28 SEP 2006 4 //111a/v/v/vv// v/ rrrlt *166166* Met hods and
devi ces for conpensating for periodic disturbances 1in servo-systens The
present invention relates to a method for controlling a 28s8&mM2ngs
particularly a servo system such as the read/wite heatd—ef—a disk drive.
The invention 5 further relates to a controller which operates the nethod,
and a servo-system incorporating the controller. Peri ﬁjmmﬂmmﬁmmﬂ"ces
appear in many servo systens and degrade; system perfor
exanple is the servo systemof a read/wite head in a disk dring for data
storage, where the main function of the servo is to maintain 10 the head
accurately on a sel ected track of the spr nni ng di sk. The positioning
i naccuracy due tg ce |srseferred as
Repeat abl e Run- Trcr jicamirs
i mproving the system posr tioning accuracy Fi gure 1 shows the position
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drives in which th '??358' renoveabl e, the RRO is nuch larger resulting

fromthe | ar’&&fp%@feﬂtﬂ?‘? &P Eﬁr the disks. This kind of problemwth
periodi ¢ di sturbances al so occurs in rotational machinery,

Periodic disturbances appear in many servo systems and degrade system

performance. A good example is the servo system of a read/write head in a
disk drive for data storage, where the main function of the servo is to Imaintain
10  the head accurately on a selected track of the spinning disk. The positioning
inaccuracy due to the influence of the periodic disturbance is referred as
Repeatable Run-Out (RRO), which forms one of the main obstacles to
improving the system positioning accuracy. Figure 1 shows the position error
signal of a 3.5” hard disk drive after the read-write head comes to the desired
15 track and tries to maintain its position at that track, a processes which is
referred to as track following. Due mainly to eccentricity of the spindle disks
there is a periodic disturbance in the position of the head, and consequently a
conventional servo can ensure the residual error only to within +25% of the
track width, whereas the required position accuracy should be less than +10%
20 of the track width. In disk drives in which the disks are removeable, the RRO
is much larger resulting from the larger eccentricity of the disks. This kind of
problem with periodic disturbances also occurs in rotational machinery,
including machine tools, and robot manipulators doing a repetitive task.

Furthermore, some nonlinearities with actuators can be modeled as periodic
25 disturbances.

A common property of these disturbances is that _'they are periodic (i.e.
repetitive) and the pe_riod is either known or can discovered by analysis or

identification procedures. It can be seen that the residual error e(t) as shown
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i ncludi ng nachine tools, and robot manipulators doing a repetitive task.
Furthernore, sone nonlinearities with actuators can be nodel ed as periodic
25 di sturbances. A comon property of these. disturbances Qg s§dbggghey are
periodic (i.e. repetitive) and the period is either known or can

di scovered by analysis or identification procedures. It can be seen that
the residual error e(t) as shown 11 TT11111222122222222222000 0000000t
*000002* 2, 8 S E P 2006 2 in Figure 12 s periodic, and the fundanmental
frequency of the residual error is 75 Hz, which corresponds exactly with
the spindle speed of the disks. A conventional way of cancelling RROis to
use notch filters as part of a feedback |oop. Since the notch filter is
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desi gn of the servo cont roll er m)re difficult than before. Mreover, the
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the operational situation, conpensation by notch ters I's not
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char act er i stharacterigtiey,ewhicht maRés Be€design of the servo controller more difficult
than before. Moreover, the main drawback of using notch filters is that the

method is model-based: the notch filters are designed with fixed parameters

10 selected based on the knowledge about the disturbances. Since the

disturbances may vary with the operational situation, compensation by notch
filters is not always effective.

Another proposed solution to RRO is the Adaptive Feedforward Cancellation
(AFC) [1]-[3]. Unlike the notch filter method, the AFC works in a feedforward

15 path, which does not change the system characteristics. However, it has been
found that an AFC algorithm desighed to reject a certain number of frequency
components- may generate higher-order harmonics [3], which may degfade
the compensation pérformance. Furthermore, a phase shift is required in the
“‘modified AFC” while an inaccurate identification of the phase shift leads to

20 large residual error [1], [2]. In addition, the realization of the AFC needs the -
sin and cos functions, which are usually implemented by a look-up table in a
digital signal processor (DSP). The Iook?up table occupies large memory
space and makes the programming tedious.

In [4] the present inventor proposed an Observer-based Feedforward
25  Compensation (OFC) method. The RRO is treated as additional system states
to be observed by a state observer. The observed signals are then used to
develop a feedforward compensation loop to remove the RRO influence. A

drawback of OFC is that it needs two extra state variables for each harmonic



Jfound that an AFC al gorithm designed to reject a certain nunber of
frequency conponents may generate higher-order harnonics [3], which may
degrade the conpensation performance. Furthernore, a pha_s?: dtpf bo06 S
required in the "nodified AFC' while an inaccurate identi ‘?cat!on of the
phase shift leads to 20 large residual error [1], [2]. In addition, the
realization of the AFC needs the sin and cos functions, which are usually
i npl enented by a | ook-up table in a digjtal signal processor. (DSP). The

| ook-up table occupies |large nenory space and makes the progranmm ng
tedious. In [4] the present inventor proposed an Qbserver-based Feedforward
25 Conpensation (OFC) nethod. The RROis treated as additional system
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reduction ratio of 45 dB for the fundamental harmonic and an even lower
10 reduction for the other higher harmonics, whereas the AFC has a large

reduction ratio of more than 60 dB for each compensated harmonics.

Furthermore, all the above methods are implemented by software in a DSP or
a microprocessor. Therefore, the limitations of the DSP or the microprocessor,
(e.g. limited computation speed and/or word length) may limit their ability to

15 compensate for disturbances.

The present invention seeks to provide new and useful methods and devices
for controlling a servo-system, particularly ones which can compensate for the
periodic disturbances in servo systems effectively, robustly, simply and
economically.

