled optimiza- 
tion of strength and toughness led to a 
weld metal composition with high (>10 
wt-%) nickel concentration. Both these 
predictions have not been experimentally 
verified, though. 
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