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Foreword

ISO (the International Organization for Standardization) is a worldwide federation of national standards
bodies (ISO member bodies). The work of preparing International Standards is normally carried out
through ISO technical committees. Each member body interested in a subject for which a technical
committee has been established has the right to be represented on that committee. International
organizations, governmental and non-governmental, in liaison with ISO, also take part in the work.
ISO collaborates closely with the International Electrotechnical Commission (IEC) on all matters of
electrotechnical standardization.
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roduction

Statistical process control (SPC) techniques are widely used in industry for process monitoring and
quality improvement. Various statistical control charts have been developed to monitor the process
mean and variability. Traditional SPC methodology is based on a fundamental assumption that process
data are statistically independent. Process data, however, are not always statistically independent from
each other. In the industry for continuous productions such as the chemical industry, most process data
on quality characteristics are self-correlated over time or autocorrelated. In general, autocorrelation
can be caused by the measurement system, the dynamics of the process, or both. In many cases, the
data can exhibit a drifting behaviour. In biology, random biological variation, for example the random

burdt in the secretion of some substance that influences the blood pressure, can have a sust|
so that several consecutive measurements are all influenced by the same random phenoime
colldction, when the sampling interval is short, autocorrelation, especially the positive-autd
of the data, is a concern. Under such conditions, traditional SPC procedures ate-hot ef
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opriate for monitoring, controlling and improving process quality.

correlated processes can be classified in two kinds of processes, based on wheth
onary or nonstationary.

Stationary process - a direct extension of an independent and identically distrib

mplies that the basic behaviour of the process does not cliange in time. In particular, 4
process has identical means and variances.

Nonstationary process.
iled information about stochastic process and time series can be found in Annex A.

fcommodate autocorrelated data, some SPC‘methodologies have been developed. Main
npproaches. The first approach is to use.a process residual chart after fitting a time ser
r mathematical model to the data. Another more direct approach is to modify the exig
xample by adjusting the control limits based on process autocorrelation.

aim of this document is to outline the major process control charts for monitoring
ess mean and the process variance when the process is autocorrelated.
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document describes the construction and applications of control charts for statjonary
Normative references

titutes requirements of this document. For dated references, only the edition cited
B534-2, Statistics — Vocabulary and symbols — Part 2: Applied'statistics

Terms and definitions, and abbreviated terms and symbols

Terms and definitions
he purposes of this document, the terms and‘definitions given in ISO 3534-2 and the follq
ind [EC maintain terminological databases for use in standardization at the following a

SO Online browsing platform: ayailable at https://www.iso.org/obp

EC Electropedia: available athttp://www.electropedia.org/
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nal covariance between members of series of observations ordered in time
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rol charts fer-autocorrelated processes
stical process control charts applied to autocorrelated processes
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ited references, the latest edition of the referenced document (inclhiding any amendments) applies.
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3.2 Abbreviated terms and symbols

3.2.1 Abbreviated terms

ARL average run length

ii.d. independent and identically distributed

SPC statistical process control

ACF autocorrelation function

AR(1) first order autoregressive process

EWMA exponentially weighted moving average Q
EWMAST exponentially weighted moving average for a stationary process nQ‘V
EWMS exponentially weighted mean squared deviation Oy v
CUSUM cumulative sum /\Q,
3.2.2 Symbol /\Lb‘

2. mbols

’ \G)O
index set for a stochastic process (‘\\\

u true process mean /\<( -

o true process standard deviation

N(/.l,O'Z ) normal distribution with a mean of y and Varq'Q&\e of 2

)4 autocovariance \.‘(\Q)

¥ estimator of autocovariance R\ N
p autocorrelation A’\‘O

p estimator of autocorrelation xO

¢ dependent parameter of ar@\@\ﬁ) process

A smoothing parameter fqr(E)/\VMA

r smoothing parame‘g@or’ EWMS

T time lag betweeqftw‘time points

NS

S2 EWMSatt (-

S? initial VA@\;? s?

