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14 MAR 2007 METHOD AND APPARATUS FOR PREDI CTI NG A CHARACTERI STIC CF A
PRODUCT ATTRI BUTE FORMVED BY A MACHI NI NG PROCESS USING A MODEL OF THE
PROCESS 5 DESCRI PTION TECHNI CAL FI ELD The present invention rel &até8 ¥
predicting a characteristic of an attribute of a product resulting froma
stochastic machi ning process, e.g., electrical discharge to machining, and
nore particularly to predicting the charfcteristic on the basis of one or
nore nmeasured values of a plurality of process paraneters enployed in the
machi ning process. BACKGROUND 15 El ectrical discharge machining ("EDM') is
used in the manufacture of various netallic conponents, includin% for

exanpl e, gas tur MEEIGRAND ABRABAIHS FORARERICTING AeHARAGHERISTEDQFus es
hi gh ener gy AAARGDUCTHATIRIBVIEEQRMER BY AMACHININGRROCERS USING Aode and
an el ectri cMODEL@QRTHE PROQGESKpi ece to renove material fromthe workpiece.
The el ectrode is positioned near the workpi ece, separated by only_a small 20

di stance; or gap. A dielectric fluid nmedi ' he gap between the
el ect rodse and the workpiece. A di fferg?lmwyé %\fage of specified magnitude

is applied betwe I and the workpi ece. The applied voltage
causes the diel emﬁﬁl@éim| oni ze and break down. Current then starts
to flow between tihe Pessertiipysation relatento prediktinga ehasarterisic of gmattrbvge of & ectri c
medi um The peaductresultingiFom hstachastic machjring pecess, ag., efestrival disahergef t he 25

wor kpi e¢e. Tiachiningf andanodetparticulalystogredictingrthe tleangmteristioon the bmisafdné ocal i zed
nel ting of infie mRsuted CaigesBFtagilurality ofpeodeBdptiritiéters@impidyRd th fHeehRRning
voltage is pegldeed, the dielectric nediumde-ionizes and the current

term nates. "Heat generation ceases allowi ng the electrode and the workpi ece

to cool sonewhat. Téﬁggb material solidifies as it is flushed fromthe
wor k area by the% | dium leaving a crater in the workpiece. 30

The crater typically has, a shape corresponding with that of the el ectrode.
The wor Bpi ece | Flectnqal discharge E@é}@@:ﬁ?@hﬁﬁﬂ&?@mﬁ@ mapufagipre of vagousct r ode.
or &

Thi s pr oces setallic cympanentscinahudi gas tuthins engine' cowipenents sychlas i s
repeat ed untriubinermirfoilsa EDMnseshigh energyrpleettical discharges .21, sparks)dbetweenzaf ul f or
machi ni ng i Ridctroad endSdirdlediri¢dlly oRdidtive dlorkpicsen iethoveemateHildFdnttiee | ncl udi ng
cement ed Carvmﬁgécénﬁéawqdkmnﬁinbehéu S WoRGidck, sehliaRa HYRInRf 4 ghall 35 are
extremely digdlidlob g& ) %l‘cﬂﬁ:ﬂlﬁd BRdfu etie ﬁg%fe%trogéjﬁnd%@”pl €,
fragile yvorl%n ces ™ regﬁcl-v' ‘{ed n L RouT. ug (g;%}c’)vl n )
def or mat i ons’ O/¢BHYE ‘8 %JM]’ IP}Q ?‘If%pB Q? rlngﬂtg ﬁfe;gu@ lZ%iﬁl&eeE% fred
after EDM @6 S WarkgiectDtp prplisd ol e SigleGiri amedigm I iogjzp andt bk, o
a smal | wirdopa nh thep ftarisite flont ketwepnibe plectgode anddhe pioderiece and thieweh ype
of EDM pr océbedielectricnedjum.c The cement sauses peat ity be Eomrated ssthg sudgeaf thegat ed
el ectrods t hedrkpiechi Tiesheatmssken amigrifidasttempemture risp and lncalized meltgifehe
smal |, deepworkpiepenatesible sTianagnituio oihd differemiabydliage djeduded, thedivledtrigas
turbine engif&ium de-ionizes and the current terminates. Heat generation ceases allowing the
electrode and the workpiece to cool somewhat. The molten material solidifies as it is
flushed from the work area by the dielectric medium, leaving a crater in the workpiece.
30  The crater typically has a shape corresponding with that of the electrode. The workpiece
is left with a shape complementary to that of the electrode. This process, or cycle,
commonly referred to as an “on/off” cycle is repeated until material removal is complete.
EDM is particularly useful for machining intricate shapes in electrically conductive
materials including cemented carbides and super tough alloys. Typically, these materials
35  are extremely difficult to machine using conventional processes. For example, fragile
workpieces can be machined using EDM without undergoing deformations. Conventional
finishing operations are generally not required after EDM. One type of EDM process,
commonly referred to as wire EDM, uses a small wire to machine an intricate shape into a
workpiece. Another type of EDM process, commonly referred to as piunge EDM, uses an
40  elongated electrode that machines recesses or holes in a workpiece. For example, small,
deep, shaped holes can be formed in metallic objects such as gas turbine engine
components.
Although EDM has been used for a number of years, EDM is a stochastic process
and the mechanism, described hereinabove, by which EDM removes metal from a




conponents. Although EDM has been used for a nunber of years, EDMis a
stochastic process and the nechanism described herei nabove, by which EDM
renoves nmetal froma 14 MAR 2007 2 workpiece is conplex and still JUmnMigr007
study. The conplexity of the EDM process is due in part to the many factors
whi ch have an effect on the outcone of the process. These factors include
the process paraneters and the machi ning gnvironnental conditions, together
with the properties of the vvorkpl ece, the electrode, and the dielectric
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30  workpiece. Further, the presence of such debris makes the process dynamic, random, and
difficult to control. This leads to incomplete machining, and damage to the tools and
workpiece, |

Another factor contributing to the complexity of EDM processes is the complex
interaction between the factors above. For example, if the gap dimension is too large, the

35  dielectric medium may never ionize and EDM may never take place. On the other hand, if
the gap is too small, the part and the tool may weld together. Generally, a servo-
mechanism is used to maintain a constant gap between the electrode and the workpiece.
The effectiveness of the servo-mechanism depends on the effectiveness of the EDM
parameter selection and optimization, the workpiece/tocling/dielectric fluid variations, and

40  the effectiveness of the equipment maintenance. When the dielectric fluid is contaminated
and/or poor flushing conditions exist, undesirable conditions such as arcing, fast electrode
wear, and incomplete material removal may occur.

Yet another factor is variability in each of the parameters and properties above.
This includes variations that occur during the EDM operation, between successive
45  operations, from one day to the next, and workpiece/electrode/dielectric variation. Some




35 dielectric medium may never ionize and EDM may never take place. On the
other hand, if the gap is too small, the part and the tool may weld
together. Generally, a servo nechanismis used to naintain a constahtMARE]
bet ween the el ectrode and the workpi ece. The effectiveness of the

servo- nechani sm depends on the effectiveness of the EDM paraneter selection
and -optim zation, the workpiece/tooling/dgelectric fluid variations, and 40
the effectiveness of the equi pnent mai ntenance. Wen the dielectric fluid is
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process for I ne engi ne
conponents. Wh%im S nbust or, and
a turbine. THAPEBIATSSCLLR é‘%?cﬂ‘?“ﬁ'&vﬂ‘ 54"13189 8R0S0t at i ng
bl ades and Mﬁ%@s’ﬂﬂﬁ@@mﬂ%@%@h@ ﬁﬁieé!\“ﬂé?s m eifingt enper at ur es,

of ten wei0l in exdesalingtechbiques lmwsbe@te@evslo@gdsnek@eghqemmture of the blades and
vanes within design limitations, while still operating the engine at high temperatures. For

