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ABSTRACT

Statistical process control charts aim to detect out-of-control signals which
indicate existence of special causes effecting the process. Once such a signal is
detected, the interpretation of the signal, that is, discovering the actual causes
behind the signal, rests upon the shoulders of operators or engineers. Recently,
some techniques have been developed for making this interpretation process
easier. This study presents an overview of such techniques in three categories:
traditional one-variable control charts, artificial neural network applications and
multivariate control charts.
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ISTATISTIKSEL PROSES KONTROL CiZELGELERINDE HATA TESHISINE YONELIK
YAKLASIMLAR

OZET

Istatistiksel proses kontrol ¢izelgeleri, siireci etkileyen 6zel nedenlerin varligina
isaret eden kontrol-dig1 sinyalleri saptamayi amaglar. Boyle bir sinyal
saptandiginda bunun yorumlanmasi, diger bir deyisle sinyale yol agan gergek
nedenlerin ortaya ¢ikarilmas:i operatdr ya da miihendislerin gorevidir. Son
zamanlarda bu yorumlama islemini kolaylastiracak bazi teknikler gelistirilmistir.
Caligma, bu teknikleri ii¢ ana baslik altinda incelemektedir: gelencksel tek
degiskenli kontrol ¢izelgeleri, yapay sinir agi uygulamalart ve ¢ok degiskenli
kontrol cizelgeleri.

Anahtar Kelimeler:IPK ¢izelgeleri, kontrol dis1 sinyal, hata teshisi

1. GIRiS 1. INTRODUCTION

Istatistiksel Proses Kontrol (IPK), bir iiretim siirecinde
(proses) kaliteyi saglamak, siirdiirmek ve iyilestirmek
amactyla kullanilan istatistik teknikleri igerir; bu
tekniklerin en onemlisi IPK ¢izelgeleridir. Bu ¢izelgeler
kisa vadede siire¢ hatalarinin teshisi ve giderilmesini, uzun
vadede ise siire¢ kalitesinin iyilestirilmesini hedefler.

IPK gizelgelerinde, bir iiriinde kaliteyi belirleyici olan
cap, boy, act gibi degiskenler cizelgelenir. IPK
cergevesinde kalite, bu tir kalite degiskenlerinin
spesifikasyonlara  uyumlulugu seklinde tanimlanir.
Omegin bir borunun i¢ ¢api, bu ¢ap icin belirlenen hedef
degere ne kadar yakinsa kalite o kadar yiiksek olacaktir.
Istatistiksel bir ifadeyle, degiskenligin (varyasyonun)
azaltilmasiyla kalite artar.

Statistical Process Control (SPC), includes various
statistical techniques that are used to provide, continue and
improve quality in a production process; the most
important of these techniques is SPC charts. These charts
are used to diagnose and eliminate the process problems in
the short term, and also to improve the process quality in
the long term.

SPC charts monitor key variables such as diameter,
length and angle that are used to define the quality of a
product. In SPC framework, quality is defined as the
conformance of these variables to specifications. For
instance, the closer the inner diameter of a pipe to the
target diameter value, the higher the quality of the product.
In a statistical sense, if the variability of a variable



60

Cizelgelerde iiriinden alinan olgim degerleri ya da
bunlardan iretilen bir istatistik deger kullanilir. Bu deger,
kontrol bolgesi olarak adlandirilan bir deger araligindaysa
siirecin kontrol altinda oldugu kabul edilir. Deger kontrol
bolgesi disinda ise bu durum bir kontrol-dis1 sinyal olarak
nitelenir ve siirecte hataya yol agan bir 6zel nedenin (hata
kaynaginin) etkili olduguna hitkmedilir. Siire¢, miimkiinse
durdurularak, bu neden arastirilir, saptanir ve ortadan
kaldirilmast i¢in gerekli Onlemler alinir. Literatiirde
gelistirilmis bircok IPK cizelgeleme yontemi vardir ve
bunlarinin hepsinin temel ¢aligma mantig1 kontrol bolgesi
ve kontrol-dis1 sinyaline dayalidir.

Kontrol-dis1 sinyallerin nedenini siire¢ uzmani olan
operatér ya da milhendis belirleyebilir. Bu kisiler
cizelgede sinyale kadarki davranisi dogru
yorumlayabilirlerse ne tip bir hatanin mevcut sinyale yol
actigin1 tahmin edebilirler. Etkin hata teshisi igin siireg
uzmanhgmm yam sira IPK uygulamalarinda tecriibe ve
istatistik bilgisi de gerekmektedir.

Kontrol dis1 sinyallerin yorumlanmasini kolaylastirmak
i¢in yapilan caligmalar, kontrol dist sinyaller ile bunlara
yol agan hata kaynaklar1 arasindaki iliskiyi sistematik bir
bi¢imde ortaya koymayi1 hedefler. Bdylece operator ve
miihendislerin sorumlulugu bir dlgiide hafifleyecektir.

X ve R gibi tek degiskenli IPK ¢izelgelerinde anormal
izlerle hata kaynaklari arasindaki iliskiler genel
bi¢imleriyle uzun yillardir bilinmektedir. Belli bir siirece
ozel iligki tiirlerinin belirlenebilmesi iginse son dénemde
bir yapay zeka yontemi olan yapay sinir aglarindan
yararlanilmaktadir. Son yillarda hizla yaygimnlasan
Hotelling 7° gibi ok degiskenli IPK ¢izelgelerinde ise bu
tiir iligkilerin belirlenmesi i¢in yogun caligmalar devam
etmektedir.

