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Abstract

Consider the three-component time series model that decomposes observed data (Y') into the sum of
seasonal (S), trend (7), and irregular (I) portions. Assuming that S and T are nonstationary and
that I is stationary, it is demonstrated that widely-used Wiener-Kolmogorov signal extraction estimates
of S and T can be obtained through an iteration scheme applied to optimal estimates derived from
reduced two-component models for Y° = S+ and Y7 = T+ I. This “bootstrapping” signal extraction
methodology is reminiscent of X-11’s iterated nonparametric approach. The analysis of the iteration
scheme provides insight into the algebraic relationship between full model and reduced model signal

extraction estimates.
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1 Introduction

Extraction of a nonstationary signal from an observed, finite sample time series is a problem of both
theoretical and practical interest. Work on stationary signal extraction from a signal plus noise model for
an infinite sample dates back to Wiener (1949) and Kolmogorov (1939, 1941), whose celebrated solution has
become classical in the time series literature. However, in many realistic situations, such as the project of
deseasonalizing economic data, the ambient signal is a nonstationary stochastic process. Essentially the same

Wiener-Kolmogorov filter gives optimal extractions when the signal can be made stationary by appropriate



differencing, and the noise is stationary — Cleveland and Tiao (1976) obtained results for this case. Also see
Hannan (1967) and Sobel (1967) for earlier work. However, when the noise process is itself nonstationary
— for example, in seasonal component estimation the noise consists of trend plus irregular — the situation
becomes more complicated. Bell (1984) brought this issue to the forefront with a very deep paper, which
produced extraction estimates under a variety of assumptions; in particular, Bell demonstrated that in order
to obtain optimal estimates (in the sense of mean-squared error), it was essential to make assumptions about
the data-generation process. Bell considered two main premises — Assumption A and Assumption B — neither

of which is typically verifiable from the observed data.

Assumption A states that the initial observed values are probabilistically independent of the differenced
signal and differenced noise processes. When the differencing operators for the signal and noise components
have no unit roots in common, Assumption A has the consequence that the initial values are independent of
forecasts made from the differenced data — an assumption that is often made in the modelling and forecasting
of time series. Assumption B states that the initial values of signal and noise are generated independently of
each other, as well as from the differenced signal and noise processes. Although Assumption B is arguably
more natural from a modeling standpoint, since it entails that signal and noise be independent for all time,
Assumption A is the approach that is implicitly adopted in the literature. One of the reasons is that given
above — namely, future values of the differenced series are independent of the initial observed data; a second
reason is that the formulas for the optimal signal extraction estimates are much simpler analytically — Bell
(1984) shows that these formulas are analogous to those used in the stationary components scenario. A third
appeal of Assumption A is that we are not required to know the covariance matrix of the initial conditions
of the nonstationary process, whereas Assumption B does require this unattainable knowledge. Fourthly,
signal extraction estimates obtained under Assumption A are also locally optimal when Assumption A is
removed — namely, those signal extractions are optimal (in the sense of having minimal mean squared error)
within the class of linear functions of the data such that the error in the estimate does not depend on the
initial values. This property underlies the “transformation approach” of Ansley and Kohn (1985), and is
appealing because no assumptions need be made on the data-generation process. See also Kohn and Ansley
(1986, 1987) and Bell and Hilmer (1991) for implementations of the Kalman filter and smoother to produce

estimates that are optimal under Assumption A.

In a three component model — consisting of trend, seasonal, and irregular portions — used to describe
economic data, quite often the trend and seasonal are modelled as nonstationary processes, whereas the
irregular is stationary. If one is interested in obtaining the trend, one must use signal extraction methods
for a nonstationary signal (the trend) plus a nonstationary noise (the seasonal plus irregular) component.
Under Assumption A, the finite-sample matrix formulas of Bell and Hilmer (1988) and Bell (2004) can be
used; equivalently, a state space smoother (see Anderson and Moore (1979)) can produce the trend estimate

once a model has been specified for each component. Another approach is to first detrend the data, by using



trend extraction methods for a reduced “trend plus irregular” model; although this is an inaccurate depiction
of reality, the matrix form of this estimate is easy to write down, since the noise (i.e., the irregular) is now
stationary. After subtracting off this pilot trend estimate, one can then extract the seasonal component
using a reduced “seasonal plus irregular” model — again, this model is not true to reality. However, one
may iterate this algorithm and hope for convergence to the optimal signal extraction estimates. The Census
Bureau program X-11 follows a similar procedure under a nonparametric umbrella, but one could conceive
of implementing an analogous algorithm with parametric models for each of the components. This paper
explores such an algorithm, and shows that iterations of these reduced model filters converge rapidly to the

signal extraction filters that are optimal linear estimates under Assumption A.

This work is appealing on several grounds. It provides a natural, intuitive approach to the construction
of optimal signal extraction estimates, built up from the less complicated filters coming from the stationary
noise theory. In particular, the complicated initial value estimates of the trend and seasonal signals are
automatically produced by the iterative structure of the algorithm presented in Section 4. From a theoretical
perspective, this paper’s results provide insight into the algebraic relationship between trend and seasonal

extraction.

Besides these aesthetic insights into signal extraction, analysis of this paper’s main algorithm provides
insight into the rate of convergence of iterative methods. Many practitioners in the economics and engineering
communities will apply certain bandpass or lowpass filters to extract seasonal (or cycle) and trend components
respectively. The most popular in the econometrics community are the Butterworth and Hodrick-Prescott
filters — see Hodrick and Prescott (1997), which are essentially designed for stationary noise models, i.e., they
are minimum mean squared error optimal for certain models that have nonstationary signal and stationary
noise. Also see Pollock (2000, 2001) for examples of filtering nonstationary time series. Typically an economic
practitioner interested in cycle estimation will apply a low-pass filter, remove the estimated trend, and then
follow up with a band-pass filter to estimate the cycle. But this procedure does not produce the optimal
estimate of the cycle, because in the first step a trend plus irregular model is assumed in lieu of the actual
three component model. See Harvey and Trimbur (2003) for a discussion of these points. In fact, this
consecutive use of low-pass and band-pass filters is identical to the first iteration of the general algorithm
explored in this paper — an algorithm that converges exponentially fast. Thus, analysis of the convergence

of our algorithm provides insight into how close the above common practice takes one to optimality.

