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ABSTRACT are highly non-linear and contasubstantial unknown
analytic relationships. Tceffectively control such
Neural networksre beginning to based for modeling processes without substanttalal and error tuning, a
of complex systems, often in process and quality contrptedictive model is required.
of manufacturingorocesses. Singeeuralnetworks are
wholly empirical models, the resultimgodel is highly A neural networkpredictive modehas theadvantages
dependent on the datesed to construgt. Using data listed above, howevethere aredrawbacks as well. A
from production lines ensures integritypwever may primary concern ishat neuralnetworks act asblack
produce biased samples which do not refteetentire boxes,” and moreover,are empirical“black boxes.”
range of domain operation. Supplementmgduction This means tooperate a neural networknodel
observations with data gathered from designedeffectively and to assure operator confidence in the
experiments alleviatethis problem of overlyfocused model, themodel must be constructed data which
data sets. This paper describes this designed adequately reflectthe processdomain. This domain
experiment supplemental approach asvits used on will often include variable valuesot commonly seen
two research projects involving complex manufacturingluring production (extremealues), but for which it is
processes. necessarythat the neuralmodel properly handle.
Therefore, the data gathered to construct riadel
should include production ranges along with designed
INTRODUCTION ranges. Two such situations arose in tleeurse of the
authors’ funded research with manufacturing
Neural networks have many attractive properties farganizations. These are thave soldering of circuit
modeling of complex systems: universal function cardsandceramic casting of large sanitary ware. For
approximation capability, resistance to noisyrossing more details concerning thepmcesses see (Coit et al.
data, accommodation of multiple non-lineaariables 1994, Martinez et al. 1994).
with unknown interactions. Fgprocesses where no
satisfactory analytic model exists or wherelirgear
model is inappropriateneural networks are a good THE WAVE SOLDER PROCESS
alternative approach.Two such processeare wave
soldering of circuit cardand casting of largeeramic The wave solder process involves (Preheating, (2)
ware products. Therare many variables whicaiffect fluxing, (3) soldering using awvave of solder, (4)
the ultimateoutcome of these processes, howdhey cleaning, and5) quality control. Therocess must be
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adapted according to the design (mass, samponent preheatersvere treated aswo banks of two,that is,
density, component type, etc.) tife circuit card to each pair of preheatersvere set atthe same
optimize quality, i.e. minimize solder connectiontemperature. Missing from the production dates the
defects. Procegsarameters which are controllable areeffect of alterations in preheat temperatuaed line
the preheat temperaturasd the linespeed. Circuit speedand the resulting thermabndition of the card
card manufacturers produce products of gddadrsity at the wave.
in small lot sizes, compounding tiselection ofgood To supplement the production data, an experiment was
process settings. Manufacturers have relied aesigned usingtwo typical circuit cards. These
establishing process settings Igal and error or experiments providediata concerning the main and
simplified analytic models. interaction effects of the process settingstenthermal
condition at thewave. The line speedand four
Some manufacturers rely orinear models to select preheater temperaturegere altered individuallyover
process settings based on predicted average surféiwe levels in a fractional factorial design of 56
temperature of the circuit card (Brinkley 1993experimentsBecause thesexperiments were to be run
Scheuhing and CascitP90). These modetanwork only once,the repeatability of theprocess was first
well, butare limited by their assumption of functionaltested. Small changes fromn to runwere observed,
form. Concentrating on the neural network approachut the variation of theroperly crafted experiments
there is ongoreviously reportedimilar effort. Maleve was small.
et al. (1992) applied a neural network approacivaee
soldering by using circuit card design characteristics as
input variables and preheat temperatuned linespeed THE CERAMIC CASTING PROCESS
as the output variables. Thassumeshat the current
process settinggre optimal. They were unable to The manufacture of ceramic produasnsists of the
achieve successful results. following ordered steps of activities: (fijeparation of
slip, (2) casting slip in a mold, (3) drying the slip and
The approach taken in this papgas to model what removing the mold, (4) spray glazing the dried product,
the technical personnel at the pldmlieved was the (5) firing the glazed producgnd (6) inspection of the
single most important determinant of solderiopgplity  finished product. Step 2 of thocess is slip casting,
- thermalprofile of the card as it enters theave. where a suspension (the slip) is poured into a casting
Thermal condition at thewave is only observable mold and the liquidphase is separated by capillary
through special experimentation, aslescribecdoelow. phenomena, leaving a solplecethat takes the shape
It is notfeasible to measurthermal characteristics of of the mold(Lambe 1958). The primary causal &or
each card during production. To measure therméir cast fracturesind/ordeformitiesthat cause product
profile, ten temperature sensevereattached on top of waste isthe distribution of moisture content inside the
the card, andfed into two MOLE (Multichannel castbeforefiring. When the moisture differential, or
Occurrent Logger Evaluatorjata recordingdevices. moisture gradient, inside the wall of the cast is too
This setup allowedsampling at 1 Herz of 8 to 10 steep, it results in stress differentleat causethe piece
temperatures at distinct locations on the card. Figuretd deformand eventually fracture. In order to have a
presents a typical profile ofie wavesoldering process. good cast,and therefore a solid, durable product, the
The probe locations were selected to providaximum moisture gradient should be as uniformpassible. A
information aboutthe thermal condition of the card. poor quality cast may sometimes be reworked by
Probe locations were selected tharacterize both retrofitting the cracked ordeformed cast to the
average temperatuemndtemperature extremes, such adeginning of theprocess. Althoughlhe raw material
those encounterechear a heat sink, or near a(clay) is savedand reused, theconsiderable labor and
particularly large component. overhead involvedre irretrievablywasted. Currently,
more than 30% of the products ahis manufacturer
Using the experimental setup justescribed, the must be junked or reworked.
manufacturer gathered 40 observations tbérmal
profile productiondata spanningwo months showing Although there havebeen afew computer aided
the length, width, thickness, unloaded massded improvements in the slip castiqgocess, such as an
massand the number o$older connections of eachexpert systemaimed at slip particleeffects (Dinger
circuit card, the settings of tHeur preheaterghe line 1990), it still remaindasically amart. This isbecause
speedand the number cfolder defectsAlthough each there are no analytical descriptions of casting
preheater can be operated independently, fowe dynamics, it is affected by manguman and non-



