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Abstract. We present a new method for solving the change-point detection
problem for ARMA systems which are assumed to have a slow and non-decaying
drift after the change occurs. The proposed technique is inspired by the stochas-
tic complexity theory, which gives a basis of comparison of different models with
different change-point .imes. Some partial results on the analysis of the estima-
tor are stated. A simulation is included which shows that the approach exhibits
surprisingly good detection capabilities. _
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1. Introduction. Any process which presents quantitative
and/or qualitative changes along its evolution and in which we
would like to determine the location in time of these changes, can
be said to fall into the category of change-point detection problems.
Change-point detection finds its use in a variety scientific activities
‘ranging from mathematics to economics, and certainly including
- engineering. _ '

Traditionally, change-point detection prcblems emerged as
part of the need to anticipate “catastrophic” failures of a physi-
cal system. Typical examples are in sensors and actuators, fatigue
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of structures, failures in nuclear plants, earthquakes, etc. These
earlier applications have evolved somehow to also include change-
point detection as one of the basic feature of the modelling process
of a physical system. Good illustrations are speech and ECG sig-
nals. More recently, change-point detection has entered the area of
adaptive control. By making the control law also a function of the
change-point estimator, the adaptation algorithm can be applied to
more general systems, those which present abrupt or slowly time
variant changes.

In the last two decades numerous methods have been available
for tackling change-point problems. For a recent survey see Bas-
seville (1988). Other useful references are the books of Basseville
and Benveniste (1986), and Telksnys (1986). To the best of our
knowledge, no change-point method for dynamical systems is given
in terms of on-line, recursive, “easily” computable, and theoreti-
cally tractable algorithms. Moreover, very little has been done in
the case of a change-point problem leaving the realm of time invari-
ant systems. However, these. are precisely the characteristics that
any method shodild have if it intend to successfully solve the above
applications, esi)ecially those in the area of adaptive control.

In this paiper we present a general method for solving the
change-point detection problem which could be applied to time
variant dynamical systems. Moreover, we show that the approach
is amenable for theoretical analysis and we give some partial results.
We restrict our attention to the ARMA case. but the method is not
confined to this particular situation.

The basis of our change-point detection method lies in the use
of the stochastic complexity tlieory. The main idea of this theory is
that we estimate the shortest code length for the entire observatior
sequence relative to a model class. For some early deveiopmeni»
we refer to Rissanen (1978), Schwarz (1978) and Shibata (1980). A
recent survey of the history of the evolution of the history of _the
evolution of the relevant ideas is given in Rissanen {1987, 1989 and
Gerencssér (1991b). A major innovation in the theory of stochastic
complexity has been the introduction of the concept of predictive
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stochastic complexity in Rissanen (1986). The predictive stochas-
tic complexity is defined in terms of predictive encoding, which can
aiso be considered as universal coding procedure. It is a particu-
larly useful concept in the context of dynamical systems since it is
inherently “on-line” unlike other criteria such as AIC or BIC, (c.f.
Akaike, 1970 and 1974) which are inherently off-line.

What the stochastic complexity theory actually allows us, to
reduce the éhange—point detection problem to a model selection
problem. By using the predictive stochastic complexity we are able
to arrive at an overa.: fairly simple on-line recursive algorithm for
the computation of the alarm signal. We shall illustrate all of the
important aspects of our change-point detection method by means
of simulations.

2. The mathematical model. We shall first describe the
dynamics before the change. Let 7* denote the location of the
change-point, and (y,) with 0 < n < 7*, be the output of an ARMA
system generated by

Ay =C"¢, - (1)
where (e,) is the input process. The values for e, and y, for n <0
are assumed to be 0.

CoNDITION 1. A*, C* are polynomials of the shift operator z~!
with coefficients af, ¢ and deg A* = p deg C* = ¢. We assume that
the constant terms are 1 in both 4* and C* and that A* and C* are
stable and relative prime.

To describe the noise process let us assume that we are given
a probability space (Q,F,P) and a pair of families of s-algebras
(Fa,FI), n 2 0 such that F, C F is increasing and F;f C F is
decreasing, and F, and F;} are independent for all n.

