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Abstract— Vibration rejection using feedforward control ar-
chitecture is presented in this paper showing that both input
and output vibration rejection can be utilized as one problem.
Wiener solution to this problem is derived by using numerical
data. Two fast convergence feedforward control algorithms
are developed and analyzed to solve the slow convergence
rate of Fx-LMS algorithm when underlying inputs are highly
correlated. Theoretical results show that the Orth.-X algorithm
can always improve the convergence rate over Fx-LMS algo-
rithm while the Orth.-A algorithm outperforms the Fx-LMS
algorithm conditionally. Then numerical examples are given in
details to show the procedure of analyzing the provided al-
gorithms. Moreover, comprehensive simulation results coincide
with the numerical analysis.

Index Terms— Vibration rejection, Fx-LMS, orthogonal
transform, eigenvalue spread, fast convergence, autocorrelation
function, cross-correlation function

I. INTRODUCTION

Control methods for disturbance rejection have attracted
great interest from researchers both in controls and signal
processing communities ever since 1930’s [1]. The term ”dis-
turbance” can be ”noise” or ”vibration” in reality, resulting
in active noise cancellation or vibration rejection [2], [3].
Due to the knowledge of the disturbance, the controller can
be designed either in a feedback, or a feedforward fashion.
A pictorial example given in [4], where non-negligible
non-repeatable runout (NRRO) exists in a hard disk drive
(HDD). Usually NRRO cannot be measured and what is
available to control design is its spectrum, therefore, only
feedback controller can be considered to have the ability
to suppress the vibration within its bandwidth. However, if
we somehow know the disturbance, a feedforward controller
can be designed to reject the disturbance. In [5], frequencies
of the disturbance are available, therefore, both direct [6]
and indirect [7] adaptive methods are developed based on
the known frequencies, known as narrow-band disturbance
rejection. Meanwhile, if we can measure the vibration with
a sensor, then a disturbance rejection can be considered no
matter the disturbance is narrow- or broad-band [8]. In this
case, the filtered-x least meas square (Fx-LMS) is known as
an effective method to reduce the disturbance effect at the
performance side [2].
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Fig. 1. Vibration at output side.

When the eigenvalues of the input signal underlying cor-
relation matrix are widely spread, LMS type algorithms that
use a transversal tapped delay line (TDL) structure gives poor
convergence characteristics even though they are simple and
efficient [1]. The recursive least square (RLS) was developed
as a method to extract past information to dissociate the
present input signal, but suffers from high computational cost
[9]. Another choice to decorrelate the input signal is to use
a transform such as the discrete Fourier transform (DFT),
the discrete cosine transform (DCT) or the lattice predictor
[10]. These approaches considered as self-orthogonalizing
adaptive filters or transform domain adaptive filters (TDAF)
usually save computational cost and are independent of
the input signal characteristics. They can be analyzed by
comparing the eigenvalue spread of underlying correlation
matrix before and after the transform.

This paper discuss the vibration rejection in an feedfor-
ward fashion, meaning that a signal that is correlated to
the vibration, is available to use. Two lattice predictor based
algorithms are developed and analyzed to outperform the Fx-
LMS algorithm in regarding the convergence rate.

Firstly, cases that vibration is either at output side or the
input side are addressed and utilized as one problem. The
Wiener solution (optimal) of the vibration rejection problem
is given in Section.II. Two TDAF algorithms based on lattice
orthogonal transform are provided in Section.?? aimed to
speed up the convergence rate over conventional Fx-LMS
algorithm. The adaptive lattice-based orthogonalization and
analysis are given in Section.IV. Numerical examples and
simulations are given in Section.V while Section.VI draws
the conclusions.

II. PROBLEM STATEMENT

A. Vibration at Output

The blocks G and CF in Fig. 1 respectively denote
a linear-time-invariant (LTI) plant and an LTI feedback
compensator that form a stable closed–loop system. This
nominal controller can be continuous or discrete time, and
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Fig. 2. General case.

it generally provides disturbance rejection across a broad
frequency spectrum. On the other hand, the feedforward
adaptive controller, denoted by CA, provides compensation
for the special disturbance denoted by v̄(k). The source of this
disturbance, v(k) pollutes the system after passing through an
unknown transfer function (primary path) P̄. The signal a(k)
is an implicit measurement of v(k) by using an additional
sensor represented by S D. Since our design does not depend
on whether the plant/nominal controller are continuous or
discrete time, we assume that both G and CF are discrete
time systems to make notations simpler and z is the discrete
time frequency domain variable.

