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Graduate Research Assistant Complexity of manufacturing processes has hindered methodical specification of machine
. setpoints for improving productivity. Traditionally in injection molding, the machine set-
Kourosh Danai points are assigned either by trial and error, based on heuristic knowledge of an experi-
Professor enced operator, or according to an empirical model between the inputs and part quality
. attributes, which is obtained from statistical design of experiments (DOE). In this paper,
David .Kazmer a Knowledge-Based Tuning (KBT) Method is presented which takes advantage of the a
Associate Professor priori knowledge of the process, in the form of a qualitative model, to reduce the demand
. for experimentation. The KBT Method provides an estimate of the process feasible region
Department of Mechanical (process window) as the basis of finding the suitable setpoints, and updates its knowledge-
and Industrial Engineering, base using the data that become available during tuning. As such, the KBT Method has
University of Massachusetts, several advantages over conventional tuning methods: (1) the qualitative model provides
Amherst, MA 01003 a generic form of representation for linear and nonlinear processes alike, therefore, there
is no need for selecting the form of the empirical model through trial and error, (2) the
use of a priori knowledge eliminates the need for initial trials to construct an empirical
model, so an initial feasible region can be identified as the basis of search for the suitable
setpoints, and (3) the search within the feasible region leads to a higher fidelity model of
this region when the input/output data from consecutive process iterations are used for
learning. The KBT Method'’s utility is demonstrated in production of digital video disks
(DVDs). [DOI: 10.1115/1.1382596
1 Introduction in their current form expert systems are univarigeEus on one

Enhanci ffici . tinui biective i roblem at a timgand cannot reliably address quality issues not
nhancing process efficiency is a continuing objective in manil: 4o in the rule-base.

facturing research. Among various manufacturing processes, iy off line tuning, an empirical model is developed from a set
jection molding is widely used for producing highly complex angf gesigned experimenfd0,11. This model is then used as the
precise plastic parts with tight tolerances and surface finish. Thigsis of a constrained optimization problem to provide the set-
higher precision is often achieved by more accurate control of theints for the process. Although not as fast as the on-line ap-
process[1,2], which entails, among other things, more accuratgroach, the off-line approach provides an estimate of the process
specification of machine setpoints such as melt and mold tempenandow, which is important for yield maximization and mold
ture, injection pressure, and injection speed. qualification[12—-17. For example, the setpoints may be specified

The goal of tuning is to specify the setpoints that will yielcat the center of the process window to provide robustness to pro-
acceptable part quality attributes. The approaches used for $&SS variations. Off-line tuning, h(_)wever,_ls often disadvantaged
point specificatior(tuning) are either on-line or off-line. The tra- by its de_mand' fo_r extensive experimentation as well as long-term
ditional method of on-line tuning in the plastics industry has bee%OChaSt'C variation of the process.

“trial and error.” For this, shots are taken during start-up and part In this paper, an on-line method of tuning is introduced that
lity atirib tl ’ d aft h % . P | tp ssesses the feasible region of the process as the basis of search
quality attributes aré measured arter each shot 1o evaluate faappropriate process setpoints. The novel feature of this method

quality of the produced parts. The operator then uses his/hefis'incorporation of the a priori knowledge of the process, in the
knowledge of the process to select the setpoints in such a wayiggn of a qualitative model, that is updated through learning using
to improve the quality of the part from shot to shot. This tuninghe input-output data acquired during tuning. As such, this method
exercise is repeated until the specifications for part quality asgfers several advantages over conventional tuning methods. The
satisfied. The main drawback of the traditional tuning approachdgialitative model has a generic form, so there is no need for trials
its inefficiency, because humans usually use linear relationshipseodetermine the form of the model. Furthermore, this model pro-
relate machine settings to quality attributes, so they often haviles the framework to incorporate linear/nonlinear and
difficulty adjusting the inputs over large ranges. Furthermore, th@g@notoniclnonmonqtonic $ensiti\{ity_ info_rr_nation_ b_e_tween the set-
tend to treat the various attributes as independent, thus they ignB@énts and part quality attributes in its initial definition. The KBT
the couplings among the attributes. With the presence of procé4gthod is on-line(i.e., it interleaves modeling and searcthere-

and measurement noise, these limitations often result in tim@!€: it always searches for the appropriate setpoints within the
consuming tuning sessions and considerable waste. estimated feasible region of the model and provides training data

i g for refining this region after each process iteration. This leads to a
ThExpert stystems have ilst?] been usedkfor olndllne _tu th ; maqre concentrated modeling effort within the feasible region and,
€se systems represent the process knowledge in the Orrsntb@refore, a more efficient search of the input-space.

