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; €3€] SYNNOQJQS6: STSW@ r Met hods and devi ces for conpensating for
periodi ¢ di sturbances in servo-s~ sty ens The present invention rel ates

a method for controlling a system particularly a semmmwﬁmmmsuch as the
readl wite head of a disk drive. The invention 5 fur to a
control |l er which operates the nethod, and a servo-systemsngor porating the
control ler. Periodic disturbances appear in many servo systens and degrade
system performance. A good exanple is tht servo systermlmmllmﬂ“ﬁmm“ te head
in a disk drive for data storage, where the nmain funct ervo is
to maintain 10 the head accurately on a selected track of «dagz+spi nni ng

di sk. The positioning inaccuracy due to the influence of the periodic

di sturbance is rafigthbeld and désmea!fabtempens&liig foriBeriodishdistarbatigss one of the
mai n obstacles to inproving the system positioning accuracy. Figure 1 shows
the position error signal of a 3.5" hard disk drive after the read-wite
head cones to the desired 15 trackinesgVeSystems) maintain its position at
that track, a processes which is referred to as track followi ng. Due mainly
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fromthe | arggdrpeestigithe Cohroflér. t he di sks. This kind of problemw th

peri odic disturgances al so occurs in rotational nmachinery, including

machi ne tool s, and robot mani pul ators doing a repetitive task. Furthernore)
sone nonl i nderiadie dlistutanges apnees inamapy sesvie|systemes gidi degradessystem

peri odi o (1 rerforEREERy ANSREkiRle RGeS YSIRRE R s Ple. hRE Gl v ca
by anal ysi s disk dde@forfdaxatsmagérwne@uhesmaintfunarblbef fheeservbag td hraintam dual
error e(t) as shown 2in Fig is periodic, and the fundangent al
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desi gn of th§qeArofy S hafd Lk dm/eeaﬁlérfthb%ba-v&rhame%fwrﬁes Miry&sired he
mai n drawback of using notch filters is that the nmethod i s nodel -based: the

not ch fi15t ertsack andelsiegriodmaintainf it gubsitiona at thatstrack, sa 1 processeasawdithois t he
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Cancel | ati on (AF Unlike the notch filter nethod, the AFC works
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shift is required in the "nodified AFC' while an inaccurate identification
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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 period is either known or can discovered by analysis or
identification procedures. It can be seen that the residual error e(t) as shown



"digital signal processor (DSP). The | ook-up table occupies |arge nenory
space and nekes the progranm ng tedious. In [4] the present inventor
proposed an Cbserver-based Feedf orward 25 Conpensation (OFC) nethod. The
RRO is treated as additional systemstates to be observed by a state
observer. The observed signals are then used to devel op a feedforward
conpensation | oop to renove the RRO i nfluence. A drawback of OFCis that it
needs two extra state variables for each2harnonic 3 conponent of the
RRO, this makes it difficult to inplenment conpensation for enough harnonic
conponents. Another schene to reject periodic disturbances is the
repetitive controller, which is conpared with the AFCin [5]. As stated
there, are i b | f‘soﬁ'é i ARERS ' h ir&Sict han
AFC and theri)"gt(l):|I dljtég]tl on %ﬂ"é{?n"@@@"ggeu t \?Feﬁ%érﬁ]{bygqfﬁﬁg r?gagﬁq)?rgﬁguarter
of that of a% WEGvhichwevwrespondeexactlycwittathiespindiespedcdyofdhe disksi ti ve
controller for each harnonic is smaller than that by an AFC. The repetitive
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i nvention proposes that a servo-system subject to periodic noise Is
control M6d sslecied bhasedl onetherknowledge i abdutddbet disturbpaces. Sihceldte | ayer
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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 look-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



"they" are expandable 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 may be tuned automatically, that is it
has | earning 15 capability to | earn and adapt the environnent variations,
such as changes in the periodic noise. A described bel ow, the nethod and
control device may be inplenented not only by software in a DSP but al so by
hardware so that the limtations of the servo DSP do not limt the
conpensation avail able. 20 In particular, the control nethod and devi ce can

be i npl enent@eddhenddF fte RROUINY ¥hakisaf Rt iRipiemBheofipeiatidry fgruch as
VLSI. In particular, the neural network and i1ts |earning system can be

i nt egr at ed iemoydgbiigsmosinctorapongntaddi ti onal part integrated in an existing
driver chip. An advantage of the present invention over the AFC is 'that
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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