20 In general terms, the present invention proposes that a servo-system subject
to periodic noise is controlled using a neural network which includes two
layers: a hidden layer and an output layer. Pairs of neurons in the hidden
layer are connected by self-feedback such that each pair of neurons oscillates
at a respective harmonic of a basic frequency ®. The outputs of the neurons

25 of each pair are respectively the sine and cosine of the corresponding
harmonic. The output layer forms a weighted sum of the output of the hidden
layer. neurons, which in turn is used to control the servo-system. The neural

network is tuned such that the output of the output layer matches the periodic



.reduction ratio of nore than 60 dB for each conpensated harnonics.
'Furthernnre, all the above nethods are inplenented by software in a DSP or
a mcroprocessor. Therefore, the limtations of the DSP or the

mi croprocessor, (e.g. limted conputation speed and/or WRdr 8EP S8 h) nay
limt their ability to 15 conpensate for disturbances. The present

I nvention seeks to provide new and useful nethods and devices for
controlling a servo-system particularlysones which can conpensate for the
periodic disturbances in servo systems effectively, robustly, sinply and
economically. 20 In general ternms, the present invention proposes that a
servo-system subject to periodic noise is controlled using a neural

net wor k whi [ ( rs. a hidden |ayer and an output | ayer.
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network is preferably conbihed wth™that of a servo-

The invention is based on the inherent property of periodic disturbances that
they are expandable into trigonometric series. In effect, each pair of neurons

10 in the hidden layer may compensate for one of the components of the
trignometric series. Thus, with a sufficiently large number of hidden layer
units, periodic disturbances of any given order can be accurately
compensated for.

The neural network may be tuned automatically, that is it has learning
15  capability to learn and adapt the environment Variations, such as changes in
the periodic noise.

As described below, the method and control device may be implemented not

only by software in a DSP but also by hardware so that the limitations of the
servo DSP do not limit the compensation available.

20 In particular, the control method and device can be implemented by analog
circuitry, preferably integrated circuitry such as VLSI. In particular, the neural
network and its learning system can be integrated in a chip, such as an

additional part integrated in an existing driver chip.

An advantage of the present invention over the AFC is that the sin/cos look-up
25 tables in the AFC are replaced by the self-feedback in the hidden layer. This
may make the invention more simple and reliable.



.controll'er (e.g. of a conventional design), to form a conbined control
signal which is input to the systembeing controlled. The invention is
based on the inherent property of periodic disturbances thag SEFe@igar e
expandabl e into trigononetric series. In effect, each pair of neurons 10
in the hidden | ayer may conpensate for one of the conponents of the
trignonetric series. Thus, with a sufficiently |arge nunber of hidden |ayer
units, periodic disturbances of any given order can be accurately
conpensated for. The neural network nmay be tuned automatically, that is it
has | earning 15 capability to |earn and adapt the environnent variations,
such as changes in the periodic noi se. As descri bed belom/ t he nmet hod and
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net wor k canPeEegdic fishirbancayibg Stprly aafdings Margt NeweNSTHiNs nigkdersbeer r ed
embodi ment s, alfe -0 embodiments of the invention more flexible.

An non-limiting embodiment of the present invention will now be described in

detail for the sake of example, with reference to the following figures in which:

10  Fig. 1 shows the influence of a periodic disturbance in a servo system of a
hard disk drive;

Fig. 2, which is composed of Figs. 2(a) and 2(b), is (a) a schematic diagram of

the structure of an embodiment of this invention controlling the servo system

of a hard disk drive, and (b) an equivalent diagram representing the periodical
15  disturbance as a force signal;

Figure 3 shows the structure of the neural network of Fig. 2 schematically;

Fig. 4 shows schematically the neural network of Fig. 3 and the learning
mechanism, in that case that the neural network is represented by a

continuous system;

20 Fig. 5 is schematic block diagram of the neural network of Fig. 3, and its the

learning mechanism, implemented in DSP software; and

Figure 6 shows a possible implementation of the neural network of Fig. 3 by -
analog VLSI.



. nvention nore robust. Furthernore, because of the clear physical neaning
in structure, the present 5 invention nmakes it possible to conpensate for
any order of harnonics of the periodic disturbances by slggl¥}a§& ng nore
neurons. This renders the preferred enbodiments of the inven ﬁp re
flexible. An non-limting enbodi mrent of the present invention will now be
described in detail for the sake of exanple, with reference to the
following figures in which: 10 Fig. 1 shows the influence of a periodic
di sturbance in a servo systemof a hard disk drive;” Fig. 2, which is
conposed of Figs. 2(a) and 2(b), is (a) a schematic diagramof the
structure of an enbodi nent of this invention controlling the servo system
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compared with a reference signal y*, to give a position error signal e which is

the input of a nominal servo controller 200, which provides a command signal
u to drive an actuator. The nominal servo controller is a servo controller

10  designed for the nominal system, i.e. system 210 without the disturbance r.

The system further includes a unit 220 comprising a .neural network 222. In
this text the neural network, which is described in detail below, is referred to
as a hybrid trigonometric neural network (HTNN). It has a hidden layer made
up of (2n+1) neurons, which have respective outputs given by a vector X, and
15 an output layer which produces a single output fy . The HTNN 222 is
controlled on the basis of a set of (2n+1) weights which are written as a vector
W. The vector Wis set by a learning mechanism (LM) 221, which receives the

outputs X of the hidden layer neurons, as well as the instantaneous value e.

The output u of the nominal servo controller 200 is added to the output fy of

20 the HTNN 222, to form a control signal which is the input to the controlled
system 210. In this analysis, the controlled system 210 is modelled as two
integrators 211 and 212.

In the case that the system 210 is a hard disk drive (HDD), it comprises a
moveable actuator, arm with suspension, a driving means to provide
25 displacement for positioning the actuator, and a voice coil motor in the HDD.
None of these components are shown here, but all may be of a conventional

construction and will be clear to a skilled person.