example, blades and vanes exposed to extreme temperatures are typically hollow to permit
cooling fluid to flow through them. Furthermore, the outer surface of engine components
are typically film cooled with cooling air from the compressor section of the engine. The
35  cooling air typically passes through the component and out a series of small passages or
holes (i.e., cooling holes), formed in the outer wall of the component. Film cooling
requires less cooling air than other suitable cooling techniques, thereby minimizing the
effect on the operating efficiency of the gas turbine engine.
The cooling holes in gas turbine engine components are traditionally created using
40  acomplex machining process such as, for example, an EDM process, a laser process, or a
combination of the two. Two important characteristics of the cooling hole are  break-
through and airflow. Break-through is the condition where the cooling passages extend
completely through the outer wall of the component. Airflow is a measure that defines the
mass flow rate through these passages and may be expressed as a non-dimensional airflow
45  pressure ratio.
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I ncreased performance and efficiency. However, direct exposure to such high
tenperatures detrinentally affects sonme turbine conponents, e.g., blades and
vanes, potentially causing conponent distortion and, in extrene ktla¥s® 007
mel ting. 30 Cooling techniques have been devel oped to keep the tenperature
of the blades and vanes within design [imtations, while still operating
the_engine at high tenperatures. For exgnple, blades and vanes exposed to
extrene tenperatures are typically hollowto permt cooling fluid to flow
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t hrough3Pns harmfisliaoe;| Other swidies have monitoredythe agmtmpéeimgnwm study thergagage to
ensure voltage signals. Numerous control systems have been developed to control process
parameters. Most of these systems focus in particular on maximizing material removal
rate, reducing harmful arcing, and achieving greater process stability. However, none of
the aforementioned systems can perform product inspection, predict a characteristic of an
35  attribute, and/or help assure product quality at the end of the process.
. U.S. Patent No. 5,282,261 issued to Skeirik discloses a neural network process
measurement and control system. The.system uses real time output data from a neural
network to replace a sensor or laboratory input to a controller, the network can use
readily available measurements from sensors as inputs and produce predicted values of
40  product properties as output. An historical database can be used to provide a history of
sensor and laboratory measurements to the neural network. Skeirik discloses that for
many products the important product properties relate to the end use of the product and
not to the process conditions of the process. However, Skeirik does not disclose a system
for use with an EDM process to predict the quality of the attribute produced by the
45  process.
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conpl ete break through. Airflow inspection involves washing the workpiece,

applying 20 wax to certain openings, and airflow testing the non-waxed
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the wire mechanical tension, and the wire feed speed. See “Study on Modeling of Wire
EDM Process”, Spedding, T.A., et al., Journal of Materials Processing Technology, vol.
69, pages 18-28, 1997; and “Parameter Optimization and Surface Characterization of
Wire Electrical Discharge Machining Process”, Spedding, T.A., et al., Precision

35  Engineering, vol. 20, pages 5-15, 1997. Such models are suggested for optimization of the
process parametric combinations, i.e., selecting target values to achieve a particular result.
Other factors (including the workpiece material and dimensions, the cutting voltage, the
ignition pulse current, and the dielectric), which may have effects on the measures of the
process performance are fixed (held constant). It is suggested that further research might

40  attempt to take more factors, such as wire, workpiece material, and workpiece height, into
account as process inputs. However, there is no suggestion that these models can predict
product quality.
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cal culating the discharge stability. Kaneko et at. disclose that previous
nmet hods required the operator to set machining conditions such as on and
off times in accordance with requirenments such as the machining area of the
wor kpi ece, the nmachining depth, the dinensional accuracy required,]qng;{pﬁ
surface roughness desired. However, this nethod 15 seeks to control ele% é
di scharge nmachining conditions. rather than actually predict product
quality. U S. Patent No. 5,571,426 issuedeto Akenura di scl oses a met hod of
determining electric discharge machining conditions and an electric

di scharge nachi niDISCIOSUYRE GF THEINYENTIONd di scl oses establishing sets of
pr edefi ned machi ni ng parameters, establishing 20 for each set of machining
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30  of the attribute of the product.

The present invention monitors characteristics of process parameters, and
preferably, using an intelligent model, predicts characteristics of an attribute produced by
the process. The model is preferably created using data sets that represent actual process
inputs and outputs. Such a model is capable of learning about process randomness and

35  unpredictability, and reacting to undesirable temporal processing conditions. Thus, unlike
previous systems for use with a stochastic machining process, the present invention can
predict characteristics of the resulting attribute despite workpiece and tool variations that
are of an unpredictable nature. Thus the present invention can alleviate or eliminate the
need for conventional inspection after machining, thereby saving time and reducing cost.

40  One embodiment of the present invention provides a better indication of the airflow and
break-through characteristics of cooling passages in gas turbine engine components than
that provided by post machining manual inspection.

While neural networks models are known, up until now, it was thought that it may
not be possible to completely model a stochastic machining process, such as for example,

45 EDM. It was understood that is it not always possible to model every process no matter




of an attribute of a product, formed by an EDM process, on the basis of one
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FIG. 7 is a graph illustrating the magnitude of an electrode displacement parameter
during the EDM process of FIG. 5;
FIG. 8 is a graph illustrating the normalized differentiated magnitudes of the gap
35  voltage and gap current parameters of FIGS. 5 and 6; '
FIG. 9 is a graph illustrating the magnitude of incremental changes in the electrode
displacement parameter of FIG. 7;
FIG. 10 is a graph illustrating the normalized differentiated magnitudes of the gap
voltage and gap current parameters of an EDM process resulting in passages having
40  complete break-through;
FIG. 11 is a graph illustrating the magnitude of incremental changes in the
electrode displacement parameter for the EDM process of FIG. 10,
FIG. 12 is a graph illustrating the normalized differentiated magnitudes of the gap
voltage and gap current parameters of an EDM process resulting in passages having
45  incomplete break-through;
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14 MAR 2007 how conplex, i.e., that it is not always possible to determ ne
rel ati onshi ps between process paraneters and process outputs. It was al so
under st ood that careful selection of the input parameters to the rodtR 200%
required. However, it has been determined that an intelligent nodel can
conpl etely nodel a stochastic machining process, such as for 5 exanple, EDM
that. suitable rel ati onshi ps exi st betvveen§ known process paraneters and
process outputs, and that an effective hod to determ ne the relationship
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cross section ofqu'lésp&QSE@é ilystrating.thedeta paints ysad toytrainrthe nepral setwork/br i d
mechani tal / mbddtfoi pradictinghbreak-tlronghpehasaetdrticsoof paksagas; EDM 20 system f or
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process rmdB‘Pdﬂ%’dP"ﬁﬂmﬂﬁ&mﬁ@?é’(Cmfé‘ée‘éﬁ*r‘ﬁ%)ﬂf%fiﬁgeéf the present invention;

FIG 5 is a grapBIGI1isagaphibustiatngnemeniaatidate indicagiap of wrighiyasywiaterbwith
during an Cladegtingclizks betdeek ifput Gelirsnsardrtaddenineltont fartthe geuthlenetmerkithatde of a

gap current pRaichBrbsd-thisi magda&nsﬁggl\/l process of FIG 5; FIG 7 is a graph
ilTustragi ”9 theg i’@ Py kY gf fill@4trafih ﬁﬁzh@x‘i’&l éi o%a?i%%l‘bxﬁé’cr aeRcfated Wi | NO
oo 0 s ey reaéhg &,awa&n@@ésm' [z
differentia es’ o r'ren a qﬁters
of FIGS 5 and 6F -1 isg ar@h@z A Pwr*s%ﬁaf Q%‘F ichlive f5cassqgiated Wi

i ncr enent al CRMERRESINKS betyeee P SEREONSANIANRIPE TEUERAY I hﬂleéweum ngtpiark that (| g

10 is a grapfﬁdlqtﬁhrﬁk-ﬂtfw@ ¢haeactasisties i zed differentiated magnitudes of the
gap vobk§age andFi@mZismargraph ifiasteatiog enmendal data idtative of biasasassdciatedgwithn

passages haviequtgiit neargal foi thelmeenk nétivoeltithat predicts break-through characteristics;

FIG. 23 is a graph illustrating numerical data indicative of weights associated with
connecting links between input neurons and hidden neurons for the neural network that
predicts airflow characteristics;

30 FIG. 24 is a graph illustrating numerical data mdlcatwe of biases associated with
hidden neurons for the neural network that predicts airflow characteristics;

FIG. 25 is a graph illustrating numerical data indicative of weights associated with
connecting links between hidden neurons and an output neuron for the neural network that
predicts airflow characteristics; and

35 FIG. 26 is a graph illustrating numerical data indicative of biases associated with
the output neuron for the neural network that predicts airflow characteristics.

BEST MODE EMBODIMENT

40 The present invention is directed to providing a prediction of a characteristic of an
attribute resulting from a process. To accomplish this, some embodiments of the present
invention may make use of artificial neural networks, although the invention is not limited
to such.
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FIG 11 is a graph illustrating the magnitude of increnental changes in the
el ectrode di spl acenent paraneter for the EDM process of FIG 10; FIG 12 is
a graph illustrating the normalized differentiated nagnitudes of th

vol tage and gap current paraneters of an EDM process resulting in piég@ge@m
havi ng 45 i nconpl ete break-through; 14 MAR 2007 8 FIG 13 is a graph
illustrating the nmagni tude of increnental hanges in the electrode

di spl acenent paraneter for the EDM proces of FIG 12; FIG 14Ais a
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servo-mechamsm 86 actuates e machme head 84 to move the electrode 80 toward or
away from the blade airfoil 42, to narrow or widen a gap 88 between the electrode and the
workpiece, i.e., the airfoil. The dielectric subsystem 78 includes a dielectric medium 90

30  and a dielectric reservoir/filtration system 92.

