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X-Bar and R Control Chart Interpretation Using Neural Computing

Abstract This paper formulates Shewhamean(X-bar) and range (R)
control charts fodiagnosis and interpretation bytificial neuralnetworks.
Neural networks are trained tdiscriminate between samplegsom
probability distributions considered withcontrol limts and thosewhich

have shifted inboth location and variance. Neural networks also
trained to recognize samples apdedict future points from processes
which exhibit long term or cyclical driftt. =~ The advantages and
disadvantages of neural control charts compared to traditional statistical
process control are discussed.

1. Introduction

Control charts areommonlyused in production enanments to analyzprocess
parameters to determine if a controlled processvitein or out of control, i.e. to
distinguish betweenassignable and common, also called chammyses. Some
manufacturing processewhich benefit from control chart tracking ardiltration,
extraction, fermentationgdistillation, refining, reaction, pressing, metal cutting, heat
treatmentwelding, casting, forging, extrusion, injection molding, spraying, and soldering
(Miller and Walker 1988). Although computationally simple, control charts are sometimes
complex to use correctly becaube sample points come from non-specified probabilistic
distributions and usually require interpretation by a skilled user.

Artificial neural networks trained by supervised technighase been documented
as goodalternatives fopatternclassification and prediction. Theskills can beput to
use for the interpretation of process controm input ofcontrol charsamples. Through
learning of varying input conditions matched waibntrol status, a networdan decide on
control status when faced with new inputs. Besides exceedirigpl boundaries, control
chart points can providaformationabout thdong term condition of the process through

symptomatic shapes, runs and drifts. If these can be corrdetijified from asmall



sample by neurahetworks, then the process can ibeestigated expediently. Neural
networks can also forecast future control chart point(s), thus contributing dagm®sis
of process condition in borderline conditions.

This paperbriefly discusses Shewhart control charts and their uses, then covers
previous applications ddrtificial intelligence to statisticglrocess control. The research
focuses first orthe data representation requiredstecessfully train &@ackpropagation
neuralnetwork to recognize control chart pattersumber of inputs and preprocessing
which enhancenetwork performance are discussed. Theility of networks to
discriminate withincontrol from out of control situations based amall, probabilistic
samples ipresented. A second focus is #imlity of the network to recognizgequences
of noisydata points abelonging topatternswhich reflect longterm undesirable drift in
the process, and the third area of research is the prediction of future subtgang
based on immediate past subgroup means.

2. Overview of Control Charts

W. A. Shewhart first ppposed the use of control charts in 198hich commonly
bearhis name ashewhart control charts (Shewhart 1931).typical Shewhart control
chart is shown in Figure 1. Through tkasuing yearsnany different formulations
becameknown, however most manufacturers use versionth@fearly control charts
which track sample mearfX-bar charts) andamplerange (R charts) as checks on the
process statand the processgariability. One recent study show&l% of responding
firms use X-bar control charts a@% use range charfasually intandem), fargreater
percentages than the nearest competitors (Sanigahar@nd1977). This paper focuses
on these two since they are the most common control charts.

INSERT FIGURE 1 HERE

A difficulty with control charts is the determination of whether a process is actually

within control or not. Since sample pointgre subject taoise due tdhe procesdself,

and measurement and human imperfections, they form a non-specified probabilistic



distribution. Anothedifficulty is the selection of appropriateeuristic rules to interpret

the position and shape of control chart points. The eight most accepted rules, with two
examples being 14 points iraew alternating up and down and 6 points iroa steadily
increasing or decreasing, are discussed in (Nelson 1984). The process randomness and the
choice of interpretive heuristics affeitte performance of a control chart. Errors are
generally classified asype | (@) Errors,which arefalse alarmsand Type Il ) Errors,

which are missed disturbancesTheremay bedifferent relative penaltiefor Type | and

Type Il Errors.

3. Atrtificial Neural Networks for Process Control

3.1. Overview of Neural Networks

Artificial neural networks, a kanch of artificial intelligenceare massively parallel
computingmechanisms emulatinthe biological brain, whichstore intelligence in their
many interconnecting weights. These variable weiglianect nodes (neurons) both in
parallel and insequence. The entirechanism hierarchicallprocesses vectanput
through the network of nodes and weights, arriving at a vector output.

Neural network$ave beemoted adeing particularly adantageous fomodeling
systems which contain noisy, fuzzy and uncertain elements. They learn models by iterating
through a largenumber of exemplawvectors. Relationships can be auto-associative
(relating an input with itself), or hetero-associative (relating an input with armatygut).
Learning cantake place through internal grouping (self organizing or competitive
learning) or through paired training sets (supervised learning).

