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Genetic algorithms can determine near-optimal settings of welding process parame- 
ters within a large search space with relatively few experiments 
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ABSTRACT. The purpose of this study is 
to propose a method to decide near- 
optimal settings of the welding process 
parameters using a genetic algorithm. 
This method tries to find the near-optimal 
settings of the welding process parame- 
ters through experiments without a 
model between input and output vari- 
ables. It has the advantage of being able 
to carry out searches without modifying 
the design space, which includes some 
irregular points. The method suggested in 
this study was used to determine the 
welding process parameters by which the 
desired weld bead geometry was formed 
in gas metal arc (GMA) welding. The out- 
put variables were the bead height and 
depth of penetration of the weld bead. 
These output variables were determined 
according to the input variables, which 
are the root opening, wire feed rate, 
welding voltage and welding speed. The 
number of levels for the input variables 
was 4, 16, 16 and 16, respectively, and 
the total search points were 16,384. This 
study describes how to obtain near-opti- 
mal welding conditions over a wide 
search space, conducting a relatively 
small number of experiments. 

Introduction 

Arc welding is one of the most widely 
used joining processes. The weld bead is 
formed by the melting and solidification 
of joined materials. The weld bead plays 
an important role in determining the me- 
chanical properties of the weld. Its geo- 
metric parameters such as width, height 
and penetration are decided according to 
the welding process parameters, such as 
wire feed rate, welding voltage, welding 
speed, shielding gas and contact-tube-to- 
work distance (CTWD). Therefore, to 
produce good weld bead geometry, it is 
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important to set up the proper welding 
process parameters. The welding process 
is a multi-input and multi-output joining 
process, and bead geometry is closely as- 
sociated with the welding parameters. 
Therefore, identifying suitable combina- 
tions of welding parameters to produce 
the desired bead geometry can require 
many experiments, making this process 
time consuming and costly. 

An efficient method for solving these 
problems is to use response surface 
methodology (RSM). Response surface 
methodology is a group of statistical and 
mathematical techniques useful in mod- 
eling, improving and optimizing 
processes. The general procedure of RSM 
for process optimization is as follows 
(Ref. 1 ): 

1 ) Conduct screening experiments. 
2) Move experimental region near the 

optimal point. (We called the best condi- 
tion from this step the near-optimal con- 
dition.) 

3) Develop a model within a relatively 
small region around the optimal point. 

4) Determine the optimal settings for 
process parameters that maximize (or 
minimize) the objective function. 

There have been many studies on 
screening experiments, modeling and 
optimization for welding processes. 
However, there have been few tech- 
niques to move the experimental region 
near the optimal welding conditions. In 

KEY WORDS 

Arc Welding 
Weld Quality 
Optimization 
Genetic Algorithm 
Welding Parameters 
Weld Bead Geometry 

this paper, the focus is on searching for 
the near-optimal condition. 

Some researchers (Refs. 2-4) devel- 
oped linear models between the weld 
bead geometric parameters and welding 
process parameters by using regression 
analysis. Other researchers (Refs. 5, 6) 
used the Taguchi method to find robust 
welding conditions. These techniques 
provide good results over the regular ex- 
perimental regions, including no irregu- 
lar points. However, it is often impossible 
to establish an arc, and melt-through may 
occur under certain experimental points 
needed to satisfy the specific experimen- 
tal design. The data obtained may be im- 
possible to analyze or provide poor re- 
sults. This forces the experimenter to 
modify the design space. Subramaniam, 
et al. (Ref. 7), used D-optimal experi- 
mental design to solve such problems by 
including and excluding operating 
points. A point of criticism of the optimal 
designs is they are frequently quite sensi- 
tive to the form of the model (Ref. 8). 

Therefore, it is important to move the 
experimental region near the region of 
interest or optimal conditions, which 
show relatively good weld quality. This 
process is particularly important when 
the experimenter begins experimentation 
far from the region of optimal conditions. 
The full factorial design can result in op- 
timal settings of the welding process pa- 
rameters without deriving a model for the 
welding process. As the number of input 
parameters and level of input parameters 
increase, the number of experiments ex- 
ponentially increases and the full factor- 
ial method for the problem becomes un- 
realistic. 