ConpiTioN 2. The driving noise process e = (e,) is a sec-
ond order stationary martingale difference process with respect to
Fn, E(e3|Fn-1) = ¢® = const a.s., and moreover e is L-mixing with
respect to (7, F¥). (c.f. Appendix). The process (e,) bounded,
say len| < b a.s. for all n. (The last part of the condition is needed
in the analysis of time varying systems).



6 Change-point detection

- We shall now describe the dynamics after the change. Let (ya)
with 7* < n < N be the output of an AR.MA system generated by

(A =(Ciem, 2
The notation in equation (2) is read as follows: the difference oper-

ator A}, acts on the process (y) and the evaluation is done at time
n to get y,. The right hand side is interpreted similarly.

CoNbITION 3. A} C* are polynomials of the shift operator z~1

with coefficients a ,, ¢}, and deg A}, = p, deg C}; = ¢. We assume
that the constant terms are 1 in both 4} and C}, and that A} and
C,, are stable and relative prime.

Let #;, denote the k = p+¢-dimensional vector composed of the

coefficients of A}, and C;, thatislet 6 = (a}, ;,....a} ,.¢h 1, Ch )"

CoNDITION 4. We have sup, .. |71 — 75| = S < oc, where Sis an
upper bound for the rate of change of the time varying ARMA(p, q)
system, and |-| denotes the Euclidean norm.

We denote the model class described so for by M..

, 3. The encoding procedure. To compute the stochastic
complexity for [he model class M,. we use a predictive encoding
procedure. Foxi this purpose, we shall make usc of the prediction
error algorithms. {(For surveys see Ljung and S&derstrém (1984),
Caines (1988) and S8derstrém and Stoica (1989)). We first state
the off-line procedure.

Let D C R* be a compact domain which contains * in its
interior and such that for any § € D the corresponding polynomial
A and C are stable. Then for any § € D compute the estimated
noise process &#,0") by

20,6) = (4/Chy = (A/C)(C" /4" )e, )

where 4 and C correspond to 8, and the initial conditions, i.e., the
values g, and y, for n € 0, are assumed to be Q.

The time invariant off-line prediction error estimator of 8,
denoted by 6%, is obtained as the solution of the equation

%V,S(o,a*) =V (6,6%) =0, (4)
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where
; : | X
_ VY(8,6%) = 5233(0,9*),
n=1
and where differentiation is taken both in the almost sure and in
the M-sence. For the definition of the latter to the Appendix. More
precisely, é\?v are random variables such that 5% € D for-all w and if
the equation has a unique solution in D then it coincides with 27\?\,.
Such a random variable exists by the measurable selection theorem.
For the time variant off-line case, we use the prediction error al-
gorithms with forgetting given in Gerencsér {1989a), which “weighs
down” past data with geometric rate. In this case the cost-function
associated with this estimation method is given by

AY
V8.67) = (1= 0Nz (9. 67),

n=1

where 0 < A < 1 is the forgetting factor. Then the so-called small
gain prediction error estimator 8 of f} is given as the solution of

B%Lf,e.(a,e*) = Vn(6,6")=0. (5)
More precisely, if a unique solution of (5) exists in D, then §N is
the -valued random variable representing such solution. Unfortu-
nately, the probability of the “exceptional sets” of Q, for which (5)
has no solution, does not tend to 0 as N — oo. But this difficulty
can be easily handled (Gerencsér, 1991d).

Let us now describe the encoding procedure. Let yin(8,6%) de-
note the one-step ahead prediction of yy assuming that the system
parameter vector is . Then it is easily seen that the prediction
error is €y(8,6*). This prediction is “honest” in the terminology of
Rissanen (1986), i.e., to predict yny we only use data preceding the
moment N. Now, let 7, with 0 < 7 < N, represent the possible loca-~
tion of the change-point. Then in order to get “good” prediction it
is clear that we should use the estimates 82, for 0 < n < 7, and 2,
for 7 € n € N. Therefore we associate to the observation y, either
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the codelength #2(83_,,6%) or €2(8)_,.8") according to the value of
T chosen.
Let us define the cumulative prediction error

N
Snir)= D (1.6 + Y E@-1.6), (6)

n=] n=T

which in the Gaussian case (i.e., when ¢ is a Gaussian white noise)
is identical to what Rissanen defined as the predictive stochastic
complexity. Sy(7) is the associated total codelength for each nindel
class M., .