X, ranq@r\v/ariable Xatt

a, r@‘s;n variable a at t in an AR(1) process

A . Q&Ep mean change as a multiple of the process standard deviation

X (‘,’)\ arithmetic mean value of a sequence of x

s standard deviation of a sequence of x

j(t prediction of X;

R, residual at t

R arithmetic mean value of R,

Sk standard deviation of {R.}

Z, EWMA statisticat ¢

Zy initial value of Z,

L, value of the control limit for Z, (expresses in number of standard deviation of Z,)

2 © IS0 2020 - All rights reserved
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oy standard deviation of EWMA statistic
standard deviation of the random variables a, from white noise in an AR(1) process

4 Control charts for autocorrelated processes for monitoring process mean

4.1 General

Many statisticians and statistical process control practitioners have found that autocorrelation in
process data has an impact on the performance of the traditional SPC charts. Similar to autocovariance
(see[3-I.TJ, autocorrelation Is internal correlation between members ol a series of observatipns ordered
in time. Autocorrelation can be caused by the measurement system, the dynamics ofrtheé|process, or
both. In Annex B, the impact of positive autocorrelation on the performance of yarious| traditional
contfrol charts is demonstrated.

4.2 | Residual charts

The [residual charts have been used to monitor possible changes of the\process mean. To [construct a
residual chart, time series or other mathematical modelling has to bg applied to the procesq data.

The fresidual chart requires modelling the process data and to oBtain the process residuals|il. For a set
of tie series data, {xt it=1,2,.., N} , a time series or other mathematical model is establishied to fit the

datal A residual at t is defined as:

where )?t is the prediction of the time series at t<based on a time series or other mathematjical model.

Assyming that the model is true, the residuals are statistically uncorrelated to each qther. Then,
tradjtional SPC charts such as X charts, GUSUM charts and EWMA charts can be applied to the residuals.
When an X chart is applied to the residuals, it is usually called an X residual chart. Once a change of the
meah in the residual process is detected, it is concluded that the mean of the process itself has been out-
of-cqntrol.

Similarly, the CUSUM residdal chart and EWMA residual chart are proposedI[2][3], See Reference [4] for
comparisons between residual charts and other control charts.

Advantage of the residyal charts:

— h residual chart can be applied to any autocorrelated data, even if it is nonstationary. Usually, a
odel is€stablished with time series or other model fitting software.

Disadvantages of the residual charts:

— thewresidual charts do not have the same properties as the traditional charts The X residual chart
foran AR(1) process (for an AR(1) process, see A.3.3) can have poor capability to detect a mean shift.
Reference [5] shows that when the process is positively autocorrelated, the X residual chart does not
perform well. Reference [6] shows that the detection capability of an X residual chart sometimes is
small comparing to that of an X chart;

— the residual charts require time series or other modelling. The user of a residual chart shall check
the validity of the model over time to reduce the mixed effect of modelling error and process change.

An example is illustrated in which the data, with a size of 50, are the daily measurements of the viscosity
of a coolant in an aluminium cold rolling processlZl. Figure 1 shows the data with a decreasing trend. It
is suspected that the measurements are not independent. Figure 2 shows the sample autocorrelation
function (ACF) for lags from 0 to 12. For sample autocorrelation and ACF, see A.4.2 and A.5 in Annex A,
and Reference [8]. As indicated in A.5, under the assumption for an i.i.d. normal sequence, approximately

© IS0 2020 - All rights reserved 3
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95 % of the sample autocorrelations with a lag larger than one should fall between the bounds of
i1,96/\/%. Based on that, the data are not independent. Reference [7] provides a model with the
predicted viscosity at a period t given by:

X, =a+bx,_ +cx, ,+dx,_,+ex, ,,t=1,.,50

Y

W
o
T

34 ,'X
32 \ /\\
| \\// \/\
gL /\//\/'
°r *)/A\"\_/
F4_ </\
2 | | | | | | | | |
0 5 10 15 20 25 30 35 40 45 50 X

LA

DD DD DD
<

D)

Key
X  observation
Y viscosity

Figure 1 — Example
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0,6 -

04 -

Key
X lag
Y autocorrelation

Figure 2 — Sample autocorrelations for the series of daily measurements of viscosity and
an approximate 95 % confidence band
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For the estimates of a, b, ¢, and d given in Reference [7], the residuals are calculated by R =x,-x,

t=1,.., 46 which are shown in Figure 3. To test whether the residuals are independent from each other,
the ACF with a confidence band is again applied and shown in Figure 4. Since the residuals are
determined to be not autocorrelated, a X chart with 3o control limits (Ri3SR, where R is the average
of {R;} and Sj is the standard deviation of {R,}) applies to the residuals, as shown in Figure 3. It is
concluded that the mean of the residuals, as well as the process, is in control.

