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INTRODUCTION
In recent years Electron Beam Welding (EBW) has found its 
multi-faceted applications in various fields like automobiles, 
aerospace and nuclear industries [1]. This paper presents an 
attempt to simulate the electron beam welding of 304L stainless 
steel, commonly referred as ‘18/8 stainless steel’ and contains 
around  18% chromium and 8% nickel, along with a maximum 
of 0.030% carbon. 
The physical and microstructural characteristics of such steels are 
readily available in the standard literature [2].  
The modeling and optimization strategy includes an elaborate 
transport phenomena based approach and then to construct 
more manageable but acceptably accurate meta-models out 
of the simulated data. The predicated trends are verified 
through limited experimentation. The details are provided 
below.

MODeLINg The keyhOLe
Highly energetic electron beams give off their kinetic energy 
after heating a metallic surface through a series of collisions 
with the metal atoms or molecules. The thermal energy released 
through the process raises the temperature to a level high 
enough to cause melting and evaporation. The electron beam 
then penetrates inside the molten metal and a nail shaped hole 
called keyhole is formed. 

The keyhole gets filled with the ionized metal atoms or plasma 
and that results in scattering of the electron beam. The liquid 
metal pool from the surrounding almost immediately fills up 
the keyhole as the beam traverses away from it and sound 
weld joint results upon solidification. A typical keyhole observed 
experimentally during this study for304L stainless steel is shown 
in Figure 1.

Fig. 1 - Experimentally observed keyhole formation in 304L 
stainless steel. Input power: 3250 W. Welding speed: 

1.83 cm.s-1. Aspect ratio of pool: 1.36

The model used here was developed earlier [3] and it calculates 
the three dimensional temperature and velocity fields in a liquid 
metal weld pool in a steady state keyhole mode welding. In this 
study the keyhole surface is assumed to be at the boiling point of 
the steel being welded. 
The crucial task of calculating the keyhole profile is accomplished 
iteratively through a point by point energy balance on the pool 
surface.
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The computed keyhole profile is the mapped onto a three 
dimensional calculation domain for the subsequent computation 
of fluid flow and heat transfer in the liquid and the solid-liquid 
regions. The model generated a data set of the welding process 
consisting of the pool geometry parameters i.e. length, depth 
and half width of the metal pool created during the welding as 
a function of the variables and their ranges shown in Table 1. 
The electron beam defocus is another parameter which could 
be adjusted in the model. Here, for convenience, it was set 
to zero for all simulations, implying that the electron beam is 
focused exactly at the surface of the work piece; not above 
(negative defocus) or below (positive defocus), as those might 
result in a non-uniform trend in the weld pool geometry.  
The mathematical details of the model are as follows:

Phenomenological model of keyhole mode welding:   
In this investigation the shape of the keyhole, as stated before, 
is generated by conducting a point by point heat balance on the 
keyhole surface, which is then mapped onto a thermo-fluid code 

to simulate the flow configuration surrounding the wall of the 
keyhole, taking it as a rigid body [3]. Here the calculations are 
made using a coordinate moving along with the heat source. 
The calculations are made assuming steady state after the heat 
source moves a small distance from the edge of the material, 
assuming an incompressible and laminar newtonian flow in the 
weld pool.  The relevant 3-d momentum equations are presented 
in eq.(1).   

(1)

where, u  denotes the velocity, i and j represent x, y, z cartesian 
orthogonal directions indexed as 1, 2, and 3, respectively, 
ρ denotes the density, t and µ are time and the viscosity 
respectively. sj is a momentum source term in the j direction,  
expressed as:

(2)

where p denotes the pressure, fL denotes the liquid fraction, B 
is a very small positive constant that safeguards against any 
division by zero, c is a constant taking into account the mushy 
zone morphology, β denotes the coefficient of volume expansion 
of the liquid, and Tr is taken as a reference temperature, while u  
denotes the welding velocity. 
The  terms in the  right hand side represent the pressure 
drop, frictional dissipation in the mushy zone that forms 
during the process, a buoyancy term along with a structural 
component of momentum that could not be directly 
assimilated in eq.(1).    

The continuity equation:  

(3)

A one equation viscosity model is coupled with momentum 
equations in this study, which ensured simplicity and fast 
computation. 
considering the phase change, the total enthalpy H is taken as the 
sum of sensible heat h and latent heat content ∆H, i.e., H = h + ∆H. 
The sensible heat h is calculated as h = ƒ cp dT, where cp 
denotes the specific heat, and T denotes the temperature. The 
latent heat content ∆H is taken as ∆H = fLL, where L denotes the 
latent heat of fusion. The liquid fraction fL is assumed to linearly 
vary with temperature between the liquidus, TL, and solidus, Ts,  
temperatures such that:    

(4)

The thermal energy transport in the weld workpiece is expressed 
by a modified energy equation given as: 

(5)

where k denotes the local thermal conductivity. The source term 
sh is due to the latent heat content and is expressed  as:

(6)

The boundary conditions used are summarized below.  
At the top surface the Marangoni stress condition is assumed.  
no slip condition is applied at all other solid walls including 
the keyhole surface. The keyhole surface is assumed to be at 
boiling temperature and all other boundary walls taken at the 
room temperature. The control volume method based  sIMpLE 
algorithm is used for the numerical solution.  non-uniform grids 
are used for spatial resolution of velocity and temperature at the 
point of steep gradients.  Further details are available elsewhere 
[3].   
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MeTa-MODeLINg
These simulations are quite elaborate and computing expensive. 
For quick and accurate estimation of the required properties one 
needs to construct simple meta-models, which by definition are 
the models made out of models. The original simulations require 
highly time consuming calculations involving eq. 1-6. If meta-
models are not used, in order to optimize in an evolutionary 
fashion, one would require performing such very lengthy 
calculations several thousand times, which is computationally 
prohibitive. The meta-models in this case substitute the equations 
by a simple function, either a neural net or a tree, which can be 
computed very fast maintaining an acceptable level of accuracy. 
Two evolutionary and genetic algorithm [4] based strategies, 
Evolutionary neural network (Evonn) [5-6] and Bi-objective 
genetic programming (Biogp) [7-8], successfully used earlier on 
a number of problems [9-11] were employed for this purpose to 
construct meta-models for the Input power and the aspect ratio of 
the keyhole. Both Evonn and Biogp performed quite acceptably, 
as evident in Figure 2, where the model predictions are pitted 
against the data from the simulation experiments. Here nearly 
seven hundred points from the original simulation are arranged 
in an array, and their positions in the array are denoted as ‘data 
index’ in the abscissa. The corresponding values obtained from 
the meta-model are also plotted in the same figures to provide 
a comparison, and in most cases agreement seems to be very 
good.

The vaRIabLe ReSPONSeS
The aspect ratio of the keyhole is one crucial parameter that 
directly influences the efficacy of welding. It is important to learn 
how it is related to the speed of welding at various power levels. 
To determine this, we have adopted a methodology discussed 

earlier [12]. In essence, it involved keeping every variable, other 
than the speed of welding, in the meta-model of aspect ratio 
constant at a base level, and then giving the speed of welding a 
systematic perturbation to record the corresponding changes in 
the aspect ratio. Both Evonn and the Biogp meta-models have 
shown the same response as shown in Figure 3. It seems that 
aspect ratio varies inversely with the speed of welding. In other 
words, an increase in the speed of welding would result in a 
lower value of aspect ratio and vice versa. Although, intuitively, 
this seems correct, an experimental confirmation was still 
warranted and that was attempted next.

exPeRIMeNTaL veRIFICaTION 
during this study EBW experiments were performed with the 
304L stainless steel samples. These were conducted at three 
different power values which were within the range of the input 
power initially determined (Table 1). The welding operations were 
done at three different welding speeds, which were again within 
the range initially determined. Thus, a total of nine experiments 
were performed.
results (Figure 4) show that at a fixed input power value, aspect 
ratio of the pool created during the welding shows an increasing 
trend as the speed of welding decreases. In principle, this should 
continue till an optimum value is reached. At the welding speeds 
of 1.83 cm. s-1 and 3.33 cm. s-1 the aspect ratio increased 
almost linearly with the increasing power, thus quite acceptably 
corroborating the model predictions. At the much lower speed of 
0.33 cm. s-1 the 304 L stainless steel samples were actually cut, 
instead of being joined when the power value was raised above 
4000.W. Therefore, only the result obtained at the power value 
of 3250W is shown in Figure 4.

Tab. 1 - details of the input parameters considered in the EBW model.

Process parameters Minimum Maximum Step size Number of steps

power(Watts) 2500 5500 375 9

Beam radius(cm) 0.035 0.04 0.00125 5

power distribution factor 2 4 1 3

Welding speed(cm/s) 0.33 3.33 0.75 5

Fig. 2 - A typical fit by Biogp (left) and Evonn (right)
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Fig. 3 - Variation of the response signal of the aspect ratio (dashed lines) with the perturbation in the input signal of the speed of 
welding (solid lines). Left Evonn, right Biogp. Both the signals are normalized between 0 to 1 and the abscissa uses an arbitrary scale.

Fig. 4 - Experimental verification of the meta-model predictions.

CONCLUDINg ReMaRkS
data-driven evolutionary meta-models are now being increasingly 
used for the metallurgical processes [13-14]. In this study the 
successful implementation of an evolutionary algorithm-based 
phenomenological model for the electron beam welding process, 
and the experimental confirmation of the predictions therefrom 
can be used very effectively in any future research in this area. 
contrary to the analytical models, which are often not suitable 
for a real life application due to many simplistic assumptions, or 
the rigorous numerical models that are often computationally 
prohibitive, the meta-models developed in this study ensure fast 
computation and reliable prediction and thus become very useful 
in a practical situation.
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