A weak point in the present expression for Sy(r) is that it is
still hard to compute. What we reallv need is a recursive com-
putable criterion. This can be obtaibned by using recursive predic-
tion error methods.

White the recursive estimation of time invariant systems has
attracted much attention (c.f. Ljung and S6derstrém and Stoica,
1989). the recursive estimation of time varving systems has been al-
most completely neglected. However, a simple method for getting
recursive estimators for the parameters of a time variant system
has been known for some time. While simulation results show rea-
sonable perfoﬁnanre (cf., e.g., Ljung and Soderstrom, 1984), the
lack of theoretical analysis has apparently discouraged many prac-
titioners in the field from its use. However, this drawback has been
eliminated since many of the important theoretical aspects of the
problem have been recently solved. An off-line estimation method
has been developed and analyzed in Gerenc~ér (1959a), and a gen-
eral time varying Ljung’s scheme was presented and analyzed in
Gerencsér (1988b).

The recursive prediction error algorithm is summarized as fol-
~A
iows. Let us assume that an initial guess 8, € D is known. As-

. ~A
suming that the processes (6,) and (¢)) have been generated for
n < N -1 we define ¢, by the equation

A A
(CN—IEA)N = (An_1¥)N.
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We set y, =€) = 0 for n < 0, and AN 0 CV_ denote the polyno-
o
mxals corresponding to 8 ~N-1- Similarly we define (8/66) <) b

22 8
(CN-1696 IN = —@N-1, (8)
where '
N1 = (~UN-1, "= UN=p ENo1r ENg) -
Let us define

i n on .1 - 12
w(e,6%) = lim 5 E (ZX(6.6M))°,
~A
which is called the asymptotic cost function. Now, let Ryx_, be an

estimation of the Hessian (8?/06%)W (¢, 6°) with initial guess, say
<2 e

Ry. Then BN, RN are computed by the following recursion

by =iy = (24 2) (Boms) S i )
~A -~A

RN_RN_1+(1—1,-+,\)((39M)((;E§) _Rn 1) (10)

These tentative values will have to be adjusted if they violate a
boundedness condition, which is beyond the scope of the present pa-
per to be presented here. We refer the reader tc Gerencsér (1988a)
for a complete and rigorous description of the present algorithm.
In (9) and (10) the choise of 1/N + X for the forgetting fac.or is
chosen_so as to reduce the uncertainty due to initial conditions at
the start of the recursive algorithm, and to track the time varying
parameters afterwards.

For X = 0, denote (¢9) the resulting prediction error precess,
which correspeids to the time invariant recursive prediction error
algorithm. Then, we express the total codelength for each model
class M, as

7-1 N

Sn(ry =D (2 + Y (en), (11)
n=1 n=T

which is not computationally intensive as opposed to Sx(7). Note

that the prediction error sequences do not depend on 7 since the two
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recursive algorithms are run in parallel for the whole time interval
(1,N].

4. Change-point detection as model selection. Let us
assume we are given N observations of the process (y,), and that
a change-point occurs at some unknown time 7* < N. For each
possible 1 € 7 < N we have a model class M, with the help of
which the sequence (y,) will be encoded. Each model class M, has
an associated stochastic complexity Sy(7), which serves as a basis
for comparision between different model classes, i.e., different 7’s.