if-then rules, and can sometimes guide the process to the feasible
region without invoking too many experimental trials. Howevery The Tuning Method
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Part Quality having a coefficient intervdl0,+ A]. While the above coefficient

Selected Setpoints Attributes . 3 8 - R
! process ! intervals are particularly suited to representing qualitative knowl-
edge, they do not preclude exact knowledge. For example, if the
effect of the pack pressure on the part dimension is known to be 2
Learnin (um/Mpa), the coefficient interval may be set & 2].
g ) . -
e Algorithm The outputs ranges are obtained according to the following in-
terval analysis computation rul¢$9]:
Qualitative * = .
Model Eetimated Famge of L CjiAxi=[min{C;;Ax;CyjiAx;},max Cyj;Ax;,CyjiAxi}]
/ Part Quality Attributes
e 6J'iAXi+R:[min{CLjiAXi 1CUjiAXi}
Setpoint +R,ma){C|_jiAXi 1CUjiAXi}+R] (3)
Selection
whereR denotes a constant, and
Fig. 1 Schematic of the Knowledge-Based Tuning Method 61- 1A%+ 6]2AX2:[min{CLj1AX1 ,Cujidxq}
+min{Cj,A%,,CyjAX,},
its accuracy is evaluated by comparing its outputs with the process XmaxCyj;Axy,Cuj1AxXq}
outputs(i.e., the actual part quality attribujeafter each tuning
iteration. These evaluation instances are then used to improve the +max{Cj2Ax%;,CujeAXp}] (4)
qualitative model, so as to render a better estimation of the fegnce the range of change of each output is computed, the esti-
sible region and more suitable machine setpoints. mated range of the outpu;(k) at any potential set of inputs
An earlier version of this tuning strategy was implemented Uﬁx_l ,72’ . 1X_n:| can be computed relative to a reference input set

ing a quantitative input-outpu-O) model[18]. In that version, [x,(k),x,(k), ... X,(k)] and its associated outpyf(k) as
input-output data were produced for regression analysis by run-

ning the process at several initial arbitrary setpoints. Apart from  ¥;(K)=y;(k)+AY;(k)

the inefficiency associated with running trial iterations for model- o o

ing, the quantitative model was observed to be influenced strongly =Yj(K) + CjaAxy (k) +- -+ CjpAxy(k)

by the initial setpoints. The incorporation of a qualitative model in =Ty (K) 4+ mMinfCy i AX1(K) . Coria AX (K) L -« -
the present version eliminates the need for initial trial cycles for Ly +min{Cjs A% (k). CujaAxa (K}
defining the form of the model and its initialization. It also pro- +min{Cy;nAX,(K),CuyjnAXn(K)},Y;(K)

vides robustness to initial setpoints.
+maxCyj;Ax,(K),Cyj1Ax (K)}+-+-

2.1 The Qualitative Model. The qualitative knowledge of
the process may include causal relationships between the machine +max CyjnAx(K),CyjnAxn(K)}] (5)
settings and various part quality attributes. This knowledge m@yhere
also contain the level of each machine setting’s effect on various .
part quality attributes. Here, a qualitative model is introduced to Ax(k)=xi—xi(k), i=1,...n (6)

reprlgetsent'[t Sgcth Ifn%w:redgdebln thi§ ;nodell, the change of each pr@ﬁresents the difference between the potential input and the ref-
quality attribute Is defined by an Interval, as erence input. A reference input denotes an input for which the

AV-(k):é (K)Ax (k)+6~ (K)Axp(K) +- -+ actual value of the output is available to provide the reference for
I i ! 12 2 estimating the output range at other potential inputs. In application
+6jn(k)AXn(k)v j=1,...m (1) toinjection molding, a reference input is one that has been applied

. ) ] to the process, thus, its suitability has been explored. Hereafter,
where each parameter denoted with a left-right arrow™is  reference” and “explored” inputs will be used interchangeably
defined as an interval: for inputs that have already been applied to the process.