For maleling control data, asupervised approach is preferalsiace calibrated
training data isusually availableand it is advantageous to pre-spetifg desirecutput.

The mostwell known of supervised techniques is backpropagatidich adjustsinitially
randomized weights during training accordingthe steepest gradient along teeor
surface (Werbos 1974, Rumelhart et al. 1986). Weights are adjusted in proportion to their

contribution to theutput byrecyclingthe squared errorgialback through théayers of



weights. Typical backpropagation neuraletworks, which are more properly termed
multi-layeredperceptrons trained by backpropagation, fallg connected, feed forward
only, anduse asigmoidaltransfer function athe nodes to evaluate weighted input sums.
An input layer, aroutputlayer and at leasine hidden layerare required tanodel non-
linear systems (Funahast®89, Hornik etal. 1989), however ihas beersuggested that
for analog input, &wo hidden layenetwork is superior (Lapedes and Farber 1988, Smith
and Daglil991 B). Figure 2 shows #ypical two hidden layerbackpropagatiomeural
network for process monitoring.

INSERT FIGURE 2 HERE

3.2. Neural Networks in Process Control

In process control, workas beerdone toneurally relate input parameters to
productvariables irboth an associative and a predictive model. Association tasks usually
are diagnostics for use durimganufacturing. Burkeédentified toolwear statesluring
machining using a competitive learning networkasknormallydone byhumanoperators
(Burke 1989). Asimilar subject was pursued by Guillot a@diafiwho used a&upervised
network to recognize tool breakage for use in untendadhining (Guillot and Ouafi
1991). A thirdneural modefor monitoring duringmachiningused therequency of the
vibration signals to classify if machine deterioration was taking place (Knapp and Wang, in
press). Theplastics industry was studied with a backpropagation correlation model of
injection moldingprocess parameters apdoductdefects for diagnostics and corrective
action (Wu et al1991). The input vectors were tlg@ality defectswhile the output
vectors contained recovery instructions.

Predictive modelsattempt to estimatgroduct parameterbased on process
conditions beforgproductmanufacture. Andersen et al. used backpropagation networks
to relate input parameters (arc current, arc voltage, travel speedviemdspeed)
predictively to quality measures of a wéltbad width, penetration, reinforcemdetight

and cross section area) (Andersen etl880). Okafor pursued similar approach for



estimating surface roughness drate tolerance imilling using input variables of cutting
force components, acoustic emission and spindle vibration in a moving window &ize of
(Okafor et al. 1990).Smith and Daglrelatedmanyinput variables of a plastic extrusion
process to prediction of the Iquality with backpropagation (Smith aridlagli 1991 A).
Smith used asimilar approach foiinjection molding ofbrakelinings to predict product
quality and its variability (Smith 1993).

These works suggest thalt processes can be diagnosed and modeledessfully
by neuralnetworks, although resulteaynot necessarily bsuperior to statistical asther
analytical techniques. There is sustained interest however, for reastbes than
superiority of performance. One reason is dbéity to learn relationshipshrough the
data itself rather assuming probability distributions or explicitly coding an empirical model.
A learned relationship eliminates amyror due to erroneougarametric oranalytical
assumptions. The second reason is that traininghaadle multiple,related or non-
related, inputs andutputssimultaneously. This has important advantaigescontrol
charts as demonstrated later in thegper where a single neuratwork simultaneously
serves as both X-bar and R charts. The third reason is thatural network can
dynamically adjust to changing line conditions by continuous training, or sporadic
retraining. This means a manufacturer can imprbheeneural network control chart
model by accumulation of additional trainidgta, therperforming incremental training or
occasional new batch training. The fourth reason is that hardwired metnmarks are
expected to beeadily available inthe near futurewhich will facilitate compct, cost
effective, real timecontrol. A neuralnetwork chip alleviatesthe need for continuous
monitoring by PC or other computing platform.