Let us define

= i (7). 12
mN 13:}2,\'51\(” (12)

Then, the estimator of 7* is defined by
F= {r; SN(T):-;mAv}. ‘ (13)

Now let N represent the present time. The incremerits of Sy(7)
with respect to r will be denoted by

ur = Sn(7+ 1) —Sn(7). (14)
It is stra.ightférward to see that
ur = (e7)° = (7)%,

and hence the increments of Sy(7) are independent of N. Let us
now rewrite Sy(7) as

T=1 r=1
Sn(r)=Sn(1)+ Y Sn(k+1)— Sn(k) = Sn(1)+ D _ w,
k=1 k=1

and the minimization of Sy(r) with respect to 7 is equivaient to
the minimization of ) . '
MY =3 (15)
k=1 E—
With this observation, a formal correspondence between cumulas~
tive sum method and our stochasiic complexity based method is
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estabhshed For the on-line detection of the minimum of S, v{(T) we
use the so-called Page-Hinkley test (c.f. Hinkley, 1971). Let

my = min_ Sk(7), (16)

17N
and-consider the stopping time, or alarm time,
T=min{N > 0; Sy(N)—mly > h >0}, (17)

where A is some constant level. Then the on-line change-point
detection estimate is defined as

~i))

max {r; S7(r) = (18)

Clearly we have that 7 = 7. Note that at present time N, only two
prediction errors have to be computed in order to know whether or
not we have an alarm. This is an improvement with respect to the
recent available method applicable to unknown dynamics, the two
model method (Basseville, 1988), where the sequential estimation
of the dynamics depends on an assumed value of the change-point.

5. Analysis of the change-point detection method. Whi-
 a complete analysis of our change-point detection method still
needs further research, we nevertheless have some very enco'irag-
.ng results. As a first step for the analysis we need to replace
:he recursive prediction error process (¢}) with its off-line version
(6 (B2-1,8%)).

We begin by considering the problem of false alarms. Define
:he increments of Sy(r) with respect to = by

@, = Sn(r+ 1) = Sn(7) | a9

‘hen clearly @, = £2(82_,,6*)—£2(#_,,9"), and hence the increments
»f Sn(7) are independent of N. Similarly as with the one-line case,
ve get that the minimization of Sy(7) is equivelert to minimizing

Sy(r) = Z . (20)
k=1
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For the analysis of S (7) we have the following theorem (Gerencsér,

1991d).

Theorem 1. Under Conditions 1 and 2 and for any A > 0 the
process @, is an L-mixing process, and moreover

Eg, = —AP—? + 0032 4 0(cT), (21)

for all r such that r < 7*, and with some 0 < c < 1.
Hence if we neglect the effect of “nonstationary initial condi-
tions” and ) is small enough, we have

E (ﬁ,)‘< —-a<0 for r< ", (22)

Let us rewrite the stopping time T, for the off-line case, in a form
more amenable for analysis as

T:min{N>0; max >h>0}. (23)
C

N
Ui
1KEKN
k=m
Now, letting U = @ — E(#:), we can certainly write
N N
_ N AT,
m . @ € Imax U —a=Upla).
ISf}éNikz: £ 1€mEN kL ETd ~ia)
! =m =m

i ' — . .
The moments of the process Uy{a) can be estimated and it can
even be shown that certain exponential moments exists under some
additional corditions (c.f. Gerencsér, 1990a).

Theorem 2. Assume that U, is a zero-mean L-mixing process
such that Mm(ﬁ) < oo and Foo(ﬁ) <. Set u= a’/SMOQ(_Ij)I‘m(ﬁ),
then the process Uy(a) is L-mixing process (in a certain restricted
since), and we have for 8 < p/o

\ T 1 - F2WLY
My(exp B-Un(a)) <1+ ;:-5 ¥ Ba. {24)
The frequency of false alarms is majorated by the frequency of

the event {Uy(a) > h}, say

. A
1 T ; T ¢
Fi=5 Z Ie>sn (Un(a)), (25)

n=1
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vyhere I{z> 5} is the indicator function of the set {z > h}. Since Uy (a)
1s an L-mixing process in a restricted since, we have by the law of
large numbers

N .
g 3 Loa@h(@) <M (Lon @ @), (20)

n=1

Now, applying Markov’s inequality we get
F1 < E(exp(8Un(a))/ exp (Bh)). (27)

The present form of the analysis so far is not very practical
since the process 22(62_,,6*) is not computable in real time. A sim-
ilar deficiency was overcome in Gerencsér (1988a) by using a strong
approximation result which relates off-line and on-line estimators.
It is conjectured that a similar result holds for fixed gain estima-
tors. For the time being, however, we must be satisfied with the
above results. *

The next aspect to be analyzed is the performance of our
change-point detection method as measured by the so called de-
tection delay. That is, the time elapsed between the change-point
and the alarm time. More precisely, we would like to analyze the
probability _

Fp=P{T—7">6t>0}. (28)

For this matter, we need to understand the nature of the stochastic
process T — 7*, or equivalently the nature of the process Zfz,. Uy
Using the results of Gerencsér (1991c) we have the following theo-
rem.