To overcome these problems, this 
study introduced procedures to deter- 
mine the near-optimal welding process 
parameters using a genetic algorithm. 
The genetic algorithm is a global opti- 
mization algorithm, and the objective 
function does not need to be differen- 
tiable. This allows the algorithm to be 
used in solving difficult problems such as 
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Fig. 1 - -  A general procedure o f  a genet ic algor i thm. 

multimodal, discontinuous or noisy sys- 
tems (Refs. 9-14). This is not possible 
with existing optimization algorithms. 

Therefore, it is appropriate to apply a 
genetic algorithm to complex systems 
such as the welding process. Another ad- 
vantage is that continuous search is pos- 
sible without external influence by weld- 
ing phenomena, such as melt-through. In 
order to determine the welding process 
parameters that produce the optimized 
weld bead geometry in GMA welding, 
this study used a genetic algorithm. 

This optimization process does not 
derive the models to correlate input vari- 
ables and output variables. Through ex- 
periments, the optimal settings of the 
welding process parameters can be 
found. The input variables that control 
weld bead geometry were the root open- 
ing, wire feed rate, welding voltage and 
welding speed. The output variables 
used were bead height and weld depth 
penetration. 

Genetic Algorithms 

Genetic algorithms are global opti- 
mization algorithms developed based on 
the mechanics of natural selection and 
genetics. In this study, a genetic algo- 
rithm was used to determine the optimal 
settings of welding process parameters 
that produced the desired weld bead 
geometry. The genetic algorithm, devel- 
oped to solve many complex problems, 
has the following characteristics (Ref. 9): 

First, the genetic algorithm uses a 
string of fixed length instead of a para- 
meter value. Generally, the binary string 
comprised of 0 and 1 is used in the ge- 
netic algorithm. Secondly, when deter- 
mining the solution within the search 
range, the genetic algorithm simultane- 
ously considers a set of possible solu- 
tions. This parallel processing of the ge- 

l 
Fig. 2 - -  Weld bead geometry. 

netic algorithm may pre- 
vent the convergence of 
one particular local ex- 
treme point. Thirdly, as 
the genetic algorithm 
only uses the fitness 
value of each string, the 
fitness function does not 
need to be continuous 
or differentiable. Finally, 

while many optimization methods use 
the deterministic transition rule, the ge- 
netic algorithm instead uses the proba- 
bility transition rule. 

The general optimization procedure 
using a genetic algorithm is shown in 
Fig. 1. The initial population means the 
possible solutions of the optimization 
problem, and each possible solution is 
called an individual. Each individual is a 
binary string consisting of combinations of 
randomly generated zeroes and ones. This 
binary string is used to code the possible 
solution. In this paper, it expresses the 
welding process parameters that influence 
weld bead geometry. The values of the 
welding process parameters, shown as the 
binary string (strings of each parameter are 
concatenated to make one long string), are 
very effective in exchanging information 
between each individual. However, they 
need to be changed into real numbers 
when being applied to the optimization 
problem to evaluate the fitness. 

Decoding is the process of changing 
the input variables that are coded by the 
binary string into a real number. For ex- 
ample, if an input variable ( x i ) has a re- 
search range of [Xi,min, Xi,max] , and its bi- 
nary string length is Li, the real number 
(Xi, r ) of the input variable can be shown 
in the following equation: 

Xi,ma x - Xi,mi n 
Xi'r - 2 L~ - 1 Xi'b + Xi'min (1) 

where ,  xi, b is the number in decimal 
form represented by the binary string. 
Each individual, represented by the bi- 
nary string, is transformed to real num- 
bers by Equation 1 and applied to the op- 
timization problem. In other words, the 
welding experiment is performed with 
the welding process parameters that had 
been transformed to real numbers. 

The fitness evaluation is a procedure 

necessary to decide the survival of each 
individual. Individuals with large fitness 
values represent better solutions and 
those values are what the user wants to 
maximize. Therefore, the objective func- 
tion of the minimization problem must 
be transformed so that it becomes a max- 
imization problem. This study used the 
bead height and weld bead depth of pen- 
etration to make the fitness function. Ac- 
cording to results of the welding experi- 
ments, the weld bead geometry was 
measured and the fitness of each welding 
condition was calculated. 

The next step is to use each individ- 
ual's fitness and the genetic operators (re- 
production, crossover and mutation) to 
produce the next generation of the pop- 
ulation. 