The EDM system 70 further comprises one or more sensors, referred to
hereinbelow as the sensors represented by sensors 94, 96, 98, and a system
controller/generator 100. The sensors 94, 96, 98, sense characteristics of one or more
process parameters during the EDM process and provide one or more measurement

35  signals, transmitted on signal lines 104, 106, 108 indicative thereof. The system
controller/generator 90 receives the measurement signals transmitted over signal lines 104,
106, 108, and generates control and power signals, transmitted over signal line 110 and
power conductor 112, respectively, for the EDM process.

The sensors 94, 96, 98 preferably comprise a displacement sensor 94, a current

40  sensor 96, and a voltage sensor 98. The displacement sensor 94 may mount to the frame
72 and may sense the position of the machine head 84 through a connecting cable 114.
The displacement sensor 94 senses the displacement between the position of the electrode
92 and a reference position {not shown), and provides a signal on the line 104 indicative
thereof, illustratively shown as DISPLACEMENT. This signal is also indicative of the

45  distance between the airfoil 42 and the electrode 80, i.e., the distance across the gap 88,
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connecting |inks between hidden neurons and an out put neuron for the neural
network that predicts airflow characteristics; and 35 FIG 26 is a ra h
illustrating nunerical data indicative of biases associated with pﬁw
neuron for the neural network that predicts airflow characteri stics BEST .
MODE EMBODI MENT 40 The present invention is directed to providing a
prediction of a characteristic of an atip | bute resulting froma process. To
acconplish this, sone enbodi nents of the present i nvention may make use of
artificial neural networks, although the jnvention_is not |imted tq such.
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the machine Hesidiepth. Durinp¢his process R DISPEACEMENT: VOETAGEAND.CURRENT
actuates theg; &‘pf&d‘é‘iﬁ’dicﬁi%n& of {he ¢Rcirbe Gisladande, thO ghP¥atdit, Und tRe'gap f rom
t he bl ade ai Q?de pf@wé Bm%&fe&wregf)eéﬁva?” a gap 88 between the el ectrode and
the ‘The EDM system 70 further includes a signal processor 140 for use in predicting
one or more characteristics of the attribute produced by the EDM process. The prediction
is based on one or more measurement signals indicative of the characteristics of one or
more EDM process parameters. For example, in the best mode embodiment, the signal
: processor receives the DISPLACEMENT, CURRENT, and VOLTAGE signals on signal
35  lines 104, 130, 134 respectively, and the signal processor 140 provides signals indicative
of the passage break-through and airflow characteristics, illustratively shown as BREAK-
THROUGH and AIRFLOW, on signal lines 142, 144, respectively.
Referring now to FIG. 34, in the best mode embodiment, the signal processor 140
comprises an input portion 150, a central processing unit (CPU) and memory portion 152,
40  an output portion 154, and a bus portion 156 (FIG. 3) with connections 158 (FIG. 3) to
each of the other portions of the signal processor 140. 'In such embodiment, the signal
processor 140 may be a general purpose computer, e.g., an IBM compatible personal
computer, and the input portion 150 may be a data acquisition board having a signal
conditioning circuit and an analog to digital (A/D) converter circuit. In another
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wor kpi ece, i.e., the airfoil. The dielectric subsystem 78 includes a
dielectric nedium 90 30 and a dielectric reservoir/filtration system92. The
EDM system 70 further conprises one or nore sensors, referred to 14 MAR 2007
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control ler/ " BURRENT
and VOLTAGE %,ﬂ pam ¥ wtuﬂszs epﬁm m@umdetahe PaticHiBRtimENd t he
vol tage si grevesging, pisingle or@anultiple ordesspevefityandthe ke EDM syst em nachi nes t he
airfoil antil a pReferingmowtedIGSp 647, for itlesiratieel panpdses, three graphs 210 (FIG. 5),
212 (FIG. 6) , 214 (FIG. 7), depict characteristics of the process parameter signals
provided to the signal analyzer 182 (FIGS. 3B, 4) and the signals generated, preferably
during the EDM process, by the signal analyzer 182 (FIGS. 3B, 4) . The first graph 210
(FIG. 5) has a first curve 216, shown by solid lines, illustrating the magnitude of the gap
35  voltage versus time during a representative EDM process, and a second curve 218, shown
by a broken line, illustrating the corresponding slope and the intercept generated by the
signal analyzer 182 (FIGS. 3B, 4). The second graph 212 (FIG. 6) has a first curve 220,
shown by solid lines, illustrating the magnitude of the gap current versus time during the
EDM process, and a second curve 222, stiown by a broken line, illustrating the
40  corresponding slope and the intercept generated by the signal analyzer 182 (FIGS. 3B, 4).
The third graph 214 (FIG. 7) has a first curve 224, shown by solid lines, illustrating the
magnitude of the displacement versus time during the EDM process, and a second curve
226, shown by a broken line, illustrating the corresponding slope and the intercept
generated by the signal analyzer 182 (FIGS. 3B, 4). As the curves 216 (FIG. 5), 220 (FIG.
45 6), 224 (FIG. 7) depict, the voltage and the current acrass the gap fluctuate throughout

SEQD

W




20 whereby the passages shoul d be conplete. During machining, the EDM system
enpl oys an "on/off' cycle. Typically, the duration of the "on" portion and
the "of f' portion of the cycle depends on the position of the el ectrode
relative to the airfoil. For exanple, a first "on" duration and a fiMR 2007
"off' duration may be used frominitiation of a first spark until the

el ectrode reaches a pre-determned first depth. A second "on" duration and a
second 25 "off’ duration may be used untld the el ectrode reaches a second
depth. Athird "on" duration and a third "off" duration may be used from
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acqui si t i onvhrasion alsahe electendeiagpalaches thredgreatestiatigwable depth imto dheawockpidceg t o

digital (A/Durm e 6tagé, the electrdde rethacharidvdntrids Moderiedly (sed tuse28i(FERL , the
signal . b OCegsor 140 may be conbined with the system control I er/generator
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three c dﬁdu breskethroygh and sommalized- AEPR of §:647 sharactetisfical The second Bsaph 2686, 168.
The A/ D convElG.dil) hesecurve 262 depictingethe displacanent datp fionethat processeThe thirdi gnal s,
and at substggdphi 254! (FIGEI2)hds bwo irees 2845 26@1@@9&:&@&&%&@@ ghdarhé shrréitdanss
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180, Str% ed an %Eec@ggc‘}? @Eﬁﬁm thiat proses or@gﬁiﬁvgﬁ@'he program 170
Ty €0 comp eteb ouzgﬁcanoccur when the EDM system does not compensate

for some variations durmg the process. Incomplete break-through cycles generally involve
larger displacement increments and higher energy levels to account for variations
introduced during the process. This is particularly illustrated towards the end of the EDM
35 cycle. The source of variation may reside in multiple areas including but not limited to the
workpiece, electrode, dielectric fluid, EDM tooling, operating technique, and
environmental. While these variations can be identified and removed from the system
temporarily, they can re-manifest in the process at any time.
Referring again to FIG. 3B, the program 180 in the signal processor 140 further
40  comprises another module referred to herein as a process model 280. The process model
280 preferably receives the signals generated by the signal analyzer 182 and in response
provides one or more prediction signals indicative of one or more predicted characteristics
of the attribute produced by the EDM process. For example, in the best mode
embodiment, the process model 280 provides two prediction signals, one indicative of the
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software or firmvare. One of these nodul es preferably conprises a signal
anal yzer 172. The signal analyzer 172 uses classical signal processimar 707
principles to generate, for each of 15 the digital process paraneter
signals, one or nore signals that provide a sinplified representation of
the magnitude of the digital process paraneter signal during the process
(over tinme). Referring nowto FIG 4, injghe best node enbodi nent, the
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data in other wayFhe number of layers, the number of neurons, and the activation functions are
preferably selected so as to optimize the model in regard to accuracy, etc. In one
embodiment, each of the neural networks 286, 288 (FIG. 14A) comprises a feed forward
35  network with an input layer having six input neurons, one hidden layer having twenty
neurons, and an output layer having one neuron. In contrast, an embodiment having a
single layer neural network for the break-through prediction provided inferior results
compared to that of the two layer network. Note however, that the two networks 286,
288 (FIG. 14A) need not have similar architectures.
40 The activation functions are prefetably selected based on the range of the
activation function and the range of the target values. The neural network for predicting
the break-through characteristic 286 (FIG. 14A) uses a logistic sigmoid (or binary
sigmoid) activation function for the both the hidden and output layers. The logistic
sigmoid activation function, is useful for applications having bipolar target output values.
45  Break-through is characterized by Values between 0 and 1 are used to characterize break-