3.3. Past Research on Control Charts and Intelligent Computing

Some earliework hasbeendone to relatéentelligent computing to manufacturing
control charts. Most of thesevetaken theform of usingexpert, or knowledge-based,

systems to seleg@roper controimethodologies and advise time analysis ofthe selected



methodologies (Alexander and Jagannath886, Dybeck 1987, Scott and EIGomayel
1987, Evans andLindsay 1988, Hosni and Elshennawy988, Eid and Losier 1990,
Willborn 1990,Dagli and Smit1991,Smith and Yazicll992). Thessystems do good

job wherethe problem involves analysis of relatively feslternatives and thanalysis
depends mostly or wholly on qualitative information. Thus, selection of the proper control
chart oradvice on corrective actiomggven a certain diagnosése appropriat@enues for

the expertsystemapproach. However for an expsistem to handleontrol chart data
gathering andanalysis, a scheme to coditile patternanalysismust be devised and
incorporated as part of tleystem logic. This is a formidable barrier to successfal of
expert systems for control chart interpretation.

A simple use of neuraletworks for control charts is to simply act asrieas for
signaling apoint within control limts or beyondcontrollimits. Thiswas done byYazici
and Smith1992) for aplastic extrusiomprocess. Aeuralnetwork acted as X-bar control
chart monitor for four procesariables simultaneouslyThe neurahetwork wasable to
detect all instances of exceeding &ntrol charlimits. While the neuralnetworkdid not
offer detection advantages ovenalytical or human monitoringthe ability to
simultaneouslymonitor mdtiple variableswas uniquewhich would become particularly
advantageous when using hardware neural network chips on the line for this purpose.

A few papers have used neural computinglétectlocation (usually mean) and
variance (usuallyrange) shifts. Puglpublishedtwo papers onusing backpropagation
networks tolearn when mean shifts haatcurred for asample size of fiv§Pugh 1989,
Pugh 1991). He found theeuralnetworks produced average rlangth resultsabout
equal to a standard X-bar control chart with@ntrollimits, and improvedsignificantly
on Type llerrors over X-bar charts. Gumd Dooley looked at positivhifts in both
mean and variance usimigckpropagation neuraletworks compared toumulative sum
and moving suntharts (Guaand Dooleyl1992). They found theibest network reduced

errors inclassificationabout 40%rom control chart heuristics. Hwarng akidibele used



a backpropagatiorclassifier on sixcontrol patterns - trendgycle, stratification,
systematic, mixture and sudden sliiiwarng and Hubeld991). They found a neural
classifier with binarynput andoutputperformedwell enough to serve as a supplement to
traditional control charts.

This paper extends the above research cbysidering a single model of a
simultaneous X-bar and R aft, andinvestigatingboth location andvariance shifts.
Results are compared to standard Shewhart diagnostic rules. Furthermotgpitalir
control patterns are learnedsing various sequential sample sizes and némeboth
classification and prediction, out to five time increments.

4. Interpretation of Process Shifts

The object of thenitial research in thipaper was to train neuraétworksusing a
rational subgroupize of 10 to recognize whether a controledcess had shifted, and if
so, whether themean or variance had changed. Twas asimultaneousX-bar and R
model. All samplesnvere assumed to conform to rational subgroupimgaining sets of
1500 samples were created with the following components:

A. 500 Normal withp =0ando=1  (In Control)

500 Normal withu =0 ando =2  (Small Variance Shift)
500 Normal withu =1ando=1  (Small Mean Shift)

B. 500 Normal withu =0ando=1  (In Control)

500 Normal withh =0 ando =3  (Large Variance Shift)
500 Normal withh =3 ando=1  (Large Mean Shift)

Figure 3 shows a training sample of 10 with the in control process distribution, and
two altered onegsmall mearand variance changespll data washormalized to between

0.1 and 0.9 via the following procedure:

L IX. — X .
ni=O.1+O.E{ I' min F
ax”~ *min

where f = thenormalized value, jx= the raw dataalue, Xnjy= the minimumraw data

value inall the samples, andpax = themaximumraw datavalue inall the samples. The



normalization was requirgdr properhandling bythe unipolar sigmoidatransfer function
which asymptotically approaches 0 and 1 in its extremes.
INSERT FIGURE 3 HERE

Trainingtook place on randomly selected sets76f6 of the 1500 datand testing
took place onthe remaining25% of the data. Efforts toain a network tarecognize
parameteshifts usingraw dataalone(the 10samplepoints) were unsuccessful. These
networks dealt with theariability of the inputs bytraining to produceidentical outputs
regardless of input. Statistical characterization of thedata was needed @ssist the
networklearn to discriminate between close distributio$erefore, along with the 10
data points ofeach samplethe subgroupmean, standard deviation and range were
calculated.