Theorem 8. Under suitable conditions we have for sufficiently
large N .
[(eX)? = ed | < 1w + &awv + o(1), (29)

where (6;5) is an L-mixing process such that é;5 = QM(A1/2), a,I.ld
(62n) is a deterministic process such that é;x = Oar(S/A).
Choosing A = $/3 we get

- E|(eN)? - ek | < O(5/3) + o(1). (30)
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With this choise of A the order of magnitude of the upper bound of
the tracking error in (29) is minimized. Let us denote this choise
of X by Aope.

What we actually need is a lower bound for the tracking error
(6%)? — €%, in terms of S. Unfortunately this seems to be a quite
difficult problem. Let us illustrate this point by the following ex-
ample. Suppose we have a continuous-time process modelled by a
parametric model whose true parameter is given by

87 = 6" + ¢ sin(wt), (31)

where ew is large but ¢ is small. Then $ = cw is large, but there is
no reason to expect that the time variant estimation method will
track 67. This example indicates that S is not the best measure of
the rate of change. Howevér, we are unaware of any appropriate
substitute.

6. The simulation. What follows is a simulation to illustrate
all of the major aspects of the stochastic complexity approach for
solving the change-point detection problem. The data used to check
our algorithm is generated by a computer program that simulates a
time invariant/ARMA(2,1) system until a chosen change-point, and
by a slowly time varying ARMA(2,1) system after and including
the change-qu}int. Both ARMA-systems are driven by a Gaussian
white noise input process with mean 0 and variance 1. Only a
computer realization of this process, plus the order of the ARMA
systems, are assumed to be given in order to detect the time of
change of the data process (y,).

The simulation is run for a time span corresponding to 4500
observations of the process (y,). The change-point is chosen to be
7 = 4000. In Fig. 1 the realization of the process (y,), used for the
simulation, is shown. Note that the change in the dynamics of the
data process (y,) is hardly noticeable.

The time invariant ARMA(2,1) systemn, generating the data
process (y,) for n=1,...,3999 is given by the following equation

YN+ ay(N = 1)+ aiy(N —2) = e(N)+ ce(N —1) ~ (32¥
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_The entire duia process y(n)

0 500 1000 1500 2000 2500 3000 3500 4000 4500

5 . The dug process y(n) )abouz its chan‘g:-poin(
| |
0 W b,
A

Fig. 1. The data process (y,) with 7 = 4000.

with ¢ = -7, a3 = .8, ¢} = —-.2.
The slowly time varying ARMA(2,1) system, which generates
the data process for (y,) n = 4000,...,4500 is given by

CYN) + afy (N ~ 1)+ ay y(N = 2) = e(N) + ey pe(N = 1)

where the time variant parameters aj, ;,aj; , and ¢, ; are obtained
by linearly moving from the time invariant parameters to the pa-

rameters at final time N; = 4500 set at
a*N!,l ==-.7 “ a;\rl’z =.2 C}‘vj,l =-.T.

In other words, the poles of the ARMA system linearly move from
an initial location at .35 + .82i to a final location at .35 + .28:.

The forgetting factor of the time varying prediction error al-
gorithm was set to the Aoy value given by Aoy = $%3 = .0113.
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- Since the recursive prediction error algorithms need some time to
settle down due to the unknown initial conditions, a “dead” time,
set to N; = 3000, is used for the on-line and the off-line deteciors.
The estimates of the change-point were obtained using a threshold
h=5.