o e

5 For exanple, a graph 230 (FIG 8) has two curves 232, 234, one each
depicting the voltage data and current data, respectively, from abolv['eﬂﬁj b
normal i zation and differentiation. Another graph 236 has a curve 238
depicting the displacenent data from above in terns of increnental change,
that is Ad. The data represented in FIGS. 5-9 represents the nagnitude of
the .process 1o paraneters during an EDM pigocess that resulted in passages
havi ng conpl ete br eak- through and a normalized airflow pressure ratio
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280. Thesgpr osfithes atmibine acrdfidthp rage of pbssiblescenaéss. tTreiniiggrefesablysinciudésl by the
si gnal anal ygRkprbpagatiofl step thReebRRly iRippdvedthe SitAraey with'Whibh el iddeP Pre‘ilicﬂé‘a| S
i ndi cative O&lheﬂ% mrcﬁ'tﬁé t&d char acteristics® of the attribu
produced by t 8&1’9&3@ Bac Popagﬁ%ml‘ﬁmné pecmﬁug %%HEP(%?Y used on multiple-
layer feed-forward neural networks to minimize the mean squared error of each training
35  data set. The training group 402 of training data sets is preferably used to train the
network 286, 288 (FIG. 14A) until it can perform pattern association, pattern
classification, and function approximation through the minimization of the sum squared
error. The least square error of the neural network may be used to determine the model's
effectiveness to simulate the actual data. Once the trained network satisfactorily
40  represents the data used to train the network, the neural network’s ability to generalize
may be determined using the training-testing group of training data sets and computation
of a total least squared error. Training preferably continues so long as the error for the
training-testing group decreases but ends when the error starts to increase. At that point,
the network model starts to memorize the data sets and begins to lose its ability to
45  generalize.




enbodi ment, the process nodel 280 provides two prediction signals, one

I ndi cative of the 14 MAR 2007 13 break-through characteristics and 9N%unn 2007
i ndicative of the airflow characteristics, on signal |ines 282, 284,
respectively, indicative of the quality of t he machi ned passages. The
process nodel 280 is preferably an intelligent nodel preferably conprising
one .- or nore trained neural networks, hovver any other suitable nodel may
be used including 5 but not Iimted to a response surface nethodol ogy
("RSM') nodel. Referring nowto FIG 14A, the process nodel 280 nay have two
neural networks 286, 288, one to predict break-through and one to predict
airflow, respectiTie tyainibg speedicag be dmprovedbyusirghBeight Nelbisd initializwviok 300
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having a each weight, a scalar, the identity matrix and the error vector, respectively.

In regard to the neural network 286 (FIG. 14A) for predicting the break-through
characteristic, the network's learning rate, momentum, sum-squared error, and number of
layers had a direct effect on the network's ability to learn about the process and predict

35 - quality. Inthis embodiment, a learing rate of 5 and a momentum of 0.95 were
determined to optimum. The Levenberg-Marquardt algorithm was used (using & jnisal
=100, { me =1E10, ¢ =10, £ "=0.1, and minimum gradient =1E-12) to enhance the
network's ability to generalize about EDM quality attributes 100% of the times. A
combination of both gradient descent and Gauss-Newton techniques were used to

40  compute all weights and biases needed for break-through prediction.

In regard to the neural network 288 (FIG. 14A) for predicting the airflow
characteristic, the network's learning rate and momentum had little effect on the network's
ability to learn and predict airflow. In this embodiment, a learning rate of 0.01 and a
momentum of 0.85 were used. The sum-squared error, however improved the network's
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single layer neural network for the break-through prediction provided
inferior results conpared to that of the two |ayer network. Note h?%ﬁ%@rmnv
that the two networks 286, 288 (FIG 14A) need not have simlar
architectures. 40 The activation functions are preferably sel ected based on
the range of the activation function and the range of the target val ues.
The neural network for predicting the brHak-through characteristic 286
(FIG 14A) uses a logistic sigmid (or binary signoid) activation function
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trai ni ngjglat psc@itspaing. a training-testing group 404 of training data sets.

Each training dat eﬁf-‘ﬁn d;y,g@ﬁgls nepjy St%tg?a sg@g i @3t d@ﬁH ect ed
during  a papl Hn@;' |¥ ntE ﬁe'sP 43 llgl 3@? a?
resul ting fr@‘r;} er or ce oS ess ress g{ meter
data is-to b 06'5%

the target, °é‘°‘gw BEP{PPt ell7)h¥‘n‘b ter
data is Btef WS&SIQWPWM@EWM 05256(5 MEYMMAM% tbﬁhlk ™ittd cs upon

whi ch the pr phirality oficircled poiits 588 drelitating thegirediction feord abeandusal metwfork aldlsthe
i ndi cative ogrspheszomo llbylilmsn-km ane fietivolilt prediotios ddsselli mitekl thefarget ftphgst

node enbodi mm ﬂSQz ithl fest dimﬁbmtuuéﬁﬁteltﬁ&ha%ﬂﬁml@as

vol tage sl Op ‘i ?hasta%u ﬁﬂe 53?011r HEQ ﬁtsami
|ntercep &F mt? gf{

Srainn 33” ° n\\%’g ﬂf hﬂlﬂam af&@ ma
trainin at 'e nces
resultlgg mPﬁﬁs’&lﬁn Te, waa@ntum Pi pa a

process perf nﬂmeadzbmr %%ﬁ}ISlOFﬂYQ? 3% ik oalyadi% eamorwnﬂqveéhe model
br eak- t hr ouglprovides aongreaceuratelindicatmnithanthatpravided by tl'@dltlpnébﬁ'rlablajfﬂnwpr esents
as nany possinftasurementaechniques, wiicicaresupjactaohtmasegod esul ting attributes
as is practical tQReftfifig how'lo FIGS. 19122 fhir dHARE SSC (TG, 1DE SK2(FIG. 2098554
variations o %15 258G RAfHoViae nublRRcF OMaRAAGARE of rtdBw@fhts bdd NI g
data represe ta.:w.sqt'or the neural network 286 (FIG. 14A) that predicts break-through characteristics,
although any other weights and biases may be used. The chart 550 (FIG. 19) provides
35  numerical data indicative of weights associated with the connecting links between the
input neurons and the hidden neurons. The chart 552 (FIG. 20) provides numerical data
indicative of biases associated with the hidden neurons. The chart 554 (FIG. 21) provides
numerical data indicative of weights associated with the connecting links between the
hidden neurons and the output neuron. The chart 556 (FIG. 20) provides numerical data
40  indicative of the bias associated with the output neuron.
Referring now to FIGS. 23-26, four charts 560 (FIG. 23), 562 (FIG. 24) , 564
(FIG. 25) , 566 (FIG. 26) provide numerical data indicative of preferred weights and
biases for the neural network 288 (FIG. 14A) that predicts airflow characteristics,
although any other weights and biases may be used. The chart 560 (FIG. 23) provides
45  numerical data indicative of weights associated with the connecting links between the



a varied range of scenarios results in a nodel that is better able to
predict the characteristic 30 of the attribute across the range of ppsgibllET
scenarios. Training preferably includes a backpropagation step that
effectively inproves the accuracy with which the nodel predicts the
characteristic of the attribute. A supervised backpropagati on training
technique is comonly used on nultiple- l1&yer feed-forward neural networks
to minimze the mean squared error of each training 35 data set. The
training group 402 of training data sets is preferably used to train the

net wor k 28|6 aﬁx?eu(‘%:#s%d %ﬁé&.gw Aeh dnfs fmraﬁrsfeggi@ai %9 eﬂédl Qika.
pattern_ <l i il e D e S e oo
be used to BWPEH ﬁ’é“t“ﬁ‘é“aﬂﬁﬂe wg*s %ﬁf*@ 'PF%"H @etcen%qcm mseeaé w data