Successfulnetworks were trained on either the raw datal the calculated
statistics (a total of 13 inputs) or on tbaculated statisticenly (atotal of 3 inputs). A
single outputvas required foall networks with theollowing normalized coding:0.5 for
the in control distributionP.9 if the distribution had a shifted variance, a@d if the
distribution had a shifted mean. An alternaitegputscheme would be nitiple binary
coded neurons, as is done for shape detection in Sectionfdhle 1 shows the
performance statistics dfvo hidden layernetworks on the test setsOne network
architecture had 3 neurons in edudden layer andhe otherhad 10 neurons in each
hidden layer. It has been generalycognized that a neuraktwork must Ave enough
hidden neurons to hawble capacity to learrthe model adequately, however overfitting
the networkwith excess hidden neurons campair generalization ability. Itan be seen
from Table 1 that aetwork foundclassification easiefor distributionswhich are more
radically shifted (seB), and it also assisted classificatidios set A ifall the data were
included as inputs. For these sets, &rger network assistedlassification as well,
although not dramatically.

INSERT TABLE 1 HERE
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It is important to compare theeuralnetwork results to thosehich would have
been obtained using standard Shewhart control chart strategyhis wasdone by
calculating control chart@limits for both X-bar and R charts for a subgraige of10, a
mean of 0 and atandard deviation of 1. The iisiwere+ 0.949 about thenean of O for
the X-bar chart and 3*0.797 about an expected range of 3.078 for the R cisarg)
accepted control chart practic@dendenhall andincich1992). Test sets And B were
applied to theseontrol limits, and a decision obdut of control was reached &@ny point
exceeded thedlimit.

The neural networks' decisionsere interpreted according to tHellowing
schedule: 0 t®.3 is a 0.1(mean shift),0.3 to 0.7 is 0.5 (n&hift), 0.7 to 1.0 is 0.9
(variance shift). This type of interpretive schedule is typical when dealing with neural
network outputsince it is usually imprecise. Tableshows the percentage of wrong
decisions for the Shewhart control chart strategy and the neural networks.

INSERT TABLE 2 HERE

For a large shift in mean or variance, the neural networks performed comparably to
a standard control chart, howeveshen the shift was more subtle, and the extra
information ofthe raw datatself was provided, th@euralnetworksmade slightlymore
thanhalf the errors of the control charts, i.e. 1&8 11.7 percent incorrect for the two
neuralnetworks withall the inputs versu27.5 percent incorrect for the control chart.
The type of errors ogach formulation was also different. dar experimentghe manual
control chartmade primarilyType Il Errors, that ismissed disturbancesThe neural
networkmadeboth Type | and Type IErrors. This improvement othe neural networks'
Type Il Error raterelative tothe manualcontrol charts' Type IError ratesubstantiates
the results of Pugh (Pugh 1991) discussed in Section 3.3. The networks werentithined
the assumption that theenalties for Type | and Type Il Erroksere identical, and
therefore madeothkinds oferrors inapproximately equagroportions. This couldeasily

be remedied to reflect different relative penaltesType | and Type Il Errors bshifting
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the interpretiveschedule for arout of control decision, that isnoving the decision
boundary further fronthe class withthe lowerrelativeerror penalty. Thigprocedure and
theresultingpower curves foneuralnetworks are discussédly in (Twomey and Smith
1993).

Most neuralnetwork classificationerrors were outputgery close tothe decision
scheduleborders, i.e. near 0.3 or 0.7. Over #renetworks,only 1.6% of the test set
were clearmisses, that is misclassified by as much as O'me errors neadecision
borders could banalyzedmore closely by humarexperts or with neural prediction of
points, as discussed in Section 6, to achieve even better precision.

5. Interpreting Long Term and Cyclical Drifts

Besides discriminatingrocessshifts by samples, recogniziqtterns ofsamples
as symptomatic oprocessproblems is important. This is usually done manually by
examining squential points and looking for runs in certain areathefcontrol chart, or
looking for an enduringattern. These patterean indicate tool weashift or operator
differences, or other undesirable conditions.

Nine neuralnetworks were trained to recognize tfidlowing shapes: flat (in
control), sine wave (cyclic), slopeftrend or drift) andbimodal (stratification). Specific
parameters concerning the shapes were seleatetbmlyfor eachtraining and testing
vector within pre-specified bounds as described below. This variety of training and testing
shape parameters was used to facilitate generalizatitineofrained network tenany
specific instances dhe shapes during operation. Tiodowing describeshe generation
of thesinewave, trend anthimodalshapes. Theine wavecycle frequencyvasfixed at
approximately 65 increments, that is it wottke 65 squential observations to move
completelythrough onecycle. Thepoint atwhich the cycle begarwasrandomly selected
for eachtraining and testingector. Thesign ofthe trend wasandomly selectetbr each
training and testingector,while the absolutevalue ofthe slope wa$ixed at0.1 (10% of

0). Therefore the network was trained to recognize the trend pattermasydinear
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movement, rather than inspecific direction. The bimodal shapevas selected thave
random durations at each extreme for each training and testing vector.

