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KYBERNETIKA — VOLUME 38 (2002), NUMBER 4, PAGES 425-443

ON IMPROVING SENSITIVITY
OF THE KALMAN FILTER

PETR FRANEK

The impact of additive outliers on a performance of the Kalman filter is discussed and
less outlier-sensitive modification of the Kalman filter is proposed. The improved filter is
then used to obtain an improved smoothing algorithm and an improved state-space model
parameters estimation.

1. INTRODUCTION

State-space models represent a powerful modeling tool which opens a unified way
of dealing with a wide range of time series models. A univariate state-space model
consists of two processes — an unobservable n-variate Markov chain (x¢):eT, the state
process, and the observation process (yt)tet arising from the state process via some
transformation. In a general state-space model it is assumed that (i) conditionally
on (x¢)tet the observations y; are independent and (ii) y; depends only on x;. The
prominent role among the state-space models belongs to the linear state-space model
in which the state x; is a linear function of the state x;_; and an additive random
term and the observation y; is a linear function of the state x; and an additive
random term.

The basic task solved in the state-space model environment is an estimation of
unobserved states based on observed values. In the linear state-space model the
linear minimum variance estimate of x; based on observations y,,...,y; is given by
the Kalman filter introduced in [11]. Its performance, however, may be negatively
affected by additive outliers — outlying observations caused by additive errors enter-
ing into the linear equation that transforms a state into an observation. This type of
outlying observations is quite usual in practice and it is therefore desirable to look
for modifications of the Kalman filter less sensitive to such errors in data.

Robust modifications of the Kalman filter were already sought by many authors.
Generally, there are two main attitudes to this problem. First group of authors
applies the technique of M-estimates and the robust estimate of the state is obtained
by applying Li-norm or other Huber-like function that bounds an impact of the
outlying observation. For more details about this approach refer for example to
[4] or [6]. Second group of authors deals the problem from the Bayesian point of
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view and general heavy-tailed distributions are used for filtering. Unfortunately, the
simple recursive form of the Kalman filter is lost in this situation and the filtering
recursions have to be performed numerically or using Monte—Carlo simulations. This
concept, quite popular recently, is described for example in [12, 14, 15, 16] or [17].
For the most recent achievements at the field of the general state-space models refer
for example also to [7, 13] or [19].

Both concepts have their benefits and drawbacks. In the first approach the simple
recursive and linear structure of the Kalman filter is preserved but the observations
are mechanically clipped without any analysis of a nature of the outliers (the missing
theory justifying this approach was lately presented in [18]). The second approach
may turn into numerically demanding solutions.

A Kalman filter modification proposed in this paper combines both approaches. It
preserves the simple recurrent form of the Kalman filter but the updating function
determining the influence of a new observation on the filtered estimate is chosen
on-line according to a nature of the outlying observation.

2. STATE-SPACE MODEL DEFINITION AND THE KALMAN FILTER

2.1. State—space model definition

A univariate linear state-space model of a time series will be used in this paper. The
model is assumed to be in the form

yt =hx + v
T =Fx; ) +wy, (1)

where x; is an unknown n-variate state vector and y; is a univariate observation, h is
a known (1 x n) vector, F is a known (n x n) matrix, and v; and w; are independent
centered random residuals with varv; = 0% and varw; = R, 02 being an unknown
value and R being a known (n X n) matrix. For the starting state z¢ the standard
assumptions Exg = £¢ and var o = Py will be used.

If parameters h, F, 02 and R are constant in time (as is the case in this paper),
the model (1) is referred to as time-invariant. If the errors v; and w; are assumed
to be Gaussian, the model (1) is referred to as Gaussian. Unless otherwise stated
the model (1) will be assumed to be Gaussian in this paper.