Y
0,4

0,3
0,2
01

0

-0,1

-0,2

-0,3

-0,4 | | | | | | | | |

Key
X [ime
Y residual

Figure 3 — Residuals of the viscosity series and the X chart with 30 control limits
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Figure 4 — Sample autocorrelation of the residuals of viscosity series and
an approximate 95 % confidence band
4.3 Tradjtional control charts with adjusted’control limits
4.3.1 Mo{lified EWMA chart
Comparing [to the residual charts, a moere'direct approach is to modify the existing charts by adjusting
the control [limits without time series_modelling. Some methods based on this approach, howevei are
restricted o specific processes, for-example AR(1) processesl?l. Reference [10] proposes monitqring
EWMA for p stationary process;-an EWMAST chart, which can be applied to a stationary process in
general. Th¢ chart is constructed by charting the EWMA statisticl10l:
Z, =(1qA)Z,_; +AX; @8]
where
Zy=p [isThe process mean;

is the smoothing constant (0 <A < 1).

Assume that the process {Xt ;t=1,2,.., N} is stationary with mean p and variance o2. When t is large,
the variance of Z, is approximated by:

( JO'Z{1+2§p(k)(1—l)k[1_(1_,1)2(”’—")}]

where M is an integer and p (k) is the process autocorrelation at lag of k. Note that when the process is

A
2-2

o;

(2)

not autocorrelated, 05 is of the same form as that for the traditional EWMA chart. Assuming that X, is

© IS0 2020 - All rights reserved
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normally distributed, Z; is also normally distributed with a mean of u. The EWMAST chartis constructed
by charting Z,. The centre line is at u and the L, o control limits are given by:

utl,o,.

In general, A = 0,2 is recommendedl1?, and L, usually equals two or three. When p, o and the
autocorrelations are unknown, they are usually estimated by the arithmetic mean, x, sample standard

deviation, s, and sample autocorrelations, ﬁ(k), respectively based on some historical data of {X,}

when the processis under control. When a set of historical data are used to estimate the autocorrelations,
some rules of thumb can be followed. Reference [11] (p. 32) suggests that useful estimates of p(k) can
only|be made if the data size N is roughly 50 or more and k < N/4. Thus, M in Formula (2) should be large
enoygh to make the approximation in Formula (2) usable and at the same time less than J/4 to avoid
large¢ estimation errors of autocorrelations. Based on simulation, when N =100, M = 25 is
recommended[19],

An gxample is illustrated, in which data from an AR(1) process with ¢ = 0,5,.process varipnce o2 = 1,

and |ength of 200 are simulated. The white noise (see A.3.2) is normally distributed. The prjocess mean
is zefro for the first 100 observations. Beginning at the observation number 101, the processimean has a
step|mean change from 0 to 1 or 1o. The plot of the simulated data is shown in Figure 5.

4

-3 | [ | | | | | | | .
0 20 40 60 80 100 120 140 160 180 200 X

Key
X  fime

Figure 5 — Realization of the AR(1) process used to illustrate the EWMAST chart

Treating the period of the first 100 data points as stationary, the mean, the process standard deviation,
and the sample autocorrelations are estimated. x=-0,10,s=0,91, and p(k),(k=1,..,25) are obtained.

With M =25 and A = 0,2 in Formula (2), the standard deviation of Z, is estimated by ¢, = 0,24. Figure 6
shows the EWMAST chart with the centre line at x=-0,10 and the 30 control limits given by
xt 36‘Z = (—0,81;0, 60). The chart gives a signal indicating a mean increase starting at observation

number 110.

© IS0 2020 - All rights reserved 7
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4.3.2 Mo

Reference

Figure 6 — EWMAST chart applies to the simulated data
with a mean increase displayed in Figure 5

fified CUSUM chart

12] considers charting the raw data directly by a CUSUM chart when the prg

cess

autocorrelation is low. When the autoconrelation is high, the use of transformed observations is

considered,
some other

4.4 Comj

There are
compare th
for station
CUSUM res
X residual
perform al

Other approaches are proposed to apply modified CUSUM charts to AR(1) processg
time series[21[13],

parisons among charts for autocorrelated data

omparisons among some control charts for autocorrelated data. References [9] an
e X chart, Xresidual chart, CUSUM residual chart, EWMA residual chart, and EWMAST d
hry AR(1)processes by simulations. The EWMAST chart performs better than
idual and"EWMA residual charts. Overall, it also performs better than the X chart
chart, “The comparisons also show that the CUSUM residual and EWMA residual cH
most 'the same. The CUSUM residual and EWMA residual charts perform better

S or

1 [4]
hart
the
and
arts
than

the X resid

uab) chart when the process autocorrelation is not strong. On the contrary, when

the

autocorrelation is strong, the X residual chart performs better than the other residual charts. When the
process autocorrelation is very strong, i.e. the process is near nonstationary, the EWMAST chart still
performs relatively better than other charts.