It conprises-a system 210 being controlled, corresponding to the read/wite
head. The systemis subject to disturbance r. Note that this signal, and
all the 5 others discussed below, are functions of time. Ajge

signal y,,, is output fromthe system 210, and indicates the staté f the
system 210. It is conpared with a reference signal y*, to give a position
error signal e which is the input of a nom nal servo controller 200, which
provi des a command signal u to drive aryactuator. The nom nal servo
controller is a servo controller 10 designed for the nom nal system i.e.
system 210 wi thout the disturbance r. The systemfurther includes a unit
220 conprising a neural network 222. In this text the neural network,

tri gononet 11 eoeag” AERBRhe? Gefle Reefae iy £ ARGy Rt cenptepy

(2n+1) neur bys, whithcih thesaseesfre €IDD appebas aghositiondl distufisdree cgusead 15
an out put produces a single output fN . The HTNN 222 is
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receives the outputs e hidden | ayer neurons, as well as the
i nst ant aneous value e. The output u of the nom naI servo controller 200 is
added t d5t h&inng phe RROQbfis 2petiodic HitNMap2be Bppfaximated: dyt raoltrigorgraétrishi ch
is the inpué é'?' H@ controlled system210. In this analysis, the
controlled BM'2 is model | ed as two integrators 211 and 212. In the
case that the system 210 is a hard disk drive (HDD), it conprises a
noveabl e actuator, armw th suspension, a driving nmeans to provide 25
di spl acenent for positioning the actuator, and a voice coil notor in the

HDD. None of these conponent s, pL & gh hes g, but all may be of
conventional construction an(dﬁlvm% I’ @S’Lgl ? to a skilled persorﬁ)

Although the RRO appears as a positional disturbance, it is equivalent to a
force disturbance f(t) as shown in Figure 2(b) with the Laplacian
10  transformation F(s).

15 =R, (3)

where F, =-i’w’R,/kk,. The first term with the index of zero in (1)

disappears after the double derivations since it is a constant. Equation (3) can

be further written as



2.8 SEP 2006+ 7 The periodic disturbance call ed Repeatable Run-Qut (RRO
here is denoted by r, which in the case of a HDD appears as a positional

di sturbance caused by eccentricity of the disk, deformati OnzﬁfSEtPh gpi ndl e
axis, or inperfection of the servo witing process. 5 Since"the RRO i
periodic, it can be approximated by a trigononetric polynomal as r(t)=
YR, sin(iw+cp;) (1) 1i=0 Although the RRO appears as a positional

di sturbance, it is equivalent to a forogge disturbance f(t) as shown in
Figure 2(b) with the Laplacian 10 transformation F(s). z F(s) = ksk R(s)

(2) . y where R(s) is the Laplacian transformation of the RROr(t).
Therefore, n i2co2R f(t)=-~"'" sin(iw+cp;) 15 '-" kvky (3)
F,sin(iw+(p;) where F, _ -i2aa2R;, | k,ky . The first termwth the index

of zero in (1) di(Seppeafsmiaicbes, 4 hRisempl p derivations since it is a

4

constant. Equation (3§ can be further witten as
= i((F,.cosq), )sinia)t + (F,.singo,. )cosia)t)
i=1

4)
2n
=2 WX, (t)
i=]
=W'X(t)
where X(f) ¢ ®*", W € ®*", and they are given by:
X(t)=[sinot sin2wr --- sinnat coswr cos2wt - cosnat]’
W=[Fl cosg, F,cosp, --- F,cosp, Fsing, F,sing, --- F, sin(p"]T

By the property of the trigonometric function, we have the following matrix

5 dynamic equation

X(r)= AX() )
where
A=[O A}, a=| 2@ 0
-4 0 : : L
0 0 - nw

10 and AeR™™ 4eR™.

Equations (4) and (5) show that the periodic disturbance can be expressed by
a trigonometric polynomial, which is graphically represented by a neural
network in Figure 3. The network has two layers: a hidden layer with (2n+1)
neurons and an output layer made up of just one neuron. The outputs of the
15 neurons except neuron 303 of the hidden layer labelled by x4,...Xn, Xn+1, ...,X2n

are equal to respective components of Xin Eqn. (4).



2.8 SEP2006 8 n f (t) =1 F; (siniwtcos(p; + cosiwsin(p;

((F,.cos(p; )siniw + (Fsin(p; )cosiest) (4 W2n wXx; (t) 7 x F;((zﬁné wher e
X(t) RR", WE R2n, and they a re given by: X(t) = sin wt sin 5 i n nest
COS W cos 2wt cos nw]T W= [F cos (p, F2 cow F' cos Cpn F sin (p,
F2 sin (p2 Fn sin cpn T By the property of the trigononmetric function,
we have the followng matrix 5 dynamc equation i(t) = AX(t) (5 where CO
0O OAAO0OAA=02w... 0(6). -AO0O " O nw 10 and AER2' u2n, AER-.
Equations (4) and (5) show that the periodic disturbance can be expressed
by a trigononmetric polynomal, which is graphically represented by a
neural network in Figure 3. The network has two | ayers: a hidden | ayer
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simple function of muitiplying its input by a respective value a;,...an, an+1, ...,
az, (this multiplication is shown as element 300) and applying the result to an
integrator 301, to produce the output of the hidden layer neuron. Neuron 303
5 is a special neuron which gives a constant output of 1 and works as a bias for

the output layer. Neuron 303 can be treated equally to the other neurons in

the hidden layer but with its ag=0, thus we have X e R**'and A e R@D*Cn+D

Each output Xo,...Xn, Xn+1, ...,X2n from the hidden layer is applied to the output
layer which consists of a single neuron which multiplies (in multipliers shown
10  as 304) each input by a respective adjustable weight Wo,...Wn, Wns1, ...,Wzp tO

give respective results 306, and sums the results 306 (using addition element
307) to get the output 308 which is fy(t, W(t)).

The values of the adjustable weights wp,...wn, Wq+1, ...,W2n can be varied

(shown in Fig. 3 as operation 305) by the learning mechanism described
15 below.

This network is very similar to a so-called “radial neural network” in structure,
since it has only one adjustable weight in each feedforward path, and no exit
function before output (i.e. the output of the output neuron is just the weighted
sum of the inputs, not some function of that weighted sum). The difference

20 between the present network and a radial neural network is that the network
in Figure 3 obtains its input to the output layer by its own dynamics and in the
form of trigonometric functions. It is for this reason that we refer to the network
in Figure 3 as a Hybrid Trigonometric Neural Network (HTNN).