2.2. The Kalman filter

Denoting the history of observations up to time ¢t as ¥; = {y1,...,y:} the best
unbiased linear estimate &|; of the unknown state x; (based on Y;) and its covariance
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matrix Pyt = E (z¢ — &4)¢) (Tt — &4¢)" are given by the Kalman filter recursions
Byt = Tyjp—1 + Pyg_1h'd;?(ye — hityp-1)
Eyje—1 = F&_1)4
Py = Pys_y — Pyy_1h'd;*h Py,
Pyiy=FPy 1, F'+R
d? = hPy;1h' + 02, (2)

where t € T = {1,2,...} and the filter is started by using Zojo = &o and Pojo =
Py. In the Gaussian linear state-space model it is L(x¢|Y;) = N (&4, Pype), i-e.
the conditional distribution of the state given the history of observations is fully
determined by the output of the Kalman filter.

Denote §; = h &;);_1. The terms I; = y; — §; are called innovations. According to
the nature of the Kalman filter the innovations are centered, serially uncorrelated and
the variables d? are their variances. In the Gaussian state-space model it is £(I;) =
N(0,d?) and the innovations are independent (refer to [1] for further discussion).

The Kalman filter is said to converge to a stable solution if the covariance matrix
P,);_; (and hence also the matrix Pt|t) converges to a constant matrix. This feature
is determined by the underlying state-space model. The Kalman filter run in a time
invariant state-space model (1) converges to the stable solution if at least one of the
following conditions applies:

- |A(F)| < 1 for i = 1,...,n, A\(F) being an eigenvalue of the matrix F
(asymptotical stability condition), and Py > 0;

— there is a matrix S such that |\;(F+GS')| < 1,i=1,...,n, G being a matrix
satisfying GG’ = R (stabilisability condition), there is a matrix D such that
|\i(F + Dh)| <1,i=1,...,n (detectability condition), and Py > 0.

If the Kalman filter converges to the stable solution, the impact of the assumption
made about the unknown starting state (i.e. o and Py) is forgotten in time. It may
be seen from the stabilisability and detectability conditions that this diminishing
effect depends on the positive definiteness of the matrix R. Proofs of these features
may be found in [1] or in [14].

3. KALMAN FILTER PERFORMANCE ON DATA
WITH ADDITIVE OUTLIERS

3.1. Model of additive outliers

Additive outliers are usually modeled by replacing the observation error term v; with
the following error term:

(1 = Ze)ve + Ziq:. (3)

Here v; ~ N(0,02) corresponds to errors from the model (1), ¢; ~ H; (H; being a
centered symmetric distribution with a variance %2, ¥? > 02) are errors producing
the outliers independent of (v:)ieT and Z; are deterministic or random indicators
(independent of v; and ¢;) of outliers (e.g. Z; ~ Alt(y), v € (0;1)).
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3.2. Impact of one outlying observation

Assume that y; is the outlying observation and there are no other outliers, i.e. Z; =1
for j = t and Z; = 0 otherwise. Then varv; =17 > o2 is the right variance at time #.
Denoting (dft)? the right value of the innovation variance at this time and observing

di = hPy,_1h' + o} = (df)* — (¥F — o})

2_ 2
i = )+ ey O
we get
&= Beje—1 + Poe—1h'd; % (ye — hbyp—1)
=&l 4 Py, zbdR)2 dz( — hiyes)
= &1}, + Ay, (4)

Here :i'ﬁt is the right filtered value (filtered value obtained by using the true observa-
tion error variance ¥?). According to this formula the estimate of the state is moved
away from the right value and the magnitude of this move depends on the value of
the innovation and on the difference between the real variance and the variance used
for filtering.

We may study how the error propagates to following estimates. We have

o - ~R -~ ~R -~
Tip1)t = Fﬂ:tlt = Fmﬂt + FA$t|t = zt+1|i + A$t+1|t (5)
and then
N N ! —2 N
ep1je41 = Begape + Peprpeh di 5y (Ve — b))

~R -~ 1 3—2 ~R s
=@y + AZepape + Pryach diy (Ye1 — h& ), — hAZyq)t)

= &8 o + (I = A2 Poyah' R)F Ay,
R .
=Zipqye41 + AT (6)