The nominal feedback controller CF is designed to atten-
uate broad–band disturbance n̄ that contaminates the output.
The special disturbance that should be compensated by the
adaptive controller is denoted by v̄, and without loss of
generality, we assume that it contaminates the plant output.
The case that the disturbance contaminates the plant input
will be discussed rigorously later and will be shown that for
both cases, the controller design procedure is the same. From
Fig.1, we have

e =
G

1+GCF
(uE +uA)+

1
1+GCF

n̄+
1

1+GCF
v̄.

The stable closed-loop system and the sensitivity function
are

R(z) :=
G(z)

1+G(z)CF(z)
, S (z) :=

1
1+G(z)CF(z)

. (1)

By defining

n := S (z)n̄, (2a)
vb := S (z)v̄, (2b)

we have

e = R (uE +uA)+n+ vb, (3)

which is shown in Fig.2 with uE an exogenous excitation sig-
nal that needs to be carefully designed when R is unknown.

Our design is based on an abstract LTI dynamics from
the adaptive control (uA) injection point to the error signal
(e) which is denoted by R(z) as shown in Fig.2. The only
requirement for R(z) is that it should be stable which is
always true in this example for that CF stabilizes G. It should
be emphasized that R(z) can be non-minimum phase.

B. Vibration at Input

For the case that the disturbance contaminates the plant
input as shown in Fig.3, we have

e =
G

1+GCF
(uE +uA)+

1
1+GCF

n̄+
G

1+GCF
v̄.
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Fig. 3. Vibration at input side.

By using the notations in (1) and (2a), and defining

vb := R(z)v̄, (4)

we have the same final equation shown in (3). Since vb
in (2b) and (4) are both unknown, and we don’t use any
information from vb, it doesn’t matter whether the vibration
is injected at the input side or the output side for that the
feedforward controller design procedure is exactly the same.
Without loss of generality, we will discuss the feedforward
controller design for the general case shown in Fig.2.

C. Design Objective

Our objective is to synthesize an adaptive controller that
only uses the scalar–valued error signal e(k) and a(k) to
generate a feedforward control uA(k) such that it minimizes
the effect of vb(k) on the error signal e(k). We call it a feed-
forward controller because when the system dynamics and
disturbance profile are time–invariant, CA will not depend on
the error signal e(k) once the control law is learned.

The transfer function R(z) in time–domain is described by

R(q−1) :=
B(q−1)
A(q−1)

,

where q−1 denotes the one–step delay operator. The polyno-
mials A(q−1) and B(q−1) are

A(q−1) : = 1+a1q−1+a2q−2+ · · ·+anA q−nA ,

B(q−1) : = b1q−1+b2q−2+ · · ·+bnBq−nB ,

and their coefficients are either known or unknown. Notice
that here we assume that the system R(z) has one step time
delay, however, for system with no or multi-step delay, the
algorithms developed in this paper can be easily adjusted.

Throughout this paper we assume that n can be whitened
through A(z) which implies that a white noise w(k) can be
defined such that

w(k) = A(q−1)n(k). (5)

The vibration vb in the whole paper is modeled as

vb(k) =
D(q−1)
A(q−1)

a(k), (6)

indicating that the vibration shows up in the final error can
be modeled by passing the acceleration signal through the
unknown filter D(q−1)

A(q−1) . Therefore from (3), (5) and (6), we
have the following representation

A(q−1)e(k) = B(q−1)u(k)+D(q−1)a(k)+w(k). (7)

1116



Since a(k) is available, our goal is to find a controller
H(q−1) and generate the control input by passing a(k)
through an finite impulse response (FIR) filter or equivalently

u(k) = H(q−1)a(k) = φT
a (k)θH , (8)

such that the output e(k) is minimized, where the regressor
φa(k) and the controller parameter vector θH are

φT
a (k) := [a(k),a(k−1), · · · ,a(k−N)] ,

θTH := [h0,h1, · · · ,hN].
(9)

III. WIENER SOLUTION

Here in this paper, we only consider the case when the
system function R(z) is known, therefore, uE(k) = 0 and
u(k) = uA(k). The control objective consists in finding the
optimal FIR filter H? that minimizes the following cost
function,

H? = arg
{

min
H∈RnH+1

E{e2}

}
= arg

{
min

H∈RnH+1

∥∥∥∥∥D(z)+B(z)H(z)
A(z)

∥∥∥∥∥
2

}
,

(10)

where

E{e2} = E{e2(k)} = lim
K→∞

1
K

∑K

k=0
e2 (k),

is the variance of the output signal and the symbol ‖·‖2
denotes the H2 norm of its inside elements.