We note that McElroy and Sutcliffe (2005) is a shortened version of this paper. We first sets up nonsta-
tionary signal extraction for a three component model, giving full matrix formulas for various estimation
procedures. This material, although mostly obtained from Bell and Hilmer (1988), is somewhat new in its
formulation. Section Two develops these formulas and the attendant notations and gives a motivating ex-

ample. Section Three discusses the main original theoretical results — namely the mathematical relationship



between full model and reduced model signal extraction matrices. The iterative algorithm, which builds up
the optimal full model filters from the reduced model filters, is analyzed in Section Four, and its rate of
convergence is assessed through matrix norms. Section Five discusses the implementation of these ideas,
and presents the results of a simulation study and the analysis of U.S. Shoe Store Sales data. We conclude
in Section Six, and provide one technical proof in the Appendix B. Appendix A contains some additional

material regarding the calculation of finite-sample Mean Squared Errors of signal extraction estimates.

2 Background and Notation

We attempt to follow the notation of Bell and Hilmer (1988), and all formulas are presented in a vector
framework. Thus, a sample of n observed data Y7, Y3, - ,Y, will be denoted by the column vector Y. Our

basic model is

Y=85+T+1

where Y is observed data, S represents the seasonal component (this should not be confused with the common
use of S for signal), T is the trend, and I is the irregular. If we use the notation X; for some stochastic
process {X;}, then we denote a single variate; if we just write X then we refer to the whole finite sample of

{X;} written as a vector. We make the following assumptions:

e All covariance matrices are assumed to be invertible.

e The differenced seasonal, the differenced trend, and the irregular series are uncorrelated with one

another. This will be referred to as the orthogonality property of the components.

e Both S and T are nonstationary, with associated differencing polynomials 6° and 67 respectively that

have distinct roots. Their orders are dg and dr respectively, and we let d = dg + drp.
e The irregular component [ is stationary.

e The data have a multivariate normal distribution.

A separate assumption, which we will sometimes impose below, is essentially Assumption A of Bell (1984),
applied to a three component model: we assume that the initial values Y7,---,Y,; are independent of the

differenced trend, differenced seasonal, and the irregular. We refer to this as Assumption A’.

Because the roots of 6% and 6 are distinct, their product is the minimal degree d polynomial &, which is
sufficient to reduce Y to stationarity, i.e.,
0(B)Y: =W,
is a stationary stochastic process (B denotes the backshift operator). Later we will discuss the integrating

power series, which are simply the algebraic inverses of the differencing polynomials:

E(z) =1/8(z) €'(2)=1/0"(2) €°(2) =1/5°(2)



If we wish to extract the seasonal, then we would write
W, = 6T (B)U? + 6°(B)V,*

where U = 6%(B)S; is the differenced seasonal (in this case our signal), and V;° = 67 (B)(T} + I;) is our
differenced noise. Notice that the superscripts on U and V' are necessary to distinguish differenced signal
and noise for the seasonal extraction problem and the trend extraction problem, i.e., if we wish to extract

trend, then we decompose as

W, = 8%(B)UT + 6T (B)VT

where Ul' = 6T (B)T; is our differenced signal and V,T = §%(B)(S; + I;) is our differenced noise.

Next, we develop filters from two-component models — either trend plus irregular or seasonal plus irregular.
These models will be called reduced models, and typically represent an over-simplification of reality. For
example, the additive X-11 procedure initially assumes a trend plus irregular model for the data — even

though this is unrealistic — in order to obtain initial trend estimates. For notation, write

Y =T+ 1,

Y;S:St-i-.[t

for the two reduced models. In the first, 67 is the appropriate differencing operator, while §° is appropriate
for the second model. Note that signal extraction is much simpler for these reduced models, since estimation
of a nonstationary signal (either T or S in these scenarios) when stationary noise (i.e., the irregular I) is
present is reasonably straightforward. In particular, there is no explicit estimation of initial values of the
nonstationary signal (this is performed implicitly through estimation of the stationary noise’s initial values)
as described in Bell and Hilmer (1988). If we apply the differencing operators to the reduced models, we

obtain:

wl =s"B)Y! =Ul +57(B)I

W2 =6%(B)Y,® = U +6°(B)I,

We seek a relationship between the trend and seasonal extraction filters for the reduced models and the
analogous filters for the full model. For practicality, all relationships are explored in a matrix form, since

this is appropriate for finite samples. The estimates that we will consider are:
E(T)YT)=FL,vyT
E(S|IY®) = F§, Y*°

Because of the normality assumption on the stochastic process, these conditional expectations are given by

linear operators acting on the data. If normality fails, one can still use the linear estimates, but there is



no guarantee that they yield the conditional expectation. In other words, the conditional expectations of
the signals T" and S under their respective reduced models, are given by the left multiplication of certain n
by n filter matrices acting on data vectors Y7 and Y respectively. We use the letter F' for “filter,” with
superscript denoting the desired signal and subscript referencing the model — ST for Y°, TT for Y7, and

STI for Y. Hence, our full model estimates are:

E(T)Y) = Fér; Y

E(S|Y) = F§r Y

The main result of this paper is to produce an elegant mathematical relationship between these various
matrices F'; associated with these formulas is a simple algorithm that will build up nonstationary signal

extraction estimates for the full model completely from the overly simplistic reduced model estimates.

In order to express these matrices F' explicitly, we must use appropriate matrix versions of the differencing
operators. Let A% be an n — dg by n matrix which operates on Y, and let A%}, be an n — dr by n matrix

that also operates on Y with entries given by:

(Afé),»j = *§f—j+ds (A’})ij = *5iT—j+dT

where —67 is the kth coefficient of §9. We follow the convention of Bell (1984) in writing these coefficients
with a minus sign. As is usual for ARIMA models, —d5 = 1, and of course the kth coefficient is zero if either
k is negative or exceeds dg. The analogous notation is used for 67 and the full differencing polynomial 6.

More explicitly, we have

_555 _5&95_1 e 1 0O --- 0

0 e R Y P |
A; _ dgs 1

0 0 e 0 0o --- 1

Each row of these matrices corresponds to the action of the differencing polynomial on the data; it is easy

to see that
Ul=AsT VI =AL(S+])
US=A55 VS=AL(T+1)
wT=A5y"T W =A5Y*
Now for the next round of differencing, we need matrices that act on n — dr and n — dg component vectors,

producing n — d values afterwards. So define Ag and Az to have the same entries as their cousins A§ and

A%, but with dimensions n — d by n — dp and n — d by n — dg, respectively. Then we have

W = AsUT + ApVT = ApU® + AgVS



Finally, we define A to be an n — d by n matrix with entries
Aij = —0i—jta
Then the following intuitive lemma relates these matrices:

Lemma 1

A = AgAy = ApAj

Proof. We prove the first equality:

n—dr i+ds—1
(AsAT); = D (=0 hra) (=6 jpa) = D (=07) (=01, 110)
k=1 l=i+d—n

The bounds on the sum can be taken from —oo to 0o, due to 1 < i < n — d and the order of 65; but the kth

coefficient of §, by simple algebra, is given by

—8k = Y (=67)(=5_)

l

Hence the ¢jth coeflicient of the above product of matrices is —6;—j4q = Ay;. O

This provides us with new expressions for W:

W =AU + AgWT
=AgUT + ApWw?®

= ApU% + AgUT + AT

It will be convenient to observe that V7 = W and V° = W7, which can be checked directly.