Once the tr hidderingusPRsAng theputantreusra. (I 65 &6 26) prreidemrumansaldlatyy train
t he net wer k;nd:daavmﬂhablaﬁessmmwdsmdbﬁhb|ou5put Getg@meral ize may be determ ned
usi ng the traini fgthedeitimodegpmbodimdnt t thaimoidalg wited @aised srithndiacenmotietédon of a
total |east ovéerdiethofih tific pdrici. rEve ben&f cefulds leyule Gatdbiiies tﬁﬁlgH@fAQ‘oe&S t he
error for thgiectdddver Pend sﬂw&w&mc&s%m mpids £5AR aenk oFhafl Or

starts to i gE g rocérsmkré@éna% ‘%i 15‘@'13’?@ btﬁ@%kﬁaﬁfeﬂ& %ﬂg})rl ze the
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initializat iteyned Sregrgged,mggl! ad%Pﬁ@ gyrddiMeng of wei ghts and bi ases bet ween
units can be zer dn thRipseferrad embodimente themagnitnde of each inpus sigesbrincluding training
depends on tdae sigmlsyt the proxiss hedal AR@ is nonnblized;sgricdrtainpantd the atadel) relativet he

| ower unist agihelaigeRindgaitGdd Oectt Girahat sanal. THUS, the GRigRitIdtast eadtPinpitighal
vei ght and tib@ﬁe;brﬁbéshﬂiddé@ﬂﬂ&‘nﬁtﬂ@?ﬁ %EMe‘énb'&n&QrWdiﬂiaH%oﬁﬁ § Remake
activation q_ﬂg mod8 r&x@&% lf

dat a Set‘ﬁ. a as/ 9 a‘é%&%{g‘“‘f’%‘ 7 15

h@ﬂﬁmxﬁﬁé{f e
initializati,o on g B ne ] tunlt
will be cl od®N .d??u fé%

preferably :{g r}l { 15F Py Htfl %E’PF‘?F %’ﬁ ‘F"ﬁ}ﬁ ??%H%m;aﬁ"d[

target 200 valatieato thelargest magmpide expretadfoptiat signad (F G 14A) can ty |caI |y

be optinized by Tewressnt ipxentiod cay predich therabarcisdsséssiofian attibuselpragiuced by a
opti m zat i onprocsss.| Thiisnthemvesent mmgntioadietsi amotemial for neducagend andirinating the
Levenber g- Magpdd st pdseiabpectioiesnd fHeretite uie dbe; 1adas afateridl Carlda3pkderaesiatdd With S
iggi; it g dueh Fi¥Beécti oﬁ'e}rﬁ&dcﬁnd tile ReRRhf ﬁﬁerﬁiéhfaﬁS%t?éddé@é Qﬂxol'eh%bﬁ'ﬁtaﬁ@r k 15 to
errors)geﬁf ‘ﬁf Qéa@?rﬁ? g%g%%sséghe tr Pént{egg altsagal?)?agaé Atar n| ng I ar ge
| earnin ste I n n|n the ne vvorklearnl SI a The
Levenbe?g Mar g quar ng‘lfeq @T’ t peedingh b&f‘ﬂ?&gﬁ"ﬁa‘%ﬁﬁl&“ﬁ%d to
optinize thé n@msquan amemcg'a qutemm enpser 69 arpyeatsisfostsiand hglBent um
net wor ks ar eensygeithaqualityattributdsonamsifactured imtonthegrodiet. dhepresentrineention does
si gni fi cant | yotdedquirertknithé prooedsibe completed priovfto produting iapredictidatof th@oi nt s.
characteristics of the attribute. While the prediction may be made immediately afer the
process, there is no requirement that a prediction be made immediately after completion of
the process.
Those skilled in the art will recognize that although the signal processor in the
35  disclosed embodiment comprises programmed hardware, i.e. executed in software by a
computer, it may take other forms, including hardwired hardware configurations,
hardware manufactured in integrated circuit form, firmware, and combinations thereof.
Furthermore, it should be understood that although the disclosed embodiment comprises a
digital system with periodically sampled signals, the present invention may also be
40  embodied in an analog system with continuous signals, or a combination of digital and
analog systems. Moreover, the signal processor may include all or none, or any
combination of the specific aspects described in the best mode embodiment.
Although the present invention is disclosed with respect to a best mode
embodiment for use in an EDM system, the present invention may be used with any
45  process, including but not limited to any stochastic machining processes. Thus, the present



Training may start with increnental backpropagation and then switch to
conjugate gradient based backpropagation for the final convergence phase.

The Levenberg- Marquardt update rule, also known as the hybrid |earning 14 MAR 2007
al gorithmwas used to optimze the network during training. Training

preferably starts 25 with increnental backpropagation and then switches to
conj.ugat e gradi ent based backpropagation figor the final convergence phase.

This rule provides even faster and nore accurate results near an error
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(FIG 15) dep| ctl ed data points illustrates the network's
ability to |earn. %ﬁ{e %#%ﬂﬂ%a%oo (FIG 15) has a solid Iine 504 indicating

target 10 outputs, and a plurality of circles 506 indicating the prediction
fromthe neural network. The graph 502 (FIG 16) depicting the test data
points illustrates the network's ability to generalize. The graph 502 (FI G
16) has a solid line 508 indicating target outputs, and a plurality of
circles 510 indicating the prediction fromthe neural network. As these
graphs illustrate, the network predicts EDM break-through 100% of the tinme
for all training and




15 ‘test, data points. Referring nowto FIGS. 17, 18, two graphs 520 (FI G

17), 522 (FIG 18) depict nornalized AFPR trained data points and test data
poi nts, respectively, for the network that predicts airflow The grakph 520
(FIG 17) depicting the trained data poi n&i illustrates the networ KsMAR 2007
ability to learn. The graph 520 (FIG 17) “has a solid |line 524 indicating 20
target outputs, and a solid line 526 (substantially coincident with the line
524) with a plurality of circled points 528 indicating the prediction from

the neural network. As the graph 520 (ELG 17) illustrates, the network
predi ctions closely match the target ou - The graph 522 (FIG 18)
depicting the test data points illustrate the network's ability to

generalize. The graph 522 (FIG 18) has a solid Iine 530 indicating target
outputs, and & 25 4@l apparafusdorpredisting a ghanctensticiof apfattributsl of@ werkpiese, 3k

indicating th Gt f.ra neur al ., net wor ki, he.araph 522 {FI G
18) illustrat gtslﬁ&?gg&r’fggvr\%re{} Pg?%“{}g%é’a aahesg‘t rq‘?l b oc%qs@%ini%cﬁgﬁngl%m%ﬁ. t %e
time. Further gppRatué benprsingium error, illustrated by a dotted dual
arrowhead line 536 is only 2.3% Wth only a 2.3%error wi ndow, the nodel

provi des a nore acélileasleonsGerser itha somses B rharaplesisticiof abyleast papt paspmpter
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20), 554 (Fl measlitdmeriisnaFinGica v thereotial@ nuneri cal data indicative of
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out put neur on%@%e clﬁart 556 ?Fgl“% %SO pr ov?é%@ﬂ%t?rreri cgﬁkli}?gta 6 ﬁél cative
of the bias asbueadteristid ofitherattribateout put neuron. Referring now to FIGS. 23-26,
four charts 560 (FIG 23), 562 (FIG 24), 564 (FIG 25), 566 (FIG 26)
provide nunmerical data indicative of preferred weights and biases for the
neural net wor b 288 7hElGharkblof clith PAGh IhebiEhl PoGhRhTHAS ShirbRses a

al though any ot her wei ghts and biases may be used. The chart 560 (FIG
provi des 45 ntraimed cattifidid andunali cetwork Gff genagiting dbs ougnal ethdidatiie t ¢fe the
connecting |inks hetween the 14 2007 .17 input neurons and the hidden
neurons. The ﬁﬁ‘ﬁ?‘ge%%]f o?ﬂeé%ré’ﬂﬁe%?/wagg’leﬁﬁneri cal data indicative of

bi ases associated with the hidden neurons. The chart 564 (FIG 25) provides

numerical data indicative of weights associated with the connecting |inks
bet ween the Bi dde@hpeppasatys afwlainhb whareinthesignad processingmeans cBBRISFE: G, 26)

id ical d 5, 1 ndi [ f. ' ' d with.
Eéﬁéﬁ the bestSRoEabABomEREnter il a8 8168 B0 PR atble MR B L 01 <
I

col ™ect ed generating at least one analyzer signal representative of a line fit to the magnitude of

23)

the at least one measurement signal during the stochastic machining process; and
model means, responsive to the at least one analyzer signal, for generating the

signal indicative of the characteristic of the attribute of the workpiece in accordance

with a predetermined correspondence between lines fit to the magnitude of the at

least one measurement signal and characteristics of attributes resulting therefrom.