= _ . In order to provide insight about the representation capability of

Cii(K=[Cy;i(k),Cy;i (0], T=1,...n the qualitative model, the fit provided by the interval model for a
In the above modelC, (k) and Cy;i(k) represent the current nonlinear single-input single-output relationship is illustrated in
lower and upper bounds of the sensitivity function between eaélig. 2, with the output range estimated relative to one reference
input Ax;(k) and outputA ¥;(k), the intervalA ¥;(k) denotes the input. Although the output range is quite large at points far from
estimated range of change of tftl part quality attribute resulted the reference input in Fig. 2, it still encompasses the actual output,
from the change to the current setpoiptsx,(k), ... ,Ax,(k)], mainly due to the model’'s compliance with the actual input-output
andk denotes the current process iteration number. The coefficieatationship and its conservatively defined coefficient interval. Ac-
intervals defined above provide a convenient mechanism for ioerding to Eq.(1), the estimated range of the output becomes
corporating a variety of qualitative relationships. For example, larger, and therefore less accurate, as the potential input is se-
monotonically positive relationship can be represented by the deeted farther from the reference input to yield a larges . This
efficient interval[0,+A], or a monotonically negative relation- potential drawback of the interval model is eliminated once sev-
ship by the coefficient intervdl—A,0], whereA is an arbitrary eral reference inputs become available for estimating the output
positive number. A coefficient intervg—A,A] will indicate an range.
unknown causal relationship, and the coefficient intef\@al O] When several reference inputs are available, the estimated out-
would indicate a null effect. Furthermore, if the relative effect oput ¥;(k) at a potential inpuk; may be computed relative to any
two machine settings is known, then their upper limits can kst of previously explored inputs, yielding different estimates of
defined relative to each other. For example, if the effect of ong(k) (due to different values ofx;(k)). In order to cope with
machine setting on a part quality attribute is known to be at leaste multiplicity of estimatesy;(k) is defined here as the common
twice the effect of another machine setting, then the coefficieringe among all of thgj(k) estimates. The estimation &j(k)
interval of this machine setting may be set|@st+ 2A], defining using this commonality rule is illustrated in Fig. 3 wh§n(k) is
its upper limit as twice the upper limit of another machine settingstimated relative to five reference inputs. It is clear from Fig. 3
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Actual feasible region: [x3, x4] 3
Estimated feasible region: [-1, x1] & [x2, 2.5]
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'2_1x1 X2 x3 x4 25 Fig. 4 Estimated range of output by a monotonic interval

Input model for a nonmonotonic input-output relationship

Fig. 2 Estimated range of output by the interval model based
on one reference input

feasible region. As was discussed earlier, the estimated feasible

region is the basis for setpoint selection. As such, it is crucial that
that using this estimation approach fj(k) enables representa-the method at least partially estimates the actual feasible region. A
tion of the system nonlinearities in a piece-wise fashion. Thisartial estimation of the feasible region will ensure consideration
ability of the qualitative model in representing linear and nonlinof some of the appropriate setpoints during the search, whereas a
ear relationships alike makes it ideally suited to modeling illcomplete misrepresentation of it will lead to failure in tuning. A
defined processes. Of course, this representation capability of gagnplete representation of the feasible region will ensure optimi-
interval model is only successful when the model coefficientstion of the process.
comply with the overall monotonicity between individual inputs The estimation of the feasible region for a one-sided constraint
and outputs. A case where such compliance does not exist isgf-y=3 is illustrated in Figs. 2 and 3. As shown in these figures,
lustrated in Fig. 4, where the lack of commonality between thel| the input ranges that correspond§fe=3 are included within
estimated ranges of the output result in a part of the input-outptie estimated feasible region, i.e., the rapgel x;] and[x,,2.5]
relationship not to be represented by the interval model. Any lagk Fig. 2, and the rangle—1,x;] and[xg,Xg] in Fig. 3. The actual
of compliance between the interval model and the input-outpféasible region, which includes the inputs associated wit8,
relationships can be corrected by adapting the coefficient intervalsmprises the rangpxs,x,]. The estimated feasible region, al-
through learning. though larger than the actual one, consistently encompasses the