2.GELENEKSEL YAKLASIM

Biitiin siirecler biinyelerinde degiskenlik barindirirlar.
Bu degiskenlik, genel ve 6zel nedenlere dayanmaktadir.
Genel nedenlere dayanan degiskenlik, siirecin dogasinda
var olan bircok hata nedeninin ortak etkisidir. Ozel
nedenler ise genel nedenlere kiyasla baskin bir etkiye
sahiptir; siirecte ayirt edilebilir izler birakirlar. Ozel
nedenler etkili degilse, siire¢ kontrol altinda kabul edilir;
aksi taktirde kontrol disindadir. IPK, oncelikle siireci kotii
etkileyen bu 6zel nedenleri saptayip ortadan kaldirmayi
hedefler. Zamanla 06zel nedenlerin birer birer
giderilmesiyle, ¢izelgelerin kontrol sinirlari daralacaktir.
Ayrica, dogal degiskenlige yol agan nedenler de su yiiziine
cikacaktir, c¢linkii bunlar arasinda etkileri biiyiik olanlar
6zel neden haline doniisecektir. Bdylece uzun vadede
dogal degiskenlik azalacaktir.

Istatistiksel bir bakis acisiyla IPK cizelgeleri, dogal
degiskenligi ifade eden dagilimdan sapma oldugu
hipotezinin ¢izelgelenen her yeni noktayla siirekli test
edilmesi islemidir (1). X, R ve S gibi geleneksel
cizelgelerde, cizelgelenen bir noktanin *3o  kontrol
sinirlarinin digina ¢ikmasiyla hipotez kabul edilir —siire¢

G.U. J. Sci., 17(4):59-69 (2004)/ Biilent KOCER,, Burak BIRGOREN*

decreases, the quality of the product increases.

The charts monitor either directly the measurements
taken from a product or a statistical value derived from the
measurements. The process is assumed to be in-control, if
the monitored value is within a defined range, that is, the
control region. If the monitored value is out of the control
region, this situation is defined as an out-of-control signal
and it is concluded that a special cause (problem source)
leading to an error is present in the process. Then, the
process is stopped if possible, this cause is searched,
identified and the necessary actions are taken to fix it.
There are many SPC charting methods proposed in the
literature, their operating principles are all based on
control regions and out-of-control signals.

The operator or the engineer, as a process expert, can
determine the causes of out-of-control signals. If they can
correctly interpret the behavior of the chart until the signal,
they can predict the problem that led to the signal. For
effective problem diagnosis, experience in SPC
applications and knowledge of basic statistics as well as
process expertise are necessary.

There are studies performed for facilitating the
interpretation of out-of-control signals; they aim to
describe the relationships between the signals and the
problem sources in a systematic way, so that the
responsibility of the operator or the engineer would be
eased. General relationships between abnormal chart
patterns and problems sources have been well known for

univariate charts, ie X and R charts, for a long time.
Recently, for determining certain process-specific
relationships, artificial neural networks, as an artificial
intelligence approach, have been used. Also, rigorous
efforts have been spent to identify such process-specific
relationships in multivariate SPC charts such as the
Hotelling’s 7° chart.

2.CONVENTIONAL APPROACH

All processes have variability stemming from either
common causes or special causes. Common-cause
variation is the combined effect of many problem sources
that naturally exist in a process. Special causes have a
dominant effect on the process as compared to common-
causes; they leave distinguishable signs observable on an
SPC chart. If the special causes are not affecting the
process, the process is assumed to be in control; otherwise,
it is said to be out-of-control. SPC aims to detect and
eliminate these special causes that are affecting the process
negatively. As they are eliminated one by one, the control
limits on the charts will get narrower. Further, some of the
common causes would become apparent, because the
common causes with more impact on the process will have
been transformed into special causes, through which
natural variation would decrease in the long term.

From a statistical viewpoint, monitoring each data point
on an SPC chart is equivalent to testing the hypothesis that
a deviation has occurred from the distribution that is
modeling the natural variability in the process (1). In

conventional charts such as X, R and S charts, when a
plotted point goes out of 3o limits, the hypothesis is
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kontrol digidir (1).

Diger taraftan ¢izelgelenen noktalarin olast kontrol-dist
durumlar1 saptamak amaciyla incelenmesi, kesfe yonelik
(exploratory) veri analizidir (2); bu inceleme, her tiirlii
anormal izi saptamay1 ve bunlarla hata kaynaklari arasinda
baglanti kurmay1 hedefler. Boyle baslica izler ilk kez
Western Elektrik sirketi tarafindan belirlenmistir (3). Bu
izlere Ornek olarak cizelgede +2c sinirlarinin disinda
ardisik iki nokta gézlenmesi verilebilir. Hoyer ve Ellis (4),
boyle yedi tiir anormal iz vererek bunlari genel olarak
degerlendirmektedir. Montgomery (1), bu izlere ek olarak
her tiirlii anormal izin de bir kontrol dis1 sinyal olarak
degerlendirilmesi gerektigini belirtir; kaymalar, egilimler
ve devirsel izler (S yalpalamalar1) baglica anormal iz
tiirleridir ve Sekil 1°de gosterilmigtir.

accepted, that is, the process is out-of-control (1).