4, The apparatus of claim 3, wherein at least one analyzer signal comprises a
signal indicative of a slope and a signal indicative of an intercept for the magnitude

of the at least one measurement signal during the stochastic machining process.



over a six nonth tinme period. Even better results could be obtained using
data sets collected over a one or two years period so as to enconpass a
greater percentage of all possible processing scenarios encountered in EDM
Cther characteristics, e.g., other to quality characteristics, can beMAR 2007
i ncorporated during the training to acco date-for other needs. In other
enbodi nents, an adaptive nodel nmay be used wherein the nodel is trained,
retrai ned, and/or adapted over tine. In the preferred enbodi nent, the

magni t ude of each input signal, including training data signals, to the
process nodel 280 is normalizes prior to input to the nodel, relative 15 to
the | argest magnitude expected for that signal. Thus, the magni tude of each
i nput signal 6o th&hprapp@atusrafdghin? 8D whereim thdhstotlage nrhivigh ptboesidislan
Normal i zati on hel ps, t.o make the nodel converge faster conpared to that

wi t hout nor mafiesticalsfschesgedashining procawswipaat loasteneragasar COBPIiSES dtHeashorGut
signals from - af e ¢ . .l .. The
out put si gnal g%?ﬁ%%gﬁsggg%ggggﬁo%ﬁc (r’r%?/t %ée}&déﬂyn%rgrﬁlgﬁ? é{\é\%@%&? gpg‘ttll}\}%e to

t he | argest mneloiricalddischarpeahadhiding ptdeass aidgnavidesTitdegst onenicasuneraetisignat an

predict the chayacteristics of an attribute produced py a rocess. Thus,
the present i ivg thegpafornd @empr%qur&ﬁﬁgﬁmwséweﬁs &rigwm?%g t he

need for post dSPRA! halkaf of MY ¢hablichilifts(@Sthe hithifie iiBklifice R SPacE
associated wt uch 1 nspection. In addition, the present 1nvention also
i ntroduces a prdeterminad tomespofidence lbetizen chpraciersticstaf theat idagt oneqsarammeter
enabl i ng bette ontrol. and tracking, of product uality iLssues. Further,
Since the quaph (¢ itetiosly SscHatde TRmRD PGS 90 CUAEIHINED o REReR | o
t he nodel canréggltjngqlqgrmlﬁ_t ed into an intelligent control to prevent defects
and@el p ensure the quality attributes manufactured into the product. The
present invention does 30 not require that the process be conpleted prior to
produci ng a prediction of the. characteristics of the attribute. Wyjl.e the
b odi ot on mad: be. HAAPTARRIPLEIaR Sovheinnhe SFleft obe Prithis pamuéiar inciudts
requi rement t H%lt;f%d%iﬁﬁteﬁﬁhl%t\b@enfﬁﬁﬁedﬁmQh@&l’fé WorkpleRe, fndtRér iAAu@ds a t he
process. Those skilled in the art will recogni ze that although the signal
processor in cegent dstwees theodeatrodebodithesvarkpisedr i ses progr anmed har dwar e,
i.e. executed in software by a conputer, it may take other forns, including
har dwi red hardware configurations, hardware manufactured in integrated
circuit form 7firnyae appaads 60 0RIN ¥, ndiefein RS £ Qéast ofrd!pidaedsPacsnetet fusther!! d be
under st ood t hat althopg% t he di scl osed enbodi nent conprises a digital
system wi t h péclusigs a distance hewicer thei deeatiode andhdiepyyaskpiaee. i nventi on may al so be
40 enbodi ed in an analog systemw th continuous signals, or a conbination of
digital and analog systens. Mreover, the signal processor may include all
or none, or aBy CQEbafRiratasoDElainh &, WRREIn{the athNEE tempteses at leasl ond phdvagdest
node enbodi nent. Although the present invention is disclosed with respect to
a best node andhB\isignal Prosessingdngags sompuiigs seane fAr sepratingdis signahipdicelivh may
be used with gpyudS RLAGERSIc [d1he AR ROcbdilikdce? With AVprebaEhARLd ©
macfi™ni ng processes. us, e presen

correspondence between characteristics of the at least one parameter of the electrical

discharge machining process and characteristics of at least one passage resulting

therefrom.

9. The apparatus of claim 8, wherein the signal indicative of the characteristic of
the attribute comprises a signal indicative of a breakthrough condition for the at least

one passage.



14 'MAR 2007 18 invention may be used to predict a characteristic of any
other attribute, produced by EDM on the bl ade or any other gas turbine

engi ne conponent. Further, although the best node of the present invienMAall?
provi des one signal indicative of the br esﬁ-though characteristics of all

of the passages in a row, and one signal dicative of the airflow
characteristics of all 5 of the passages in a row, this does not preclude an
enbodi ment having signals indicative of the break-through and airfl ow

characteristi for,less than.all of the passages |[.n.a r or if. desired,
i ndi vi dual pai@‘agei}’e ﬁ?lfaﬁ%tﬂﬁﬂf‘??f@ @e\gleer%gge %ﬁ%ﬁd‘?ﬁﬁ‘_ﬁvelﬁ’g&‘f cgﬁélﬁg? ﬁte_
nodel s, one t eghePdt@Muted conirReX a signalmdicative 8Nn hitfloW SdaShreof tHeOW ledshBhe 1S
no requirement for two nodels. to Furthernore, those skilled in the art

shoul d recogniPgsaghat al t hough the sensors in the best node enbodi nent
sense di spl acenent, voltage, and current, other sensors or conbination of
sensors may be used to neasure any suitable process paraneter
characteristi¢s. t oThpagshiraths af clhiad Aok Rrkiftth€ attibiddcathprided dt Ragtfons pREsageict .

Al t hough the best npde enbodj ment provides gap voltage and current signals
to the signal 2t Besignal progessing refans RRMpIigs Magy for @gnerang Beistgnahiadicetiver |
this is not r hl.e . P t, . t..0 e l.he . sj essor
may interf acegg\nwthﬁ glel%rgét?é&%l rJefgt%ﬁ é;_alt}@IYxFeg lb h%"%"g(rd\%}t‘%m"}éﬁ‘ ianv%r%?‘?g%ﬁhgs been
descri bed wi t borr@berndsncebétovesn bieghctemisies oftheal lgiBNdne pararietdesihe Rldcaital s not
meant to be cqonstrued in a limting sense. |t is _understood that various
modi fi cat i ons diFharge Mpelining pEocesLEY FRaspcteristichof |at Jeash pIE thagtige rognlting
enbodi ments ofptdigph nvention, will be apparent to persons skilled in the art
upok reference to this description, without departing fromthe spirit of
the Tnvention, as recited in the clains appended hereto. It is therefore
cont enpl at ed at the gppended clainms wl| cover any. such,nodifi,cations or
enmbodi ment s aég'f al b Weﬁﬁ?arpr}??fédlf@ﬁ% aghgpagtegistiq Héaprﬁ%lhmeo?ﬁ a WhFkpicses e 5 ned
|s: 14 19 MARagQfe GadinBTbeod préducBRRa kil f'a OBt inhinmitd fRcelhs! | ©
of an attribute of a workpiece, the attribute having been produced as a
result of a sumthvdsomprismghhasteps ¢fr ocess, the apparatus conprising: at

| east one sensor that.senseﬁ a.ch racl.eri tic of at | east one araglgtﬁr
associ ated with th&%St%chas gract i AT Y %f‘%_c%’%% PFAInSIeTo hspaietedy Wil IRe gne
measur enent  sk@Bistié NBh@RhinY Cplod&iseahd FOHdRIRIAR! ledf OGRS MMasiRARAY signal
responsive to the at | east one neasurenent signal, having a nodel

i ndi cative of indicative 8spwficandce bet ween the characteristic of the at | east
one paraneter associated wi.th the s astic machinin ocess and &

h
characteristic of ﬁﬂ?sef??‘g%ﬁ F??B"‘bﬁﬁo‘taf}@i’ a {letaﬁ Bk &eaﬁﬁ%ﬂ%&i et 85 Cg%} to

generate a sk@ialindiostiveBfitNe cliradidifstie DEHRCAURIDUSS dfth®wotlect! b4ill Prddected t he
wor kpi ece to predict the
signal being generated by a model.

C .

artifical neural network included in said model.