2.2 Feasible Region Estimation. In order to estimate the actual feasiblg rcT]gion, anld th"?“ the estimatefd feasib!e regic;)n con-

feasible region, the individually estimatefj(k) are compared vergleiltow_?g s the actual region as m?rﬁ ref ere_rg)?e Inputs _eckc])_me
with their corresponding part quality specifications, so as fraiavie. The consistent estimation of the feasible region In this

speculate whether the corresponding machine setpoints belonﬁﬁge is due to the conservative def|n|t!on Of. the |ntelrva| modellto
the feasible region or not. In its present form, even when thgPreSent the actual mpt;t-outpl# [jellalt]l?nl_s#lpdat ?lfl |3|_outs.hWh|Ie
interval ¥/;(k) only partly overlaps the part quality specificationqonslervaf['sm ”.“Ilo“’ge“ e method's likell oof r? f'n 'nglt € op-
the corresponding machine setpoints are included in the estima?@&a settings, It leads to an overestimation of the feasible region
and slower convergence. We rely on learning to tighten the inter-
val model to accelerate convergence. The convergence of the es-
timated feasible region towards the actual feasible region with
Actual feasible region: [x3, x4] more reference inputs, also illustrated in these figures, is an im-
Estimated feasible region: [-1, x1], [x8, x9] portant factor in the efficiency of the KBT Method. A smaller
i ' ' feasible region means a smaller number of potential input sets to
consider, so a rapidly shrinking region becomes synonymous with
a faster tuning session. The above procedure of estimating the
feasible region based on a single output is then extended to mul-
tiple outputs by forming the conjunction of the estimated feasible
regions from each output.

Actual input/output relationship
5H Ty lower limit of specification
® Explored input/output pair
[ Estimated range of output

2.3 Learning. Although the a priori knowledge may pro-
vide a good initial estimate of the interval model, it may not be
able to carry the search process to the end unless it is validated
and refined through learning. In the proposed method, the coeffi-
cient intervals of the interval model are updated according to the
input-output data acquired during tuning by considering new val-
ues for each of the upper and lower limits of individual coefficient
intervals. First, the output ranges at each of the previously ex-

Output

24 X8 x3 x4 x9 55 plored setpoints are estimated according to the current interval
Input model so that the adapted model will accurately represent all of

the previously explored outputs. The adaptation of the coefficient

Fig. 3 Estimated range of output by the interval model based intervals may be performed in two steps: enlargement and shrink-
on five reference inputs age. If the estimated output ranges do not include the actual out-
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puts, the upper and lower limits of the first coefficient interval will 3 ctoal ot 't © relationshi "
i o ; ctual input-output relationship

be enlarged by a small step to yield an enlarged coefficient inte e Explored input-output pairs

val, as o t [ Estimated range of output -~

[Cyji(k)—=B,Cyji(k)+ 8] (1)
where the adaptation stgpis defined proportional to the current
interval length, as ‘g
5 0
B=y[Cuyji(k)—Cy;i(K)] 8 O
The parametey is usually selected within the ran¢&/50, 1/2Q. -1

After this enlargement, the output ranges are re-estimated usil
the enlarged coefficient. If the newly estimated output ranges ¢, |
not include the actual outputs, the next coefficient interval will be
enlarged, and its success in improving the estimation capability « ) ) ) R
the model will be evaluated. Enlargement of the coefficient inter .3 25 2 45 A 0.5 0 05 1
vals will be repeated one at a time until the estimated outpt Input
ranges include all of the actual outputs.

Although the newly updated interval model will enclose thé&ig. 5 Estimated range of output by the updated interval
actual outputs after the enlargement phase, it may have coefficigl@de! for a nonmonotonic input-output relationship
intervals that are overly broad. In order to rectify this situation,
the coefficient intervals will be shrunk individually by selecting
two new candidates, respectively, for their upper and lower limitsf the interval model in Fig. 4 based on the two reference inputs.
in proportion to the current interval length. The two new candifhe estimated outputs by the updated interval model, shown in
date coefficient intervals will have the form Fig. 5, indicate the effectiveness of the learning algorithm in cor-

[Cyi(K)+B.Cuu(K)] and [Cyyi(K),Cuji(k)— ] ) recting initially ill-defined models.