human variables, and the effect of the properties of the slip, the ambient conditions in the
interdependencies of these variables aomly plant and thenold conditions. Ceramic engineers run
manifested at the end of tipeocess, aftethe firing of a series of testthat emulate the behavior of the slip
the cast. This latent manifestaticmauses wasted during casting. On thebasis of these tests the
product. This provided the motivation for the project t@ngineers camodify the slip'scomposition to come up
develop a predictive model adhe ceramic casting with a "forgiving" slip. An ideal forgiving slip
process whichwould allow the manufacturer to compensates fathe effects ofother, less changeable,
optimize controllable process settings withawsteful variables involved in slip castingincluding
and timeconsuming test casts. Figuresa2d 3show environmental conditiongnd mold conditions. The
the system architecture currently under development. manufacturer routinely measured 19 slip property
variables, 2 environmental variablesnd 1 mold
condition variable. These are namadd defined in
Table 1.

DESIGN OF EXPERIMENTS (DOE) PLANS

It is important to perform designed experiments
because available procedata almostalways will have
strong correlations within the independevdriables
and theavailable datasets do nofully populatethe n-
dimensional feasible region of allowable process
parameters. This is particularly important when the
neural network is beingsed to optimize a process and
the optimalprocess settings couldossibly, or even
likely, fall outside ofthe region represented in the
Conditions experiential data (although within the range eaich
variable individually).

Ambient Moisture

Conditions Gradient

Figure 2. System Architecture - Model 1. DOE planswere independently developed fire wave
solderingand ceramic casting operations to provide a
complement to production dasand toallow for robust
neural networkmodels. The experimental design
strategy was common tbe two applications, although
the specific designs were necessarily different due to
the relative amount of anticipated non-linearity and
interactions of the independent variables, dbdity to
accurately adjughe independent variable settings, and
the availability of test subjects and facilities for testing.
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For the wave soldering processthe independent
variables can belassified as design parameters and
process parameters. Theprocess parameter§.e.,

Individual conveyor speedsand four pre-heater temperatures)