On the other hand, investigation of plotted points for
discovering potential  out-of-control  situations is
considered as exploratory data analysis (2); this
investigation intends to detect all kinds of abnormal
patterns and associate them with their special causes. Such
major patterns were first designated by Western Electric
Company (3). As an exemplary pattern, observing two
successive points out of +2¢ limits is considered an out-of-
control signal. Hoyer and Ellis (4) presented an assessment
of seven such patterns. In addition to these patterns,
Montgomery (1) states that all types of abnormal patterns
should be treated as an out-of-control-signal; shifts, trends
and cycles are such major pattern types and are illustrated
in Figure 1.

s MMM AL AN

. ﬂ/\/\AA

\
/\/\/\/

VO T

VY Wmm g
Wy

a) Normal pattern (Random)/ a) Normal iz (Rasgele)

b) Abnormal pattern: Trend/ b) Anormal iz: egilim

B

M\W\/\m

SN

L i
AL h//\ Ik

¢) Abnormal pattern: Shift/ ¢) Anormal iz: Kayma

Figure 1. Some general types of patterns on SPC charts
Sekil 1. IPK gizelgelerinde bazi genel iz tiirleri

Bu izlerin nelerden kaynaklandig: artik bilinmektedir.
Ornegin egilimler, makine aksamiin giderek yipranmasi
ya da bir kimyasal siiregte karigimin bilesenlerinin
farklilagmasi gibi durumlarda sik¢a ortaya ¢ikar.

Geleneksel yaklasimin yani sira gecmiste basariyla
uygulanmig ancak yaygmlik kazanmamig yontemler de
vardir. Bunlarin en ilgi ¢ekicilerinden birinde Seder (5),
bazi grafik yontemler kullanmanin teshisi
kolaylastiracagini belirtmistir. Bunlardan pozisyon-boyut

d) Abnormal pattern: Cycle/ d) Anormal iz: Devirsel

Sources of these patterns are now well-known. For
example, trends appear as machine tools are worn out, or
components of a chemical mixture change in time.

Besides the conventional approach discussed so far,
there are some other methods that have been applied
successfully, but have not got as popular. In one of them,
Seder (5) mentioned that using graphics facilitates
diagnosis of problems. He proposed new charts and
graphical methods that distinguish different sorts of
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diyagramlari (6) ve ¢ok-boyut (Multi-vari) ¢izelgeleri (7),
kalite uzmanlarinin ilgisini ¢ekmeye devam etmistir.
Pozisyon-boyut diyagramlari, parcalarin teknik ¢izimlerini
andiran sekiller {izerinde, gbzlem alinan noktalardaki
dlgiimleri gosterir. Bu diyagramlar, ok degiskenli [PK
boliimiinde ele alacaktir.

Cok-boyut ¢izelgeleri ise, birbiriyle iliskili birden gok
kalite degiskenini belli geometrik sekiller olusturacak
sekilde ¢izelgeler; boylece hata kaynaklarinin tirettigi izler
kolayca gozlenebilir. Sekil 2’de sanayide uygulanmis bir
cok-boyut ¢izelgesi verilmistir (7).

G.U. J. Sci., 17(4):59-69 (2004)/ Biilent KOCER,, Burak BIRGOREN*

variations. Among them, position-dimension diagrams (6)
and Multi-vari charts (7) have continued to attract the
attention of quality specialists. Position-dimension
diagrams show quality measurements on diagrams that
resemble technical drawings of a product. An example of
these diagrams will be given in the multivariate SPC
section.

Multi-vari charts, on the other hand, plot several
correlated quality variables in a manner to create
meaningful geometric figures, so that the patterns would
be easily discerned. Figure 2 illustrates a Multi-vari chart
applied on a real process (7).

First Hour/1. saat

Upper Diameter/iist Cap -+

Lower Diameter/Alt Cap . -

Part: The H-Joint/Parca

Bottom Max‘Alt Malks

Top Famout! *
tist Salg — - -
} L g‘;:mml;lﬁmi'“;apen’.ﬁom'khk
Top Min/ilst Min

Geometrical Representation/
Geometrik Gisterim

Figure 2. Example of a Multi-vari chart
Sekil 2. Cok-boyut (multi-vari) ¢izelgesine bir 6rnek

Bu uygulamada bir silindirik eklem pargasinin alt ve iist
kisimlarina ait minimum ve maksimum ¢ap degerleri -dort
kalite degiskeni- giiniin farkli iki saatinde alinan yediser
parcada Olciilmiis; sekildeki geometrik gosterim esas
aliarak ¢izelgelenmistir. Orta ¢izgi hedef deger, alt ve list
cizgiler tolerans sinirlaridir. Cizelgedeki gosterimde dort
degiskenin degerlerinin yani sira, bunlarin  birer
fonksiyonu olan ve idealde sifir olmasi istenen alt salgi,
ist salgt ve koniklikteki degisim de kolayca
gozlenebilmektedir: Ornegin 2. saatte, 3. iiriinden 4. iiriine
gegiste konikligin yonii degismis, salgi degerlerinde ciddi
artig olmustur.