Reproduction is the process in which 
each individual may be duplicated ac- 
cording to its fitness. Through this opera- 
tion process, individuals with higher fit- 
ness levels produce more offspring in the 
next generation than those with lower fit- 
ness levels. This explains Darwin's sur- 
vival of the fittest theory. This study used 
the biased roulette wheel selection to im- 
itate Darwin's survival of the fittest theory 
(Ref. 9). This selection approach is based 
on the concept of selection probability 
for each individual proportional to the fit- 
ness value. For individual k with fitness 
fk, its selection probability Pk is calcu- 
lated as follows: 

(2) 
where n is population size. Then a bi- 
ased roulette wheel is made according to 
these probabilities. The selection process 
is based on spinning the roulette wheel 
n times. The individuals selected from 
the selecting process are then stored in a 
mating pool. 

Crossover is the process by which the 
strings are able to mix and match their at- 
tributes through random process. After 
reproduction, crossover proceeds in 
three steps. First, two strings (referred to 
as parents) are selected randomly from 
the mating pool. Second, an arbitrary lo- 
cation (called the crossover site) in both 
strings is selected randomly. Third, the 
portions of the strings following the 
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Table I - -  Search Range for Welding 
Parameters and the Corresponding Number  
of Bits and Number  of Levels 

Parameter Range Number Number 
of Bits of Levels 

Root 0-1.5 2 4 
opening (ram) 
Wire feed 1.35-14.40 4 16 
rate (cm/s) 
Welding 15-30 4 16 
voltage (V) 
Welding 3-10.5 4 16 
speed (mm/s) 

Table 2 - -  Results of  Initial Generation 

Individual Root Feed Voltage Speed 
Number Opening Rate (V) (ram/s) 

(mm) (cm/s) 

1 0.0 5.70 26 10.5 
2 1.0 1.35 22 7.0 
3 0.5 3.09 15 4.0 
4 0.5 4.83 25 4.5 
5 1.0 12.66 24 9.0 
6 1.0 13.53 25 10.0 
7 1.5 7.44 24 6.0 
8 1.0 9.18 21 5.5 
9 1.5 12.66 20 9.0 
10 0.0 3.96 30 9.5 

Height Depth Objective Fitness 
(mm) ( m m )  Function Function 

1.7 2.0 12.29 0.075 
1.4 3.4 4.42 0.185 
3.9 0.9 26.92 0.036 
2.7 4.3 2.88 0.258 
- -  - -  40.38 0.024 
- -  - -  40.38 0.024 
- -  - -  40.38 0.024 
3.5 4.0 6.25 0.138 
- -  - -  40.38 0.024 
1.1 1.6 15.37 0.061 

  iii! ¸ 

ii~ ~ . . . .  

Fig. 3 - -  Cross sections of  welds made using various combinations of  process variables produced 
in init ial generation. A - -  Root opening 0.0 mm, feed rate 5.70 cm/s, voltage 26 V, speed 10.5 
totals; B - -  root opening 1.0 ram, feed rate 1.35 cm/s, voltage 22 V, speed 7.0 totals; C - -  root 
opening 0.5 mm, feed rate 3.09 cm/s, voltage 15 V, speed 4.0 mm/s; D - -  root opening 0.5 ram, 
feed rate 4.83 cm/s, voltage 25 V, speed 4.5 mm/s; E - -  root opening 1.0 ram, feed rate 9.18 
cm/s, voltage 21 V, speed 5.5 totals; F - -  root opening 0.0 ram, feed rate 3.96 cm/s, voltage 30 
V, speed 9.5 totals. 

crossover site are exchanged between 
two parent strings to form two offspring 
strings. This process is applied to the 
other strings in the mating pool. This 
crossover does not occur with all strings, 
but is limited by the crossover rate. For 
example, if the crossover rate is 0.9, then 

90% of the pairs are crossed, whereas the 
remaining 10% are added to the next 
generation without crossover. 

After reproduction and crossover, mu- 
tation is performed by occasionally alter- 
ing the value of a string position. In other 
words, a bit value of 0 is reversed to 1 and 

a bit value of 1 is reversed to 0. Every bit 
value in each string is a candidate for mu- 
tation, and its selection is determined by 
the mutation rate. The mutation rate is 
usually set at a low vale to avoid losing 
good strings. The mutation serves to re- 
cover information lost from reproduction 
and crossover. It also provides informa- 
tion that did not exist in the initial stage. 