Example We flesh out these notations through an airline model example. The airline model is given by
(1- B2U(B)Y: = (1 - 0B)(1 - ©B'2)e) (1)

for monthly data Y;. The polynomial U(z) = (1 — 2'2)/(1 — 2) is the seasonal summation operator. The

model parameters are §, ©, and the variance of the white noise sequence €} . So our various differencing

operators are:
sT(By=(1-B)> & B)=UB)=1+B+---+B"  §B)=(1-B)(1-B'?)

It follows from (1) that
W; = (1—-0B)(1 —0B?)e

and the inverses of the differencing polynomials (which may be power series) can be computed, e.g.,

2)=1-2)"=1422+32+--



In practice, a modeler needs to decompose (1) into its component parts. If we form the canonical decompo-

sition, assuming admissability (see Hilmer and Tiao (1982)), then we obtain component models

U(B)S; = 6°(B)e; = UP
(1- BT, = 07(B)el =UT

I
ItZEt

for various independent white noise sequences €7, €/, and €/. We have made identifications with differenced

signals Uy in the last equalities. Finally, the differenced noises are

VP =(1-B) (T + L) =6"(B)e] +(1- B)’L

VI =U(B)(S, + 1) = 05(B)ef + U(B)I,

Computer software exists to estimate the airline model parameters and compute the component model
parameters — the authors used the Ox programming language, along with various SsfPack routines (Doornik

(1998) and Koopman, Shepherd, and Doornik (1999)).

Our next task will be to give explicit formulas for the F' matrices. Bell and Hilmer (1988) provide
expressions for the estimates, but here we write down the matrices explicitly. In the sequel we let 1,, denote
the n by n identity matrix, and generally ¥ x denotes the covariance matrix for a random vector X. For any
matrix M, we denote its transpose by M’. Before proceeding, we observe a complex issue pointed out to
us by Bill Bell. Whereas we define the reduced model filter extraction matrices by applying Assumption A
to both reduced models (and that this leads to the correct filter relationships is borne out by Theorem 1),
these assumptions are not compatible with Assumption A on the full model. Hence, the use of Assumption
A on the reduced models in the following proposition should be seen as a motivation for the derivation of

the appropriate reduced model filters.

Proposition 1 If we make Assumption A for the reduced models, we can write down a simple formula for

either FL, or F5;. These are given by:

* — * * _ «\—1
FJTI =1, - EIAT/EW}TAT = (1n + EIAT/EU%“AT) (2)

FS =1, — DAY S A AL = (1L, + DAL S EAL) T
Proof. From equation (4.4) of Bell and Hilmer (1988), we have
FL Y =E(T)Y") =Y = S;A'S W = (1, — S1A3 S R A Y

For the second equality, which shows that F:,? ; is invertible, use the Sherman-Morrison-Woodbury formula

(see Golub and Van Loan (1996))

(A+UV) ' = A - A WUA+V'AU) ' VAT!



on the formula

Swr = Syr + ARE AL
to obtain (with A = Syr, U = A%Y;, and V' = AL)
S =Nk - S ALY (1, + A A AL T AR S L
Then apply to this the matrix identity
1— AB+ ABA(1+ BA) 'B=(1+ AB)™"

which holds if A or B is invertible. This establishes the invertibility of F%; and explicitly provides the

inverse. A similar proof yields the expressions for F' 551 aswell. O

Remark 1 We have essentially used Assumption A only to derive formulas for the filters we wish to use. It
follows from the “transformation approach” that the filters given by (2) are optimal signal extraction filters
within the class of linear estimators whose error does not depend on the initial values, even when Assumption

A does not hold. However, if Assumption A is true as well, then these filters (2) are also globally optimal.

In order to express the full model extraction matrices, we utilize notation developed in Bell and Hilmer

(1988), which is repeated here for convenient reference. Let Ar be the invertible matrix defined by

1, O

At

Ap =

Then the trend extraction estimate, under Assumption A’, is given by

*

E(T|Y) = AL}

UT

where T* is a dr dimensional vector that estimates the initial values of the trend, and (fT is an estimate of

the differenced trend derived from the differenced data W, i.e. according to (4.7) of Bell and Hilmer (1988),
UT = SyrAg Syt = SprAg Sl AY
Let us name this latter matrix 7'
T =SyrAs S5t A

In a similar fashion,

VT = SyrAp SptW = Syr Ag Sy AY

Now T, is given by (4.10) of Bell and Hilmer(1988):

T, = [1dT OdT X ds] [Hl HQ}_l (Y* - Cl[lds Ods X n—d]UT - CZ[IdT OdT X n—d]‘/AT)



Here Y, denotes the first d values of Y, i.e., Y, = [140]Y. The matrices H; and Hj are intimately involved

in the initial value equations expounded in (3.2) of Bell (1984). In particular,

la,
T /
H1 — A(iT—‘rl
I
A7
with the ith entry of the column vector Af given by
dr—1i
> (=0
1=0

for 1 <i < dp. Also & denotes the kth coefficient of the polynomial ¢7(z), which is zero if k is negative.

So H; has d rows and drp columns. In a similar fashion, the d by dg matrix Hs is defined by

lag
As
H2 — ds+1
AS'
and the ith entry of A7 is
dg—1
S\¢S
Do (=0DE
1=0

for 1 < i < dg. Bell (1984) establishes that the matrix [H; Hs] is invertible. The matrices C; and Cy are d

by dg and d by dr dimensional respectively. Their entries are given by

Chyy =& Caij = &

i—j—dp i—j—ds
Let J denote the matrix [H; Hg]_l; then the expression for T} can be simplified to
T, = (14 01J {[140] — (C1[lag 0]SyrAg’ + Co[lay 0] Sws Ar') St A}Y =TY
where we define T to be the above dr by n matrix. In an analogous derivation, letting K = [H, Hl]_l,
S = [Lys 0]K {[140] — (C1[Llas 0]SwrAg’ + Co[ly, 0]Sys Ar') Syt AL
= [0145]J {[140] — (C1[las OZwr As” + Callay 0]Sys Ar') S A}

Also let
S =SysAr S A

The next result follows from the above formulas:

Proposition 2 For the full model under Assumption A’ the signal extraction matrices are given by:

T _ A-1 S _ A-1
FSTI_AT FSTI_AS

N~
[n Wl

10



Remark 2 In principle, these above formulas are sufficient to generate optimal (in a minimal mean squared
error sense) linear signal extraction estimates under Assumption A’. However, the formulas for S and T,
which produce initial value estimates for the signals, are quite complicated; in contrast, signal extraction for
the reduced models is simpler. In Section Four, an iterative method is developed to produce the full model

signal extraction matrices without explicit recourse to the initial value matrices S and T.