On the HTNN, we have two remarks:

25 1. The HTNN can approximate any periodic signals. This statement can be

mathematically expressed as: for any continuous periodic f(t+T)= f(t) with



.15 neurons except neuron 303 of the hidden |ayer |abelled by x1.... xn,
xn+l, ...,x2n are equal to respective conponents of X in Egn. (4). 2.8 SEP
2006 9 In Figure 3, each neuron of the hidden |ayer excepz n§§;9ﬂ 303
performs the sinple function of multiplying its input by &8respdBive
value al.... an, an+l, ..., a2n (this multiplication is shown as el enent
300) and applying the result to an integrator 301, to produce the out put

of the hidden | ayer neuron. Neuron 303 fpis a special neuron which gives a
constant output of 1 and works as a bias for the output |ayer. Neuron 303
can be treated equally to the other neurons in the hidden layer but with
its ao=0, thus we have X E RZ"+' and A E 9 (2n+l)x(2n+'") . Each out put
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(using addition elenment 307) to get the output 308 which is fN(t,Wt)).
The val ues of thefadjWwst)abi(g) awsi.ghts wo, . (zywn, wn+l, ...,w2n can be varied

(shown in Fig. 3 as operation 305) by the | earning nechani sm described 15
below. This network is very simlar to a so-called "radial neural network"”
in structur?, Amsingcall trigonasedric poymenddisusittaipeciodel ght the ctdehiekeddanr war d

path, a ng exi unction before putput (i.e. the ouytput of the output

neur on :% jﬁstﬁeth&u‘EN '\jﬁﬁ@%ﬂrﬂ%ﬁﬁ% qa‘ﬁ‘p?ﬂ%a,reﬁtﬂpr%ﬁﬁg?w&fi on of that

wei ghted sum. The difference 20 between the present network and a radi al

neural netwarek wils nbmﬁiédm%srlﬁbw@bkning%Ebﬁéﬁi@nﬁopméwmw §f FRPUS, hAqt he
e

output layer by its own dynamcs and in t
system stability.

From Figure 2 (b), if y= ym, the dynamics of the HDD servo without the
HTNN can be described as

10 . ) = kjeult)+ kkf(r).  (8)

If the nominal servo-controller 200 is designated as a linear PD controller, we

have
ult) = (kelt) + koe(t))/ ki, (9)
where e=y" -y is the positibn error.

15 To write the gains of the controller as

ko :kcﬂO/ ﬂl
(10)
ki =k +By/ B

where k. >0, g, >0and S, >0 are factors for a composite error defined as



formof ‘trigononetric functions. It is for this reason that.we refer to the
network in Figure 3 as a Hybrid Trigononetric Neural Network (HTNN). On
the HTNN, we have two remarks: 25 1. The HTNN can approxi mape g¢p 2808 i odi C
signals. This statenent can be nmathematically expressed as: for any
continuous periodic f (t +T) =f (t) with 2 8 SEP 2006 10 a period T and
for any 3 > 0, then there exi sts a finite value of n and a weight vector
W such that f,(t,W*)-f0 <.5 (7) 2. Amang all trigononetric polynom al s
with period T and the order less than 5 n, the HTNN gi ves the best

possi bl e nean square approximation to f. W will now di scuss the |earning
mechani sm of the HTNN of Fig. 3, and systemstability. FromFigure 2 (b),
if y=ym the dynam cs of e S o W thout the HTNN be descri bed
as 10 y(t)=kkyu(t)+kkk,f(‘f(§)h (g ?9 Ef@e nom nal servo contéaFl er 200 is
designated as a |inear PD controller we have u(t) = (kje(t)+koe(t))/
k,,ky , (9) where e =y' - is the position error. 15 To wite the gains
of the cont TBHSdY d@‘erenilaﬂng @)I) with the@¥ongideration-ef¢B)ID (10) we have

£(e) = ~koe(r)+ Bifr (1) (12)
5 where f,(t)=—kk, f(t)).

Taking the output fy(t, W(t)) of the HTNN 222 into account, we have

£(t) =~k ele)+ Bi(fr(e) -1y (). (13)

For the stability design, a Lyaponov function is constructed as
10 V()= —— &)+ - ER (B (1) (14)
28 2n
where E, (1) = W' — W(r)is the weight error.

In the case that the HTNN is operated in continuous time (e.g. by analogue
circuitry), the learning rule for the HTNN is here chosen to be:

15 W()=ne()X(r), (15)
where W e R and X e R¥"*.

Thus, the operation of the HTNN and the learning algorithm is as shown
schematically in Figure 4, where box 400 represents the HTNN and box 401

shows the operation of the learning mechanism. The HTNN has a continuous



where k," > 0, 80 > 0 and 6, > 0 are factors for a conposite error defi ned
as 2.8 SEP 2006 11 e(t) = floe(t) + /31e(t) . (11) Thus,

differentiating (11) with the consi derati on of (8) to (10) ¥eéyave e(t) =
-k, e(t)+Ph (t) (12) 5 where fR(t) = -k, ky f (t) ). Taking ESued¥Bit £ N(t,
th)) of the HTNN 222 into account, we have . e(t) = -kce(t) + AL(R (1)
-fN (t)) (13) For the stability design, a Lyaponov function is constructed
as 10 v(t) 2QL E2(t)+ 27 EWmM(t)EMt) (14)12 where Ew (t) = W - Wt) is the
weight error. In the case that the HTNN is operated in continuous tine
(e.g. by analogue <circuitry), the learning rule for the HTNN is here
chosen to be: 15 W) =i7e(t)X (t) , (15) where WE=-912 and X Thus, the

oper ation of o i tically
operati on olodi ARG ¥ BY A SHTANG AT KA 43 47 UGN rEERETR

oper ati on oﬂOﬂhEhémmmdegvatwehﬁr\l(is)ns tAile HTNN has a continuous 2..8 SEP
2006 12 loop of multiplying X by A, and X is also fed back to the | ear ni ng

mechani sm 401. The tine derivative of V(t) is thus v(t) = ~ 6(t)E(t)-
EWMt)H (t) 77 62(t)+6(t)VR(t)-fN(t))-(WT -WI (t)) (t)X(t)

(1) = 5 elk)- R (O ()
=~ 20) s el O~ 0)= (7T =T (OROX ()
(1) + e lfa (1) w1 (O + 7y () (16)
SO0 AGENG