Cok-boyut ¢izelgeleri, birden ¢ok degiskenin degerini
aym ¢izelgede gosterir; bu bakimdan ¢ok degiskenli IPK
cizelgelerinden farklidir. Degisik pargalar ve Kkalite
degiskenleri i¢in daha farkli geometrik gosterimler
benimsenebilir.

In this application, the minimum and maximum
diameters of lower and upper sections of a cylindrical joint
—four variables— are measured on seven parts per hour for
two different hours of a day, and they are charted so as to
form the geometric representation given in Figure 2. The
center-line is the target value, the upper and lower lines
are the tolerance limits. This representation also allows
monitoring runouts of lower and upper diameters and
taper, which are functions of the charted variables and
desired to be zero as their target value: For instance, at the
2" hour, moving from the 3™ part to 4™ part, the direction
of taper changed, and serious increases in runout values
were observed.

Multi-vari charts display several variables on a single
chart; in this respect, they are different from multivariate
SPC charts. For different parts and quality variables,
various geometric representations can be adopted.
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3. YAPAY SINiR AGI UYGULAMALARI

Geleneksel yaklasima kiyasla izlerin daha etkin bigimde
saptanmasi i¢in son dénemde yapay sinir agt kullanilan
birgok c¢aligma yapilmstir (8). Bu ¢alismalarda, Sekil 1°de
gosterilen izler ve bu izlerin daha karmagik bigimlerinin
bilgisayar tarafindan otomatik teshisi amaglanmustir.
Kullanilan yapay sinir aglarinda danigmali 6grenme
algoritmalar1 kullanilmaktadir. Sinir aglari, cizelgelerdeki
belli iz tiirlerini 6grenmek lizere bir egitim kiimesiyle
egitilmekte ve ardindan gercek siirecin benzetimi
yapilarak aglarin bu izleri benzetim verisinde ne olciide
saptayabildigi Olglilmektedir. Calismalarda ele alinan

cizelgeler X , R, S ve CUSUM gizelgeleridir.

Bu alandaki ilk ¢aligmalarda Pugh (9) ve Smith (10),

X ve R gizelgelerinde ortalama degisikliklerinin
saptanmasi i¢in yapay sinir aglarim1 kullanmiglar ve
egittikleri aglarin ortalama ve varyanstaki 6zellikle kiiglik
degismeleri saptamada geleneksel kontrol sinirlarindan
daha basgarili oldugunu gézlemislerdir.

Bu iki c¢alismada izler sadece ortalama ve standart
sapma degisiklikleri ile simirli tutulurken kayma, egilim,
devirsel izler gibi farkli tiirde izleri saptamak igin birgok
calisma da yapilmistir. Ornegin Pham ve Oztemel (11, 12)
caligmalarinda bu izleri hem tek tek hem de bir arada —
kayma ve devirsel gibi- saptamaya yonelik olarak birden
cok ag1 eszamanl egiterek kullanmiglardir. Guh ve Hsieh
(13) yapay sinir aglari1 sadece izin tiiriinii saptamakla
kalmayip ayni zamanda izin biiylikliginii de tahmin
edecek sekilde egitmistir.

Bir yapay sinir agimin saptamaya c¢alistig1 iz tiirlerinin
sayist arttikga izleri saptama yetenekleri azalmaktadir;
buna bir ¢6ziim olarak her biri bir iz tlirlini saptamada
uzmanlasmigs birden ¢ok agin beraberce kullanilmasi
onerilmektedir (12, 14). Ote yandan saptanmak istenen
izin kicikligii veya egitim kiimesinin hacminin
disiikligii. ag  performansmi  olumsuz  yonde
etkilemektedir.

Yapay sinir ag1 arastirmalan tek degigkenli cizelgelere
odaklanmakla beraber literatiirde ¢ok degiskenli bir
calismaya rastlanmistir (15). Bu g¢alismada ¢ok
degiskenlilik sadece iki degiskenle sinirlandirilmis ve iki
degiskenin ortalamalari, varyanslart ve kovaryansindaki
degisikliklerin saptanmast hedeflenmistir. Cok degiskenli
IPK ¢izelgelerinde degisken sayis1 arttikca ortaya
cikabilecek iz tiirleri de biiyiik cesitlilik ve karmagiklik
gostermeye baglar. Dolayisiyla bu c¢alisma, zor bir
problemin ¢6ziimii i¢in ilk tesebbiistiir.

Yapay sinir aglari, giiglii iz tanima (pattern recognition)
yetenekleri sayesinde IPK cizelgelerinde ancak gozle fark
edilebilecek saptanmasi zor izleri ayurt edebilmektedir.
Boylece uzmana diisen gorevi istlenerek sadece izin
yorumunu uzmana birakmaktadir. Ayrica bir siirece has iz
tiirlerini Ogrenebildikleri icin  uzmana  kolay
yorumlanabilir sinyaller vermektedir.