3 Formulas Relating the Full Model Filters to the Reduced Model
Filters

Below, we will need to examine the eigenvalues of F5; F£;. For notation, we let A1(A),---, A\, (A) denote
the eigenvalues of a matrix A in descending order. The following proposition summarizes some important

properties of this matrix.

Proposition 3 Define F§;, and Fk; as in Proposition 1. We have 0 < A\, (F5,FL;) < M(F5FL) <
1. Also the inverse of 1, — F§;FL, exists. The series > pe (FSSIF%})]C s convergent with sum equal to

(1, — FgIFTTI)fl. The same results hold for FL,F5; in place of F§,FL;.

Proof. We first show the invertibility of 1,, — F§;FL,. Observe that

—1 —1
1, — F§ Ff; = F§, ((Fgl) (Ff;) - 1n) Ff;

=F§ (Sr A S5 AL+ S A S5 AL + 51 AY S5 A S AL Sor A Fry

If the central matrix in parentheses is invertible, then so is 1,, — F’ gIF%F 1. We begin by computing the minimal

eigenvalue of (Fgl)il(quﬂil-

A(A) = )\(21_1/2142}/2), we obtain

Note that X is positive definite, so its square root is well-defined. Using

Mo (In + 21 AY 55 A + 51 AY S50 AL + 51 A S5 AS S A 50 AY)
/ !
= ha (L + 3% AY S5L AL D)L, + 217 A7 55k A )

= \(GH)

Both of these matrices G and H are symmetric, and it is easy to check that their minimal eigenvalues are

> 1, so that they are positive definite too. Hence they have a Cholesky factorization, and

li
M(GH) = Ay (GYY HGY?) = inf CGVPHG e v Hy
T£0 x'x y#0 y'G—1ly

11



We can compute the inverse of G:

1 -1
G = (L, + 37 A St A
= 2 (L, 4+ 5 A 2L AL T e
=22 (1, -2 Ay Sk AL 5
=1, - SV Ay noL AL Bl
Now the minimal eigenvalue of G~! is the reciprocal of the maximum eigenvalue of G, which is > 1. So
An(G™1) > 0, and this in turn implies that
Y e — 2 AY S Ase >0

for all x # 0. Hence

YT a4 AR YL Ak
Mn(GH) = inf — L /A*T, Uz Af
270 /N 2 — A Ny Az
is nonnegative and bounded. Now this quantity, using the non-negative definiteness of A*T’E&i A% and
A E;Vls A%, is at least one, and is equal to one if and only if z is in the null space of A% and A¥%. This

only happens if z = 0, as the following lemma demonstrates, and hence A\, (GH) > 1.

Lemma 2 If 67 and 6° share no common roots, then the intersection of the null spaces of A% and Ag is

ZET0.

Proof. The equation
Az =0

involves a choice of dp initial values for z, with the subsequent components determined by the difference
equation

0y Tk — Oy 1 Thg 1"+ — 01 Thpdp—1 — 00 Thpdy =0
If we denote the h distinct roots of 87 by z;, which each have multiplicity m;, then according to page 586 of

Henrici (1988) the general solution is a linear combination of

(4,3) _ 45—t
x =1z

fori=1,--- ,hand j=0,1,--- ;m; —1;t=1,--- ,n. Note that dpr = Z?Zl m;, so the indices (4, j) specify

a basis for all dp solutions by Henrici (1988). Now the solutions to
Asy=0

have the form

—t

k,l
ZJ:E )= thwy

12



for wy, the roots of 0°. Now fix (i,;) and (k,1), and let o and 3 be constants such that
0= azgi’j) + ﬁyt(k’l) = atjzi_t —+ Btlw;t

forall t =1,2,--- ,n. Hence

0= atjil(wk/zi)t + 4
which implies that either « =0 = or
Bla=—t"" wy/z)"

But since wy, # z; for all ¢ and k, this ratio must depend on ¢, implying that either a or 8 depends on ¢, an
absurdity. Hence o = 0 = 3, so that the basis vectors are linearly independent. Hence only the zero vector

can lie in the null spaces of both A}, and A%. O

Now since A\,,(GH) > 1, we have
-1 -1
M((ES) (Ffr)  —1)=M(GH) =1>0

which implies that this matrix is invertible. Hence (1 — FL.;SIFTTI)i1 exists.

For the first assertion of the proposition, the inequality involving the eigenvalues of F’ :gngl, we consider
N(F§Ffy) = \(GTTH)

for any j. Letting j = 1, and using the positive definiteness of G~!, we obtain

M(GTYH™Y =\ (GTV2HIGTY?) = M(GPHGZ) ~ M(GH) !

Similarly A\, (G7YH=1) > X\, (G, (H~1) > 0 by Corollary 3.14 of Axelsson (1996).

Finally, we compute the Schur decomposition of F§;FL; as follows:
QF$FIQ=A+N

for @ orthogonal, A a diagonal matrix with the eigenvalues as entries, and N strictly upper triangular. Then

by Lemma 7.3.2 of Golub and Van Loan (1996), we can choose any § > 0 and obtain the bound
k n— k
IS Ty < (L4 0)" (M(F§FE) + (1N /(1 +6)) 3)

where | - ||, denotes the Frobenius norm. Set

1=\ (F5FL)
1\Fsrtfrr

and then
1
M(FSFE) + IN| p/(1+0) = 5(1 + M (F§ Fp) <1

13



Denote this quantity by 7, and let ¢ = (14 6)""'. Then the partial sums of the powers of F5,FL are a

Cauchy sequence:

M+L M+L |
Z (FSIFTI < Z I( FSIFTI) I, =Cn MT
k=M o k=M "

for any positive integers M and L. This clearly tends to zero as M and L tend to infinity, and hence the
series Y.<, (FgIFTTI)k converges. Also letting L = 0, we see that (FgIFgl)k — 0. So taking the limit as

n — o0 in

~ n+1
Z FSIFTI - FSSIFYTI) =1- (FSSIFIII)
k=0

k -1
shows that 3o (F§, Ff,)" = (1 - F§Ff;) O

If all three components were stationary, we would easily see that

FgTI = FYTI (1n - FgTI)

since F}; = Sy Yp7, Fi, = Sp 53t and F§p, = Y Xy, and by orthogonality of components, it follows

that Xy = X7 + Xs + X;. The proof of the above relation is then

Ff, (ln—Fsr) =20 Sr+ 207" (1, — 25331
=Y (Zy —Ng) " (By — Bg) B!