Following the same steps we finally get for n € N

n
Tipniten = Tlonjsrn + (H(I - dt_-;-ziPt+i|t+i—lhlh)F) Ay,

i=1

= &% pjttn + A rpnjiin: ' (M
Denoting
A{') =TI
AL = [[U - dPryierioih’ ) F ®)

i=1
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we may conclude that
£ ~R t A A .
Bypjler; = Bepjierg T AjDEy, J=0,1,... 9)

Thus the impact of the outlying observation diminishes if A, tends to zero. For
example, this is the case if the filter converges to a stable solution. As the recursive
formula for A%, does not depend on observations, it may be calculated before the
filtering starts and may be used as an indicator of a sensitivity of the system to
outlying observations.

Similar result may be observed in the case of P;;. Now we get

Py = Pyi—1 — Py h'dy hPt|t 1
_ pR v
= Ptlt — Py 1h ((;R)zdtz h’Ptlt 1
tlt (wt - Ut) (10)

If compared with the right value, Py, is also affected and in the case y; is an outlier
it underestimates the true variance of &;. It is, however, questionable if the impact
of the outlying observation should be reflected in this matrix. Believing the model
(1) is correct, the matrix Py|; should not depend on observations. According to this
argument, the impact of outliers will be reflected only in the filtered estimates of
the state further in this paper.

4. IDENTIFICATION AND PROCESSING OF OUTLIERS

4.1. Outliers detection in a completely identified model

If all parameters of the state space model (1) are known, the identification of the
outlying observations is easy. Since I; = y; — 9 ~ N(0,d?), the observation y; may
be identified as an outlier (on the probability level a) if

|ytd | > ul a/Zy (11)
t

U1_q/2 being an appropriate quantile of the standardized normal distribution.

4.2. Qutliers detection in a model with unknown o2

In practical applications, however, the observation error variance o2 is usually un-
known. It has to be estimated so that the identification of outlying observations
might be performed. To keep the on-line property of the Kalman filter this estimate
should also be estimated on-line using only the history of observations.

4.2.1. Adaptive on-line estimation of the observation variance o2

Suppose all parameters except o2 are known. Assuming the Kalman filter gets into
the stable state after some time #o(c%) (note that this time depends on the value 0%
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used to start the filter) we know that innovations are uncorrelated N(0,d?) random
variables after this time. This feature may be used to construct the estimate 2.

Taking additional m > 2 observations after time to = to(0%) to start the process
~ the following recursive estimate of the innovation variance may be used:

1 to+m+s
2 = 2
dtn+m+s - m—_{__s‘ _Z Ij
j=to
1 to+m+s—1 1
= 12 + __I2
m+ S8 jgt:o J m+s to+m+s
= m—_}_s to+m+s—1+—m+sIt0+m+S, s=1,2,... (12)

The Kalman filter with d? replaced with this estimate converges to the right value
of Py, but this convergence is rather slow. The reason is obvious. The time to(c%)
as well as the innovations obtained after this time depend on the value 0% used to
start the filter. The impact of the wrong observation variance 0% is present in all
historical innovations (and thus in the estimate citzo +mas as well) and only slowly
forgotten by the system. To improve the speed of the convergence it would be helpful
to start the filter with an estimate of o2 based on the observation history (i.e. to
set 0% = 67, m4s—1) and to recalculate all innovations.

The estimate of 67, ,,,,,_; may be obtained by using several techniques with
different additional computational burden.

EM estimate. The EM algorithm applied in the state-space model environment
is probably the most universal solution (the EM-algorithm is briefly introduced in
Section 5.4). Good features of the resulting estimate 67 ,,,,,_; may be expected
since o2 is assumed to be the only unknown parameter of the state-space model.
However, the computation of the estimate for each observation may result in too
lengthy processing of the data, even if the number of the iterations is limited. This
computational complexity may be lowered by processing the data from a window
covering only M > to(67 4 ,,4,_1) +m most recent observations.