4. COK DEGISKENLI iPK

Bir siirecin performans: genellikle birden fazla kalite
degiskenine dayanir. Ornegin bir pargaya matkapla

3. ARTIFICIAL NEURAL NETWORK
APPLICATIONS

Recently, many studies used artificial neural networks
in order to detect patterns more effectively than the
conventional approach. The aim of these studies is the
automatic diagnosis of the patterns in Figure 1 and their
more complex forms. Usually, supervised learning
algorithms were adopted. In such studies, neural networks
were trained in order to learn specific patterns using a
training set, and then, by simulating the process, detection
capabilities of the neural networks were measured. These

studies investigated performance of X , R, S and CUSUM
charts.

In a pioneering work, Pugh (9) and Smith (10) used
neural networks for detecting deviations in the mean
values on X and R charts, and they observed that the
neural networks are more successful than the conventional
control limits especially in detecting small deviations in
the mean value and variance of observed data.

While the research objective in the above two studies
was limited to only changes in the mean value and
standard deviations, many other studies considered
patterns such as shifts, trends and cycles. Pham and
Oztemel (11, 12) trained multiple parallel networks in
order to detect single patterns and also multiple patterns —
for instance a shift and a cycle together. Guh and Hsich
(13) trained networks not only for detecting existing
patterns but also for forecasting their magnitudes.

As the number of different patterns increases, the
detection power of a neural network decreases; a proposed
solution is to use parallel networks, each of which is
specialized for detecting a specific pattern (12, 14). Also,
small magnitudes of patterns or small sizes of training
samples affect the network performance negatively.

While neural network approaches are generally focused
on univariate charts, there is only one multivariate study
found in the literature (15). This study considered only
bivariate situations and the aim was restricted to detecting
deviations in the mean, standard deviation and covariance.
In multivariate SPC, as the number of variables gets
larger, variety and complexity of patterns increase.
Consequently, this study is a first attempt to solve a hard
problem.

By their strong pattern recognition capability, neural
networks can detect SPC chart patterns which are hard to
distinguish and can only be detected by an expert look.
Therefore, they can take over the responsibility of the
expert for detecting out-of-control situations, leaving only
the interpretation to the process expert. Further, the
detected patterns are likely to be easily interpreted by the
expert as neural networks can learn process-specific
patterns.

4. MULTIVARIATE SPC

The performance of a process usually depends on more
than one variable. Let’s consider the following six
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delinen iki delik i¢in soyle alt1 degiskenden bahsedilebilir:
X =birinci deligin ¢ap1, X>=birinci deligin x-koordinati,
Xs=birinci deligin y-koordinati, X;=ikinci deligin c¢api,
Xs=ikinci deligin x-koordinati, Xg=ikinci deligin y-
koordinati. Geleneksel olarak bunlardan sadece en 6nemli
goriilen degigsken (6rnegin X;) 6l¢iilir ve tek degiskenli
IPK ¢izelgelerinde izlenir; bu durumda diger degiskenlerin
degerleri ve siirece etkileri goz ardi edilmektedir. Cok
degiskenli IPK ¢izelgeleri birden fazla degiskeni es
zamanli izler, bunu yaparken de degiskenler arasindaki
etkilesimi gdz dniinde bulundurur.

Bu ¢izelgelerin kontrol disi sinyalleri hata nedenlerini
gosterecek sekilde yorumlanabilir. Diyelim ki siire¢
uzmanlari, X; degiskenindeki kaymanm A, B, C
nedenlerinden, X, degiskenindeki kaymanin D ve E
nedenlerinden kaynaklandigini; ayrica X, ve Xs beraber
artmis ya da azalmigsa bunun da F nedeninden
kaynaklandiginit bilmektedirler. Bu durumda, &rnegin
birgok degiskende kayma gdzleniyorsa, ancak X, ve Xs
degiskenlerinin ayni yoOnlerde hareket ettigi dikkat
¢ekiyorsa, hata nedenlerinden bir tanesi F olabilir.
Omegin F nedeni, parca islem icin sabitlenirken x-
ekseninde yanlis yerlestirilmesiyle ilgili olabilir.

Cok degiskenli IPK cizelgeleri ilk kez 1940’larda
gelistirilmesine ragmen (16), sanayide yaygm kullanimi
1990’11 yillarda baglamigtir. Bunun baglica nedeni,
iiretimin gittikce otomatiklesen bilgi kontrollii sistemlerle
yapilmaya baglanmasidir. Bu sistemlerde hatalarin tasnifi
ve bu hatalardan yola c¢ikarak kaynaklarina inilmesi
isgiicli-yogun sistemlerdekinden ¢ok daha kolaydir (1, 17).
Otomatiklesen {iretim sistemlerinde veri toplanmasi i¢in
de otomatik ve yeni teknolojiyle donatilmis sistemler
gelistirilmigtir. Bunlar hizli ve masrafsiz sekilde ¢ok
degiskenli dlgiim yapmaktadir. Ornegin imalat sanayiinde,
kullanigh hassas mastar ve Ol¢lim aletleri, ii¢-boyutlu
koordinat ol¢lim cihazlari, kameralara veya lazer
teknolojisine  dayali optik  sistemler, bilgisayarla
biitiinlesik sekilde hata teshisinde kullanilmaktadir (17-
20). Kimya sanayiinde de benzer otomatik veri toplama
sistemleri gelistirilmistir (21).