=%r3y! = F STTI
This result also holds when the trend and seasonal are nonstationary, as the following theorem demonstrates.

Theorem 1 Suppose that the assumptions made in the beginning of Section Two are valid, as well as

Assumption A'. Let FL, and ng be defined by the formula (2). Then the following formulas hold:

FgTI = F:Irl (171 - FgTI) (4)

F:?TI = FSSI (1n - FSTTI)

These equations can be solved stmultaneously to yield

(1n - FYTI Fg]) FgTI = FTT:I (1n - FSSI) (5)
(1n - FS?I FJTI) FgTI = FSSI (1n - FITI)
In addition, the matrices (1, — F§, FL;) and (1, — FL, F§;) are invertible, which results in the explicit
formulas

L (1, - FS) ()

F3 (1, — FJTI)

FETI: (1W17F77:1F51)

FSSTI = (1n - Fgf FZIrI)_l
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Remark 3 Bill Bell has pointed out that this result is true under Assumption B as well, in which case the

proof is extremely simple:

FgpY =E[T|Y] = E[E[T|YT,S]|Y] = E[E[T]Y"] + E[T|S])|Y]

= E[FZTIYTD/] = FZZ:IE[YT‘Y] = FITI(l - FSSTI)Y

which relies on the orthogonality of Y7 and S in the third equality, and the orthogonality of T and S in
the fourth. Also note that we do not make Assumption A for the reduced models Y7 and Y, whose filter

matrices F%; and F5; are constructed according to the transformation approach.

Remark 4 The first pair of formulas (4) give an intuitive interpretation of the relationship between Fl .,
and F5r;. For example, trend extraction is actually the same as seasonal adjustment followed by trend
extraction for a “perfectly deseasonalized” series. Likewise, seasonal extraction is detrending followed by
seasonal estimation for a detrended series. The latter formulas (6) express these full model filters entirely in

terms of reduced model filters.

Proof. Define Cy = T; + S;; then if we wish to extract the nonstationary signal C' from the full model Y,

we have the simple formula (since the noise I is stationary):
FSr =1, - S A'SyHA (7)
which is derived in a similar fashion to the matrices in Proposition 1. Now we wish to show that
F$rp = Fsrr + Féry (8)
These three matrices are defined under Assumption A, and thus the first and last equalities of
FS$ Y =R(ClY)=E(T +S|Y) =E(T|Y) +E(S|Y) = F&., Y + FSp Y

are valid for all Y; hence (8) must hold (a completely algebraic proof of (8) is included in the appendix).

From (8) we can write

FgTI = (1n - X A/E‘jvl A) _FSSTI

~S A A+ (L, — FSrp)
The rest of the proof of the formula is a calculation:

Ffr(1 = F§rp) = Fi(Farp + S1 A S5 A)
=For — Sr A S0 AV FE — S AV S A S A S A+ S A SH A
=For — S A S0 Sur ASS A =S AL S ARSI A SH A+ S A SH A

=Fir; — S AY S0 (Sur + AL S A} — Syr) As' Sy A = Fépy

15



which uses the fact that
* T A A—1p Iy—1
The second equation in (4) has a similar proof.
Now if we solve the pair of equations in (4) we immediately obtain (5). The invertibility of 1 — F5, F} is
demonstrated in Proposition 3. We note in passing that if S and T are stationary, the above formula reduces

to

(1n =S 358 S 85 Sy 52 (1, — S 8pr) = 85 55 21 85 By Spr

whose invertibility is now obvious. With analogous calculations for the second line of (6), the proof is

complete. O

For completeness, we next present some other relationships and formulas that immediately follow from

the preceding development. The irregular filter is given implicitly in (7) by
FéTI = EIAIEEV1A (9)

The seasonal adjustment filter and detrending filter are denoted by FZ#, and F57; respectively; the following

corollary develops their properties:
Corollary 1 Under the same assumptions as Theorem 1

-1

Fif =1 —F§Ff) (1-F§) =MrSiA% ZE;SAE (10)

1 e e N
F3t; =1 —FLF5) (1-Ff) = MsSiA% ZvvlTAT

where Mp = (1,, — FgIF%})fl and Mg = (1,, — F%}Fg?})fl. Also, the following relations hold:

FgIFg%I = FgTI (11)

FgIFgII’I = FgTI
Proof. By conditional expectations and (4),

—1
FSTTII =1- Fé'gTI = F%} FSTTI

This proves (11), and by using (6) we obtain (10). O

Remark 5 It follows from Corollary 1 that both Fi;; and FZE, consist of a matrix right-multiplied by A%,

thereby demonstrating that a seasonal differencing is the first operation to the data.

16



4 The Main Algorithm and Its Analysis

The idea of the algorithm of this section is to use (4) to define an iteration scheme. The resulting algorithm

produces estimates of signal and trend S and T' that satisfy

T=FL(y-25)

S=F5 (Y -1T)

which is essentially (4) applied to Y. This is done by essentially by constructing the solutions to the
linear system defined by applying (6) to the vector Y. These signal extraction estimates are the unique
conditional expectation estimates under Assumption A, and are still locally optimal if Assumption A is not
true, as discussed in the introduction. A nice feature of the algorithm is its idempotency, i.e., if one inputs the
limiting values into the algorithm as initial values, the same limiting values are returned unaltered as output.
The algorithm converges quickly; below, a geometric convergence rate is derived. When implemented on
some airline models — we performed the canonical decomposition into trend, seasonal and irregular in the
sense of Hilmer and Tiao (1982) on a Box-Jenkins airline model — the algorithm was essentially convergent

by the third iteration. Any initialization of the algorithm can be used.
Theorem 2 Consider the following algorithm:
SO g any given vector
fori = 1toconvergence
70 = Ffy(v - §6-1)
50 = 15 (v - 70)
end for

The algorithm converges geometrically fast to S(e0) — FS?TI Y and T(>) = FgTI Y.

