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ABSTRACT
We address an exact noise power gain (NPG) matrix for the
p-shift linear time-variant transversal finite impulse response
(FIR) estimator intended for filtering (p = 0), p-step prediction (p > 0), and p-lag smoothing (p < 0) of discrete-time Kstate space system models with M states measured. We also
propose a new error bound (EB) formed in the three-sigma
sense with the NPG and measurement noise variance. A fast
iterative algorithm for NPG and EB of the p-shift unbiased
FIR estimator is provided along. It is demonstrated that the
unbiased FIR and Kalman estimates well range within a gap
between EB and −EB.
1. INTRODUCTION
A distinct advantage of the transversal finite impulse response (FIR) estimators against the recursive infinite impulse
response (IIR) ones is the imbedded bounded input/bounded
output (BIBO) stability. This fact was mentioned by Johnson
in [1], while extending the optimal Wiener filter theory to
finite discrete time n, and supported with an asymptotic for2 . Soon after,
mula for the output noise power (variance) σout
in [2], Blum generalized Johnson’s result and showed that
2 to the input noise power
there exists an exact ratio of σout
2
σin . This ratio is now known as the noise power gain (NPG).
During decades, the NPG metric has been invoked to
many investigations as a convenient measure of noise reduction and denoising. After Blum [2], Trench proved in [3] that
NPG for white Gaussian noise is the sum of the square coefficients of the finite impulse response (FIR) filter gain h(n)
of length N,
N−1
σ2
=
NPG = out
∑ h2 (n) .
σin2
n=0
From [2], we also learn that polynomial signals with white
Gaussian noise make NPG equal to the FIR filter gain at zero.
These and other useful properties of NPG associated with
polynomial signals were recently outlined in [4–6]. We meet
NPG as a characteristic of FIR filters, predictors, smoothers,
and differentiators in [4–13] and in many other papers. In a
somewhat sophisticated way the concept of NPG was used in
[14] while analyzing an unbiased impulse response estimator
and in [15] to characterize errors in adaptive filters. Some
authors determine NPG via the noise transfer function [16],
following Trench [3] and the development made by Kuo [17].
It can also be noticed that NPG suitable for unbiased filtering
is a special case of the noise figure [18] commonly used in
wireless communications.
The aforementioned results relate to single input/single
output (SISO) estimators. One of us discussed in [19] the
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NPG matrix for single input/multiple output (SIMO) ones.
Still no NPG form was addressed for multiple input/multiple
output (MIMO) estimators associated with M states measured in the K-state model. The estimate error bound (EB)
was not proposed for the MIMO estimators as well.
Below, we develop NPG for the p-shift time-variant
MIMO estimator intended for filtering (p = 0), p-step prediction (p > 0), and p-lag smoothing (p < 0) of linear discrete time-varying state-space models. Based upon the NPG
form proposed, we specify the EB in the three-sigma sense
via the measurement noise variance and investigate it numerically. We show that the unbiased FIR and standard Kalman
estimates range well within a gap between EB and −EB.
2. SIGNAL MODEL
Consider a time-varying model, measured in the presence of
additive noise and represented with the state and observation
equations, respectively,
xn
yn

= An xn−1 + Bn wn ,
= C n xn + D n vn ,

(1)
(2)

where xn ∈ ℜK and yn ∈ ℜM are the state and observation vectors, respectively. Noise wn ∈ ℜP is zero mean,
E{wn } = 0, with any distribution and known covariance
function. Noise vn ∈ ℜM is also zero mean, E{vn } = 0,
but represented in white Gaussian approximation with known
2 . Vectors w and v are supposed to
variances, σ12 , . . . , σM
n
n
be mutually independent and uncorrelated, E{wi vTj } = 0,
for all i and j. Here, An ∈ ℜK×K , Cn ∈ ℜM×K , Bn ∈ ℜK×P ,
and Dn ∈ ℜM×M .
On a finite interval of N points, from m = n − N + 1 to n,
the p-shift estimate of xn can be found via the convolution
[21] with the K × MN FIR gain H , H(n, N, p) [19,20]. For
such an estimator, the estimate noise en (output) caused by
vn (input) can be determined at n + p as
en+p = HVn,m ,

(3)

where H must be³substituted with HD
´ n,m if Dn is not identity, Dn,m = diag Dn Dn−1 . . . Dm , and the MN × 1 obser|
{z
}
vation noise vector is

N

£
¤
T
T T
Vn,m = vnT vn−1
. . . vm
.