Bol miktarda ve diisiik maliyetli ¢ok degiskenli kalite
verilerinin toplanmastyla ¢ok degiskenli IPK uygulamalari
da hizla yaygmlasmstir. Bu gelismelere paralel olarak ¢ok
degiskenli IPK cizelgeleri iizerine literatiire gegen
caligmalar da biiyiik hizla artmistir (22).

Cok degiskenli IPK cizelgelerinin en eski ve temel
olan1 Hotelling ° cizelgeleridir; bu g¢izelgeler siirecin
ortalamasinin kontrol disina ¢iktigini saptayip bunu bir
kontrol dis1 sinyalle belirtir. Hotelling T° ¢izelgelerinin
sadece bir st kontrol sinirt vardir, sinir1 gecen noktalar bir
kontrol-digi sinyal olarak degerlendirilir. Cizelgelenen 7°
istatistigi, cok degiskenli gozlemleri tek bir degere
indirgeyen bir fonksiyonla elde edilir. Bu fonksiyon,
degiskenler arasindaki kovaryans matrisini (etkilesimi)
ierir.

Istatistiksel agidan ortalama sapmalarini saptama giicii
¢cok yiikksek olan bu ¢izelgelerin, diger taraftan
miihendislerce yorumu zordur; ciinkii 7° istatistiginin
pratikte bir anlami yoktur. Son yillarda 7° sinyallerini
dogru yorumlayarak hata teshisini kolaylastirmak igin
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variables for two holes drilled on a part: X,=diameter of
the first hole, X,=x-coordinate of the first hole, X;=y-
coordinate of the first hole, X,=diameter of the second
hole, Xs=x-coordinate of the second hole, Xs=y-coordinate
of the second hole. Conventionally, only one of them is
regarded as the most important one (e.g. X)), and it is
measured and monitored on a univariate SPC chart, while
the remaining variables and their effects are ignored.
Multivariate SPC charts monitor several variables
simultaneously, and also take into account the interactions
among the variables.

The out-of-control signals from these charts can be used
to identify problem causes. Suppose that process experts
know that a shift in X; results from causes A, B or C, a
shift in X, results from causes D or E, and also if X, and X5
shift in the same directions (positive or negative) this
results from cause F. In this case, while process data
shows many shifts on various variables due to common
causes, if significant shifts in X, and X; are noticeable, and
they are also in the same direction, then this is considered
as an indication of the cause F affecting the process.

Although, multivariate SPC charts were developed in
the 1940s (16), their intensive use in the industry started in
the 1990s. The main reason for this was emergence of
computer-automated production systems. In these systems,
classification of problems and tracking back to sources
starting from problems is easier as compared to labor-
intensive systems (1, 17). Computer-automated systems
also gave rise to automated data collection systems,
equipped with high technology. They take multivariate
measurements quickly with less cost. For example, precise
gages and measurement tools, three-dimensional
coordinate measurement machines, vision systems based
on cameras and laser technology have been employed in
computer-integrated problem diagnosis in these production
systems (17, 20). Similar automated data collection
systems have also been developed for the process industry

Q0.

Collection of multivariate quality data in ample amounts
with less cost has led to growing number of multivariate
SPC applications. Also, multivariate SPC chart studies in
the literature have increased rapidly (22).

The oldest and the fundamental multivariate SPC chart
is the Hotelling’s 7> chart; this chart monitors the process
mean and gives an out-of-control signal when the process
mean shifts significantly from its normal behavior. The
Hotelling’s T° chart has only an upper control limit and
points exceeding this limit are regarded as an out-of-
control signal. The charted 7° statistic is a function
reducing multivariate observations into single value. This
function includes the covariance matrix among the
variables (effect of interactions).

Although, this chart has a large power of detecting shifts
in the mean values, its interpretation by engineers is
difficult; because the T° statistic does not carry any
practical meaning. Recently, various methods have been
developed in order to facilitate problem diagnosis by
interpreting 7° signals properly (21, 23, 24). Some of these
methods intend to detect the variables that are responsible
for the out-of-control signals on the chart (25-30). It is
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bircok yontem gelistirilmistir (21, 23, 24). Bu yontemlerin
bir kismi 7° gizelgelerindeki sinyallerden hangi
degiskenlerin sorumlu oldugunu saptamay1
amaglamaktadir (25-30). Bu yontemlerde sinyale etkisi en
¢ok olan degisken ya da degisken grubunun
belirlenmesiyle hata kaynagmin dogrudan saptanacagi
varsayilmaktadir. Az evvel verilen matkap Ornegi, hata
kaynaklariyla degiskenler arasinda bulunabilecek bdyle
dogrudan iligkileri agiklamaktadir.

Hata kaynaklarinin  belli degiskenleri dogrudan
etkileyecegi varsayimi her zaman dogru degildir ya da
siirecteki hata kaynaklarinin sadece bir kisminin etkilerini
aciklayabilir. Bu varsayimin dogru olmadig1 durumlarda,
stiregteki hata kaynaklarmin ¢ok degiskenli gézlemlerde
ne tiir izler birakacagi slire¢ uzmanligina dayanarak
belirlenip bu izlerin saptanmasina yonelik ydntemler
gelistirilmistir. Bu izler, degisken ortalamalarinin belli
yonlerde sapmasi seklinde (6, 17, 18, 29-31) ya da T°
sinyallerinin ¢izelgede meydana getirdigi Sekil 1’dekine
benzer izler seklinde (32) olabilmektedir.