Each shape was subjected\tormally distributed noise witln = 0 as illustrated in
Figure 4. The networks differed by the number of sequential training inghitd) ranged
from 5 to 20, and the standaddviation ofthe noisewhich ranged fron0.1 to 0.3. Each
network was trained on 1200 vectors (30@®ath shape)Networks were tested on 300
randomly selected differentectors, alscequally divided intothe four shapes. A two
component binary vector was usedctassifypatterns with théollowing code: flat (0 0),
sine wave (11), trend (0 1)and bimodal (10). An outputbetween 0 and.4 was
considered a 0 and an output between 0.6 and 1.0 was considered a 1.

INSERT FIGURE 4 HERE

Table 3 summarizes the results of these networks for recogizing patterns and
shifts. Networksimproved classification whedata wadess noisy and additional points
were available to helpascertain the pattern.All in all the networksdid very well,
classifying69.3% correctly at thevorst case (5 data pointwith maximumnoise) and
99.0% correctly at the best case (20 data pewits mininumnoise). The ease of each
shape classification changed with noise and number of pggats. For lownoise all
misclassificationavere eithersine wave or bimodal.For noisier datawith 5 datainput
points, theflat shape washe mosifficult to classifycorrectly. Fomoisierdatawith 10
or 20 input points, the sine wave shape was the most difficult to classify correctly.

INSERT TABLE 3 HERE
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6. Control Predictions To Assist Interpretation

Neural networkshave beemoted to performwell as predictors (White 1988,
Sharda and Patll990, Tang etl. 1990). This ability can be taken advantage when
using neuratontrol charts. Predicted points candmalyzed tosee if theysupport the
identified cycle, drift ortrend, or ifthey indicate continued acceptable randomness of the
process. This paperexamines prediction of poinfsr the shapes described in Section 5
with the futureaim of usingthe predictions taonfirm shape identificatiorespecially in
conditions near decisioborders. Forexample distinguishingpetween abimodal and a
sine wavepatternmay beassisted by predicting the ndgtv points usinghe most recent
observations.

Two groups opredictivenetworks were testegach predicting equal numbers of
the four shapes described in Section 5ataDwas generated in tteame manner as
described in Section 5 except that the desmetvork response was the neeguential
point(s) in the pattern rather than a bineldssification. Mte thatthis predictivetask is
quite difficult. Firstthe networkhas to internally identifghe input vector's patterciass
from amongthe fourclasses (flatirend,sine wave or bimodal), arttlen predict the next
point(s) for that identified pattern and the specific input vector's parameters.

The first group of predictive networks predicted a single future paising 20
sequentiallyordered inputs. Thmputs had degrees of noise dispersion ranging trom
0.05 too = 0.2. Table 4 shows the percentage of correct predictions (those within 10% of
actual), the RMS error ara@of error for the random test set. As expected, noipeded
prediction accuracy.

INSERT TABLE 4 HERE

The second group of networks predictétdm one to five future points
simultaneoushpased on 20 sequentiatiyderedinputs witho = 0.1, i.e. thdirst network
predicted the nextegjuential pointthe second network predicted the next sequential

points, and s@n, until the fifth network predicted the neive sequential points of the
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pattern. Identical training and testing setgere used on thedae networks. Table 5
shows the results of these networks. To be considemedctall simultaneous points has
to be predicted to within 10% of the actual value. Accudsgjined with multiple points,
however RMSerror and error dispersion werdairly constantindicating that individual
prediction performance on more future points was impaired. This relativelygood
predictive performance of theeuralnetworks offers the potential that predictions can be
used as further evidence in borderline cases for decisions concerning process state.