'15 di sturbance as a force signal; Figure 3 shows the structure of the
neural network of Fig. 2 schematically; Fig. 4 shows schenmatically the
neural network of Fig. 3 and the |earning nechanism in that case that the
neural network is represented by a continuous system 20 Fig. 5is
schematic bl ock di agram of the neural network of Fig. 3, and its the

| ear ni ng nechani sm inplenmented in DSP software; and Figure 6 shows a
possi bl e i npl enentati on of the neural negwork of Fig. 3 by anal og VLSI. 6
Referring firstly to Figure 2 (a), an enbodi nent of the invention is shown.
This may for exanple be the servo systemof a hard disk drive. It conprises
a system 210 being controlled, corresponding to the read/ wite head. The

systemis Stbt?étﬁ?%ﬁc‘ésqhsthér@@&%yétenwoérfd b cériib% 856035 co rf%.'a't? e S

ot hers di scussed below, are functions of tine. measur enent 'signal ymis
out put fromthem. df thenhighést hacnonidi oadersoft tee emiodioal distartaesmabe. |t
I's conpared with a referenge si ition error sjgnal a

whi nPRr B Slrtpkribalgd & fofieBectal nedvar, BatieS (Ebl neurpan gy hifldn,

conmand si gNayerfaridPa ingé nalirahGh'4Aé Sutpul igyepom nal servo controller is a
servo controller 10 designed for the nom nal system i.e. system 210

w thout the disturbance r. The systemfurther includes a unit 220
conpri si Ag alheeartput géthe nrurap metwerk:inipsefesably embieed aithnidatvof B, semoch i s

netvor k(TGN (26 8 bnleREhardeiidns a To & ainetf PBRES WEndE " ave
respective ouhiphlisinput tntheysysteradienig ¢ontpslikdlS an out put [ayer which
produces a single output fN. The HTNN 222 is controlled on the basis of a

set of (2n+ wei ght.s whjch are itten as a vector W The vector IN is set
by a | earni % %Qh?%r‘ﬁ EW‘?QQI", e\iRherent prQrertysot periedie slistarbanges ithat

hidden | ayery,a¢uhotxpafdatiBihto?figbREmeliid 881icdIqR KkekR! dchepair 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.



'The output a of the nominal servo controller 200 is added to the output fN
of 20 the HTNN 222, to forma control signal which is the input to the
controlled system 210. In this analysis, the controlled system 210 is

nodel led as two integrators 211 and 212. In the case that the system 210 is
a hard disk drive (HDD), it conprises a noveable actuator, armwth
suspension, a driving neans to provide 25 displacenent for positioning the
actuator, and a voice coil motor in the $#DD. None of these conponents are
shown here, but all may be of a conventional construction and will be clear
to a skilled person. 7 The periodic disturbance call ed Repeatabl e Run-Qut
(RRO here is denoted by r, which in the case of a HDD appears as a

posi ti onal CFLﬁfHérr%ﬂ&Qiu@tbSl%jle%YnlﬁgQﬁéﬁﬁdrﬁérﬁYth%fnélh§| Aétork ¢ah ez Witn of

the spindle axis, or inperfection servo witing process. 5 Since the
RRO i s peri @vanging: operatise sitpationsnathis makes tprefasrashmmbedipenisefi tie as

r~t)= ~R si Wéﬁ/{(@rrﬁaeﬁ \(PiﬁuéhAl though the RRO appears as a positional

di st ur bance, t to a force disturbance f(t) as shown in
Figure 2(b) with the Laplacian 10 transformation F(s). F(s) = kSk R(s) (2)

Y where R(S)Furﬁwdrh@ré,awémuserbﬂtharwéa:rrpmtsim nedarihg wREtmctﬁJté théhsreséntr e,
f~t~-~i2~2R, sin~i~t+rp;~ 15 ; t Kk"KY ( i =~F,sin(i~t+~p 1= where F,
=i 2~ZR, 5 k\}RVrent'Plﬁ‘emﬁkP§t't @@ﬁlﬁlwtmomen {Oro?")’z@ﬁ?rlq{ f‘(aiﬁnQH'i@a%fp@&r S

af ter the dqubloiderdAldis B) "oy ddidh SABRS HlrofUFhisO Rerdbrs CAd b

further wit
preferred 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
16  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.



'8 f (t) _ ~F, (siniwcos~p, + COS|~tS|n p, ) ~ ((F,cos~p, ~Siniw +

(F,sin~p, )cosiest) z~~ =~Wx, (t) = WIX(t) wher e X(t) E~2", INE ~i 2", and
they are given by: (4) X(t) _ sin ~t sin 2w ~ ~ ~sinnit cos wt cos 2W ~
~ ~cos nr,~t~T W= ~F, cos ~p, F2 cos ~p2 ~ ~ ~ F" cos ~p" F~ sin Cpl Fz
sin ~pz ~ ~~ F" sin ~p" ~T By the property of the trigononetric function,
we have the followng matrix 5 dynam ¢ equati on X(t) = AX(t) (5) where ~ O
~~0A-0AA-02~. .. 0(6) -A06 . | . 00 ~~ nr~ 10 and A a
~i 2"~Z2" , AE~"~" . Equations (4) and (5) showthat the periodic

di sturbance can be expressed by a trigononetric polynomal, which is
graphically represented by a neural network in Figure 3. The net wor k has
two | ayers: F@ef@trﬁ@eﬂsﬂ@Y@F@Mréh(Q?Wémbéarrﬂéﬁ o¥iHe MVePtibRYS shawa! TArde up
of just one neuron. The out ﬁuts o] he 15 neurons except neuron 303 of the
hi dden | ayemanfasiaxammg be-the sere system,of a hardxisladévequal to respective
conponents of X in Egn. (4). 9 In Figure 3, each neuron of the hi dden