The optimization problem in (10) can be solved by the
classical Wiener filtering theory when the plant and vibration
models are known. Define the variable x(k) which satisfies

A(q−1)x(k) = −B(q−1)a(k), (11)

and from (6) and (7) we will have

e(k) = vb(k)−H(q−1)x(k)

= vb(k)−φT
x (k)θH ,

(12)

where φT
x (k) := [x(k), x(k−1), · · · , x(k−N)]. By applying the

orthogonality principle,

E{φx(k)e(k)} = 0,

the optimal FIR parameter vector θ?H is the solution of the
following equation,

E{φx(k)vb(k)}−E{φx(k)φT
x (k)}θ?H = 0,

which is

θ?H =
E{φx(k)vb(k)}
E{φx(k)φT

x (k)}
. (13)

In application, θ?H can be estimated using least mean squares
(LMS) or recursive least-squares (RLS) algorithms.

The basic algorithm to find the FIR parameter adaptively
is the Fx-LMS. The filtered-x recursive least squares (Fx-
RLS) can also be used when the controller order is low
or the digital signal processor (DSP) is fast enough to
handle high computational complexity. As is known, Fx-
LMS results in low convergence rate when the input signals

to the tap weights are highly correlated while Fx-RLS is
too computational intensive. There are methods known as
orthogonalization transform that slightly increase the compu-
tation but result in faster convergence rate than LMS. Here
in this paper, two orthogonalization transform algorithms are
considered to improve the convergence rate of the adaptive
vibration rejection processing.

A. ORTHOGONALIZED-X BASED ALGORITHM

From (8), the feedforward control is updated using

u(k) = φT
a (k)θ̂H(k−1). (14)

We know that the orthogonalization is nothing more than
a linear transform. In order to simplify the procedure of
developing lattice predictor based algorithms, for the signal
x(k) computed from (11), there exists a non-singular matrix
Lx, such that

bx(k) = Lxφx(k), (15)

with the orthogonal property

E{bx,i(k)bx, j(k)} = 0, if i , j, for i, j = 0,1, · · · ,N, (16)

where bT
x (k) =

[
bx,0(k),bx,1(k), · · · ,bx,N(k)

]
.

Parameters θ̂x(k) related to bx(k) can be updated using the
step-normalized LMS algorithm

σ2
x,i(k) = βσ2

x,i(k−1)+ (1−β)b2
x,i(k),

θ̂x,i(k) = θ̂x,i(k−1)+
2µ0

σ2
x,i(k)

bx,i(k)e(k), (17)

where β is the forgetting factor. (17) is equivalent to using
different step-size parameters at different taps. Especially,
each step-size parameter is chosen proportional to the inverse
of its associated input signal power. Observing this, (17) is
referred to be a step-normalized LMS recursion to prevent
confusion between normalization applied to TDAFs and the
standard NLMS algorithm [11]. Parameters before and after
the transform has the following relationship,

θ̂H(k) = LT
x θ̂x(k). (18)

The algorithm developed here will be referred as Orth.-X
algorithm which means this algorithm is based on the orthog-
onalization of the filtered signal x(k). A brief description of
the Orth.-X algorithm is illustrated in Algorithm.1.

For an adaptation like (17) where each element in θ̂x(k)
is estimated individually with a step-normalized LMS, the
convergence rate of the algorithm can be justified by the
eigenvalue spread of the following normalized matrix

Rn
b = D−

1
2 RbD−

1
2 , (19)

where Rb = E
{
bx(k)bT

x (k)
}
,. and D is formed by the diagonal

elements of Rb i.e., D = diag {Rb} . The eigenvalue spread of
a matrix M is noting as

ρ(M) =
λmax(M)
λmin(M)

, (20)
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Algorithm 1 Orthogonalize x(k)
1: procedure ORTH X(N)
2: Read a(k) and update φa(k) . (9)

3: Compute u(k) and inject it to the system . (14)

4: Filter a(k) to obtain x(k) . (11)

5: Orthogonalized x(k) to obtain bx(k)
6: Update θ̂x(k) . (17)

7: Compute θ̂H(k) . (18)

8: end procedure

with λmax(M) and λmin(M) the maximum and minimum
eigenvalue of the matrix M, respectively.