Fig. 2 illustrates how the recursive prediction error algorithms,
and the off-line and on-line detectors behave. The true and es-
timated AR and MA parameters are plotted using the following
conventions:

i) Solid line, ( ), for the true parameters.

ii) Dotted line, (......), for the estimates from the time invariant
algorithm.
ili) Broken line, (- - -), for the estimates from the time varying
algorithm.
1 0 MA parameter
e, tac @ Y ’
o5t 02 é“’;’“},; — "‘“z .
/AT TR Y P Git "
' ﬁf".;?"\ ‘}‘\n-‘iﬁ;
or : 04} : ki "r
o5- 3 . *'*m"’.‘ A 0.6} i—
! ek
) — : 0.8 : .
3600 3500 4000 4500 3000 3500 4000 4500
Time n Time u
Codelength for each model c;ass 20 Signal to tum alarm on
1410 : ' :
155 - -
1400 10+ - .
i 3 S - o
; A o vy m i
3000 3500 4000 4500 3000 3500 4000 4500
Model class Time o

Fig. 2. Simulation with forgetting factor Agpe = 0.0113.
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Choosing h = 5 we get no false alarms, and the a.larm is given
'at T = 4186, and the estimate of the change-point is 7 = 4126.

Table 1 shows how the estimate of the change-point 7 and the
stopping time T are affected by moving away from the optimal for-
getting factor in both directions. No major change in the estimate
of the change-point 7* and the stopping time T is obtained. Note
that modifications from the optimal forgetting factor of up to 400 %
are considered. This shows the robustness of the method with re-
spect to the parameter A. Increasing A may decrease the detection
time, but the probability of false alarms increases. For A = .0452 a
false alarm actually occurred at 7' = 3018.

Table 1. How the estimate of the change-point 7 and the stop-
ping time T are affected by moving away from the op-
timal forgetting factor in both directions

SIMULATIO RESULTS
Forgetting rate & | Change-point estimate 7 | Stopping time T
0028 : 4129 4247
.0056 4126 i i213
.0113 4126 . 4186
0226 4126 , 4160
.0452 4126 ~4214

7. Appendix. We summarize a few concepts published in
(Gerencsér, 1989a) and used in this paper. Let D C R® be compact
domain and let the the stochastic process (z,) be defined on Z x D,
where Z denotes the set of natural nuxibers.

Let (Fn), n >0 be a family of monotone increasing a-algebras,
and (F}), n > 0 be a monotone decreasing family of c-algebras. We
assume that for all n > 0, F, and F} are independent. For n < 0
Fr=7F4.

A typical example is provided by the o-aigebras

Fn =ofei 1 i< n}, Fl=o{e;:i2n+1},

where (¢;) ic an i.i.d. sequence of random variables.
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DerFINITION 1. We say that (z,(6)) is M-bounded if for all
1€g< @

My(z)= sup EY?z,(8)|" < o0.
n<0
8eD

DEFINITION 2. A stochastic process (z,), n > 0 is L-mixing with
respect to (F,, FF) if it is F,-progressively measurable, M-bounded
and with 7 being a positive integer and

7(r,2) = 7(r) = sup Etlz, — E (2. 71|
Ng7T

we have

[, =T,(z)= Z7q(r)<oo

=1

ExaMPLE. Discrete time stationary Gaussian ARMA processes
are L-mixing. (This can be seen using a state space representation).

REFERENCES

Akaike, H. (1976). Statistical predictor identification. Ann. Inst. Statis. Math.,
- 22, 202-217.;

Akaike, H. (1974). A new look at the statistical model identificattion. /EEE
Trans. Aut. Cont., AC-19, 716-723.

Basseville, M. (1988). Detecting changes in signals and systems - A survey.

~ Automutica, 24(3), 309-326.

Basseville, M., and A. Benveniste (Eds.) (1986). Detection of Abrupt Changes in
Signals and Dynamical Systems. Lectures Notes in Control and Information
Sciences 77, Springer, New York. '

Caines, P.E. (1988). Linear Stochastic Systems. Wiley.

Gerencsér, L. (19882). On Rissanen’s predictive stochastic complexity for sta-
tionary ARMA-processes. Submitted to The Annals of Statistics.