Mold / could be fully and independently adjusted over the
Ambient range ofpossible process levels. It wast, however,
Conditions

as easy tadjust the design variables with tkame
degree of latitude. For examptbe number of ground
Figure 3. System Architecture - Model 2. andpowerplanes and theumulative component mass

are both variables whictcan be anticipated taffect

The quality of the cast depends on the chemicalrcuit card board surface temperature, thy can not




be independently adjusted becaubere is a finite in a more ventilated area of thplant. As the
number of fixed board designs available for testing.  experiments were being performede temperatures at
the two locations naturally variedand for certain
It was important to investigate non-linegffects for the instances, the temperatutéference betweehigh and
wave soldering example, but thereas an insufficient low were not sufficient to properly model the
number of testsubjects to support a comprehensivéemperatureeffect. To compensate fahis apparent
three-way or four-wayractional factorial design. As a shortcoming, a second, smaller D@&s conducted in
compromise, a composigtar experimental design wasSeptember of 1994. Fdhis experiment,localized
used to captur@mon-lineareffects but with fewer test heaterswere used to simulatéhe hottest conditions
trials. The experimental design is presented in Table &ctually encountered at the plant.
As indicated in the table, the experimentahs were
randomized. This desigeollectsdata affive different For both thewave soldering and ceramic casting
levels for eachindependent variabland allows for the experiments, an ANOVA was conducted as a precursor
characterization of lineaeffects, linear interactions to neural network modeling. THENOVA assisted in
and non-linear effects, but will not model any the selection of variableand provided a lower bound
interaction effects involving the non-linear terms. on the predictionaccuracy whichcan be anticipated
from the neural network. For neurahetwork
Two typical boards were selected ¢baracterize the modeling, the production datnd theDOE data was
limits of the circuit cards being soldered. Tdwmnplete pooledtogether. Therocessand DOE data arevery
experimental design was performed separately for eacbhmplementaryand development of a robust model
board. Only one replication was performed for eactequired both. For example in thavesoldering case,

run. the production data includeswade variety of different
boards, with different characteristics, but thecess
Ceramic Casting Process settings areonly varied within a relatively small n-

dimensional region. The DOE dated necessarily
For the ceramic casting operation, a more tradition&wer different boardlesigns but therocess settings
fractional factorial design, presented as Table 3, wagere thoroughly altered to modelnon-linear and
developed. This design is a'2 design with theability  interaction effects.
to modeltwo-way and three-way interactions, but no
non-linear terms (without the addition of tipeocess
data). The experimentgere conducted over a two day NEURAL NETWORK MODEL DEVELOPMENT
period in May of 1994. Two replications were
performed for each run. The high (+) and low (-) leveldleural network modelsare particularly suited to
were selected teharacterize the range of operatingcontrolling manufacturingprocesses because they are
conditions found irthe plant. As indicated ifiable 3, capable of modeling highlyhon-linear relationships
the SQ content is confounded witthe day number. with complex interactions.  Backpropagatioeural
Thiswas undesirable, but necessdgcause it was not network models were used to modék process for
possible to concurrentlynaintain two types ofslip  both problems previously described. In eat$tance,
given the constraints of th@dant. Eachrun consisted the intendeduse ofthe model was to optimize the
of casting a toilet for predetermined casting timeprocess, which requires a thorough seaosfer all
draining theexcessslip and then measuring theast possible process settin(jse., themodel inputs) to find
rate and thenoisture gradient at three locations (frontthe best combination. This requires arobust and
back, well) of each toilet. unbiased model. By pooling the DCG#ad production
data, thecombined data setprovides the required
One difficulty encountered during the casting breadth and depth within the training arest sets to
experiments washe ability to adequately control the assurethat anunbiased neural netwonkodel will be
independent variables. Certain variables, such as S@eveloped.
content within the slipand cast time could readily be
controlled. However, other variables, such gdant The intendeduse of process control models is to
temperatureand humidity, were more difficult to minimize variability in theprocess,and namely, to
control. To characterizehigh (+) and low (-) reduce defects. For both tife processes investigated,
temperatures, two casting stations were established, dhere is a relativelyhigh degree of unavoidable
on a second floor location directlgbove the kiln, variability within the input variables, which makes it
where it is traditionallyery hot, and a seconstation particularly difficult to maintain sufficient control.