Proof. We will analyze the iterations of S, Simple algebra produces
S = Fg; (1, — Ff) Y + F§; S
from which it follows that
SUHY — 50 = Fg (1, — F)Y — (1, — F§; Ffp)S®
At this stage, note that if S = FZY, then by (5) we have
SO 50— 15, (1, — FE)Y — (Lo — Sy FE) Féry Y =0

so that this is a fixed point of the mapping. One interesting aspect of this is “double idempotency,” i.e., if

S = F$., Y, then automatically T70+Y) = FZ. 'V as well. Now through a simple induction on i we obtain
S = 37 (F§ FL) Sy (1 = EE)Y + (FE T 5O
=0

17



Similarly, we can compute the iterate of the trend to be
T = Z (Fir Fg])j Fir(ln = F§)Y + (FI?IFgl)iFITI(Fgly - 50)
j=0
Now, using the fact that > .- (Fi, Fgl)j and 35 (F&; Fgl)j are convergent, as shown in Proposition 3,

and the fact that (F%, FS;)" and (F; F%})i tend to zero as i — oo, we see that the iterates converge to

(oo e j —1

g2 :Z(FSSIFZTI) F§ (L, — )Y = (L, — F§ Ffy) F§ (1, — )Y = Fgr Y
j=0

E e j —1

T = (Fip F§)) Fip (Lo — F§))Y = (1, — F{,F§) Fip (L — F§)Y = Fér Y

J

independent of the initialization S(®. As for the rate of convergence, the difference between successive

iterates will decay at geometric rate, as shown in relation (3). O

Remark 6 It is interesting that the algorithm gradually computes the inverse of 1, — FiL, F§;, along with a
decaying error matrix that multiplies the initialization SO This algorithm has been implemented in the Ox
language and tested on airline model decompositions. In most cases the estimates had essentially converged
by the third iteration. This convergence can be slowed down by erratic choices of S (0) such as a white noise
sequence with high variance, but the proof of Theorem 2 shows that the initialization has no effect in the

long term. For most applications, one would take 5 to be the zero vector — a “noninformative” choice.

5 Computer Implementation

This section contains a short discussion of the computer implementation of the main algorithm. First
we present two examples of Theorem (2) in action. We simulated a monthly series of length 49 from the
airline model (1) with parameters § = .6, © = .4, and innovation variance 1. The series was initialized with
13 values from a real series (though these were not plotted) exhibiting locally linear trend and stochastic
seasonality. The algorithm was initialized with S = 0 the zero vector. For the simulated series, 0, O,
and the innovation variance were then estimated (since these determine the filters, and the estimated values
can differ significantly from truth, it is important to estimate). Once the full model is known, we used
the canonical decomposition approach of Hilmer and Tiao (1982) to obtain the component models. Then
we explicitly computed the reduced model filter formulas from these model parameters. For the full model
filters, which we obtained in order to check our results, we used the Kalman filter and smoother of SsfPack
(Koopman, Shepherd, and Doornik (1999)). Then we implemented the algorithm directly with the computed

filter matrices.

The algorithm converged after seven iterations, where convergence was measured by whether the vector

two-norm of successive seasonal and trend iterates was less than .1. Notice that in earlier iterations, some
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Figure 1: Seasonal Iterates
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Figure 3: Optimal Estimates
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seasonality is present in the trend estimates, and some trend is in the seasonal estimates, but this confusion
of signals is gradually weeded out — compare Figures 1 and 2 with Figure 3. In fact, an examination of
the filter weights at the center of the sample (Figures 4 and 5) shows that the reduced model trend filters
are somewhat shorter (i.e., more of their weights are close to zero) than the full model filters. Not only is
the full model trend filter a bit longer than the reduced, but one can easily see the seasonal suppression
that it performs, which is the visual analogue of (4). This simulation example was chosen to demonstrate a
situation where only weak seasonality is present — this allows one to visualize the convergence of the seasonal
iterates. Typically, simulation with more distinct seasonality produced seasonal iterates that had essentially

converged by the first iteration.

Next, we analyzed the U.S. Retail Sales of Shoe Stores data from the monthly Retail Trade Survey, from
1984 to 1998. After adjusting for outliers using X-12 ARIMA, the logged data was fit to an airline model as
in the simulation study. This produced values of § = .572 and © = .336, and innovation standard deviation
.031. The algorithm was initialized with 50) = the zero vector, and under the same convergence criterion,
it converged in 10 iterations. Figures 6 and 7 show the seasonal and trend iterates for the first five years of
data, together with the final estimates. In comparing the squared gains (Figures 8 and 9) for the reduced
and full model filters, one can again see the seasonal suppression of the full model trend filter, whereas the

reduced model gains are comparatively simpler.

Notes on Implementation These plots were produced through Ox code — see Doornik (1998). One may

use a State Space Representation and SsfPack (Koopman, Shephard, and Doornik (1999)) to produce the
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Figure 4: Reduced Model Weights
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various filters, but this is not necessary for the reduced model filters, since their formulas are so simple. The
basic portions of the program were: simulation, estimation, decomposition, filter construction, application
of the algorithm, and visualization of the results. For simulation, we note that the initial values can have a
significant impact on the data generated; this in turn can affect the estimated parameter values and thereby
change the filters. It is necessary to obtain models for the S, T', and I components, and there are two popular
choices. The Structural Models approach estimates the model parameters for the components directly from
the data. The canonical decomposition approach is different in that it first estimates a model for the full
data Y = S + T + I, and then analytically computes component models such that the irregular innovation
variance is maximized — see Hilmer and Tiao (1982). In this paper we have followed the latter approach,

though the second author has done some implementations with Structural Models as well.

Once models for the components are known, we can apply the results of this paper. To compute the
filters F£, and Fgl it is necessary to know, by Proposition 1, ¥, 37, and Xys. These are simply the
Toeplitz autocovariance matrices of the irregular, differenced trend, and differenced seasonal — hence they
are easily obtained from the component models. We chose to use the first formula in Proposition 1 so that
only one matrix inversion would be necessary. Alternatively, these matrices can be produced automatically

by software that does Kalman smoothing, such as SsfPack. Once the filters have been computed, we simply
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Figure 5: Full Model Weights
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apply the algorithm. Again, in our implementation in Ox we produced the full filters F' STT ;and F gT ; from
SsfPack to check the results of the algorithm — the two methods produced identical matrices (up to the error

inherent in iterating our algorithm only a finite number of steps).

6 Conclusion

This paper has linked the trend and seasonal extraction matrices when these components are nonstationary.
Of course, Theorem 1 will apply to any three component model where at least one of the components is
stationary, e.g., trend plus cycle plus irregular econometric models. The algorithm of Section Four presents
a method for building up the correct signal extraction filters from less complicated, more intuitive (and more

commonly used) reduced model filters.