Gerencsér, L. (1988b). Patthwise stability of random differeniial equations and
the solation of an adaptive control related problem. Proc. of the 4th Bad
Honneff Conference on Stochastic Differential Systems. Springer. a

Gerencsér, L. (1989a). On a class of mixing processes. Stochastics, 26, 165-191.



J. Batkovicius and L. Gerencsér 19

Gerencsér, L. (1989b). Rate of convergence for Ljung’s scheme. McGill Research
Center for Computer Vision and Intelligent Machines, TR-CIM-89-16. Sub-
" mitted to Stochastic Processes and Their Applications.

Gerencsér, L. (1990a). Almost sure exponential stability of random linear differ-
ential equations. Accepted for publication in Stochastics.

Gerencsér, L. (1991b). Asymptotics of predictive stochastic complexity. To ap-
pear in New Directions in Time Series Analysis Proc of the 1990 IMA
Workshop E.Parzen, D.Brillinger, M.Rosenblatt, M.Taqqu, J.Geweke, and
P.E.Caines (Eds.), Springer.

Gerencsér, L. (1991c). The law of the cubic root. To appear in Proc. of the 9th
IFAC/IFORS Symposium on Identification and System Parameter Estima-
tion, Budapest.

Gerencsér, L. (1991d). On fix gain estimators of ARMA parameters. Manuscript.

Hinkley, D.V. (1971). Inference about the change-point from Cumulative Sum
Tests. Biometrika, 58(3), 509-523.

Ljung, L., and T.S6derstrdm (1984). Theory and Practice of Recursive Identi-
fication. MIT Press, Cambridge, Mass.

Rissanen, J. (1978). Modelling by shortest data description. Automatica, 14,
465-4T71.

Rissanen, J. (1986). Stochastic complexity and modeling. Annals of Statistics,
14, 1080-1100.

Rissanen, J. (1987). Stochastic complexity (with discussions).. J. of the Royal
Statistical Society, Series B., Vol. 49 No. 3. .

Ri.sanen, J. (1989). Stochastic Complezity in Statistical Inquiry. .World Scien-
tific

Schwirz, G. (1978). Estimating the dimension of a model. Annals of Statistics,
6, 461-464. :

Shibata, R. (1980). Selection of the number of regression variables; A mini-max
choise of generalized FPE*. Annals of Statistics, 38(3), 459-474.

Séderstrém, T., and P.Stoica (1989). System Identification. Prentice Hall

Telksnys, L. (Ed.) (1986). Detection of Changes in Random Processes. Optimiza-
tion Software, Inc.

Received January 1992



20 Change-point detection

J. Baikovicius was born in Montevideo, Uruguay, in 1962.
He received the B.Sc and M.Sc degree in Mechanical Engineering
in 1986 and 1987 respectively form the University of Minnesota,
USA. Currently he is working towards the Ph.D. degree at the de-
partment of Electrical Engineering, McGill University, Montreal,
Canada. He is an associate of the McGill Research Center for
Intelligent Machines (McRCIM). His current research interest are
linear stochastic systems, stochastic complexity, model order selec-
tion, fault detection, and adaptive control.

L. Gerencsér received his M.Sc. and Ph.D. degrees in
mathematics from the the Edtvos Lérdnd Science University, Bu-
dapest and his candidate of mathematical sciences degree from the
Hungarian Academy of Sciences. He started his carrier in the Math-
ematical Institute of the Hungarian Academy of Sciences in 1969.
Since 1970 he has been in what is today the Computer and Automa-
tion Institute of the Hungarian Academy of Sciences. He spent the
year 1986 in the Department of Mathematics of the Chalmers Uni-
versity of Technology, Gothenburg, Sweden as a visiting lecturer
and held the jposition of a visiting professor at the Department
of Electrical Engineering, Mc Gill University., Montreal, Quebec,
Canada between 1988 and 1991. His early research areas were
graph theory, differential geometry, nonlinear programming and
stochastic models of operation research. In the last decade his
focus of research shifted to the statistical theory of linear stochas-
tic systems in general, recursive estimation, strong approximation
methods, stochastic complexity, continuous time systems, adap-
tive control, change point detection and random linear differential
equations in particular. His most recent research interest is high
accuracy adaptive control.