(4)

The estimate noise K × K covariance matrix J ,
J(n, N, p) can thus be written as

980

= E{en+p eTn+p }

J

(5a)

T
HE{Vn,m Vn,m
}HT

=

(5b)

,

where E{x} means an average of x.
The problem now formulates as follows. We would like
to investigate (5b) and derive an exact NPG matrix in order to
evaluate the main and cross denoising effects in the estimator
channels. We also wish to find a computationally efficient
form for NPG and consider a typical example.

The main component Kk(kk) = hkk hTkk occupies a central
place in (12), representing the k-to-k channel. Other important ones, Kk(vv) = hkv hTkv , v 6= k, placed on the main diagonal characterize the k-to-v channels. The remaining ones
Kk(vg) = hkv hTkg , g 6= k 6= v, g ∈ [1, K], play rather an auxiliary role. They represent interactions in the estimator channels and complete the noise reduction picture.
3. ERROR BOUND
Provided Kk , the estimate error bound (EB) can be specialized in the three-sigma sense as follows:
1/2

EBk(vg) (n, N, p) = 3σk Kk(vg) (n, N, p) ,

2.1 Noise Power Gain in State Space
In order to specify NPG in state space, (5b) can be transformed for the white Gaussian components in Vn,m to
J = HΦHT ,

(6)

where
Φ

T
}
(7a)
= E{Vn,m Vn,m
³
´
2
2
2
. . . σ12 . . . σM
= diag σ12 . . . σM
σ12 . . . σM
. (7b)
|
{z
}
MN

By (7b), the covariance matrix (6) acquires an equivalent
form of
2
J = σ12 K1 + σ22 K2 + · · · + σM
KM ,

(8)

in which Kk , Kk (n, N, p), k ∈ [1, M], is the generic K × K
NPG matrix associated with the kth measured state,
Kk = Hk HTk ,

(9)

where the generic K × N gain Hk , Hk (n, N, p) is composed
by Kth columns of H starting with the kth one. The generic
NPG matrix is hence formed as Kk = σ12 Jk , where Jk is as-

where σk is the measurement noise standard deviation, Kk(vg)
is a component in (12), and an index k(vg) means that EB
is specified for the interacting vth and gth estimator channels
via measurement of the kth state.
By the components of (12) placed on the main diagonal,
the relevant value EBk(vv) (n, N, p) characterizes denoising in
the k−to−v channel.
In what follows, we specify (12) and (13) for the timevariant unbiased FIR estimator and compare its estimates
with the Kalman ones, considering a simple example.
3.1 EB for the Unbiased FIR Estimator
Observing (8), one infers that J becomes zero valued if all
of the generic gains (9) acquire zeroth components. Because noise prevents such an ideal situation, estimators are
commonly optimized in different sense such as the minimum
MSE, minimum variance, or minimum bias. Below, we derive NPG for the unbiased FIR estimator with Dn identity.
It follows from [19, Eq. (33)] that the unbiased gain for
time-invariant models is the product of a power of A and an
auxiliary matrix composed with A and C. If to substitute the
former with the multiplication of the time-variant matrices
An and C with Cn then the gain becomes suitable for timevarying models; that is,
n+p−m−1

k

sociated with the kth constituent in the series (8).
Most generally, Hk can be written as
Hk =

£

hTk1

...

hTkk

...

hTkK

where hkv , hkv (n, N, p), v ∈ [1, K], is
hkv =

£

hkv0

hkv1

...

hkv(N−1)

¤T
¤

(10)

(11)

and the p-shift generic component hkvi , hkvi (n, N, p), i ∈
[0, N − 1], represents an estimator channel gaining the kth
input to the vth output at n. The K × K NPG matrix (9) can
hence be represented in the form of





Kk = 




Kk(11)
..
.
Kk(k1)
..
.
Kk(K1)

...
..
.
...
..
.
...

Kk(1k)
..
.
Kk(kk)
..
.
Kk(Kk)

...
..
.
...
..
.
...

Kk(1K)
..
.
Kk(kK)
..
.
Kk(KK)

H̄ =

∏
i=0

,






.




(13)

An+p−i (CTn,m Cn,m )−1 CTn,m ,

where the MN × K matrix Cn,m is

n−m−1
Cn ∏ An−i

i=0

n−m−1

 Cn−1 ∏ An−i
Cn,m = 
i=1

..


.

Cm+1 Am+1
Cm

(14)







.