Genellikle bu c¢aligmalar zaman boyunca degil, sadece
bir pargadan aliman gozlemlerde olusan izler iizerine
yogunlasmustir. Ornegin Espada-Colon vd. (18) baskili
devre kartlara lehim baski siirecinde bu tiir izlerin nasil
olustugunu incelemistir. Sekil 3, bir baskili devre
kartindaki lehim pozisyonlarini gdstermektedir. Toplam
20 pozisyon vardir ve her pozisyondaki lehim miktart
kamera ile oOlglilmektedir. Kalite degiskenleri, Olgiilen

miktarlarin =~ hedef  degerden  farklari  seklinde
tanimlanmuigtir.
6 78 910
ALLRLR
Solder Paste Positions > - - m
on a Printed Circuit Board/ 4 - - :]Ig
Baskili Devre Kartinda 3 - -
Lehim Pozisyonlari 2 -4
1 = m15
Thnrnia

Quality Variables:

Quality Vector:

Kalite Vektorii:

assumed that by determining the variable or variables
contributing significantly to the signal, the problem source
would be directly uncovered. The drilling operation,
described previously, explains such direct relationships
between the variables and problem sources.

The assumption that some problem sources affect only
certain variables is not always valid; it helps to explain
only a certain group of sources. When it is not valid,
methods are developed for determining patterns left by
specific problem sources using process expertise. Once the
patterns are identified, charts are used for detecting
occurences of these patterns in the process. These patterns
are in the form of deviations in the variable means in
specific directions (6, 17, 18, 29-31) or in the form of 7
chart patterns similar to those in Figure 1 (32).

Generally, these studies focused on patterns on a single
part instead of patterns forming along successive time
points. Espada-Colon et al. (18) examined how these
patterns arise in solder paste printing operation on printed
circuit boards. Figure 3 illustrates solder paste positions on
a board. There are a total of 20 positions and solder paste
amount on each position is measured via a camera. Quality
variables are defined as the differences between the
measured and the target values.

Difference between the printed solder
paste amount and the target amount/

Kalite Degiskenleri: Her pozisyondaki lehim miktarlarmn

hedef degerden farklan

x;: Difference from the target amount at ith position

x; Negative: Paste amount less than target
x; Positive: Paste amount more than target

X = (X, X0, s Xgg)
X, i pozisyonunda hedef degerden fark

x; negatif: hedef degerden az lehim
X; poztif: hedef degerden ¢ok lehim

Figure 3. Solder paste positions on a printed circuit board and quality variables
Sekil 3. Baskili devre kartinda lehim pozisyonlar1 ve kalite degiskenleri

Bir parga iizerinde olusan izler ve bunlara neden olan
hata kaynaklari, siire¢ uzmanlariyla yapilan miilakatlar ve
veri analiziyle ortaya g¢ikarilmistir. Bu izler Sekil 4’te
gosterilmistir: Her pozisyondaki sapma, sapmanin negatif
ya da pozitif yonde olmasina gore iceri ya da disart bir
okla gosterilmistir; ok uzunluklart sapmanin miktar1 ile
orantilidir. Ardindan izin belirginlesmesi i¢in ok uglari
dogru pargalartyla birlestirilmistir. Sekil 4, Hata Kaynagi
A ile iliskili izin bir vektdrle nasil ifade edilecegini de
gostermektedir, vektordeki degerlerin goreli biiyiikliikler
olmasi onemlidir.

Patterns that occur on a part and the related problem
sources can be discovered through interviews with process
experts and data analysis. These patterns are shown in
Figure 4: Shifts at each position is displayed by an inward
arrow if the variable is negative (less paste) and by an
outward arrow if the variable is positive; the length of
arrows are proportional to the magnitude of the variables.
Then, the arrow heads are combined by lines for stressing
the patterns. Figure 4 also illustrates the vector
representation of the pattern associated with problem
source A; it is important that elements of the vector have
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Bu siiregte hata kaynaklariyla dogrudan iliskili £ adet
yon saptanmustir. Gozlenen kalite vektoriinde bu yonlerde
bir sapmanin tespit edilmesi, iligkili hata kaynagina
dogrudan isaret edecektir (u, yonil icin Hata Kaynagi B ya
da C gibi). Bu amagla gelistirilen yontemler arasinda
regresyonla  kalite  vektoriiniin  ydnler  cinsinden
¢oziimlenmesi (6, 18); ¢ok degiskenli uzayda yonlerle
iliskili kontrol bolgeleri tammlanmasi (17), ve T°
sinyalinin Scheffe-tipi araliklarla ¢6ziimlenerek anlamli
sapma yonlerinin bulunmasi (29) sayilabilir. Sekil 4’te bu
son yontem Ozetlenmistir. Istatistiksel olarak sapma
yonlerinin  bulunmasinin  yani sira gozlenen kalite
vektoriiniin grafik gosterimi de ydnlerin saptanmasini
kolaylastiracaktir. Sekil 4’te izler i¢in kullanilan ok
gosterimi kalite vektorii (X) i¢in de kullanilmistir. Bu
gosterim, 2. bolimde bahsedilen pozisyon-boyut
diyagramlari i¢in iyi bir 6rnek olusturur. Her kart i¢in
boyle yeni bir pozisyon-boyut diyagrami g¢izilmesiyle
operator, gorsel olarak izler olusup olusmadigini kontrol
edebilir, ayrica bilmedigi yeni izler kesfetme imkani da
bulur.
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relative magnitudes.