The advantage of Orth.-X algorithm is that elements in
bx(k) are uncorrelated. However, we need to find θ̂H(k) from
θ̂x(k) in order to compute the control input u(k) in (14).

B. ORTHOGONALIZED-A BASED ALGORITHM

For the signal a(k), there exists a nonsingular matrix La,
such that

ba(k) = Laφa(k), (21)

with the property

E{ba,i(k)ba, j(k)} = 0, if i , j, with i, j = 0,1, · · · ,N, (22)

where bT
a (k) =

[
ba,0(k),ba,1(k), · · · ,ba,N(k)

]
. The regressor we

used for updating the weights will be ra(k) with rT
a (k) =[

ra,0(k),ra,1(k), · · · ,ra,N(k)
]
, where

A(q−1)ra,i(k) = B(q−1)ba,i(k), for i = 0,1, · · · ,N. (23)

However, usually the orthogonality for elements in ra(k) is
not being preserved, i.e., usually

E{ra,i(k)ra, j(k)} , 0, for i, j = 0,1, · · · ,N. (24)

Parameters θ̂r(k) related to ra(k) can be updated using the
above mentioned step-normalized LMS,

σ2
r,i(k) = βσ2

r,i(k−1)+ (1−β)r2
a,i(k),

θ̂r,i(k) = θ̂r,i(k−1)+
2µ0

σ2
r,i(k)

ra,i(k)e(k). (25)

The control input can be directly generated by utilizing
ba(k) and θ̂r(k) as

u(k) = bT
a (k)θ̂r(k−1). (26)

It is easy to show that (14) and (26) are equivalent.
The algorithm based on the orthogonalization of signal

a(k) is described as Algorithm.2.
The advantage of Orth.-A algorithm here is we don’t need

to find θ̂H(k) from θ̂r(k) when we compute the feedforward
control input u(k) in (26). However, we need to filter each
element in ba(k) in order to obtain ra(k) as shown in (23).
Remark 1
For Algorithm.1 and Algorithm.2, we expect that the eigen-
value spreads of E{ra(k)rT

a (k)} and E{bx(k)bT
x (k)} are much

smaller than that of E{φx(k)φT
x (k)} when elements of φx(k)

Algorithm 2 Orthogonalize a(k)
1: procedure ORTH A(N)
2: Read a(k)
3: Orthogonalized a(k) to obtain ba(k)
4: Compute u(k) and inject it to the system . (26)

5: Filter ba(k) to obtain ra(k) . (23)

6: Update θ̂r(k) . (25)

7: end procedure

are highly correlated with one another. Therefore, fast con-
vergence rate can be achieved. In the following section,
we will show that for Algorithm.1, faster convergence rate
can be ensured, however, no faster convergence rate for
Algorithm.2 can be ensured.

IV. ADAPTIVE LATTICE PREDICTOR

There are various orthogonal transforms like DFT, DCT,
DST and Lattice Predictor. Here we use adaptive lattice
predictor to perform orthogonalization.

Consider a lattice predictor of order N + 1. The lattice
predictor offers a highly efficient structure for generating
the sequence of forward prediction errors fi(k) and the
corresponding sequence of backward prediction errors bi(k)
simultaneously with the order-update recursions.

The backward prediction error vector b(k) is then obtained

bT (k) = [b0(k),b1(k), · · · ,bN(k)], (27)

with

E{bi(k)b j(k)} = 0, if i , j, with i, j = 0,1, · · · ,N, (28)

For analysis, we have

b(k) = Lφs(k), (29)

where φT
s (k) := [s(k), s(k−1), · · · , s(k−N)] , s(k) is the signal

we want to orthogonalize and L is a lower triangle matrix
with the following form

L =



1 0 0 · · · 0 0
−a1,1 1 0 · · · 0 0
−a2,2 −a2,1 1 · · · 0 0
...

...
...

. . .
...

...
−aN,N −aN−1,N−1 −aN−2,N−2 · · · −aN,1 1


,

with an,i, for n = 1,2, · · · ,N, and i = 1,2, · · · ,n the optimal
coefficients that minimize the forward prediction error fn(k).

In the following part, we will explore the stochastic of
r(k) obtained by passing backward prediction error b(k)
through a stable systems R(z). We first introduce a lemma
from reference [12].
Lemma 1
For a LTI system with input sequence {x(n)}, system function
H(z) and output {y(n)}, then

Φx,y(z) = H∗(
1
z∗

)Φx,x(z),

Φy,x(z) = H(z)Φx,x(z).
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Moreover, if {d(n)} is a third process,

Φy,d(z) = H(z)Φx,d(z),

Φd,y(z) = H∗(
1
z∗

)Φx,d(z).