Bayesian on-line estimate. Several authors proposed an on-line estimate of the
unknown parameters of the linear state-space model (refer for example to [3] or [13]).
Among these approaches a bank of several Kalman filters run with different values
of 02 is a popular solution. The estimation of o2 is then performed on-line using the
Bayesian approach — refer to [1] for more details. The processing would be faster than
in the previous case because no repeated processing of the data is involved. However,
at least some prior information about o2 is required when defining the bank of the
Kalman filters.

Simple recursive estimate. The following simple recursive estimate gives good
practical results for univariate time series and is not too computationally demanding.
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Values and estimates

0 50 100
Time

Fig. 1. True (circles) and filtered state obtained from the Kalman filter run on clean
(thick) and contaminated (thin) data.

Denote A\; = 1/(m + s — 1). After time to(0%) it is df = d*> and Py, = P
and d®> = hPh' + 02. We then may get the recursive estimate of the observation
variance as follows

~2 _ 32 ]
Oto+mts = Qigymss — RPh

= (1 - A3)[J,\-t2|:.-1—7n+.9-1 + /\8(It20+m+s - hPh,) (13)

For practical purposes this estimate is not very satisfactory from the following two
reasons: (i) for small m the estimate is negative with high probability, (ii) for small
s there is too much weight given to a newly observed innovation and the resulting
estimate is not smooth. It is therefore better to replace it with some modification,
for example

é\':‘.20+7n-|—.«3 = (1 - )‘S)&tzo—i-m—i—s—l + )‘S(It20+m+s - h’Ph’l)+ (14)

with A; set as above or as an arbitrary constant (close to zero). As may be easily
seen, this second estimate is not asymptotically unbiased but gives good practical
results.

More computing effort is again the cost of improved speed of the convergence.
Increased computational intensity may be bound if the recalculation of the innova-
tions does not start at the beginning of the time series but only M observations back
in history, M > t(67 4 ;n4s—1) +m, or by recalculating the estimate after obtaining
more than one observation. The value m should be selected to obtain an applicable
properties of the estimate 3%0+m +1, m = 10 proved to be sufficient.
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Values and estimates

Fig. 2. True (circles) and filtered state obtained from the Kalman filter (thick) and the
modified filter (thin) run on the data Y - upper panel; variance Py; obtained from the
Kalman filter (solid) and the modified filter (dashed) — lower panel.

Example 4.1. One hundred observations were generated from the following model:

Yt =Tt + vt
Ty = 0.65 Ti—1 + wy, (15)

where v; ~ N(0,2) and w; ~ N(0,1) (data Y'). Then observations number 25 and
75, respectively, were shifted by 10 upwards and 5 downwards, respectively, (data
Yao).

Figure 1 shows the filtered state obtained by the Kalman filter run on data sets
Y and Y40. As may be seen, in the case of the contaminated data Yao the state
estimates are spoiled after the outlier occurred. The impact of the outliers was fully
absorbed — up to a third decimal place — after 9 observations in both cases.

Figure 2 shows the filtered state obtained by the Kalman filter and the modified
filter with the on-line observation variance estimation run on the data set Y. The
Kalman filter was run using the right values of the parameters, the modified filter
was run using o2 = 10 as the starting value and m = 10. The filter returned the final
estimate 6%,, = 3.033, but the standard deviation of the filtered state converged to
the right value faster (after 50 observations the absolute difference between standard
deviations returned by the two respective filters was less than 0.04).
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4.2.2. Outliers detection

Having the on-line estimate d? of the innovation variance, t > to(62_,) + m, the
observation y; may be detected as an outlier if
Yt — Yt .
'd% Z ul_a/z, t> to(af_l) +m, (16)
t

Uy _q/2 being an appropriate quantile of the standardized normal distribution (but
now a can not be interpreted as an exact confidence level as the estimate of innova-
tion variance is used — instead it reflects a level of insurance against outliers). Some
ideas how to set a may be found in [18] but in this paper all parameters of the
state-space model are assumed to be known.