Note that many practitioners may be essentially using the first iteration of this paper’s algorithm, with
the filters F1; and Fg;. In the model-based analogue of the first iteration of the additive X-11 algorithm,
we first estimate trend with a trend extraction matrix for the two-component trend plus irregular model —

we are essentially applying FiL; to the data; if we then detrend, we have

Y — FLY
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Figure 6: Seasonal Iterates for Shoe Sales

~~~~ Iterate 1
< | --- lterate 2
o —— Optimal
™~
o
< _|
o
N
S

I I I I I I I
1984 1985 1986 1987 1988 1989 1990

Year

Then this would be followed up with a seasonal extraction filter for a reduced two component model, which

is F§;. Our resultant seasonal estimate is
s T
Fgr(ln — Frp)Y

which is the first iteration of our algorithm with an initial value of S0 — . Similarly, in the arena of cycle
estimation, one typically first detrends with a low-pass filter and follows up with a high-pass or band-pass
filter to extract the cycle — see Harvey and Trimbur (2003). In this case, one could conceptually replace
the seasonal S above by a cycle component C. Again, this would be step one of our algorithm with an
initialization of zero (here replacing the seasonal with trend and the trend with a cycle). Simulation work
seems to indicate that at least two or three iterations, rather than one, should be performed in order to get
reasonably close to the optimal estimates. This paper suggests that practitioners will obtain better results

by iterating their entire signal extraction procedure a few times.
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and for writing portions of the Ox code used to implement the algorithm of Section 4. He thanks Thomas
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comments.
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Figure 7: Trend Iterates for Shoe Sales
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7 Appendix A: MSE Formulas

In this appendix, we present some formulas for the finite-sample Mean Squared Errors of signal extraction

estimates. We introduce the notations

1 1

Ms = Z (F:?]Fgl)j =(1- F:?]Fgl)i My = Z (Fgngl)j =(1- F51F$I)7
J>0 J>0

which are used in the following theorem.
Theorem 3 The following formulas for the signal extraction MSE’s hold:
MSE[T] = Cov|T — T) = MsFE,%;
MSE|[S] = Cov[S — 8] = MpF§,%;
MSE[I] = Cov[I — ] = %; — S;A'S, AY,
The MSE for the seasonally adjusted data T + I is the same as that of the seasonal S.

Remark 7 These formulas are quite similar to those given for MSE’s of signal from a 2-component (i.e.,

reduced) model, as shown in Bell and Hilmer (1988); it is trivial to show that for the reduced models T'T

and ST respectively,
MSE[T) = FE>;  MSE[S] = F§,%;
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Figure 8: Reduced Model Squared Gain
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Proof of Theorem 3. We prove the first formula.
T-T=T- FSTTIY =(1- FgTI)T - FgTIS - FgTII

Now since ALS = U?, we have
F&S = MgFL s A S L US

which is stationary. Likewise, using A%T = U7T,
-1 -1
(1= Fér)T = (F§) F§p T = (F§;) MrpF§ A% S U
which is also stationary. Now I is orthogonal to U® which is orthogonal to U, so

Cov[T —T) = MsFF 1A Sk Sys S5 s AL S FE Mg
—1/

—1 * — — *
+(FS) MrFSSiAy Sy L Spr So AR S FS, My (FSp)
+ FgTIEIFgTI/
Now the third term is easily seen to be

MgFE S iAL S L AT AL S L ALS B My
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Figure 9: Full Model Squared Gain
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so that the first and third terms sum to
* — * /
MsFf S0 S s NS FEy M’
using Yys = Xys + AEEIAE'. The second term, using the above identity again, is:
MsS 1AL Sy Syr Sy A S M
= MgS AL S r A SIMs' — Mg AL S0 ARSI AL S AL S Mg
= MgF} 510 S0 AL S M
Now adding all the terms together produces
~ 1/
CoulT - T] = M Ffy (S185 Syl A5r + S A7 Sk AR (FE) ™) Bl My
= MsFF, (SrAY S LAY + S AN S L ALS (14 A SEEARS ) FE M
= MsFL S (A S5 AL + A SpLAR) S FE M
This can be further simplified:
-1

— * * — * ! !
X7 (Ag'ZwlsAS + AT/EU%‘AT) Y= 21((FZTI) - FSSI )

/ / -1/
= %r(1 - F§; Ffp ) (Ffy)
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implies that
Cov[T — T) = MsFLx,(1 — FS, ' FL, Mg = MsFL,
We know this must be a symmetric matrix, which can be verified also by writing

-1

51 (AYS A + AYSEAL) Sy = (FE) - (1— FLFS)S,

which yields
Cov[T — T = X, FE, Mg’

This concludes the calculation of the MSE of T, and the computation for S is similar. The formula for I is

given in Bell and Hilmer (1988). The last statement of the theorem follows from the fact that
S+T+I=S+T+1

so that

S—S=(T+I)—(T+I) O

This theorem can be used to compute MSE’s very simply — no Kalman smoother is needed — and the
formulas are easy to implement. They also suggest an iterative approach to computing errors, which —
as in the case of signal estimation — has the advantage of permitting extreme value adjustment and other
non-model based tinkering. The next result computes the variance of the appropriately differenced signals;

as can be guessed, the formulas are similar to that for the MSE of the irregular given above.

Proposition 4 The variance of the differenced seasonal and trend components are given by

Cov[AST) = Syr — ARMSE[T)AL = Syr — AL MgFL S AL

Cov[A%S] = Sys — ASMSE[S|AY = Sys — ASMpFS S A%

where the formulas for the MSE’s are given in Theorem 3.

Proof of Proposition 4. Note that the first equality holds, since the differenced signals have mean zero

(being stationary). Now write

AT = AST — AS(T = 1T) (12)
The first term is just U7, whereas the second term is — using the calculations in the proof of Theorem 3 —
A%(1— F&.)T plus other terms that are orthogonal to UT. Hence
E[AHT —T)UT] = AR(F§) " MrFSSiny Syl Sy
= ALMgY, FE Ay
= AL MgFL Y AL

= ALMSE[T]AY
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using the fact that FL,3; = ZIFQTI/. Now compute the covariance in equation (12), and we obtain the first