< _%52(,)+ 16(r)5

5 Thus, we have 7(t) <0, when

()2 Prs (17)

Therefore, the system composite error converges towards S,6/k,, which in

turn means the error e(t) converges by the linear differential equation:
10

B 5
e(t)+;°e(t)27c—. (18)

e e _bs ex —& 'B]
mz[(o) ﬂokc] p[ A J r



., 61 62(t)+E(t)X R (t) -JIN-t)-JIN(t)+f (0) (16) ,61 ~ c_ 2(t)+I6(t
fR(t)-TN*(t) jc_ QL62(t)+I6(t)8 5 Thus, we have v(t) 0, when I6(t~ > Q
(17) kc Therefore, the system conposite error converges towards 618 / kc,
which in turn means the error e(t) converges by the linear dlﬂfﬁé?ezﬂllﬁi al
equation: 10 e(t) + fjOe(t)>_ (18) Q kc W have the solution of (18)
e(t) e(0) Qok exp Q@ t + Qok (19) 2 g SEP 2006 13 Egqn. (19) shows that the
systemerror e(t) converges exponential ky with an exponential constant of
Q //3, fromits initial value e(0) with a bias of //,8/(/30kc)towards a
positive constant 818/(/30k,). W now turn to the question of how to select
the paraneters of the HTNN and 5 the |earning nechanism The initial state

of the hidden |a eur ops the HTNN, that is X(0), should be assigned
to ensure tﬁgnst éfgé s;ho[ws ﬂbﬁﬁ‘ﬁéﬁﬁ"@&ﬁ%qﬁi%‘%m@r 3 exponentially with an
exponential constant of g,/p4, from its initial value e(0) with a bias of

B,6 /(B k. )towards a positive constant 3,5 /(5,k, ).

We now turn to the question of how to select the parameters of the HTNN and

5 the learning mechanism.

The initial state of the hidden layer neurons of the HTNN, that is X(0), should

be assigned to ensure the state X{(t) remains trigonometric, i.e.

(20)
X,(0)=1, i=n+l,.,2n.

10 - The initial values of the weights W(0) in HTNN can be set to be zero to make

the HTNN have a zero initial output,

W(0)=0. (21)

The HTNN order n affects the approximation accuracy § and further affects
15 the whole system compensation performance. Generally, a large n results in a
small § and thus a good compensation. However, the HTNN order n is limited
in practice. For example, it may be limited by the scale of the integration when
the HTNN is implémented by analog VLSI, or limited by the computation
capacity of the DSP when the HTNN is implemented by software. A practical
20  way to select the HTNN order n is by a harmonic analysis to the error signal.
From the contents of the harmonic components of the error signal, a suitable
n can be chosen to ensure the HTNN can cancel all the significant harmonic
components. Another way to set n is by increasing n from a initial value until

an acceptable compensation performance is achieved with consideration of



X (0) =0, + =1, n, (200 X (O) =1, i =n+ 1,..., 2n. 10 The initial

val ues of the weights WO) in HTNN can be set to be zero to make the HTNN
have a zero initial output, WO) = 0 . (21) The HTNN order n affects the
approxi mation accuracy 8 and further affects 15 the whol e &§siEEn?006
conpensati on performance. Cenerally, a large nresults in a snmall 8 and

t hus a good conpensation. However, the HTNN order nis limted in
practice. For exanple, it may be limteg4by the scale of the integration
when the HTNN is inplenmented by analog VLSI, or limted by the conputation
capacity of the DSP when the HTNN is inplenmented by software. A practical
20 way to select the HTNN order n is by a harnonic analysis to the error

i = i f_th ' |,
o St o BARBELR s BT TR SRR by 4 Bt
si gni fi cant tHead NN is set trponeot By aAroH-Ies ad@ptationset n is by increasing n

froma initial value until an acceptabl e conpensation performance is
achieved with consideration of 2 8 SEP 2006 14 the hardware or software

l'imtationsyelRbw PR g@gemeﬁégn%qerg%%bﬁéghg PR he HTNN is set to

work or by an on-I1ne adaptation. now t ow‘t 0 set the paraneters
80, fl,, andrdfa,(10fWwemalé0) we have k'2 - k,k, + ko = 0 5 (22)

k2 —kik, +ky =0
5 (22)
Bol By =k -k,

Assuming the linear controller is designed to make the linear system work in

critical state, i.e.

klz = 4k0, (23)
10  we have
kC = kl / 2,
(24)
Bol By =k 12

If we set B, =k,, then B, = 2k,. Thus, from (9) and (11), we have

15
e(t) = u(t) + kgelr). (25)

Using (25) in the learning mechanism avoids the measurement of the

derivative of e(t), which is usually problematic in practice.



, Q/,81 =k, -k, Assuming the linear controller is designed to nmake the
| inear systemwork in critical state, i.e. k,2 = 4k0 , (332)' 10hvve h?ve K,
=k, 12, (24) Q/Q =k,/2. If we set 83, = k,, then X30 = h rom
(9) and (11), we have 15 s(t) = u(t) + kOe(t). (25) uSmglé(Bz%SJ. Ot

t he

| ear ni ng nmechani sm avoi ds the neasurenent of the derivative of e(t), which
is usually problematic in practice. 2.8 SEP 2006 15 W now turn to the

i ssue of the inplenentation of the embodgnent in either hardware or
software. Firstly, an inplenentation in software using a DSP and by

har dware by analog VLSl is described in detail in the following. In this
case, the continuous 5 equations discussed above are no | onger

i ' . foll . Xd(k+1) =DXd(k) D
o901 00" 2 W GBSl AT B S SRR R
9R2nx2i . Thardwarei arlsoftaane. of

Firstly, an implementation in software using a DSP and by hardware by
analog VLSI is described in detail in the following. In this case, the continuous

5 equations discussed above are no- longer appropriate, and instead we
transform Egn. (5) as follows

{xd (k+1)=DX, (k) (26)

D=eAT

where T is the sampling time and X, (k) e R*™', D € ®R***" . The initial value of

10 X, (k)should be

Xa’ (O) = [len len ]T

The learning rule (15) is replaced with:

AW (¢) = ne(t)X (1), @

15 The schematic block diagram of the HTNN with its learning mechanism
realized by DSP software is shown in Figure 5, where 500 is the network body
and 501 is the learning mechanism. In this case, the overall structure
resembles that of Fig. 4, but in the block 500 matrix A is replaced by matrix
D and the integrator is replaced by a delay unit (labelled “z""), and similarly,

20 in the block 501 corresponding to the learning mechanism, the integrator is



.10 Xd(k) sho-uld be Xd (0 = 01.nI,x" T The learning rule (15) is replaced
wth: dW(r) = wOX (r) , (27) 15 The schenmatic bl ock diagram of the HTNN
wthits Iearnl ng mechanism realized by DSP software is showry isepFggire 5,
where 500 is the network body and 501 is the |earning nechanism In this
case, the overall structure resenbles that of Fig. 4, but in the block 500
matrix Ais replaced by matrix D and the integrator is repl aced by a del ay
unit (labelled "z-1"), and simlarly, 2Qgin the block 501 corresponding to
the | earning nmechanism the integrator is 2.8. SEP 2006 16 replaced by a
delay unit z-1, and the output of the block 501 is the sumof the delay
unit (i.e. Wat a previous cycle, with the result of equation (27)).

e 1 ¢ nrenthod BY REASRy At AERE R B OLS! ok S8 g kst 8 et s
repl aced bydéeR§)uringle( W)atdf?re@m@émé Wit R eBLiit OF ehBafiG®\27)).n Figure 6,

follow ng the design netho ogy introduced in the publlcatlons [6], [7].

The top left, of Figure 6 introduces a conmponent 600 called a _
t ransconduc §ﬁ€Bd'é(m!‘fq W'bﬂ'%ﬁ%cﬁﬁb%@l‘emﬁrﬂﬂ@n qftthﬁeﬁ:mbﬂdlmﬁrﬁmy apelognt io

which is afepcij O‘Hﬁ fcagé‘ethbnggﬁ?t\’dﬂs ahd g‘Pér)]W?eEiﬂa é Ak r#rng%tn ven

term nal s, abas current er t a gal
by: io :5erepIaced)by Q!B)an&(@?) Araesamipie nmﬂlwmtatlmiﬁ)ah@nh ||6(F.‘Igl¢r®|$ed a

t t current iQ whic a function
];]9 u; hgu? %a?q{la&u rlmgt/knpq Iggégn meithaaglggy?rgjtr ceduln the publlcatlons [6] [ ]
The top left of Figure 6 introduces a component 600 called a
transconductance amplifier (discussed in [7]). It has an output current i, which
is a function of the input voltage v; between two of its input terminals, a bias

10  current j, to another terminal, and a gain K, given by:

i, =Kv, +i,. (28)

Fig. 6 also introduces a component 601 called a four-quadrant multiplier
having an output current i, which is a function of the two input voitages v;; and

15 vjz and a bias current i, given by:

lp =Vivip + 1, (29)

The upper part of Fig. 6 is the network body and the lower part is the learning
mechanism. '

20  The network body contains 2n neurons marked as 610 in the hidden layer and
one neuron 620 in the output layer. The output voltage from the part 610 are
part of the inputs of part 620. Part 610 has components 611, 612, 613 and
614 which implement the hidden Iayer neuron. Part 620 has components 621

and 622 which perform the multiplication of the output of the hidden layer

25  neuron by a respective weight, and takes the sum to give a voltage output V-



15 V,2 and a bias current ib given by: io=vill"i2+ ib (29) The upper
part of Fig. 6 is the network body and the | ower part is the Ieggpin%
mechani sm 20 The network body contains 2n neurons narked as 2819EF ABhe

hi dden | ayer and one neuron 620 in the output |ayer. The output voltage
fromthe part 610 are part of the inputs of part 620. Part 610 has
conponents 611, 612, 613 and 614 which inplenent the hidden | ayer neuron.
Part 620 has conponents 621 and 622 whiqgh performthe nultiplication of
the output of the hidden |ayer 25 neuron by a respective weight, and takes
the sumto give a voltage output vo . 2.8 S EP 2006 17 A constant voltage
vx0 marked as 640 through weight wo, which is generated by a part

of any i 1 AR B VaySa S, FraPkS o bae Bumishs weight v ohierardanesiene
Usi no. conpolint A Poring’ 625, UBs 4 bt M nsfinul o2 e B8

resistive acumegectaty sidtiplidrante?, v 62iH Figure 8l Paft 696 géridrate@whanal yse
t hi s behavi our refully. Using the definition of the transconductance

. C > |
ampl i fier 6?’?'%3"&% Ry mytiR)ies@@dunt the resister 613 with a 10 value R
we obtain: dvxl = KRa Ivxl . (30) where the feedback matrix [a;] is
det er mi ned BpeCHBICGEH A% @ isHeHe? liRg cofffdh ' :
Using the follower-i %t egr@t |8fb 614?@\%01‘?%@ co eﬁ@ghbﬂn%@ﬁﬂﬁﬁér éé@
which is connected in the resistive arrangement shown to the two inputs y and

*

y*.

We will now analyse this behaviour carefully. Using the definition of the
transconductance amplifier 812 and taking into account the resister 613 with a

10 value R, we obtain:

dvxl = KRa lvxl . (30)

where the feedback matrix [a,] is determined by connecting or disconnecting

each node in component 610. Using the follower-integrator 614, which

15 consists of a transconductance amplifier and a capacitor C, we obtain

o = %dvx. — CRa,,. (31)

v

for a correct selection of K and R.