4.3. On-line processing of outlying observations

Outlying observations are usually treated by replacing the innovation term d; *(y, —
§¢) in the Kalman filter with some general function g(I;). The Huber function

I,]d? if I, € (0; Kdy)
guun(lt) = $ K/d; if I, > Kd; (17)
—guw(—1) if I; <0,

where K is usually some quantile of the standardized normal distribution (e.g.
U1_q/2) is quite popular. However, this choice is made ad hoc. Two other updating
functions based on the model of additive outliers are proposed in this paper.

If the observation y; is identified as an outlier using the rule (11) or (16), the
estimate &;; should be constructed with respect to this fact. The impact of the
suspected observation on the filtered value should be reduced but simply omitting
it would be too strict — some measure of a distance of the particular observation
from what was expected according to the history of observations should be taken
into account. For this purpose a system of distributions is proposed from which the
appropriate distribution H; is selected to model the outlier.

4.3.1. System of normal distributions

The simplest applicable system is in the form

¢217p exp [—% Z—z] pe (0,00)}. (18)

It is a system of normal distributions with the standard deviation p used as the
factor that drives the observation error variance. This parameter should correspond
to a distance of the observed value y; from the expected value §;. For this purpose
the attained level p; of the test (11) or (16) may be used, for example p; = 2(1 —
®(|I;/d:|)), where ® is a cumulative distribution function of the standardized normal

L= {H(q);%—fj = h(g) =
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distribution. Then p; = p(p:) = p(y: — §:) may be any function satisfying p; — 6,
for p; = a—, pt = oo for py = 04 and p; = 6; for p; > a.
Denoting s? = hPt|t_1h' the updating function in this system is in the form

gr1(ly) = I/ (s} + p*(I)). (19)

4.3.2. System of generalized error distributions

The previous system has good practical results but modeling outliers using normal
distribution may be considered as improper. To avoid this criticism the following
system proposed in [2] (and used to model errors in data also by other authors) may
be used:

2

3[1.-7 k l‘q
Y

S ET
Lo =14 H(q); — = h(q) = ~ L 0>0,p€[0,1] %,
2 { (9) 32 (2) 5 &P } @>0,p€| ]}

(20)

where 1/k = T'((3 + p)/2) 2(3+#)/2_ The variance of a random variable X with the
density h(q) taken from this system is
INELS
var X = 2147 p? —(f( +7)) )
L(3(1+0)

As may be seen, the value p = 0 corresponds to the normal distribution, the value
p = 1 corresponds to the double-exponential distribution which is the heaviest one
from this system (this system may be enlarged by taking p € [0,b],b > 1 with a
reasonable bound b < 10). The parameter ¢? should be related to the estimate &2
so that for p = 0 the variance of the selected distribution H; was equal to ¢?, i.e.
% =62

The parameter p; should then again correspond to a distance of the observed
value y; from the expected value §; and should satisfy that p; — 0 for p; —» a—,
pt — 1 for p, = 0+ and p; = 0 for p; > a.

To obtain the updating function for this system the following theorem may be
used (its proof may be found in [15]).

Theorem. (Masreliez, 1975) Suppose L(z¢|Yi—1) = N(Z¢¢—1, Pt¢—1) and that
the conditional density p(y:|Y;—1) is twice differentiable. Then

&y = Eype—1 + Pyje—1h'9¢(y:)
Py = Pyjy_1 — Pyy_1h'Gi(ye ) h Py

Py = FPy,F' +R, (21)
where
1 Op(ys|Ye-1) 09:(yt)
= — and G = .
9¢(y¢) ORI AN Em t(yt) Bye
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This theorem requires the density p(y|Y;—1) and its first and second derivatives in
the point y;. In a fact it is necessary to find the convolution N(h&y,_, hPtlz—1hl) *
H;, Hy € Ly, i.e. to find the integral

2
1+4p
) dz.
(22)

1 k [ 1(z —4,)2 1
p(yelYi-1) = NS exp (—5(—32‘%)—> exp (-5
—oo 2

A closed form solution does not exist. But using the Taylor expansion and the fact
that the absolute value of a normally distributed random value has the folded-normal
distribution we may use the following asymptotically equivalent approximation