In the genetic algorithm, the popula- 
t ion size, crossover rate and mutation 
rate are important factors in the perfor- 
mance of the algorithm (Refs. 10-15). A 
larger population size or higher crossover 
rate allows exploration of more of the so- 
lution space and reduces the chances of 
settling for poor solutions, but if they are 
too large or high, it results in wasted com- 
putation time exploring unpromising re- 
gions of the solution space. If the muta- 
tion rate is too low, many binary bits that 
may be useful are never tried, but if it is 
too high, there wi l l  be much random per- 
turbation, and the offspring wi l l  lose the 
good information of the parents. 

Gerfenstette (Ref. 11) and Alander 
(Ref. 14) suggested the optimal popula- 
tion size was 30 and a value between n 
and 2n (where n is the string length), re- 
spectively. The typical values for the 
crossover rate and the mutat ion rate 
range from 0.5 to 1.0 and 0.005 to 0.01, 
respectively (Ref. 13). Gerfenstette (Ref. 
11) showed that the optimal crossover 
rate appeared to increase as the popula- 
tion size decreased, and the performance 
of mutation rates above 0.1 approached 
that of random search regardless of the 
other parameter settings. In addition, the 
optimal parameter settings were 30 of 
population size, 0.95 of crossover rate 
and 0.01 of mutation rate. These studies 
show that the control parameters of the 
genetic algorithm depend upon the spe- 
cif ic problems studied. 

When the process parameter settings 
have to be found through actual experi- 
ments as opposed to computer simula- 
tion, it is necessary to use the least num- 
ber of indiv iduals as possible. This is 
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because as the number of individuals in- 
creases, the number of experiments also 
increases, requiring more time and cost 
and decreasing the usefulness of opti- 
mization through the genetic algorithm. 
Fortunately, Reeves (Ref. 15) showed 
rather small populations sufficed for bi- 
nary strings• However, it is noted that a 
small population size increases the 
chance of premature convergence to a 
poor solution. The control parameters of 
the genetic algorithm in this study were 
determined based on these studies. 

Experimental Procedure 

A genetic algorithm was used to de- 
termine the arc welding parameters that 
would produce an optimal weld bead 
geometry. Weld bead geometry plays an 
important role in determining the me- 
chanical properties of a weld. This study, 
as shown in Fig. 2, used bead height and 
depth of penetration to describe weld 
bead geometry. These parameters for 
weld bead geometry were largely influ- 
enced by the root opening, wire feed 
rate, welding voltage and welding speed. 
In other words, the welding process pa- 
rameters were the input variables while 
the bead parameters were the output 
variables of the arc welding process. 
After setting up the desired weld bead 
geometry, the genetic algorithm was used 
to determine the welding process para- 
meters that produced the desired weld 
bead geometry. 

The base metal was 4.5-mm-thick 
mild steel with a square-groove butt joint. 
A single-pass welding process was used. 
The filler metal was an AWS classification 
ER 70S-6 with a 1.2-mm-diameter elec- 
trode. The shielding gas used was 100% 
CO 2 with a 20 Umm flow rate. The four 
welding process parameters were deter- 
mined according to the genetic algo- 
rithm. The search ranges were as follows: 
root opening, 0-1.5 mm; wire feed rate, 
1.35-1 4.40 cm/s; welding voltage,15-30 
V; and welding speed, 3-10.5 mm/s. After 
performing the arc welding experiments 
under the conditions determined by the 
genetic algorithm, bead height and depth 
of penetration were measured• 

Results and Discussion 

In order to use the genetic algorithm 
to optimize welding process parameters, 
an index to evaluate the next generation's 
survival fitness was needed. This study 
made a fitness function using the weld 
bead geometry, which influenced weld 
quality• Excessive bead height and pene- 
tration do not produce good weld qual- 
ity (Ref. 16). Therefore, this study used 
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Fig. 4 - -  Results of the genetic algorithm. Fig. 5 - -  Results of the bead height and depth 
of penetration obtained from the genetic al- 
gorithm. 