. N . . 2.4 Characterization of Part Quality. The quality of part
and their suitability will be tested by how well they include the . . .
actual outputs within the newly estimated ranges. The goodnes a%t ibutes is the performance measure for the KBT Method. This

. ; . 4 4 asure is quantified in terms of the relative distance of the part
gtlglfu;ﬁ?or??u%gt?o?r each candidate interval is quantified by thfttributes from their upper and lower specifications. Accordingly,

a perfectly tuned process should produce molded parts with qual-
k ity attributes at the center of their corresponding allowable ranges
E=> > {lyj(@-yj(@I2+[yju(@)-y;(@]% (10) and having very small variances. The metric for part quality can
j=1g=1 be defined by the standard deviation numbe)) (for each quality
attribute in terms of the mean and standard deviation of the qual-
ity attribute, as

wherem represents the number of outputsepresents the current
process iterationy; (q) andy;,(q) represent, respectively, the
lower and upper limits of the estimated output ranges, \31d) [ Yiu(0) = = Y;(0)
denotes the actual output. A smaller evaluation functoimdi- Aj=Min ,
o . P P
cates a more centered set of outputs within the estimated ranges, ] l
which is more desirable, so the candidate interval with a smaliehere Y;,(0) and Y;(0) denote, respectively, the upper and
value of E is selected. This procedure of shrinking coefficienttower specifications of th¢th quality attribute, andu; and o
will be repeated for every coefficient interval in the model. Alfepresent, respectively, the mean and standard deviation of the
though the univariate shrinkage of the coefficient intervals wipart attribute. According to this definition, a larger standard de-
improve the centrality of the model, it will not necessarily optiviation number implies a more centered quality attribute within its
mize it. The shrinkage procedure is repeated in a cyclic fashisange and/or a more consistent quality attribute. In this study, the
until either the estimated output ranges begin to exclude the actaaiallest standard deviation numi&SDN \ ¢ of the quality at-
outputs or the intervals violate the minimum length constrairtibutes, which represents the distance of the worst quality at-
defined as tribute from its process defect boundary, is considered the evalu-
) « ation metric for the quality of produced parts. According to

minL={Cy;;(0) = Cy;i(0)}(1~a) (11)  Gaussian distribution, a smallest standard deviation number equal
to prevent drastic shrinkage of the coefficient intervals. In tH@ 3 corresponds to a nominal yield of 99.73 percent.
above limit, the parameter < [0,1] determines how fast the co- 55  Selection of the Machine Setpoints. The machine set-
efficient interval will be shrunk, and the paramekedenotes the points selected within the estimated feasible region may actually
current process iteration. The coefficient interval cannot be shruk infeasible due to the inaccuracy of the estimated region. This
whena=0 and can be shrunk without limits when=1. With « || |ead to unacceptable parts. In order to enhance the quality of
equal to 0.1, a coefficient interval can be shrunk to 35 percent @fe produced parts, the reliability of the selection region may be
its original length at the 10th iteration and to 12 percent at thgereased beyond the estimated feasible region by using a more

20th iteration. For conservatively defined initial coefficient interaggressive set of part quality specifications to define the selection
vals, the parametew can be set to a large value.g., between (egion as

0.15 and 0.Bin order to have a fast shrinkage rate. Conversely,

for a system with several inputs, the parameignay be set to a Yiu(K)=Yju(0) = aj(1)* Ng(1) (13)
small value(e.g., between 0.05 and 0)15ince a slow shrinkage
rate is preferred due to the larger number of data needed for train- Yi(k)=Y;i(0)+aj()*Ay(l) 14)
ing. A small value ofa is also preferred for a highly nonlinear where

process which needs extensive training. In general, the value of

only affects learning at the beginning of the tuning process, be- I=argma{is(a); q=1,... Kk (15)
cause once enough data becomes available learning will be driven q

more by the data than by the value @f The performance of the In the above formulationy;,(k) and Y; (k) denote the tighter
learning algorithm is demonstrated in correcting the inconsistenapper and lower specifications of thith part quality attribute at

: (12)
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the current process iteratidg Y;,(0) andY;(0) represent the
original upper and lower specifications, respectivalyl) repre-
sents the smallest standard deviation number of the parts Ehthe
process iterationg;(l) denotes the standard deviation of fta
part quality attribute at théth iteration, and represents the pro-
cess iteration that produced the largest smallest standard devia® s~
number for the part quality attributes so far. These closer speci
cations can then be used to define the selection region for t
machine setpoints using the same approach as feasible region
timation. The analogy behind the above formulation is that give .
thelth process iteration being the best cycle so far from the poi_ ﬂ% -