1 k *© 1(z+ —5.)2 1
p(ye|Ye—1) = \/2—7”._5/ exp (_EL;?-’/‘)_) exp <—§
—0 F

k Z| ™
= ;EN(_I"S?)GXP —5 ;

k 1<E|Z|)1‘i—p
~—exp|—z|— ,
@ 2\ o
where

2 1y —9\° ) 4
EIZI:\/;TGXP (—5 (%&) ) — (ye — §¢) (1_2q> (yts—tyt))

Further it is

Op(y:|Yi-1) 1 1
—_ = Y. — X
i p(y:|Y: 1)@; T+

- R e
2, 1 (v —3:\° R Yt — Ut ?

X [\/_ﬂ— exp( 2( 5 ) ) (y: — G¢) (1—2<I> <—St ))

2 1y =9\ ve — G
x[\/;exp(2< 5, ) Py
_ (1*2‘1) (yt —yt)) + 2% (yt —yt) (e —ﬂt)]
St St
and therefore

ap(ytlyt—l) 1 1 ( (yt —gt) ) 1-p
b A S bl it P Yio ) — —— (20 (22— ) 1) (EIZ)TF .
Bys p(y:|Ys 1)¢pzrp 1+, 51 (E|Z])

T—Yt
7

z

2
1+p
dz
()

—

Finally

Op(y¢|Yi—1)/0y: 1 1 ( (yt —ﬁt> ) 1z
=— = 20 (L= _1) (B |2))1%
9aye) p(ye | Yi-1) pTHr 1+p St (E12D
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is an approximation of the function g(y;). Now this approximation has to be adjusted
so that for non-outlying observations the modified filter corresponds to the Kalman
filter. Define

. 5 sgn (Ve — Je) K\ _(1y,—i|—Kd
ga(ye) = 9a(ye)— (QA (sgn (e — G¢) K dy) — g_(yi(_i_y_t)_)e (lye—de|~Kde)
t
or
. sgn (y: — §) K 1 ~(lve=9e|~Kdy)
g (yt):gA(yt)( = - — —1 (14 e Uye—3e AN
! dy ga(sgn (y: — 9¢) K dy)

where K is the appropriate quantile (see formula (11) or (16)). The updating func-
tion may now be defined as

I/d? if I, € (0; Kdy)
gr2{It) = { min {g:‘(yt),It/(if} if I, > Kd, (23)
—gr2(=1It) if Iy <O0.

Example 4.2. The data Yao were processed using the Kalman filter and the
modified filter with outlier detection and processing using the system L2 (a = 0.005).
Figure 3 shows the result. The modified filter detected outliers at times 25, 51 and
75. The impact of outliers in the case of the modified filter was less destructive than
in the case of the Kalman filter and was fully absorbed after two time periods. The
filter returned a final estimate 6%, = 2.964, again the standard deviation of the
filtered state converged to the right value quite fast.

The three respective updating functions are displayed in Figure 4. The impact of
outliers is bound for all three updating functions. New updating functions, however,
are not so strictly rejecting moderately outlying observations. This corresponds to
uncertainty about observations that are close to a non-outliers region. On the other
hand, observations that are very far from the expected value are treated more strictly
by the new updating functions than by the Huber function.

5. IMPROVED SMOOTHING AND PARAMETER ESTIMATION

5.1. Kalman smoother

Having the observation history Yr we may be interested in looking for the estimates
of unknown states at time ¢, ¢ = 0,1,...,T. This problem is called (fixed-interval)
smoothing. In the environment of the state-space models the smoothed estimates
may be obtained by using the following backward recursions:

Ty = &y + Pi(Zoqayr — Fy),
Pyr = Py, — P{(Pyyq 7 — Pt+1]t)PZ’:

P; = P, F'P;,, (24)
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Values and estimates

Values and esumates

Fig. 3. True (circles) and filtered state obtained from the Kalman filter (thick) and the
modified filter (thin) using the data set Yao.

defined for t =T — 1,T — 2,...,0. Hence, the filtered estimates arec the basis of the
smoothing algorithm. As may be expected, the smoothed estimates are also affected
by outlying observations. We may study an impact of a single outlier y; (continuing
from Section 3.2) as follows.