Table 3 - -  Results of the Fourth Generation 

Individual Root Feed Voltage Speed 
Number Opening Rate (V) (ram/s) 

(ram) (cm/s) 

1 1.5 7.44 26 8.5 
2 1.0 1.35 25 6.5 
3 0.0 5.70 24 6.0 
4 1.0 5•70 24 6.0 
5 1.0 2.22 22 7.5 
6 1.0 4•83 21 5.0 
7 1.0 5.70 24 6•5 
8 0.5 4.83 22 7.0 
9 0.0 2.22 22 9.0 
10 1.0 11.79 21 5.0 

Height Depth Objective Fitness 
(mm) (mm)  Function Function 

-0.4 5.8 3.70 0.213 
1.5 3.0 6.25 0•138 
2.5 3.4 5.41 0.156 
1.7 6.2 0.53 0.654 
1.7 3.2 5.33 0.158 
2.5 3.7 4.24 0.191 
1.8 5.4 0.10 0.909 
2.3 2.8 7•93 0.112 
2.1 1.9 13.32 0.070 
- -  - -  19.98 0.048 

the following objective function, with 
bead height and depth of penetration: 

J= (H  d - H )  2 + ( D  d - D )  2 (3) 

where H d and D d are the desired bead 
height and depth of penetration by the 
designer, and H and D are the bead 
height and depth of penetration obtained 
from the experiment. [n this study, the de- 
sired values used were H d = 1.5 ram, D d 
= 5.5 ram. Thus, to obtain the desired 
bead geometry was to find the welding 
parameters that minimize J. Because the 
genetic algorithm is generally applied to 
maximization problems, the objective 
function J was transformed to 1/(J + 1), 
which was the fitness function. The 
search range for the welding parameters, 
and the corresponding number of bits 
and number of levels to find the welding 
process parameters that maximize 1/(J + 
1) are shown in Table 1. Therefore, with 
all the number of cases shown in Table 1, 
the number of search points needed to 
find the optimal settings of input vari- 
ables by using the full factorial experi- 
ments is 16,384. It can clearly be seen 

that applying this method is unrealistic• 
In this vast search space, the procedures 
for deciding the optimal welding para- 
meters using the genetic algorithm are 
outlined below. 

Control parameters of the genetic al- 
gorithm were initialized• A population 
size of 10, a crossover rate of 0.95 and 
mutation rate of 0.01 for the genetic al- 
gorithm based on Refs. 11 and 15 was 
used. The next step was to generate the 
welding process parameter sets formed by 
the binary strings as much as the popula- 
tion size, and then map the binary strings 
into the search range in Table 1 by using 
Equation 1. Then the arc welding experi- 
ments were performed with the mapped 
welding process parameter values. 

After the experiments were per- 
formed, three samples were cut from 
each weldment and the transverse face of 
the weldments was surface ground and 
macroetched. Then, the weld bead 
geometry acquired from each welding 
condition was measured and its mean 
value applied to Equation 3, which cal- 
culated the objective function value. 
Using this value, the fitness function 
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Fig.  6 - -  Cross sections of welds made using various combinations of process variables produced in the fourth generation. A - -  Root opening 1.5 
mm, feed rate 7.44 cm/s, voltage 26 V, speed 8.5 mm/s; B - -  root opening 1.0 mm, feed rate 1.35 cm/s, voltage 25 V, speed 6.5 ram~s; C - -  root 
opening 0.0 ram, feed rate 5.70 cm/s, voltage 24 V, speed 6.0 totals; D - -  root opening 1.0 mm, feed rate 5.70 cm/s, voltage 24 V, speed 6.0 mm/s; 
E - -  root opening 1.0 mm, feed rate 2.22 cm/s, voltage 22 V, speed 7.5 mm/s; F -  root opening 1.0 mm, feed rate 4.83 cm/s, voltage 21 V, speed 
5.0 ram~s; G - -  root opening 1.0 mm, feed rate 5.70 cm/s, voltage 24 V, speed 6.5 ram~s; H - -  root opening 0.5 mm, feed rate 4.83 cm/s, voltage 
22 V, speed 7.0 ram~s; I - -  root opening 0.0 mm, feed rate 2.22 cm/s, voltage 22 V, speed 9.0 mm/s. 

value was also calculated. The welding 
process parameter values generated ran- 
domly from the first generation and the 
results from each experiment are shown 
in Table 2. 