The method of claim 12, wherein the step of generating comprises training an

14.  The method of claim 12, wherein the step of generating comprises:

generating at least one analyzer signal representative of a line fit to the
magnitude of the at least one measurement signal during the stochastic machining
process; and

generating the signal indicative of the characteristic of the attribute of the

workpiece in accordance with a predetermined correspondence between lines fit to



characteristic of the attribute. 2. The apparatus of claim11, wherein the
signal processing neans conprises a trained artificial neural network for
generating the signal indicative of the characteristic of the attihtiRels
t he wor kpi ece. 3. The apparatus of claiml, wherein the signal processing
means conprises: signal anal yzer neans, F%sponsive to the at | east one
nmeasurenment signal, for C generating at |east one anal yzer signal
representative of a line fit to the magnitude of the at |east one

measur enent si.gnal during the stochastic machi.ni rocess;. and . nodel
means, respon agnitude, 895{5 3t deast Omeaénm%ﬁlggﬁg'ﬁﬁlﬂqarﬁwn&&wf éftpﬂb‘ef he
si gnal i ndi cafdsRingfthdrBRomharacteristic of the attribute of the workpiece in
accordance wth a predeterm ned correspondence between lines fit to the
magni tude of the at |east one neasurenent signal and characteristics of

ttribut Itigg th . 4. . Th f claim3, whereir
Meast “one. anangzer 1op gnod it 14 WherBRRE Rleb s entefe tie nreQRlslTaalh o
si gnal indi caindititiot &M thdtchhaeiRFstiOloft the BRERité UdbenprRbs tdefedting CASHigmNe

measur ement signal during the stochastic machining process. 1 4 MAR 2001 20
5. The appar atngicagive of aslopa and sigaalrindingtivstad @h arietceptnfat termagpivdeofths at s an

el ectrical disgcharge chini rqcess, the,at. | east .one sensor conprises at
Ceast one  sel@drrt it Ganenl g™ AESEE mesREp e gFRbim PERSE e par anet or
associated with the electrical discharge machi ning process and provi des at

| east one nmeasurenent signal indicative thereof, and the signal processing
neans conpri sd8 nedhe mefhodefclaim he whereins thenstpchagtie erachining pracgss is an
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el ectrical di shiractadstitachianilegt Phe cReameee agdoaiadal iths thec sleokicall disthatges C
resulting therefrom 6. The apparatus of claimb5, wherein the at | east_one
process par amBiaERININZNTQERsS and, piayiding at eastope Mpasuremeit sianal indicative dhererfe and
t he wor kpi ece f I ol e Tell[g t ween: . el o] d the
wor kpi ece. 7. a:ﬁf;‘&ﬂ %p%é% 21)? u%%?At{ékga?%ﬁg?&gmg@éar@ghgﬁa? lg?]glgsn?d%ﬁngep?gégé;s

par anet er f ur theacterisiic| efdthe atribust anaecobdinoe avitht hepredeterhringle camapoidence

wor kpi ece. 8. ,The apparatus . of ¢claiml, wherein the attribute conprjses at
| east one pasdggen _aswes%qsgﬂtﬁﬁhep%if@éts% Pﬁ@gﬁéerc_eﬁﬁﬁ glectrigel flse Bge
generating th‘ﬁla:%hﬁﬁ%' pg?ébgé&?&éﬁé?act&isﬂfzs SRtrblRs 3&ufifethéeah, the attribute

i n accordance wth eterm ned correspondence bet'ween characteristics of
the at | east one paraneter of the electrical discharge nachining process

and characteristics,of at |east .one_passage . resulting .therefrom 9. The
appar at us of &I?ai msr_é‘? Wé?igf’% He iﬁ’_g?’(i?eﬁhmecsf? wi s‘f‘ﬁé“@ﬂﬁ‘?saﬁet“é‘rn?s?i c of
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sensing a current between the electrode and the workpiece.

18.  The method of claim 17, wherein the step of sensing further includes sensing

a distance between the electrode and the workpiece.

19.  The method of claim 12, wherein the attribute comprises at least one passage
and the step of generating comprises generating the signal indicative of the
characteristic of the attribute in accordance with a predetermined correspondence
between characteristics of the at least one parameter of the electrical discharge

machining process and characteristics of at least one passage resulting therefrom.



one passage. 1 4 MAR 2007 21 10. The apparatus of claim@8, wherein the
signal indicative of the characteristic of the attribute conprises a signa
indi cative of an airflow neasure for the at |east one passage. 11.1ThH&R 2007
apparatus of claim7, wherein the attribute conprises at |east one passage
and the signal processing means conprises2heans for generating the signal
indicative of the characteristic of the attribute in accordance with a
predeterm ned correspondence between characteristics of the at | east one
paranmeter of the electrical _discharge machining process and characteristics

of at |east oR® padbagethadsef dlaipy!l 9, twheren thmsten of sgmengtingdhe signpl iadicativerg a
i Loast = f . . ; {
ofoduced as. o S Ardiddai8 Hean ol ddiises bilauid b 'Sl diBgbOpen

conpri si ng t hereakthpmghfcondidos forgh@atdbat and gaskaplel ¢ of at | east one paraneter
associated with the stochastic machining process and providing at |east one
measurenment signal indicative thereof; and generating, in response to the

at | east one asu i . i: ' i.ndi i e
characteristi g? of ItT Eéerﬁ{a%horal ut e of 't @%&%ﬁg@g?ggﬂaeiréc}{hgrtgg%@l]gldﬁhg%gﬁeal

bei ng gener at efl theyclaravtatistic of She didbute chmgrieds genarating 2, sighd rindivativieeofsarep of
generating conprises trai nitgg aln artifical neural network included in said
model . 14. Tharliey msdswe o0 the Al lesst opppasssss- t he step of generating conpri ses:
generating at |east one analyzer signal representative of aline fit to the

magni tude of the at | east one nmeasurenent signal during the stochastic
machi ni ng pr 82.essThandtigpdrofreddimnif, wherein greadttribntki cadprises atf leist @ne passage

characteristic of the attribute of the. workpiece i.n accor 1ce with a
g g%eﬁﬁv?zo'{]ﬂée

pr eﬁ er mi ned b the Sh QL nMCHUNGEMPTisse sEgnerating  the 4 sigpgt
ma de of s des : r i [ t erd i
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attributes resulting therefrom 15. net ho alm eln the
st ep of gener bttimeen tcharaptesastiost e thei sinkedast omdpemtrietes aff thehelecthiaaladiselrargt i ¢ of

the attribute conprises geneyating a.si i ndicative of. a sl ope and a
onal 1 el o TRCR R Poeeis ] Chapeterafics FA% legsh e peaagy resting fherByE; ona

nmeasur enment signal during the stochastic machi ning process. 16. The net hod
of claim 12, wherein the stochastic machining process is an c electrical
di schar ge nmacR@3.ni ndnmpparatis, for hredictieg acthametesistig of ampitiibws of arpgddugt,ssaid

product being fabricated by a stochastic machining process, said apparatus
comprising:

a plurality of sensors for sensing a plurality of parameters associated with
said stochastic machining process, said plurality of sensors generating a plurality of
measurement signals indicative of said plurality of parameters; and

a signal processor receiving said plurality of measurement signals from said

C plurality of sensors, said signal processor including a process model that based on
information from said plurality of measurement signals predicts a characteristic of an

attribute of said product.

24,  The apparatus according to claim 23, wherein said apparatus predicts airflow

characteristics of cooling holes of an airfoil.

25. The apparatus according to claim 23, wherein said apparatus predicts

breakthrough characteristics of cooling holes of an airfoil.



characteristic of at |east one paraneter associated with the electrical

di scharge nmachining process and providing at | east one neasurenent signal

i ndi cative thereof, and the step of generating conprises generating theMAR 2007
signal indicative of the characteristic of the attribute in accordance with
a predeternined correspondence between cdfaracteristics of the at |east one
paraneter of the electrical discharge machining process and characteristics
of attributes resulting therefrom 17. The nethod of claim 16, wherein the
step of sensing includes sensing a voltage differential between an .