5.2. Kalman smoothing performance in a presence of outlying
observations

Suppose now that y; is the only outlier and suppose further that A%, — 0 for n — co.
If the convergence does not hold, the impact of a single outlier at time ¢ affects the
performance of the filter and smoothing in this case is not reasonable — in such
situation remodeling the state-space equations or transforming the observations is
advisable. Denote s = ¢t +u the last time when the impact matrix A’ is treated as a
non-zero matrix, i.e. u = min {k;||A}||*> < e}. Till this time the filtered estimates
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Update

T T T T
-15 -10 -5 0 5 10 15
Innovation

Fig. 4. Huber (dotted), gr1(I¢) (thin) and gr2(I¢) (thick) at time 25.

contain a measurable error (in the sense of the modeled time series). Then we get

ﬁ?s|T = 53S|s + Py (&g — F &45)
s|s + Ay + Py (L5417 — F 3l sls — F AZg)s)
= :I:SIT + (I - P, F) Az,
=&k + (I — P, F) AL, Ay,

= &5 + Adyy. (25)
Denote

B,=(I-P;,,F)A,, i=1,...,u—1 (26)
Next
Eo1r = Zo1)s-1 + Po1(@s)7 — F &5-1)5-1)

&) H AR+ P @+ ARy —F &8 ), —F AZ,_yj5_1)
=&y 7+ AT 1)1 + P, (Azgyr — F A&, q)5_1)

&8 p+ AL Ay + Py (I- P} F) ALAdy, — P | F AL Ady,
= ms—l]T + (AL +P; AL+ P, |P,FA,-P, | FA, |)AZy,

=& p + A&y (27)

Similarly we get

:is—le =§:f—j]T +A§:s—j|Ta .7 = 1;"';’“’; (28)
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where
A _ nt A
Az, _jr = B, _jA&y,

and the impact matrix Bi_j is given by the following backward recursions:

B, = (I-P;, F)A,

B, , = (I- PZ+u—1F)AZ-1 +P;, 1B,
B, , = (I-P}, ,F)A, ,+P;,, B, ,
B = (I-P;,F)Al+P;,B;

BY = Al+P;B:,

i.e. the impact matrix Bf‘_j evolves as

B,=(I-P;., ;FA, ;+P;, ;B, ;,.,, Jj=1,...,u-1 )
29

Prior time ¢ the impact of the outlier y; on the smoothed estimate may be expressed
as follows:

. N x (AR . ~R
iy = Beo1p—1 + Pl (Byr + AZyr — FE,2 )

= ﬁ’f—HT + P:—lBéA-’i'tu (30)
and hence the impact matrix prior time ¢ evolves as follows:

B, = P:—le)
B!, = P} ,B', = P} ,P; B,

(31)

5.3. Improved smoothing

Hence, the outlying observation affects smoothed estimates prior the time of its
occurrence. Again, a magnitude of this impact depends on the filtering error Ay,
and the impact matrices B;-. These may be calculated for a given state-space model
before any data are observed. Robust modification of the smoothing recursions may
be obtained when using an output of the modified filter instead of the output of the

Kalman filter.

5.4. EM-algorithm

So far all parameters of the state-space model except o2 were assumed to be known.
In practical applications, however, the starting state mean & is not known and the
matrices F' and R may contain unknown elements that have to be estimated. The
EM-algorithm proved to be an efficient tool for completing this task.
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Assume (&9, Fr,02, R,) is a set of estimates obtained in the rth step of the
algorithm. Assuming L(y;|z;) ~ N(hxj,0?%) for j = 1,...,T we may write the
log-likelihood of the history Yr as (up to a constant)

T
T 1
In L(YT) = '—'5 In 0'2 - m Z(y] - h-’l)]‘)z. (32)
i=1

In the E-step of the algorithm the conditional expectation
G(&o,r, Fr,02, R,) = E(In L(Y7)|Y7T)

is found. In our case it is easy to get

T

> [(wi — hajir)* + hPjrh'] .
i=1 (33)