(15)

Saving the kth row in each Ci , i ∈ [m, n], as C̃i allows us
to specify the generic gain via (14) as
n+p−m−1

H̄k =

(12)

∏
i=0

An+p−i (C̃Tn,m C̃n,m )−1 C̃Tn,m ,

(16)

in which C̃n,m is Cn,m thinned by C̃i . Then substituting (16)
to (9) gives us the generic NPG matrix
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1.6
1.4

K̄k

∏

=

i=0

Ã

n+p−m−1

∏
i=0

Time-invariant filtering

1.2

An+p−i (C̃Tn,m C̃n,m )−1
An+p−i

!T

.

(17)

Further representing (17) as (12) determines the required
components. Because NPG must be provided in line with
the estimate, a computational problem may arise in the batch
form (17) when N is large. The following theorem states a
fast iterative algorithm for (17), which proof is postponed to
Appendix A,
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Provided fast computation of NPG, by (18) (theorem 1),
the error bounds for main and interacting channels can easily
be computed employing (13).

where we let dn = 5 for 160 6 n 6 200 and dn = 0 otherwise.
The variances of the independent and uncorrelated zero mean
white noise sequences in the first state x1n and second state
2 = 10−4 and σ 2 = 4 × 10−6 /s2 ,
x2n were allowed to be σx1
x2
respectively. Measurement of the first state was organized
2
with noise having the variance σ1 = 0.225.
The process was simulated at 400 points. The timeinvariant and time-varying unbiased FIR and Kalman filters
were applied in order to estimate the first state. In the timevarying case, we used (19) and the time-invariant one was
organized by letting dn = 0 in (19) over all measurement.
Following [22], optimum averaging intervals were found to
be Nopt = 29 and Nopt = 14 beyond and within the variation
region, respectively.
Figure 1 illustrates typical errors in the time-invariant
(Fig. 1a) and time-varying (Fig. 1b) filtering. Here, EB
(dashed) was calculated by (13) with k = 1 and v = 1. As
can be seen, mismatch between the estimator and model in
the region of variations causes errors in the time-invariant estimates to exceed the bounds (Fig. 1a). In the time-varying
case (Fig. 1b), the estimate well range within an gap between
EB and −EB. One can notice that there is no substantial difference between the errors produced by the Kalman and unbiased FIR estimates (Fig. 1), since the latter is near optimal.
This observation suggests that EB can be applied for Kalman
filtering as well.

N = 14
0.4

? 1.4

where l ranges from K to n, an initial gain value K̄k (K −
1, N, p) is computed using (17), Θl is given by (A.10), and
the true gain corresponds to l = n.

To illustrate efficiency of the error bound (13) proposed, we
consider below a simple case of (1) and (2) with measurement of the first state saving only the first term in (8). The
model is specialized with Bn = I, Cn = [ 1 0 ], Dn identity,
and
·
¸
1 (1 + dn )τ
An =
,
(19)
0
1

Kalman

0.6

? 1.2

(18)

4. EXAMPLE
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−1 T
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Figure 1: Typical estimate errors of the first state produced
by the two-state unbiased FIR and Kalman filters: (a) timeinvariant filtering and (b) time-varying filtering. EB and
−EB are dashed.
5. CONCLUSION
In this paper, we specified the NPG matrix for a p-shift discrete time-variant state-space MIMO FIR estimator. A computationally efficient iterative algorithm for the generic NPG
was provided along. Employing the concept of NPG, we also
specialized the error bound EB (13) in the three-sigma sense.
The Kk(kk) component is principle in the generic NPG
matrix (12). It characterizes denoising in the estimator
k−to−k channel. Other critical ones Kk(vv) placed on the
main diagonal of (12) characterize the k-to-v, v 6= k, channel. The remaining components Kk(vg) , k 6= v 6= g, represent interactions in the estimator channels and can be invoked to complete the noise reduction picture, although it has
rather a theoretical meaning. A numerical example given for
k = v = g = 1 confirms that the estimate errors are efficiently
bounded with EB (13).
Overall, one may deduce that EB formed via NPG and
the measurement noise variance can serve as an efficient
measure of errors in optimal and suboptimal transversal estimators. They may also be used to bound the recursive
Kalman estimates. Therefore, deeper studies of EB should
certainly be a special topic for further investigation.
A. ITERATIVE COMPUTATION OF THE GENERIC
NPG MATRIX
Consider (17), substitute n with an iterative variable l and
rewrite K̄k (n, N, p) (17) as
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The gain at l − 1 can now be written as
l+p−m−1