Short Shot (Ratio)
oo oo
Flash (Ratio)

of view of yield, the selection region is defined inside the esté ‘fg

mated feasible region so as to encompass the setpoints that r° o

produce parts with a largexs than that at théth iteration. This ¢ 4

selection region will then include the candidate setpoints for tt° “203\;‘

next process iteration. _ - 0 ol
Apart from producing good parts, the setpoints need to be ¢ Shot Size (mm)%5 80 pack Pressure (MPa) ® bk P e 12

lected so as to provide sufficient exploration of the input space for 20 Fressure el

feasible region estimation. As such, setpoint selection becomag 6 part quality attributes and the feasible region of the

synonymous with increasing the distance of the selected setpoinést Model

from the previous setpoints, while having them close to the center

of the selection region. This objective can be pursued by minimiz-

ing the following objective function:

Feasible Region

Shot Size (mm)
8
v
_
}Ll(/’ B

120

noise levels with standard deviations equal to 1.0 percent and 0.4

Ne percent of their respective absolute values. The part quality at-
E Distanceéx, ,X,) tributes of the Test Model over the range of its inputs are shown
_e=1 in Fig. 6, along with its feasible region.
5=, INg (16) The estimation capability of the feasible region by the KBT
H Distancéx; ,Xs) Method was tested first. For this, a two-input three-output quali-
s=1 tative model was defined as
wherex. represents a candidate set of setpoints within the selec- T )= S =
tion region, x, represents any candidate setpoint set within the AY1(K)=Cradxa(k)+ CraAxa(k) (20)
selection regionxs denotes each of the previously explored set- AYH(K) = CorAx;(K) + CppAXo(K) (21)
points, and\, andNg represent the number of the estimated fea-
sible setpoints and the previously explored setpoints, respectively. AY5(k)= éalel(k) + 632Ax2(k) (22)

Note that when the candidate set of setpoixtss close to the
previously selected setpoint'sl]rj1Distance(<C Xs))*Ns becomes
small, and when the candidate set of setpoiqtss far from the ~ ~
center of the selection region, the valueX)f¢ Distancek. ) C11=[0,0], Cpo=[—4,0] (23)
becomes large. By minimizin§, the candidate setpoints are se- = =

lected such that a balance between the above two objectives is Cx»=[0,4], C,=[0,0] (24)
obtained.

where each coefficient interval was defined according to the over-
all sensitivity between the corresponding input and output, as

Cy=104], C3—=[0,4] (25)

; Tuning was initiated with a random set of initial setpoints, at
3 Benchmarking which ten outputs were generated to simulate the stochastic be-
The performance of the KBT Method was first studied in simthavior of the process at each setpoint set. Learning began with the
lation, where the complexity of the test domain could be corsecond process simulation, with the parametér Eq. (11) set to
trolled and the feasible region could be explicitly mapped in the/7. Based on the outputs from each process simulation, the fea-

input space for the purpose of evaluating the estimation capabil§jhle region was estimated and the setpoints for the next process
of the KBT Method. The two inputs of the Test Model represent

pack pressuréMPa) and shot sizgmm), and its three outputs
denote the two qualitative attributes of short stratio) and flash

(ratio), and one quantitative dimensional attribgtem). The Test
Model, that is defined to represent empirical relationships betwee
the corresponding inputs and outputs, has the form o
yl—m— 0.0196 (17) (% |
el > 4
1.0 k]
Y2= 1 08I0 (18) ‘—g“ 02 ]
S 04r
0.02(120—x,) — ActualFR
ya=117 1- ——;5—— +0.0005, (19) 06 TL gleclonregion
40 o8t — T Estimated FR
For simulation purposes, the input domain for the Tes ‘ , )
Model was set asX,=[120,60 and X;=[80,50, and the 4 05 0 05 3
upper and lower quality specifications were set as Normalized Pack Pressure

Y,=[0.015,0.015,119.7%andY,=[0.0,0.0,119.25 respectively.
In order to take process uncertainty into consideration, the pagl§. 7 The estimated and selection regions by the KBT
pressure and shot size were perturbed with normally distribut®tkthod for the Test Model after 9 iterations
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positioning of the selection region within the actual feasible re-
gion is key to successful optimization of the process by the KBT
Method.