1

2
202

T
G(éO,T)FTaaz,Rr) = —Elnaf —

In the M-step of the algorithm the expression (33) is maximized according to the
unknown parameters. Using some matrix calculus it is not too complicated to solve
the likelihood equation and to express the updated estimates as

F,11=BA™,
R.,,=T"Y(C-BA™'B),

T
opp =T Z[(yt — hiy7)? + hPyrh'l,

t=1
Zo,r+1 = To|T) (34)
where
T T
A = Z(Pt—llT + fi’t—l]T:i;-UT): B = Z(Pt,t—1|T + 53:|T53;_1|T),
t=1 t=1
T
C = > (Pyr+&yrdyr)
t=1

and the matrix P;;_;T may be obtained recursively as

Prr_yr = (I - Pyr—1hd7*)FPrp,
Py_14 o = PyP*i_5+
P* (Pyyyr — FPy_yy)P*,_,, t=T,T—-1,...,2

Now these estimates may be used as an initial value for the new cycle of the EM-
algorithm until the algorithm converges to some stable solution. The EM estimates
may be modified to incorporate some structural assumptions about elements of F
and R (refer to [9] for more details).
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Table 1. Results of the EM-algorithm and its less sensitive modification.

&o F R 62
Ordinary EM on data Y 0.1311  0.5490 1.0573 1.9231
Ordinary EM on data Yao 0.1267  0.4978 1.1790  3.3953
Improved EM on data Y 0.2068  0.5042 1.2868 1.5752

Improved EM on data Yao 0.3259 0.4064 1.7067 1.7223

5.5. Improved EM algorithm

If there are outlying observations in the data, the EM estimates of the state-space
model parameters tend to overestimate 02 and underestimate the matrix F. Having
less outlier-sensitive smoothing algorithm, its output may be used to get improved
EM estimates. However, minor changes are necessary in this case. In the case of the
contaminated data the modified filter bounds the impact of the outlying observations
on &;; and &;7. Thus the terms A, B and C are correct (i.e. close to the reality)
but the smoothing errors y; — h&; 7 will be too large if y; was detected as an additive
outlier. In the modified EM-algorithm it is thus necessary to replace the third term
of (34) by the term

T

62, =T" Z[‘P(yt — hiy7) + hPyrh'],
t=1

where ¢(-) is some bounded function.

Example 5.1. The ordinary and improved EM-algorithm were run on data sets
Y and Yao with the following starting values: o = 0, F = —-0.1, R = 10 and
0% = 10. Results of 400 iterations of each algorithm are summarized in Table 1.

Note that the ordinary EM algorithm estimated much higher observation variance
in the case of the data set Y4o. Results of the improved EM algorithm run on the
data set Yao are comparable to the results of the ordinary EM algorithm run on
the data set Y. The improved EM algorithm returned a better estimate of the
observation variance even in the case of contaminated data. Please note that the
EM-algorithm may be easily generalized for multivariate state £ and F' with linear
constrains. ’

6. EXAMPLE OF ANALYSIS OF REAL-LIFE DATA

Average monthly prices (multiples of 10000 pesetas/100 kg) of a lamb meat in Spain
observed in a time period 1985-1988 were processed using the Kalman smoother
and the modified smoothing algorithm. The data were taken from the article [6]. A
state-space representation of a seasonal time series with 12 seasons was used with
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Price

Time

Fig. 5. Smoothed monthly prices of a lamb meat in Spain (1985-1988). Estimates
obtained by the Kalman smoother are displayed by using the thin line, estimates obtained
by the modified smoother are displayed by using the thick line.

initial values of the state-space model parameters proposed in the mentioned article.
The result is displayed in Figure 5. The impact of the outlying observation number
39 is less serious in the case of the modified smoother.

Note 6.1. The algorithms described in this paper were implemented in the statis-
tical environment XploRe.
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