The multiplier 621 muitiplies the output of the hidden layer neuron by
multiplying it with the learned weight w; according to the formula: -

20 lOl =vx1wl +lb|,



15 consi'sts of a transconductance anplifier and a capacitor C, we obtain C
vx | =Kdvx | =CRal vx I . (31) for a correct selection of K and R The
mul tiplier 621 nmultiplies the output of the hidden |ayer neuron %y
miltiplying it with the | earned weight w, according to the fé&fmAfaZlilBo |o
= vxIw + Ibl , 2 8 SEP 2006 18 =vsliwl +wo (32) where the weight is
obt ai ned by the | earning nechanism 630 and is i61 = wo . The whol e out put
of the HTNN i s obtained by taking the sugyof the current contributions
fromall 2n, and transformng the current io into a voltage signal 5 vo
using anplifier 622. z,: z,i v,, = R" = R W Wk + |Ibk = R> WKka + WO
k=1 i =1 Each | earni ng conponent 630 updates the correspondi ng wei ght val ue
continuously according to the expression: %% K vXl Y (33) 10
“Thus, the HTNN in equation (4) is reallzeHﬂBy ghal& VLSI. As discussed
above t he enbodi nents of the present invention may provide a nethod and a
system whi ch can conpensate for the influences of periodic disturbances on
the system piefetheaneighbis ebtpiedtbyotherigastny mezhahzm 630end is i, = w, .

The whole output of the HTNN is obtained by taking the sum of the current
contributions from all 2n, and transforming the current i, into a voltage signal
5 Vv, using amplifier 622.

2n 2n

v,=Ri = Rz WV, iy, = RZ WV, + W,
k=] i=l

Each learning component 630 updates the corresponding weight value
continuously according to the expression:

i =0l -y) (33)

10 Thus, the HTNN in equation (4) is realized by analogy VLSI.

As discussed above, the embodiments of the present invention may provide a
method and a system which can compensate for the influences of periodic
disturbances on the system performance of a positioning servo system. Such

a method and such a system have the following advantages:

15 = They can be realized in a systematic way so that all the required

components of the periodic disturbance can easily be compensated.

* They have learning capabilty to learn and adapt the environment
variations.

* They can be impiemented not only by software in a DSP but also by
20 hardware so that the limitations of a servo DSP do not affects the

compensation effect of the invention.



a nmet hod and such a system have the follow ng advantages: 15 ~ They can be
‘realized in a systematic way so that all the required conponents of the
periodi c disturbance can easily be conpensated. " They have | @d#r BEmd006
capability to |l earn and adapt the environnent variations. ~ They can be

i npl emented not only by software in a DSP but also by 20 hardware so that
the limtations of a servo DSP do not affects the conpensation effect of
the invention. 2 8 SEP 2006 19 ~ They @an be inpl enented by anal og VLSl so
that the whole HTNN and its |earning can be integrated in a chip. A though
only one enbodi ment of the present invention has been described in detai
above, many variations are possible within the scope of the invention 5 as

will be clear kLl ) R T | S u t he
Fol | oving 1ot of o be iRleRieal oy HIAbERAY 5ol e hOR TN apd s
entirety: 10 [léarning Sarcbs,integrdledsoa,chignd W Messer, "Advanced net hod for

repeat abl e runout conpensation", |EEE Tranz. on I\/Sghetics, volbl. 31, no'i 2,
. 1031-103 21 Y., Onuki,,H.,. Ishi and H.. Yada, "Repeatable runou

Egrrpensat i oﬁﬁtrf{é‘g}'o?nl)ﬁi%’l? %f?’mg@‘ﬂgi‘ﬁgﬁﬁlﬂr??@’ﬁdﬁﬁe Fﬁgé’eﬁ@e‘éﬁwm%

conpensat i o' detali @ove dhanGdriatidaPare pBQsibl%O\ﬁgryéglﬁé éscbﬁla NthEXMRion™

Sacks and P. Khosla, "Harmonic Generation in a
5 as will be clear to a skilled person.
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.error in the-behaviour of the systemusing the error signal to control a
neural network having a hidden layer including a plurality of hidden-Iayer
neuron units, each for outputting a 10 respective predetermagedepupgg i on
of its inputs, and an output |ayer conprising an output |ayer neuron unit
for outputting a weighted sumof the outputs of the hidden-Ilayer neuron
units, a plurality of the hidden | ayer neuron wunits being arranged in
pairs, the output of each hidden |ayer npeuron unit of each pair being
input to the other hidden |ayer neuron unit of the pair; 15 transmtting
the error signal also to a servo controller, such as a |inear proportiona
derivative controller, to generate a correction signal, and conbining the
correction %ﬁgﬂ@ with the output of the output |ayer neuron unit and using
the result asa control signal for controlling the system 2. A nethod
according claiml1 in which, labelling the nunber of said pairs 20 as n and

the pairs ad.i=1A methodf of estioling? ther Behavieupfoft e spsten, othehifétind ayer
neuron units outputs a function kov(h) of its input h, and the other one of
the i- th p&PPPHSuts -iw v(h) , where v is a predeternmined function and w
is a constant. 3. A nethod according to claim2 in which v(h) is an

ntegral of h ovecaingSaPAdablbheht Hondl ofERvaOR8 122 pBnadioPtiOd

according to claim3 1h whic ayer neuron units "a _ _
i mpl emenbed systearial og VLS| hardware. 5. A method according to claim2 in
which v(h) is. the discrete-tine integration of h over a period of tine

from the measurement signal generating an error signal indicative of an
error in the behaviour of the system

using the error signal to control a neural network having a hidden layer

including a plurality of hidden-layer neuron units, each for outputting a

10 respective predetermined function of its inputs, and an output layer
comprising an output layer neuron unit for outputting a weighted sum of the
outputs of the hidden-layer neuron units, a plurality of the hidden layer neuron

units being arranged in pairs, the output of each hidden layer neuron unit of

each pair being input to the other hidden layer neuron unit of the pair:

15 transmitting the error signal also to a servo controller, such as a linear

proportional derivative controller, to generate a correction signal, and

combining the correction signal with the output of the output layer

neuron unit and using the result as a control signal for controlling the system.

2. A method according claim 1 in which, labelling the number of said pairs

20 as n and the pairs as i=1,...n, for each i a first one of the pair of hidden layer
| neuron units outputs a function iwv(h) of its input h, and the other one of the i-

th pair outputs -iw v(h) , where v is a predetermined function and o is a

constant.