el ectrode and®®he T RpPasels 25eotding; oo £lapm o33y Juhereinespid ipchasticy maghiningt ween
the el ectrod j . e aim17, wherein the
step of sensie%l‘g%ﬁﬁeéﬂ&{nﬁﬁla&ggmégﬁlggﬁgln@ﬁ%%%%%kbet ween the el ectrode
and the workpi ece. 19. The nethod of claim 12, wherein the attribute
conprises at ast_one passage nd the st of generating conprj ses .
generating théfsi ghta aP&&?tE%lg?%‘%Bg tp Wi‘“mcﬁgr‘é’té?r i ¥y @PE#atPﬁé’r%il‘ftF 8t e in
accordance w : l?ﬁlqi : &q@? : LNERA ekl shies of
the at |east %ﬂ%@beg{sgﬁgfgﬁ&ng t tgﬁéfng%{)f I ca %gllnggﬁar ge %@E?ﬁ?ﬁg%&gggess
and char act eringtlilmsg pfocass. | east one passage resulting therefrom 1 4 MAR
2007 23 20. The nethod of claim 19, wherein the step of generating the
signal indicative of the characteristic of the attribute conprises
generating a g4 gnafhd fapals #Bolingto dMiRAIY, WHRHSD 4@ pHlirklit9df b¥antehs ale | east
one passage. 21. The method of claim 19, wherein the step”of generating the
si gnal i ndi cavadliage, cufrentrandchsplacement. sti c of the attribute conprises
generating a signal indicative of an airflow nmeasure for the at |east one
pasgage. 22. The nethod of claim 18, wherein the attribute conprises at

| eaSt” one passzpge Tl%’er‘@ﬁﬁ:i}ﬁtﬁtzﬁﬁoﬁfngg%‘ﬁﬂﬁﬁﬂ N9, GARRIN e SEREdaphbdity N
signal indicative of the characteristic of the attribute in accordance wth
a predet er ni nesdiarpelersds polirgence bet ween characteristics of the at |east one
paranmeter of the electrical discharge nmachining process and characteristics
of at |east one passage resulting therefrom 23. An apparatus for predicting
a characteris3g.c ofhdRppdrhtub Catesrddfs o RIARUCS, wiltdh dAe0sf GhidDBIuRdity of
fabricated by a stochastic machi ning process, said apparatus conprising: a
plurality of pasameiess i$ emTeidnsing a plurality of paraneters associated with
sai d stochastic machining process, said plurality of sensors generating a
plurality of neasurenent signals indicative of said plurality of

parameters; amd a STigNappapitas aséRtingeeetMind 235 avkeraihusmd of Ysaidl phisliyreent
signals fromsaid plurality of sensors, said signal processor including a
process nodel Pardaeters4s 8ieploeememis or mati on fromsaid plurality of neasurenent
signals predicts a characteristic of an attribute of said product.

32.  The apparatus according to claims 23, wherein one of said plurality of sensors

C is a voltage sensor.

33.  The apparatus according to claim 23, wherein one of said plurality of sensors

is a current sensor.

34.  The apparatus according to claim 23, wherein one of said plurality of sensors

is a displacement sensor.

35.  The apparatus according to claim 23, wherein said model includes at least one

neural network for predicting said characteristic of said attribute.
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24, The apparatus according to claim 23, wherein said apparatus predicts
airflow characteristics of cooling holes of an airfoil. 25. The apparatus
according to claim23, wherein said apparatus predicts breakthrough 14 MAR 7007
characteristics of cooling holes of an airfoil. 1 4 MAR 2007 24 26. The
apparatus according to claim 23, wherein2said stochastic nmachining process
is an electrical discharge machi ning (EDM process. 27. The apparat us
according to claim 23, wherein said apparatus predicts said characteristic
of said attribute prior to a defect being machi ned during said stochastic

machi ni ng pr 86ess Tha8appliatusaprerdiiig Jo aglsiar BiSNavieeeiss | saidmedal \ﬂaav&knlssﬁi d
plurality of vol t age, current and di spl acenent. The

t
appar at us ac@%@ﬁ%‘?éﬁ%"é@k iR PFesiGting e bispkthrqugh fpr oo }quhqjﬁs of an

par anmet ers I%F @ tage. 30. The apparatus according to claim 23, wherein one
of said plurality of paraneters is current. 31. The apparatus according to
claim 23, wherein one of sai d pl ural ity of paranmeters is displacenent. 32.

The appar atu acc d to cl ai rein one, of said plurality of
sensors is voI t éﬁ‘g’ér accg ngr I‘n‘é cy;‘ﬁﬁ%t Yhersine eaid; Tf{?d‘eé‘l"% knfsoan
wher ei n one %frﬂé@'riém% Hét@)o!rl& £§§ecf3ﬁ{h§%5alrﬂo§« 3 & lfngrﬂo e%‘%ﬂ*%ﬂ hirfoft-  The

apparatus according to claim ein one of - sal ura Ity of sensors
is a displ acerrent sensor. 35. The apparatus according to claim23, wherein

sai d nodel inglu at | east one, neur rk .for re i Cli sai
characteri st g ﬁgla@p%ﬁamsl Gpding, Jp Rﬁﬁ“ g’%@%"?@“?ﬁl e e]aB‘ﬁgd%ﬁ? @sPrSt
according to tork [ 1 ¢ 194gh, neur al
net work for nr&!ugl g%l na \?ﬁ?eaktﬁgoﬁa cooI I'n hlﬁ Oegs 8? aﬁaﬁfg{ ?#lgl T 37.
T_hﬁppar at usemd oedhiahgetworkcioa prad&fing wh arrﬁow feasalﬂ canlinglholestofisaild airfoihn

ow neural network for predicting an airflow for cooling holes of an
airfoil. 38. The apparatus according to claim23, wherein said nodel

i ncludes a figyst The'dp atﬁ@aa/&fdsndé Rfclﬂh?ﬁ‘?. G¥HeRdn Qale%d@r%qﬁeﬁ fhing@0! i Ng

holes of an airfoil and a second neural network for predicting an airflow
for said cooling holes of said airfoil. 39 The appar atus according to
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an input portion for conditioning sald plurality of parameters and generating a
plurality of conditionalized signals; and
a processing portion including a signal analyzer for analyzing said
conditioned signals received from said input portion and generating analyzed signals,

said analyzed signals being communicated to said model.

41.  The apparatus according to claim 40, wherein said signal analyzer provides a

slope signal and an intercept signal for each of said conditioned signals.

42. A method for predicting a characteristic of an attribute of a workpiece during
a stochastic machining process of said workpiece, said method comprising the steps
of:

sensing at least one parameter associated with said stochastic machining
process;

communicating said at least one parameter to a model;

processing said at least one parameter within said model; and

generating a predicted characteristic of an attribute of said workpiece.



an ‘input portion for conditioning said plurality of paraneters and
generating a plurality of conditionalized signals; and a processing portion
i ncluding a signal analyzer for analyzing said conditioned signals14§N%ﬁ%éd
fromsaid input portion and generating analyzed signals, said analyzed
signal s being conmunicated to said nodel . 2€ 41. The apparatus according to
cl aim40, wherein said signal analyzer provides a slope signal and an

i ntercept signal for each of said conditioned signals. 42. A nmethod for
predicting a characteristic of an attribute of a workpiece during a
stochastic machi ning process of said workpiece, said nmethod conprising the

steps of: sepsi ngTBEdmowmwgﬁgégon@gggﬁr%mgaﬁﬁd stochastic

machi ni ng process; conmunicating s ne pa to a nodel;

processi ng sai d at tlamdisd sabddimopelr anet er within said nodel; and generating a
predi cted characteristic of an attribute of said workpiece. 1 4 MAR 2007 26
43. The nethod of claim42 further conprising a preceding step of: training

said nodel. 444 Th JaRs Pk i recedi ng step
of : creating ég'i d %‘ggl? usi%lg}na ur aﬁﬁ%f&ﬁglgtg seétd?ﬁﬁoﬂr?epr esent actual
st ochasti ¢ machi ni erpapng ek nicdplitusingnal plutafitit ©f dbfa sTisethaktrbprdsent achal m 42
wherein said m)dﬁl Jdncludes at | east one neural network. 46. The nethod of
claim42 furt §OF ?E,SBﬁﬁ’rq"Ew&r%"s“%HlPé‘m O determining said predicted
characteristic of said attribute in real-tinme; and preventing potenti al
defect from being manufactured into said workpiece. 47. The method of claim
42 further codpri silhg methodtofrolaoi 42 evierep seid modelnitictudeniahdeastiode aleutabast
one paraneter Qri of to communicating said at |east one paraneter to said
nodet~ 48. Th& od of claim47 further conprising an internedi ate step
of , alyzing a signal subsequent conditioning said at | east one paraneter
and C prior to comrunicating said at | east one paraneter to said nodel. 49.
The met hod of 46! ai rhhd methad dfelaimcipiurthemupmpnisingtssbsequérttsteps 06p of :  provi di ng
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preventing potential defect from being manufactured into said workpiece.

47.  The method of claim 42 further comprising an intermediate step of:
conditioning said at least one parameter prior to communicating said at least

one parameter to said model.

48.  The method of claim 47 further comprising an intermediate step of:
analyzing a signal subsequent conditioning said at least one parameter and

prior to communicating said at least one parameter to said model.

49.  The method of claim 47 further comprising an intermediate step of:
providing a slope signal and an intercept signal to said model subsequent to

said step of conditioning said at least one parameter.