∏

K̄k (l, N, p) =

i=0

Ã

Al+p−i (C̃Tl,m C̃l,m )−1

l+p−m−1

×

∏

Al+p−i

i=0

!T

T T −T
K̄k (l − 1, N, p) = A−1
l+p Γl Al Fl−1 Al Γl Al+p

(A.1)

,

that allows us to transform (A.6) to
K̄k (l, N, p)

where l ranges from K to n, because the inverse in (A.1) does
not exist with l < K. Assign
T
P−1
l = C̃l,m C̃l,m ,

Pl

l−m−1

l−m−1

×

∏
i=0

×C̃Tl C̃l

Ã

Al−i Pl−1

∏

Al−i

i=0

#−1 Ã

i=0

!T

l−m−1

∏
i=0

Al−i

!T
(A.4)

Introduce
Fl =

∏

l−m−1

Al−i Pl

i=0

Ã

∏
i=1

i=0

Ã

Al−i

l−m−1

l−m−1

Fl−1 =

∏

!T

Al−i Pl−1

∏
i=1

Al−i

,

!T

,

apply to (A.4), assign Ξl = ATl C̃Tl C̃l Al , follow [19], and
arrive at the recursive form of
Fl

= Al Fl−1 ATl − Al Fl−1 (I + Ξl Fl−1 )−1
×Ξl Fl−1 ATl .

(A.5)

Next, refer to (A.2) and (A.5) and rewrite (A.1) as
K̄k (l, N, p) = Γl Al Fl−1 ATl ΓTl − Γl Al Fl−1
×(I + Ξl Fl−1 )−1 Ξl Fl−1 ATl ΓTl ,(A.6)
where Γl , Γl (p) depends on p as
 Ã
!−1
|p|−1




,
∏ Al−i


i=0
Γl =
I,


p−1




∏ Al+p−i ,
i=0

T
−1
Θl = ATl+p Γ−T
l C̃l C̃l Γl Al+p .

C̃Tl C̃l

Al−i Pl−1 .

l−m−1

Θl K̄k (l − 1, N, p)ATl+p ,

(A.9)

(A.10)

Note that, for time-invariant models, (A.9) transforms to
[19, Eq. (58)]. By (A.3), the form (A.9) readily converts to
(18).

l−m−1

∏

×[I + Θl K̄k (l − 1, N, p)]−1

(A.3)

and represent Pl via (15) as follows:

= Pl−1 − Pl−1 I +

−Al+p K̄k (l − 1, N, p)

where Θl is given by

(B + D)−1 = B−1 − B−1 (I + DB−1 )−1 DB−1 ,



= Al+p K̄k (l − 1, N, p)ATl+p

(A.2)

employ the matrix inversion lemma [23],

(A.8)

p<0

(smoothing)

p=0

(filtering)

p>0

(prediction)

. (A.7)

REFERENCES
[1] K. R. Johnson, “Optimum, linear, discrete filtering
of signals containing a nonrandom component,” IRE
Trans. Information Theory, vol. 2, pp. 49–55, Jun.
1956.
[2] M. Blum, “On the mean square noise power of an optimum linear discrete filter operating on polynomial
plus white noise input,” IRE Trans. Information Theory, vol. 3, pp. 225–231, Dec. 1957.
[3] W. F. Trench, “A general class of discrete timeinvariant filters,” Journ. of the Society for Industr. and
Applied Mathem., vol. 9, pp. 405–421, Sep. 1961.
[4] Y. S. Shmaliy, “Unbiased FIR filtering of discrete-time
polynomial state-space models,” IEEE Trans. Signal
Process., vol. 57, pp. 1241–1249, Apr. 2009.
[5] Y. S. Shmaliy, “An unbiased p-step predictive FIR
filter for a class of noise-free discrete-time models
with independently observed states,” Signal, Image
and Video Process., vol. 3, pp. 127–135, Jun. 2009.
[6] Y. S. Shmaliy and L. J. Morales-Mendoza, “FIR
smoothing of discrete-time polynomial signals in state
space,” IEEE Trans. on Signal Process., vol. 58, pp.
2544–2555, May 2010.
[7] S. Y. Hwang, “Minimum uncorrelated unit noise in
state-space digital filtering,” IEEE Trans. Acoust.,
Speech, Signal Process., vol. ASSP-25, pp. 273-281,
Aug. 1977.
[8] P. Heinonen and Y. Neuvo, “FIR-median hybrid filters
with predictive FIR structures,” IEEE Trans. Acoust.
Speech Signal Process., vol. 36, pp. 892-899, Jun.
1988.
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