An obvious advantage of using EWMAST chart is that there is no need to build a time series model for
stationary process data. The implementation of an EWMAST chart only requires the estimation of the
process mean, standard deviation, and autocorrelations obtained when the process is under control. In
summary, when the process is autocorrelated and stationary, it is recommended to use EWMAST chart
to monitor the process mean.
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5 Monitoring process variability for stationary processes

Reference [14] considers two control charts for monitoring the process variability: one is based on the
exponentially weighted mean squared deviation from the target, called the exponentially weighted
mean squared deviation (EWMS) chart, and the other is based on an exponentially weighted moving
variance in which the process mean is estimated using an EWMA chart of the observations, called the

exponentially weighted moving variance (EWMYV) chart.

Assume that {X,,t=1,2..} is a process with mean p and process variance 0% and jointly normally

distributed. The exponential weighted moving mean square error is defined as:

stZ =(1—r)5t2_1 +r(Xt—,u)2

whefe
F=1,2,...;
- is a smoothing parameter (0 <r < 1).
Usuglly, let Sg =02 be the process variance. From the above, St2 is¥an estimator of the pr

red error at time t. The EWMS chart is constructed by charting St2 with the centre ling

the control limits are determined by 02 and a Chi-squaréd distribution with its degrees
o a function of r for each t. Reference [14] proposes applying EWMS chart to an i.i.d. se

isocd=1fromt=1tot=150,0%=0,5from t=151to t =300, and ¢2 = 2 from t = 301 to
obsqrved process is displayed/in‘Figure 7.

0cess mean
p at S2=02,
of freedom
quence and

b] proposes
(1) process

1g with the
ATy process.

SS variance
I = 450. The

An BWMAST chart is applied to the simulated data with the chart parameter A = 0,2. The standard
deviption of the EWMAcstatistic in the EWMAST chart based on Formula (2) is 0,51. The ch

art with 30
rom 372 to
d to have a
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[the process mean is fixed at 0, but the process.variance changes two times
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Figure 7 — Realization of the AR(1) process used to illustrate the EWMS procedure wherg
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Figure 8 — EWMAST chart with control limits for the time series displayed in Fi
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6 Dther approaches to deal with proecess autocorrelation

In C
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the 5
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intel

Inst
can
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dist1
nois

ause 4 and Clause 5, various process- control charts to accommodate the autocorrel
ess data are discussed. As an altérnative to accommodating, the effect of the autocor
be rgduced by some data treatment'mechanism. Reference [17] discusses the effects of tl

ampling interval on some procéss data. When the process is stationary and the sample
frequently in time, the aatocorrelation of the sampled data decreases. Thus, when the sampling
val is sufficiently large, the data appear to be uncorrelated. However, this approach d
intermediate data and tHevefore increases the possibility of missing important events in {

pad of choosing a\ldrge sampling interval, moving averages of process with a fixed W
be formed. Reference [18] shows that, when a process is stationary and satisfies som
itions, the non*overlapping means or batch means are asymptotically independent and normally
ibuted. Thus, when the batch size is large enough, the batch means can be treatq
b. For some specific stationary processes, numerous papers discuss the process beha

Figure 9 — EWMS chart with control limits for the time series displayed in Figure 7

htion of the
relation can
he choice of
s are taken

iscards the
he process.
yindow size
b regularity

d as white
viour of the

subgample,means or batch means, and the related charts for batch means. In Reference [19], the effect

of u

app] cations to process control charts are discussed

sing generalized moving averages of a stationary process to reduce its autocorrelat

ion and its
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Annex A
(informative)

Stochastic process and time series

A.1 General

A stochasti

represents
values, e.g.

discrete tinI
t

viewed as
iscalledar

A.2 Auto
If {X,;teT}
1) forany
2) forany

For a stoch
stochastic

L process {X,;teT} is a collection of random variables, where T is an index setl81fWh
fime, the stochastic process is referred to as a time series. When T takes on a discrete g

T={0,%1,%2,..}, the process is said to be a discrete time series. In this document,

e values taken by a sequence of random variables X, ,X,,..,X, . The sequernce of x, , x,,

balization of XXy, X,

covariance and autocorrelation of a time series

is a time series with mean y, and standard deviation g, dt time ¢,
t,,t,€T,the autocovariance functiony(.) is: y(t,st, )=E[(Xt1 —Hy, )(th —H, )} ;
r(tyty)

o, o,
Hh

t, ,t,e T, the autocorrelation function p(.) is*p(t;.t,)=

astic process or a time series, if theré-exist non-zero p(t,t,) for any t; #t,, then
rocess or the time series is called autocorrelated.