From Lemma.1, the following theorem can be obtained. The
theorem gives the way to compute the cross-correlation of
two signals that are generated from the same source but
through different LTI systems.

Theorem 1
For a LTI system with input sequence {x(n)}, system function
H1(z) and output {y1(n)}, and another LTI system with the
same input sequence but a different system function H2(z)
and output {y2(n)}, then

Φy1,y2 (z) = H1(z)H∗2(
1
z∗

)Φx,x(z),

Φy2,y1 (z) = H2(z)H∗1(
1
z∗

)Φx,x(z).

Moreover, if both H1(z) and H2(z) are of real coefficients,
then

Φy1,y2 (z) = H1(z)H2(z−1)Φx,x(z),

Φy2,y1 (z) = H2(z)H1(z−1)Φx,x(z).

The proof can be completed by exploring Lemma.1, which
is omitted here.

From (29), by defining, we have

H0(z) = 1,

H1(z) = z−1−a1,1,

H2(z) = z−2−a2,1z−1−a2,2,

...

HN(z) = z−N −aN,1z−N+1− · · ·−aN,N−1z−1−aN,N .

(30)

Since here Hi(z) and R(z) are both have real coefficients, by
applying Theorem.1, we have

Φri,r j (z) = R(z)R(z−1)Hi(z)H j(z−1)Φs,s(z), for i, j = 0,1,2, · · · ,N.

Noticing,

Φbi,b j (z) = Hi(z)H j(z−1)Φs,s(z), for i, j = 0,1,2, · · · ,N,

we have

Φri,r j (z) = R(z)R(z−1)Φbi,b j (z), for i, j = 0,1,2, · · · ,N,

Since

φbi,b j (k) = 0, for i, j = 0,1,2, · · · ,N, and i , j,

and the R(z) is arbitrarily stable causal system, we know that
the autocorrelation matrix for r(k) will be

(Rr)i, j = E
{
ri(k)r j(k)

}
= φri,r j (0) , 0,

for i , j and i, j = 0,1,2, · · · ,N , which implies that the
presence of R(z) destroy the orthogonality of b(k).

V. NUMERICAL EXAMPLES AND SIMULATIONS

In this section, we give a simple vibration rejection ex-
ample based on the developed scheme shown in Fig.2 and
algorithms proposed in this paper.

Consider the case where a(k) is a first-order autoregressive
process generated by passing a white noise process v(k)
through the system,

S D(z) =

√
1−α2

1−αz−1 , (31)

where α is a constant and α ∈ (−1,1). The transfer function
from a(k) to x(k) is assumed to be

R(z) =
b1z−1+b2z−2

1−a1z−1 , (32)

where a1 in a constant and a1 ∈ (−1,1). Supposing that the
vibration vb(k) is generated by passing the same white noise
v(k) through system

P(z) =

√
1−a2

1

1−a1z−1 . (33)

The autocorrelation of a(k) and x(k) in Z-domain are
respectively

Φa,a(z) = S D(z)S D(z−1)Φv,v(z),

Φx,x(z) = R(z)R(z−1)Φa,a(z).
(34)

Since Φv,v(z) = 1, we have

Φa,a(z) =
1−α2

(1−αz−1)(1−αz)
,

Φx,x(z) =
(1−α2)(b1+b2z−1)(b1+b2z)

(1−αz−1)(1−αz)(1−a1z−1)(1−a1z)
.

By doing the inverse Z-transform, the autocorrelation of a(k)
and x(k) in time domain can be obtained,

φa,a(k) = α|k|, for k = · · · ,−2,−1,0,1,2, · · · ,

φx,x(k) = c1α
|k|+ c2a|k|1 , for k = · · · ,−2,−1,0,1,2, · · · ,

(35)

where c1 and c2 are constants with c1 =
(b1+b2α

−1)(b1+b2α)
(1−a1α−1)(1−a1α) and

c2 =
(1−α2)(b1+b2a−1

1 )(b1+b2a1)

(1−αa−1
1 )(1−αa1)(1−a2

1)
.

Supposing that the FIR filter is of order 3,when α = 0.9,
a1 = 0.5, b1 = 1, b2 = 1.2, we have c1 =

1092
55 , c2 = −

2584
825 .