Also, it is not prudent to modé¢he number ofiefects
directly as a function ofthe processand design
variables. Theprocessesretoo complexand there is When using a neural network to optimize a
the possibility of compensatory actionduring the manufacturing procesthe integrityandbalance of the
processes based anterim data orobservations, and training dataset dictates the quality of the resultant
this could not efficiently be consideredwith one model. Optimization thoroughly searches fhasible
individual model. Instead, largemodels were region of allowable process settingasnd therefore,
constructed consisting of specifijtarametricmodels unbiased predictions are essenf@ combinations of
which could then collectively model the rate of defects.process settings whicmay not havebeen regularly
encountered during the historical operating scenarios.
The use of experimental design strategiemésessary
network wastrained to predict the temperatyseofile to provide the required data. The DOE data and
of the circuit card as it travels through tlvave processdata arecomplementary to provide for robust
soldering process as a function of board desiggnd unbiased models.

parameters (i.epowerand ground planes, heatsinks,

board mass, thickness, etcgnd process settings Two manufacturing examplesvere modeledusing
(conveyor speedpreheater settings). The goal is toneural networks. While the manufacturipgpocesses
uniformly preheat the boardurface tominimize the and thespecific experimental designgere different,
thermalshock fromthe solder bath. The temperaturghe overall modeling procedurewas similar.
profile was characterized by mean temperatureDevelopment of sound models was accomplished by
standard deviation, localized hahd cold spots, and first defining interim surrogates or predictors of
rate of change aselectedcritical times during the quality, and then by determinimoblem-specific DOE
process. Separate models wsoecessfully developed and the subsequent collection oflata and neural
to predict each temperature output (Coitagt1994). network modeling.

Performance othis network is presented in Table 4.
Eachmodelhad nineinputs, six hidden neurons and a
single output.

CONCLUSIONS

For the wave soldering process, arnitial neural
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Table 1. Slip

Casting Parameters

PARAMETER WHAT DOES IT HOW IS IT MEASURED?
MEASURE?
SLIP PROPERTIES
Test Cast 50 min. An approximation of thg After 50 minutes one dhe test casts is releaseditsfmold and

thickness in 1/32".

castingrate for the 50 minute
test cast.

the thickness of the cast's wall is measured.

Test Cast 75 min.
thickness in 1/32".

An approximation of the
castingrate for the 75 minute
test cast.

After 75 minutes the other test cast is released of its mold an|
thickness of the cast's wall is measured.

d the

Slip Temperature in
degrees Fahrenheit.

The temperature of the slip.

Using an industrial thermometer the temperature of a sal
slip is taken.

mple of

Brookfield at 10 RPM

Viscosity ofthe slip at 10
revolutions per minute.

A Brookfield viscometer is turned on at 10 RPMs and afte
seconds the reading is taken.

30

Brookfield at 100 RPM

Viscosity othe slip at 100
revolutions per minute.

A Brookfield viscometer is turned on at 100 RPMs and afte
seconds the reading is taken.

30

Initial Reading (IR)

Change of viscosity oviéime.
See Build Up.

Slip is agedor 3 minutes in theviscometer, which is working a
10 RPMs, and the reading is taken.

Build Up (BU)

Change of viscosity ovéime.
See Initial Reading.

The same slip usddr the Initial Reading isged for 18 minute
in the viscometer, and the reading is taken.

Filtrate Rate

The rate atwvhich the slip
filtrates

Measures the rate of release of water from cast slip over a 2
period.

D min

20 minute Gelation

Gelation behavior of the slip|.

The viscometer workE2atRPM for 20 minutes, then thg
reading is taken.

Flow of slip in seconds.

Viscosity measuredease of
flow.

Time the period it takes a sample of 100 ml. of slifld out
from a Marriot tube.

Slip Specific Gravity in
grams/milliliter.

Proportion of solids in the slip.

A sample of slip is centrifuged, so the sebtdil settle in the
bottom ofthe container. Th@roportion of solids tdhe total is
measured.

Slip Cake Weight
grams.

in

Approximation ofthe cast rate
without considering a mold.