A.3 Stationary time series and.stationary time series models

A.3.1 Gen

A time seri
behaviour

covariance
1) E[X,

2) thevar

eral

f such a time-series does not change in time. The times series {X,;teT} is said t

Stationary,orStationary in this document, if:

U (constant for all ¢);

ance V[Xt ]:0'2 <eo (i.e. a finite constant for all ¢);

en T

et of
only

e series with equal time space are considered. A discrete time series X7\ X5, X, Cain be

o X,

the

bs is said to be stationary if it is in a state of “statistical equilibrium.” Namely, the basic

o0 be

3) y(t;,t,) depends only onlag 7=t, —t,. Then, y(t;,t,) is denoted by y (¢, ,t, )=y (t; -t,)=7(7).

The first and second requirements are that the time series shall have identical means and identical
variances. The third requirement is that the autocovariance function shall only depend on the time lag.
If one or more requirements in the above are not met, the process is nonstationary. For a stationary
time series, the autocovariance function at lag 7 is often denoted by (7).

The autocorrelation function (ACF) of a stationary times series at lag 7 is given by:

p(r)=

v(7)

o2

It is obvious that p(0)=1. Some simple stationary time series models are introduced in A.3.2 and A.3.3.

12
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A.3.2 White noise

The time series is called white noise if:

1) X,areidentically distributed with a same mean and same finite variance;
2) theautocovariance y(t;,t,)=0 whent; #t,.

It follows from 2) that the non-zero lag autocorrelations of white noise are all zero. When {Xt} is white
noise and each X, is normally distributed, it is an i.i.d. sequence.

A.3.3 First order autoregressive [AR(1)] processes

The discrete time series {Xt ;t€(0,11, iZ,...)} is called a first order autoregressive [AR(1)] process if

K —u=0(X,q —u)+a, (A1)
whele
h is a constant parameter;

{at} are random variables from white noise with zero nrean and variance 0'3 .

Whan |¢|<1, {X, } is stationary with mean of u and varjace of Gg /(1 —¢?) 20, Formula A.1 indicates
the relationship between the term X, ; —u, the deviation of the previous measurement from the mean
and fhe deviation of the current value from the mean-'X, —u . This models the dependency hetween the

meapurements. The magnitude of the dependenéy is determined by ¢. When |¢|>0, it is often inferred
that|the process measurements are positively autocorrelated. Conversely, when |¢|<0, the process
meapurements are negatively autocorrelated. In particular, when ¢=0 the process is white noise.

Figulres B.1 to B.5 demonstrates five realizations; each is generated from an AR(1) proceds with zero
meah and ¢ from 0 to 0,9.

A.4| Estimation of the mean, autocovariance and autocorrelation for statjonary
timp series

A.4]1 Estimation‘efu

Given a realization {xt ;t=1,2,.., N}, the process mean y is often estimated by the arithmdtic mean or
N

X
t=1

AL
v

t

sample‘mean x=

A.4.2 Estimation of y(7) and p(7)
For a stationary time series, the autocovariance at 7 is often estimated by

N
(X, =X) (Xt+‘7:‘ —X)
t=1

7(1)= N for 7=0,%1,..,(N-1) and zero for |[r|>N 8l In particular, when t = 0,

¥ (0) is an estimator of the process variance. In practice, the traditional sample variance $2, which uses
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(N - 1) in the denominator instead of N, is often used in place of )7(0) The corresponding estimator of
(%)

7(0)

>

the autocorrelation, called the sample autocorrelation, is given by p (T) =

A.5 Tests of autocorrelation of time series data

It is important to check whether the process data are autocorrelated. The two following simple tests
are often used.