The estimated feasible region was next compared with one ob-

standard deviations of these part quality attributes were then used

N tained from a DOE method. For this, the method of Central Com-
‘.g posite ExperimentalCCE) design was used, which is a two-level

5 ] fractional design augmented with a small number of data to permit
3 0 1 estimation of a second-order regression model. Nine sets of set-
-% 027 1  points were evaluated according to CCE design. The means and
£

S

z

047 : / SO
to train second-order regression models for estimating the smallest
067 1 standard deviation numbéBSDN of the parts’ quality attributes
08 T S R by CCE design {1 at various setpoints. The set of setpoints within the input-space
4 , . . that generated SSDNs greater than or equal to 3 were considered
-1 0.5 0 0.5 1 inside the feasible region. The estimated feasible region by CCE
Normalized Pack Pressure design is shown in Fig. 8. The results indicate that although there
is a significant overlap between the estimated feasible region by
Fig. 8 The estimated feasible region by CCE design for the the CCE design and the actual feasible region, the estimate only
Test Model includes a portion of the actual feasible region. This limits the
capability of the CCE design to find an optimal setpoint for the
process.

iteration were selected within the selection region by minimizing E . | Validati
the objective functionS in Eq. (16). The above procedure was xperimental Validation

repeated through nine iterations. The estimated feasible regiorThe practical utility of the Knowledge-Based Tuning Method
and selection region are shown in Fig. 7 relative to the actuahs tested in production of digital video disk3VD) molded of a
feasible region. The results indicate that the estimated feasilolemmercial optical grade polycarbonate. The DVD geometry con-
region, although broader than the actual feasible region, encosists of a center-gated disk of 60 mm radius and 0.6 mm thickness.
passes the proper region of the input space and completely Because the DVD is used in a high-density optical storage appli-
cludes the actual feasible region. This is encouraging, since eation, it is necessary to minimize residual stress, birefringence,
important feature of the KBT Method is to provide a reliabldlatness, and track-to-track dimensional deviafigroove replica-
estimate of the process window during tuning. The results in Figon). The KBT Method was tested in selecting five of the ma-

7 also indicate that the selection region, as defined by a stringehtne settings on a Sumitomo SD30 molding machine. The ma-
set of part quality specifications, is completely within the feasiblehine settings included the melt barrel temperature, the mold
region. This behavior ensures consideration of the appropriate awolant temperature, the first stage clamp tonnage, the second
puts by the KBT Method for the next process iteration. Persistestiage clamp tonnage, and the first stage clamp tonnage delay. The
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Fig. 9 The machine setpoints selected by the KBIM Method at each process
iteration

Journal of Manufacturing Science and Engineering NOVEMBER 2001, Vol. 123 / 687



50
800 400
< 600 o » 7 2
8 400 | f S DO S 0|ggsBeggetBes
8 200 . | 8 0 88 988858093 g g o8
0 S8 tegesEe
0 5 10 200, 5 10 =09 5 10
-
60 5ég g L 05 1.5
< 40 o8 gBEge T © f
- o 8 8 = !
2 5 g f ge
g% 205 §§§g§ ; g os 585 g86f8ecy
3 3 L -]
O .20 o d 3 o 5 8
40 15 -0.5
0 5 10 0 5 10 0 5 10
2
~ 1S O Specification range
g 7 § O Measurement
=
05
O ) §E ogosteed ¥ Average of measurements
0 5 10

Iteration No.

Fig. 10 Measurements of the part quality attributes produced by the selected ma-
chine setpoints. Output 1: OD Deviation  (micron ), Output 2: Vertical Deviation  (mi-
cron ). Output 3: Min. Birefringence  (nm), Output 4: Max. Birefringence  (nm), Output
5: Min. Radial Deviation (degree), Output 6: Max. Radial Deviation (degree), Output
7: Max. Tangential Deviation (degree).

upper and lower bounds for the machine settings were set to tiagnetera was set to 0.1. Altogether 13 tuning iterations were
global processing limits that are conventionally used for opticglerformed. The machine setpoints used at each iteration are
molding, as X,=[380°C,104°C,25ton,18ton,2.2 de@nd X, shown in Fig. 9, and the part quality attributes at these machine
=[370°C,95°C,7 ton,8ton,1 spc setpoints are shown in Fig. 10. The results indicate that six of the