Then the eigenvalue spread of Ra is ρ(Ra) = 39.5331 and the
eigenvalue spread of Rx is ρ(Rx)= 607.1014. Therefore, when
use a(k) or x(k) as tap-inputs, very slow LMS adaptation can
be predicted.

For signal a(k), the autocorrelation φa,a(0) = 1, φa,a(1) =
α = 0.9, φa,a(2) = α2 = 0.81. By applying the Levinson-
Durbin algorithm [10], we have a1,1 = a2,1 = 0.9,
and a2,2 = 0, therefore, the autocorrelation matrix of
ba(k), RLa = diag{[1,0.19,0.19]}. For signal x(k), simi-
larly we have the autocorrelation matrix of bx(k), RLx =

diag{[16.7224,0.8283,0.4008]}. As a result, by applying
(19), both Rn

Lx
and Rn

La
are with the eigenvalue spread ρ(Rn

La
)

and ρ(Rn
Lx

) equal to one. Therefore, when ba(k) or bx(k)
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being used as the regressors with step-normalized LMS
update, fast convergence rate can be predicted.

In the following, we will compute the autocorrelation
matrix Rr for the input vector r(k) generated by passing
ba(k) through R(z). First of all, we have the transfer function
defined in (30) as

H0(z) = 1,

H1(z) = z−1−a1,1,

H2(z) = z−2−a2,1z−1−a2,2.

Note that here a1,1, a2,1, a2,2 are related to a(k), which here
are a1,1 = a2,1 = 0.9, and a2,2 = 0, respectively. According
to Theorem.1, and applying the inverse Z-transform, the
autocorrelation and cross-correlation in time domain can be
obtained. When α = 0.9, a1 = 0.5, a1,1 = 0.9, a2,1 = 0.9 and
a2,2 = 0, we have

Rr =

 16.7224 1.2528 0.6264
1.2528 0.9221 0.6891
0.6264 0.6891 0.9221

 ,
and its diagonal normalized matrix

Rn
r =

 1.0000 0.3190 0.1595
0.3190 1.0000 0.7473
0.1595 0.7473 1.0000

 ,
which is obviously not diagonal with the eigenvalue spread of
ρ(Rr)= 8.0183< ρ(Rx), indicating a faster convergence when
r(k) is used as the regressor than that of φx(k). However,
ρ(Rr) cannot be forced to be as close as possible to one.
In fact, ρ(Rr) is determined by the system dynamics R(z). In
other words, the uncorrelation of elements in ba(k) cannot be
preserved when passing uncorrelated signal to arbitrarily LTI
system. For instance, here in this example, a1 = 0.95 results
in ρ(Rr) = 118.6989 which is too large while a1 = 0.1 gives
ρ(Rr) = 3.6476 which is good for step-normalized update.

The LMS algorithm, Orth.-A based and Orth.-X based
algorithms are all implemented using MATLAB simulation.
In this example, the optimal controller is obtained using (13)
as

H?(q−1) = 0.6595−0.8709q−1+0.2538q−2.

The step-size parameter µ0 is 0.0005 for all three config-
urations. The coefficients revolution of H(q−1) are shown
in Fig.4 where the black solid line shows the optimal
coefficients, the blue dotted line gives coefficients revolution
for Fx-LMS,the red dashed dot line for Algorithm.1 and
magenta dashed lien for Algorithm.2. Among these three
algorithms, all the coefficients converge to their optimal value
finally in our simulation. Here in Fig.4, only the first 12,000
iterations are given. As predicted, the LMS algorithm is the
slowest one, and the Orth.-X based algorithm is the fastest
one while Orth.-A has improvement in convergence rate over
LMS in our simulation configuration but not as fast as Orth.-
X based algorithm.

VI. CONCLUSIONS

In this paper, vibration rejection using feedforward control
architecture is presented. Two fast convergence feedforward
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Fig. 4. Coefficients revolution of various algorithms.

control algorithms are developed and analyzed. The nu-
merical examples show that Orth.-A algorithm can improve
the convergence rate over Fx-LMS algorithm under certain
condition, while the Orth.-X algorithm is never worse than
the Fx-LMS algorithm. Simulations coincide with the numer-
ical results. In the following, we will do simulation using
real HDD models and implement the algorithms in real
HDD setup to see how many revolutions are sufficient for
algorithms to converge. After that, efficient direct adaptive
algorithm based on lattice predictor can be developed to
estimate the system R(z) as well as the optimal filter H?(z)
simultaneously.
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