1) Use of sample autocorrelation function (ACF) plot with a confidence band:

For alafge N, the sample autocorrelations {/3 (1’)} ofani.i.d.sequence X;,.., X, with finitevaripnce

are approximated i.i.d. with distribution N(0,1/N)[20] If X;,-»Xy is a realizatioh.'of such a
sequenfe, about 95 % of the sample autocorrelation with lag > 1 should fall betweén'the boungs of
+1,96/[N . This is often used to check whether the process data are autocopféelated or notl41l, A

practical example is presented in 4.2 to show the use of the sample ACF with,a confidence band to
test whiether a set of process data are autocorrelated or not.

2) Runs tgst:

The us¢ of the sample ACF is based on the assumption that thejunderlying process is stationary,
implica:ring a constant mean. However, the ACF plot can falsely‘show significant autocorrelations
if the ynderlying random process does not have a constant mean. In that case, using A(F to
check whether the process is autocorrelated or not can be, misleading. A runs test can be usgd to
supplerhent the ACF plot. The runs test of randomness is.a nonparametric test based on runs ug and
downlZl. An example is presented in Reference [21] {pp. 99 - 101) to show the use of the runs fest.
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Performance of traditional control charts for autocorrelated data

The autocorrelation in process data has an impact on the performance of the traditional SPC charts. In
the following example, the impact of positive autocorrelation on the performance of various traditional

cont
orde
dist1
of A

¢:

This
erro
as th
sam
cont
whe
shoy
of th
ARL
used
gend
and
valu
step
char
the !
charn
the
ARL
fort

rol charts is demonstrated. To produce autocorrelated data, a simulation of the staf
r autoregressive [AR(1)] process [for an AR(1) process, see A.3.3] with 0 < ¢p «1lax
ibuted random noise is used. To demonstrate the effect of process autocorrelation, five
R(1) processes with zero mean and white noise variance equal to 1, and length of 10(
,0,25,0,5,0,75,and 0,9 are generated and plotted in Figures B.1 to B.5, respectively.

part of the document is to show the impact of various magnitudes of autocorrelation o
I rate expressed as the in-control average run length (ARL) and on-the/type-2 error rat
e out-of-control ARL for various changes in the process mean value/ ARL is the averag
bles taken up to the point at which a signal occurs. See ISO 7870-4:2011, Clause 3.2[24
rol chart should have large in-control ARL and small out-of-control ARL. That s, for a d¢
h the process has no mean shift, the ARL should be large,"and when a mean shift occy
ld be small to indicate the occurrence of the mean shift quickly. In the simulation, the
e autocorrelation varies, by changing the value of ¢.-of the AR(1) process. For each va
is measured when the underlying process is in statistical control and when it is not. S

rated. For a process with no change in process mean, the run length is measured for
the average value is computed to obtain tli€ in-control ARL. For an unstable proces
e is changed during the simulation of ayseries and the run length then is measured
mean changes, 4, as a multiple of the process standard deviation, are considered, whe
ges instantaneously and then remains the same at the new level. The average of the ru
P 000 series is calculated to obtain the out-of-control ARL. The impact on the X chart,
t, and the EWMA chart is studied. For the X chart, 30 control limits are used. For the E]
moothing parameter A is-0;2 and the control limits are also 3¢ limits. For the CUSU)
5 reported in References [23] and [2] are used. The chart parameters used are, h = 5,0
he tabular form of the<CUSUM chart.

ionary first
d normally
realizations
for each of

h the type-1
b expressed
b number of
1. A desired
sired chart,
rs, the ARL
magnitude
ue of ¢, the
mulation is

to study the impact of each case of the AR(1) process. In each case, at least 2 000 timle series are

each series
5, the mean
Here, only
"e the mean
n lengths of
the CUSUM
WMA chart,
I chart, the
and k = 0,5,

© IS0 2020 - All rights reserved

15


https://standardsiso.com/api/?name=f0013d73f582daadf0ca2b0d7fcb1abc

ISO 7870-9:2020(E)

4
.
|
2 M \ I
I . |
b /ﬂ\w", | | ”

/ ot
| Ny [ T ? q"\ s ! X\ [
ARV TR A ATy I A A Y O S AW Vi 4
0—,1\3/ I VTN L] W ““‘\/\\HSV\H LT
N/ | I /s [ | \,\\‘ \ \ ‘\‘ ¢ [ [
TR VAl Y AR
] ‘ [ \ TN ] e ] |l
S R | T e
\ Lol ! N
LI ||
3 | | | | | | | | |
0 10 20 30 40 50 60 70 8 90 A100 X
Key
X  time
Figure B.1 — Realization of an AR(1) processwith ¢ =0
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Figure B.2 — Realization of an AR(1) process with ¢ = 0,25
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