Among the part quality attributes commonly considered foaseven part quality attributes initially violated their corresponding
DVDs, seven critical attributes were consider@D deviation, specifications, and that at the fifth iteration all of the part quality
vertical deviation, minimum and maximum birefringeriegels attributes were within their specifications. Given the large number
across the molded DVDsninimum and maximum radial devia- of inputs and outputs considered in these experiments, the speed
tion, and maximum tangential deviatidrom a flat surface. The of tuning provided by the KBT Method is remarkable. This same
upper and lower specifications for the seven part quality attributpeocess to be tuned by the CCE design, for example, would re-
were selected a$,=[100 micron, 200 micron, 50 nm, 50 nm, 0.8quire 45 iterations.
deg, 0.8 deg, 0.3 dégndY,=[—100 micron,—200 micron,—50 Although the parts produced after the 5th iteration were within
nm, —50 nm, —0.8 deg,—0.8 deg,—0.3 ded. The experimental their specifications, they were not necessarily robust. The quality
procedure at each new machine setting consisted of allowing thiethe produced parts at each iteration are indicated by the small-
new melt and mold temperatures to reach their steady states, dis-
carding the first twenty molded disks, and then taking part quality
measurements from the next five molded disks. Disks were i © 4 ¥ " : -
lowed to cool for approximately 15 to 25 minutes before their pa | [==~= Using previously estimated standard deviation
quality attributes were measured by an electronic scale, an el 3-5] | —8— Using the standard deviation of measurements
tronic micrometer, and a specialized optical media measurem
instrument(Dr. Schenk Prometheys

The selection region was defined to include those inputs tr
generate smallest standard deviation numbers larger than 3. 'I%
would mean that the estimated output range by the interval modwy , +
¥;, would be compared against a more stringent specificatii
range defined asY; +35;,Y;,—34;]. These specifications were 1.5
defined based on standard deviation estimates from DOE expt
ments of another material, a$=[9.6162, 3.4718, 5.0608, 4.1174, 17
0.0235, 0.0238, 0.020620].

257

Seven interval models were defined to estimate the range of | 0.5
seven part quality attributes. For a priori knowledge, the range 0 . . . .
sensitivity coefficients from DOE models of a different commer 0 2 4 6 8 10 12 14
cial optical grade polycarbonate were used. Tuning began witk lteration No.

set of machine setpoints a6=[371.8°C, 104°C, 24.4 ton, 17.3
ton, 2.03 sef; and learning was activated after the second iter&ig. 11 Smallest standard deviation numbers ~ (SSDN) calcu-
tion, when values fodx became available. For learning, the patated using two sets of standard deviation values
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Fig. 12 The initial and updated coefficient intervals of the minimum birefrin-
gence during the experiments
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Fig. 13 The initial and updated coefficient intervals of the vertical deviation dur-
ing the experiments
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100 ' ‘ For example, at the fifth iteration, the selection region was smaller
90 | 4 than 20 percent of the search space, and coincided well with the
] actual feasible region, which included the machine setpoints se-
. 80 1 lected at the fifth and sixth iterations. The best set of machine
® 70 1 setpoints was selected at the 11th iteration where the size of the
L ot selection region was only 2.4 percent of the search space.
8 | The results indicate that the KBT Method succeeded in finding
§ 50 ¥ \ 7 setpoints that produced acceptable parts within 5 process itera-
S 40t \ { tions, and that the process could not be operated at the defined
o \ | level of robustness. Two underlying assumptions are made at the
30 outset of any tuning sessioft) that a feasible region exists to be
20 | \\ 1 found, and(2) that the machine capability is adequate in control-
10t S {1 ling the quality of the parti.e., controllability. The truth, how-
| ‘ \\"“*\7——% ever, is that one or both of these assumptions may be invalid.
%% 2 4 6 8 10 12 14 Although the success or failure of the tuning method provides an
. indication of validity of these underlying assumptions, it is impor-
iteration No. tant that the tuning method be capable of identifying process limi-

Fia. 14 Percentage of the selection region in the search space tations. Our future development efforts will include the addition
9 g 9 P of such capabilities to the KBT Method.

5 Conclusion

An on-line method of tuning is introduced for injection molding

t incorporates the a priori knowledge of the process in its initial
ulation. The salient features of this on-line tuning method is

its continual estimation of the process window during tuning, and

attribute measurements at each iteration. The results in Fig. i e of learning to adapt its input-output model after each tuning

indicate that although the smallest standard deviation numbers ation. The performance of this KBT Method in estimating the

the part quality attributes increased proaressively with each it Ip? cess window is demonstrated in simulation and evaluated ex-
ne part quality S € progre Y witt € srimentally in production of digital video diglioVD) substrates.
tion until iteration 11, the smallest standard deviation number

never exceeded the target value of 3. According toxhealues
from the measurements, the selected machine setpoints at the frthAcknowledgments
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