A sample of slip is poured into a filter pres&ir pressure is
applied at 46 psfor 20 minutes. The filter blockshe solid
particlesfrom getting out ofthe press. Thdeftover cake is
weighted.

Cake  Weight
Retention in grams.

Wate

Moisture content of the cake.

See slip cake weight.

The cakefrom the previoudest is dried and thery cake weight
is taken. Fromthe previougest thedifference in weight is mad
up by the moisture content.

Casting Agitator Sieve

325 Mesh in grams.

Roughestimate of the particl
size of the slip.

2 100 ml. of slip are dumpver a fine mesi{325M). The mesh ig
flushed and the residue is weighed.

SO, Reading from the
Casting Agitator in ppm.

Proportion of soluble sulfate
in the slip.

sThe proportionparts per million) of sulfates is measured on
casting agitator (CA). The CA is where the slip is mixed.

PLANT CONDITIONS

Temperature degrees F.

The temperature of the plg

nt. Measure the plant temperature with an industrial therm

Relative Humidity %.

The humidity level of th
plant.

eMeasure the RH of the plant.

MOLD CONDITIONS

Day of the Week.

Rough estimate of the
moisture retention of the te
molds.

The molds tend to retain more moisture by the end of the wo
stweek than at the beginning of it.

OUTPUT PARAMETERS

(QUALITY INDICATORS)

Cast Rate

Inches of casbuild up during
a specified time interval, 50
70 min.

The cast thickness is measured with a ruler aéewoval of the
- mold.

Moisture Gradient.

Quantitative measure of
moisture differential in a cas
wall.

t The engineer makes a longitudinal cut of the wall ending
two halves. The proportion of moisture contenthaftwo pieces
is computed, andtheir difference represents the moisty

h€&he ceramics engineer takes a cuth# wall of the test cast.

1

the

ometer.

king

ith

gradient.




Table 2: Experimental Design For The Wave Soldering Process.

preheat 1 preheat?2 preheat3 preheat 4peed run
-1.664 0 0 0 0 26
-1 -1 -1 1 -1 5
-1 -1 -1 -1 1 19
-1 -1 1 1 1 21
-1 -1 1 -1 -1 23
-1 1 -1 -1 -1 7
-1 1 -1 1 1 16
-1 1 1 1 -1 3
-1 1 1 -1 1 4
0 -1.664 0 0 0 25
0 0 -1.664 0 0 6
0 0 0 -1.664 0 22
0 0 0 0 -1.664 13
0 0 0 0 0 1
0 0 0 0 0 15
0 0 0 0 1.664 11
0 0 0 1.664 0 2
0 0 1.664 0 0 17
0 1.664 0 0 0 9
1 -1 -1 1 1 10
1 -1 -1 -1 -1 24
1 -1 1 1 -1 12
1 -1 1 -1 1 28
1 1 -1 -1 1 8
1 1 -1 1 -1 20
1 1 1 -1 -1 14
1 1 1 1 1 27
1.664 0 0 0 0 18
preheat: -1.664 = 400F speed: -1.664 = 1.4 ft/m
-1 = 460F -1 = 1.8ft/m
0 =550F 0= 2.2ft/m
1 = 640F 1= 26ft/Im
1.664 = 700F 1.664 = 3.0 ft/m




Table 3: Experimental Design For The Ceramic Casting Process.

day SQ relative plant cast mold run
number content  humidity temp. time weight numb
1 + + + + + 5
1 + + + - + 3
1 + + - + - 4
1 + + - - - B
1 + - + + - 8
1 + - + - - 7
1 + - - + + 1
1 + - - - + 6
2 - + + + - 14
2 - + + - - 16
2 . + - + + 12
2 - + - - + 9
2 - - + + + 10
2 - - + - + 15
2 - - - + - 13
2 - - - - 11

Table 4: Neural Network Performance For Predicting Circuit Card Temperatures.

Output

Value

Training Set

Test Set

Entire Data Set

RMSE

Mean Temperature
Temperature Range
Temperature Std. Dev.
Mean Temp. Gradient*
Max. Temp. Gradient*

100.41
34.375
11.19
-1.38
-2.58¢

3.29

3.56

1.07
0.13
0.33

50

V8
.83

9

n

8.29
2.68

14
97
0.19
0.50

* In °C per second.