3. A method according to claim 2 in which v(h) is an integral of h over a
25 period of time.



.5 6., A nethod according to claim5 in which the hidden | ayer neuron units
are inplenented in software. 7. A nethod according to any preceding claim
in which said network is controlled by controlling weight val &J%@POEUUG he
wei ghted sum 8. A nmethod according to claim?7 in which the welghts are
updated by an 10 anmount which is a proportionality factor nmultiplied by

t he i nstantaneous out put of the correspondi ng hidden layer. 9. A nethod
according to claim8, in which the propd2ionality factor is a function of
t he out put of the servo controller and the instantaneous error signal. 15
10. A method according to any preceding claimwhich includes a prelimnary
step of observing the behaviour of the systemto select the nunber n of

pairs of neufron WHé‘th@H@c@MFﬂin%!?o RS AIhiERYISS hidfeh I%geﬁﬁ[eﬁfd?gunﬁ%te

initial outputs of each of the hidden |ayer neuron units and the weig
val ues for taie ipleseentgd i apslogofLSkhardwamei ts. 20 11. A controller for
controlling the behaviour a system the controller conprising: an input

for receivi a ng : ' e 1 Qdi iyve t he Dbe L oyr a
System 26 Sep 200a erd 2oadidtte DAETS bruRicr gohd Atk cHberiey gna
with a ref eristegeation gfitabvéroa peried af ém@n error signal indicative of an error
in the behaviour of the system a neural network having a hidden | ayer

i ncl udi | it f hi dden-
rheuding aptur aA ‘method aclcordfi\rrxlg to claim 5 in which the hidden layer neuron units

are implemented in software.

7. A method according to any preceding claim -in which said network is

controlled by controlling weight values of the weighted sum.

8. A method according to claim 7 in which the weights are updated by an

10 amount which is a proportionality factor multiplied by the instantaneous output
of the corresponding hidden layer.

9. A method according to claim 8, in which the proportionality factor is a
function of the output of the servo controller and the instantaneous error
signal.

15 10. A method according to any preceding claim which includes a
preliminary stép of observing the behaviour of the system to select the
number n of pairs of neuron units employed in the hidden layer, and of éeﬁing'-
the initial outputs of each of the hidden layer neuron units and the weight

values for the selected number of neuron units. .

20 11. A controller for controlling the behaviour a system, the controller
comprising:

an input for receiving a measurement signal indicative of the behaviour
of a system;



.5 layer -neuron units, each for outputting a respective predeterm ned
function of its inputs, and an output |ayer conprising an output |ayer
neuron unit for outputting a weighted sumof the outputs of2g IS€P 2006

hi dden-1 ayer neuron units, a plurality of the hidden |ayer neuron units
being arranged in pairs, the output of each hidden |ayer neuron unit of
.each pair being input to the other hidden 10 |ayer neuron unit of the
pair; a neural network |earning mechani ¢hfor controlling the neural
network based on the error signal; a servo controller arranged to receive
the error signal and to generate a correction signal, and 15 a controller
for conbining the correction signal with the output of the output |ayer
neuron unit and astomgpatator fos Wompering thenimealsurdroeat sibal withtd edferdrice t he
system 12. A antroI | er according to claim 1l in which, |abelling the
nunber of s&igfalp9energte @An@YOk T’n‘gnB'a‘PidEFaH%e pLan errqf in the beRayiour &f ther st
one of the@gété f hidden 20 layer neuron units is arranged to output a
function ic) (h;rﬁof its input h, and the other one of the i-th pair is
arranged to output -iwv(h) of its input h, where v is a predeterm ned
function and co asheurabnetwark.havihg A hidden tyleerinclodingda pluralitycdfahiddd®- i n
which v(h) |s an inte oItirTe 25 14. A controller

8rﬁl of hfover,t @ Beri od of.
accor di ny t BYEf REHIOrsURIS. \RRch fanRUtRYTHAE 2 1espertye pr‘?%?%ﬂ'ﬁﬁf‘éﬂr_"?tf?rhﬂ_ | og
VLS| har dwaftg.ingufdSERE08RA odibul Jayeh 6aMPpFiShhean aspitidyer e ibal (il %od N
which v(h) is the discrete-tine
outputting a weighted sum of the outputs of the hidden-layer neuron units, a
plurality of the hidden layer neuron units being arranged in pairs, the output of
each hidden layer neuron unit of each pair being input to the other hidden

10 layer neuron unit of the pair;

a neural network learning mechanism for controlling the neural network
based on the error signal;

a servo controller arranged to receive the error signal and to generate

a correction signal, and

15 a controller for combining the correction signal with the output of the
output layer neuron unit and using the result as a control signal for controlling

the system.

12. A controller according to claim 11 in which, labelling the number of said
pairs as n and the pairs as /=1,...n, for each i a first one of the pair of hidden
20 layer neuron units is arranged to output a function iov(h) of its input h, and the
other one of the i-th pair is arranged to output -iw v(h) of its input h, where v is

a predetermined function and o is a constant.

13. A controller according to claim 12 in which v(h) is an integral of h over

a period of time.

25 14. A controller according to claim 13 in which the hidden layer is
implemented in analog VLSI hardware.



integral- of h over a period of tinme. 16. A controller according to claim15
in which the hidden layer is inplenented in digital softwareg SEP1706A
controller according to claim11l in which said neural network | earning
mechanismis arranged to control the weight val ues of the weighted sum 18.
A met hod according to claim 17 in which the neural network | earning

mechani smis arranged, at each update of the weights, to vary the weights

- by an anount which is a proportionality24actor nultiplied by the

i nstantaneous 10 out put of the correspondi ng hidden |ayer. 19. A
controller according to claim18, in which the proportionality factor is a
function of the output of the linear proportional derivative controller and

the instantgneoug &nifiles 4 #Blding to claim 12 in which v(h) is the discrete-time

integral of h over a period of time.

16. A controller according to claim 15 in which the hidden layer is

implemented in digital software.

5 17. A controller according to claim 11 in which said neural network learning

mechanism is arranged to control the weight values of the weighted sum.

18. A method according to claim 17 in which the neural network iearning
mechanism is arranged, at each update of the weights, to vary the weights by
an amount which is a proportionality factor multiplied by the instantaneous

10  output of the corresponding hidden layer.

19. A controller according to claim 18, in which the proportionality factor is
a function of the output of the linear proportional derivative controller and the

instantaneous error signal.