Irregular melt-through phenomena 
occurred in the welding conditions of ex- 
periments 5, 6, 7 and 9. The measured 
data from these conditions were re- 
garded as "bad data." It was considered 
that the wire feed rate in experiments 5 
and 6, the root opening in experiment 7, 
and both the root opening and wire feed 
rate in experiment 9 were relatively large. 
As reasonable measured data cannot be 
obtained from the above welding condi- 
tions, the largest objective function value 
among the "good data" multiplied by 1.5 
was defined as the objective function val- 
ues of the welding conditions that 
showed melt-through. As seen, the weld- 
ing conditions that generated melt- 
through were not discarded but given 
low fitness values, as there was a possi- 
bility that there was important informa- 
tion in these conditions. For example, 
from the final experimental results based 
on the genetic algorithm, the root open- 

ing and the wire feed rate among weld- 
ing conditions of experiment 7 do not 
provide good information, but the weld- 
ing speed does. This information may be 
useful when deciding the welding condi- 
tions for the next generation. Cross sec- 
tions of welds made using the welding 
conditions that produced good data in 
initial generation are shown in Fig. 3. 

The population of the next generation 
was decided by using the three operators 
of the genetic algorithm, according to the 
calculated fitness function values of each 
individual. This process was repeated 
until satisfactory weld quality (J "0.1 ) was 
obtained, and several additional genera- 
tions were created in order to verify the 
obtained optimal condition and prevent 
the sample with random error from being 
the actual best solution. As a result, this 
study repeated this experiment until the 
8th generation was formed. 

Figure 4 shows the results of the ge- 
netic algorithm until the 8th generation. 
The marker • shows the average of the 
generation's objective function values, 
and the marker • shows the minimum 
value from each of the generations. From 

the figure, it is shown that as the genera- 
tion increases, the objective function val- 
ues decrease. The numbers the melt- 
through phenomena produced until the 
8th generation were 4, 2, 1, 1,0, 0, 1 and 
0, respectively. The welding conditions 
of the 5th and 6th generation did not pro- 
duce melt-through, but one of the weld- 
ing conditions of the 7th did. As the ob- 
jective function value of the welding 
condition with bad data was relatively 
high, it was seen that the average of each 
generation's objective function values 
continued to decrease and then in- 
creased slightly at 7th generation. Figure 
5 shows convergence results of the bead 
height and depth of penetration obtained 
from the optimal settings of welding pa- 
rameters of each generation. Notice that 
as the generation number increased, the 
bead geometric variables converged to 
the desired values. 

From the above results, the optimal 
condition satisfying the termination con- 
dition (J "0.1) was found in the 4th gen- 
eration. The experiments after the 4th 
generation verified the validity of the op- 
timal condition obtained from the 4th 
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generation. The welding parameter val- 
ues and the experiment results generated 
from the fourth generation are shown in 
Table 3. The optimal settings for welding 
parameters means the input variable val- 
ues of the welding process with the max- 
imum fitness function value were as fol- 
lows: the root opening at 1.0 mm, the 
wire feed rate at 5.7 cm/s, the welding 
voltage at 24 V and the welding speed at 
6.5 mm/s. Cross sections of welds made 
using the welding conditions that pro- 
duced good data in the fourth generation 
are shown in Fig. 6. It is shown that the 
weld quality produced from the fourth 
generation (Fig. 6) is better than the weld 
quality produced from the initial genera- 
tion - -  Fig. 3. 

Fortunately, the optimal condition in 
this study was found in the 4th genera- 
tion. As the specific rates of convergence 
vary by initial population or stochastic 
selection mechanism, however, another 
run may need more generations. 

Conclusion 

An effective method for deciding the 
optimal parameters in the arc welding 
process using a genetic algorithm was 
proposed. 

In arc welding, the weld bead geom- 
etry is an important factor in deciding 
weld quality. This study used a genetic 
algorithm to determine the welding 
process parameter values that produced 
complete joint penetration. In the opti- 
mization of the welding process using the 
genetic algorithm, the objective function 
was made using weld bead height and 
depth of penetration. Weld bead geome- 

try was determined depending on the 
root opening, wire feed rate, welding 
voltage and welding speed. 

The proposed method can find the 
near-optimal settings of the welding 
process parameters with relatively few 
experiments. It can also be used to find 
the near-optimal welding conditions over 
the original full factorial candidate set, 
even if some irregular welding condi- 
tions, such as melt-through, are present. 
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