In this process, & directions, directly associated with
problem sources, were determined. Detection of a shift of
the observed quality vector in these directions would point
out the associated problem source directly (for u,, Problem
Sources B or C, etc.). The following methods have been
developed for this purpose: decomposition of quality
vector in terms of directions through regression analysis
(6-18); defining control regions associated with directions
in multivariate space (17); exploring significant shift
directions by decomposing the 7° signal via Scheffe-type
intervals (29), Figure 4 illustrates this method. Also,
graphical display of the observed quality vector facilitates
detecting potential shift directions. In Figure 4, the arrow
representation adopted for display of patterns is also used
for the quality vector (X). This display is a good example
for position-dimension diagrams, aforementioned in
Section 2. The operator can check visually if any patterns
show up on a new position-dimension diagram drawn for
each card; these diagrams also help the operator discover
unknown new patterns.

Problem Sources in

Problem Source A/

Problem Source G/

Problem Source B/ ‘

Problem Source C/‘

e

Find the Significant Shift Directions by Scheffe-type Intervals/
Scheffe- Tipi Araliklarla Anlaml Sapma Yénlerini Bul

b AN

Solder Paste Operation/ Hata Kaynag A Hata Kaynag1 B Hata Kaynag C Hata Kaynag G
Lehim Baskida Hata Kaynaklan
Associated Shift Patterns I\T\
Graphical Representation: Inward Arrow: x; negative
Qutward Arrow: x; positive / \J'\ ¥ ; p—t —
Miskili Sapma Sekilleri (Izler) - W u oo U —
Grafik Gésterim: Iceri ok: x; negatif : i —
Digan ok: x;pozitif R : ’
2
1
0 .
1 Set of Directions/Y 8nler Kiimesi Kalite Vektorii X /
2 {w|w| ... |u Quality Vector X
0
0
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Figure 4. Detection of patterns contributing to a 7° signal by Scheffe-type intervals in Solder Paste Printing Operation
Sekil 4. Lehim baski siirecinde 7° sinyalinde etkili izlerin Scheffe-tipi araliklarla bulunmast

Ozellikle degisken sayismin ¢ok oldugu durumlarda
bagvurulan bir diger yontem temel bilegenler
analizidir. Bu yontem degisken sayisin1 yorumlanabilir
bir miktara indirgemekte; elde edilen temel bilesenler
siire¢ problemlerine isaret edebilmektedir (19, 23, 24,
33, 34). Oyle ki baz1 siireclerde degisken sayilari
yiizlerle ifade edilebilmektedir. Ornegin bir otomobil
kaportasi ya da ucak kanadindan ii¢ boyutlu koordinat

Another method used in multivariate SPC when the
number of variables is large is the principal component
analysis. This method reduces the number of variables to an
manageable number; so that the principal components can
indicate process problems (19, 23, 24, 33, 34). In some
processes there are hundreds of quality variables. For
instance, coordinate measurement machines take hundreds of
3-dimensional coordinate measurement on an automobile



Olgim cihazlariyla yiizlerde koordinat 6lglimii
alinmaktadir. Boyle bir durumda tek tek her degiskenle
ilgilenmek yerine degiskenlige en ¢ok etki eden 5-6
adet temel bileseni izlemek hata kaynaklarim
saptamay1 kolaylastirabilmektedir.

5. SONUC

Tek degiskenli IPK c¢izelgelerinin geleneksel
uygulamasinda anormal izler muhtemel bir hataya
isaret olarak kabul edilir ve operatdr ve mithendislerce
hata kaynagi bulunup giderilir. Bu izlerin hangi hata
kaynaklariyla iligkili  olabileceginin  saptanmasi
operatdr ve miithendislere birakilir, ancak bu kolay bir
is degildir. 1990 sonras1 gelistirilen yapay sinir agina
dayali yontemler, tek degiskenli cizelgelerde izleri
daha etkin sekilde ve otomatik olarak saptamay1
amaglamaktadir.

Diger taraftan, bir pargadan alinan ¢ok degiskenli
gozlemler, ¢ok daha zengin igerikli iz tiirlerini
saptayabilme olanagi vermektedir. Ciinkii, farkli hata
kaynaklari bir parcadan alinan gozlemlerde farkli izler
olusturmaktadir, bu imkan tek bir degigken icin sz
konusu degildir. Bu izler gerek grafik yontemlerle,
gerek regresyon ve temel bilesenler analiziyle, gerekse
Hotelling 7° ¢izelgelerine ek olarak gelistirilen
yontemlerle saptanmaya ¢alisilmaktadir. Ancak bu
caligmalar ve sanayii uygulamalari, tek degiskenli
cizelgelerdekinin aksine olgunluk kazanmamistir ve
hata teshisine yonelik pek ¢ok firsati barindirmaktadir.
1990 sonrasinda yapilan ¢aligmalar bu konuda umut
vermektedir.
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