INSERT TABLE 5 HERE

7. Conclusions and Discussion

This paper has demonstrated that neastivorkscan be comparable to Shewhart
X-bar and R control charts for largéifts in mean or variance, and aaurt perform them
for small shifts. Neurahetworks work besivhen they have benefit doth rawsample
dataand samplestatistics, although the statistitemselvesre adequate to detdarge
shifts. A significant benefit ofhe neural approach is that a singletwork can model
multiple control strategiesimultaneously; in thipaper, X-bar and R charts insmgle
network. More work on the crossover powttere neurahetworks can become superior
to traditional X-bar and R control chart interpretation is needed, as sefisdivity of
neuralnetworks to thenumber and kind of input statistics calculated fritva raw data
and the subgrougize ofthe raw datatself. We are pursuing research wigmaller
subgroup sizes, deviations fraime rational subgrouping assumptions, andtiphe shift
distributions in a single traininget, all more characteristic of actual conditions found in
industry. Another area for futher study is the comparisoneofral control charts to
Shewhart control charts with other heuristic rules such as those in (Nelson 1984).

For shape interpretation and prediction, networks performed bestmuiimal
noise andmaximum number of inputs. All neural networks provedcapable ofgood
quality decisions regardingatternidentification even in light of srse andhoisy data.

The predictive networks couldimultaneouslypredict out to five sample increments
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without much lost of accuracy. We are pursuingork on comparing theshape
recognition performance of theeuralnetworks tohuman judgment, heuristizin rules,
and on looping back point predictions to the shajsmtification neuralnetworks to
ascertain their valuéor adding evidence to correcttjassify difficult samples, i.ethose
near decision borders.

Given the widespread use of control charts in botanufacturing and service
industries, and the currenifficulties with proper interpretation of plotted results, the
promising results of a neural computiagproach bear further researclsince neural
networks arecommonly available insoftware formrunning on PC andvorkstation
platforms, and W soon bepractical in VLSI format, thewreviable options for statistical
control in production environments.
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Table 1. Network Performance on Test Sets A and B.
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Training/  Inputs Hidden RMS Error Mean o of Error
Test Set Layer Size Abs. Error

A Al 3 0.1783 0.1308 0.1213
A Al 10 0.1619 0.0777 0.1420
A Statistics 3 0.2109 0.1597 0.1378
B All 3 0.0438 0.0233 0.0371
B All 10 0.0302 0.0119 0.0278
B Statistics 3 0.0210 0.0118 0.0174




Table 2. Wrong Decisions of Control Charts and Neural Networks.

Training/  Inputs Hidden Neural Net Shewhart Control
Test Set Layer Size Percent Wrong Percent Wrong
A All 3 16.8 27.5

A All 10 11.7 27.5

A Statistics 3 28.5 27.5

B All 3 0.8 0.5

B All 10 0.5 0.5

B Statistics 3 0.0 (None) 0.5




Table 3. Pattern Recognition Networks
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# Input o # Correct # Missed of 300

Points of Noise | of 300 Flat Slope Sine waye Baal
5 0.1 288 0 0 10 2

5 0.2 226 39 15 10 10

5 0.3 208 32 39 18 3

10 0.1 292 0 0 5 3

10 0.2 268 3 7 16 6

10 0.3 246 9 17 23 5

20 0.1 297 0 0 0 3

20 0.2 293 0 0 0 7

20 0.3 280 6 1 1 12
Over All Networks 88.8% 3.3% 2.9% 3.1% 1.9%




Table 4. Predictive Networks With Varying Data Dispersion.

o of Noise % Correct RMS Error o of Error
0.05 82.0 0.7487 0.6244
0.10 79.7 0.7698 0.6442
0.20 72.7 0.8227 0.6400
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Table 5. Predictive Networks With Varying Number of Predictions

# Predictions o orrect Average RMS Error Averageo of Error
1 80.3 0.7690 0.6457
2 72.3 0.7677 0.6263
3 66.0 0.7006 0.5498
4 66.3 0.6609 0.5219
5 62.0 0.6485 0.5064
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Figure 1. Typical Shewhart Control Chart.
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1
where the output of each neuroraw andwx = weighted sum of inputs to that neuron.
1+e

Figure 2. Backpropagation Neural Network With Unipolar Sigmoidal Transfer Function.
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Figure 3. A Randomly Generated Sample of 10 of Non-Shifted Distribution, Small Mean
Shift and Small Variance Shift.
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Figure 4. A Randomly Generated 10 Sample Sequential Input for Four Symptomatic

Shapes With Medium Noise & 0.2).
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Figure Captions

Figure 1. Typical Shewhart Control Chart.

Figure 2. Backpropagation Neural Network With Unipolar Sigmoidal Transfer Function.

Figure 3. A Randomlgeneratecsample of 10 of Non-Shifted DistributioBmall Mean
Shift and Small Variance Shift.

Figure 4. A RandomlGenerated 1®ample Sequentidhput for Four Symptomatic
Shapes With Medium Noise & 0.2).