formula (with a similar proof for S). O

Remark 8 Alternative formulas for the MSE of differenced trend and seasonal are due to Bill Bell (personal

communication):

CO’U[A:}T] = EUTAS/E‘;}AszUT

Cov[A%S] = Sys Ar/ S ArSy s
These follow simply from the fact that
ALT = ALFLLY = Syr Ag'Sy AY

which has the stated variance. That this expression is equal to the one given in Proposition 4 is not obvious,

but can be shown with a little work. Let B = ALMgFL %A%/ so that

BYy Ay = AL MgFf(1 - Ffp)
= A (1 = Fépp) Fiy
= ApFrp — ApFer Fiy
= Syr Sy r Ay — SprAs'Sy AsSpr S5 AL

= (Syr — SprAs'Syt AsSyr) 5 R AL
using the fact that 1 — Fd., = Mg(1 — F};). Now we can right multiply by
SIAL (ALS AR T S
(the above inverse exists, since A% has rank n — dr) to obtain
B =Xyr — ZyrAg'Syt AsSyr

as desired.

An Algorithm In this section, we present an iterative algorithm to generate the seasonal and trend MSE’s.

Suppose that J iterations are desired.
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Theorem 4 Consider the following algorithm:

5 (0)

Er =1

ES(O) = Fg[

fori = 1toJ
E:T(i) _ F:,rIEAS(Fl) +ET(O)
Es(i) _ FéSIET(i)

end for

ET(J) o EAT(J)F%}EI

ES(J) - ES(J)EI

)

The algorithm converges geometrically fast to ET(M) = MSF%}ZI and Es(m = MTFgIEI.

Proof of Theorem 4. By simple algebra, the Jth iterates are
0o :
Ep "= Z (FQIIFSSI)]FQTIEI
0o :
Es = = Z (FglFJTI)JFgIEI
Hence, the two-norms of the Jth iterates minus the true MSE’s are bounded by

J
> NEEFSDINFE 1l
G>J+1

Z I(FS FED IS 21l
J>J+1

which tend to zero at geometric rate, since the 2-norms are bounded above by one. O

It turns out that the MSE iterates above are approximately equal to the MSE’s of the signal extraction

iterates:

Proposition 5 The MSE’s of T and S are equal to the Jth iterates in Theorem 4 above, plus some

error that is order O(n? 1) for some n < 1.

Proof of Proposition 5. Let Mé']) = E;‘I:o (FTTIFgl)j, and similarly define MI(JI). Then
T -1 = (1 - M Ff (1= F§)T - M P (1 - F§)S — MG FE (1 - F3)I
and the first term simplifies to

J J J+1 J J
I_Mé )FIZI‘FMé )FITIFSSI:Mé+)_Mé)+Mé)(l_F7TI)
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which operates on T. Now the matrix M{TY — MY denoted by ¢(), has 2-norm of order 77+, where

n = ||FE,Fg|l,. It follows that

Cov[T — T = M§S, A/ S0 L Spe S b ALS ME
!
+ MY FL S AL S LS ps S s AS P M
J / 1y (J)!
+ M FE (1 - F§)S(1 - F§) FE MG

4 0(77]+1)

where the last term is to be interpreted in terms of the matrix 2-norm. Now by the same arguments used in

the proof of Theorem 3, the first three terms above simplify to

_ . / . J+1
M EL s Ms™ MY = M FL (1 (FSFE)T)

which is MéJ)FTTIE] plus terms that have matrix 2-norm of order O(n”*1). As seen in the proof of Theorem
4,
MY RS — B

as desired. The same proof holds for the seasonal iterates. O

8 Appendix B: Technical Proof

Herein is an algebraic proof of equation (8). We first verify this equation left multiplied by A:
AFSr =A—-AS NS A
=(Sw —-ASA) S A
- (AT Sys Ap + Ag Sy AS’) N

=AFSp +AFgp,
where the last line follows from
AFL = Ag AR Fhr = Ag[01, g, ]Ar Firp = AsT = Ag Spr Ag S5t A

and a similar expression for A F5.;. Next, we show that (8) is valid when left multiplied by [140]. We need
to write out A;l explicitly; write

la, 0

Gr Hr

Ap =
with G a n — dr by dr matrix, and Hr a square n — dr dimensional lower triangular matrix. So Hrp is
invertible, and it is easy to check that

- 14
AL
~H;'Gr Hj
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We use the same notations for Agl. Then it follows that
T
—[las O/H; ' Gr T + [145 O|H; ' T

la, 0 . _lo .
o |71, [las O Hy " Gp | T+ [las OJHy T
d

[1d 0] FgTI =

s

In a similar fashion, we compute

14 0 B — 0 _
[140] F§pp = - [la, 0 Hg' Gs | S+ [la, OJHG'S
0 1dT 1dT

Now, the actual entries of Hy and Hg are
(HT)ij = _51‘T—j (Hs)ij = _51‘5—]‘
from which the inverses are easily calculated to be
—1 -1
(HT)ij = sz—J (Hs)ij = f—j

Likewise we can write

1 1
dr Gs = A% ds
0 0

Gr = A}

Now [0144])'[144 0] times H;l is just C; times [lgg Oggn—da), with a similar result involving Cy for FgTI.
Next, we claim that the coefficient matrices of T and S are
[Lar 0] — Ci [las 0] A7 [1a, O = Hy (13)

[lds O]/ —Cs [1dT O] Ag‘[lds Oy = H,

First, computation reveals that

n—dg
(C2 []‘dT 0} Ag)ij = Z ff—k—ds(*(slf—ﬁds)
k=1
ds
= > e,
l=1—j+ds
ds—j

Z 5295297]'71 + 1gi=j3
=0

which is the jth entry of the column vector —Af , plus the Kronecker delta 1,—;3. This calculation uses a
change of variable, the fact that §° is an order dg polynomial, and the coefficient expansion of 6% (x)¢° (x) = 1,

as well as the definition of Af . Representing this result in matrix form gives
0 0

Collay 1A% = | —45,, 14y | [1a0]
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From this it follows that
Co [Lay O] A% = [140] — Ha [Lg, 0] (14)
C1 [1ag 0] A = [140] — Hy [144 0]
A little matrix algebra now produces (13). Hence
[140] F&p; = HiT + Cy [1a, 0] Syr As' Syt A
[140] F7; = HoS + C [145 0] Sys Ar Syt A
Now we must investigate the initial value estimation matrices T and S. Define
Q=1[140] - (01 [lay 0] Spr Ag' St A+ Oy [1g, 0] Sps A’ S5 A)
Then, using the fact that
Sws = Sys + AL S AL
Swr = Syr + AR A%
we can write
T =[la, 0] J (Q — C2 [Las 0] A5 (1 — Fry))
5 =[014,] 7 (Q — C1 [Lay O] AT (1~ Fry))
Putting this all together, using [Hy 0]J + [0 Ho]J = 14, we obtain
[140) Féry + [140) F§7; = Hi T+ H2 S+ [140] - Q
= [H10]JQ + [0 H2] JQ + [140] — Q
= ([H10]JCs [Lag 0] Af + [0 Ho] JC [1ay 0] A7) (1 = Fy)
= [140] — ([H1 0] JCa [Las 0] A% + [0 Ho] JCy [1az 0] A%) (1 — FSyy)
Using the above (14), we have the coefficient of 1 — F$,.; equal to
[H10]J ([140] — [H0)) + [0 Ha) J ([140] — [H: 0])

la, O J1 0 0 _ 1 0 0 J-1 lay
0 1lg. O 0 14

= [140] = J "

o

S

= [1a0]
Thus we’ve shown (8) left multiplied by [140], and hence
AFip; + AFgy; = AFSy,

where

is an invertible matrix. Inverting this expression now yields (8) as desired.
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