| ayer excepty BSH@Ee?%‘Q’ Eh051E bte'ﬂf‘g %HQ&I&J %?FésﬁBn{?}uﬁ%' thePleAld ’(Wnt’

input by a respective va ué a-~ is multrplication

i's shown as hgagfhe S%fémaenduﬂﬁﬂlwdlEtLIereSElthetthataﬁhls sigagl, ahdralBthe, to
produce the output of the hidden | ayer neuron. Neuron 303 5 is a special

neur on whi ciPtapredisgusssndsbalow, cﬁjPHHﬂcﬁﬁnsloﬁﬁﬂ‘w [ReasureMent $ignal Wrhis

out put | ayer, t I t t 1 in the
hi dden | ayer oytpRR 'Jm&?htﬁugf%&g%}"?' ) i \i'gd' stes tﬁgétta?n‘;ﬁ‘hg %}%E? %Oorhs's
~2n+1) x( 2n+>xempdied rwmuapefereme sigral y’x-teg,lve a posiionferoon sigealhe ddlmh Isayer
is applied t the 0 | ayer mhlc ts of a Sln | e neuron, which
i bl es (e MRt pomi Seni sl enahd. &nlth SRSy AL BngtE

adj ust abl e Vt?'t&lrﬁrlv\éoan aciatofN +The -nomiHBrseiv® BoMFolle?SBOS Iderfo cdntrblier 306,
and suns the results 306 (using addition el enent 307) :h‘leg?et t he out put 308
whi ch i S0f N(dgsigried for theenominal system. lie. aystent 240 witholty islprbancey. wn+~,

, W2~ can be varied (shown in Fig. 3 as operation 305) by the |earning

rechant S SeR SRR Rty Wopdhh 3, 5k 2R ooty hBlBneiah 22acpL =

wei ght in eanly feketHeonsarall nedldrk, Wk deddribbdriatdetsil befow,ds eufepted {0 - €.
t he out put of the output neuron is ust t he vv&rght ed sum of the i nputs, not

sone functi @f thypﬁﬁttr'ﬂﬁn%ﬁﬁt? '%QHF? networl (AT BiNIn B hasoa iddaselayen Biasieesent
t k d N tai
v 1 3 G A TR, DA e . G 137 S = 7

nam €
trigonortstrian foutpm’u lay:er \lvhlchspfcrduc'ebl a smgleonutpuit e Thed e TNN 288 iset wor k
In Figure 3 c?osntl%lle tﬂe-[) trofC (2n+",{ welgN?s W?uc'?\ :gre wH)ten 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.



"On the HTNN, we have two remarks: 25 1. The HTNN can approxi mate any
periodic signals. This statenent can be mathematically expressed as: for
any continuous periodic f (t + T) =f (t) with 10 a period T and for any
s >0, then there exists a finite value of n and a weight vector W such

that .~rr ~f~ ~"~" *~ - f ~t~ <8 . (7) 2. Anmong all trigononetric
polynomals with period T and the order less than 5 n, the HTNN gives the
best possi bl e nean square approximation¥o f. W will now di scuss the

| earni ng nmechani smof the HTNN of Fig. 3, and systemstability. From Figure
2 (b), if y=ym the dynamcs of the HDD servo w thout the HTNN can be
described as 10 . y~t~ = k,,kyu~t~ + k"k~,f'(t~ . (8) If the nom nal

servo-cont rQ*Heebeﬁ’&ﬁ cﬁstdﬂwﬂp%@aévﬂgd%eﬁeétéﬂ%aﬁuﬁ’ Q)&O@F(G} hgfe id'Eeh&téd U 1‘;;

~k~e~t ~+koe~t ~~I position error.
To wite thé)ygam’mcrofn theecasenof alHRD appelacs as la-positiond|-distudi@nce-causied + ~o
~ Q where

are actor for. a co ite er
def’ ned as BYiecgnticty ¢tBetlisk, dstafmgtich 8 2 hibdie Pinsor BRRSHAAB (11 )
with the conpé@erawath@prddabst © (10) we have ~(t) _ -k~~(t) + ~~fR (t) ~
(12) 5 where fR(t)_-kvkyr(t)). Taking the output fN(t, Wt)) of the HTNN
222 into account, we have i i )
5 Since the RRO is periodic, it can be approximated by a trigonometric

polynomial as

r(t)= iR, sin(iot + ¢,) (1)

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).

R(s)

F(s)= ksz

where R(s) is the Laplacian transformation of the RRO r(t). Therefore,

n i‘w*R .,
f()=-3" :’k “sin(iot + @,)
15 =R (3)

=3 F s1n(za)t + ¢, )

=1

-

where F,=-i’w’R,/k,k,. 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



"E(t)’ _ -kc~(t) + ~1 VR (t) -.fN(t )) ~ 13 10 For the stability design, a
Lyaponov function is constructed as V(t) 2y ~Z~t)+2~EwW(t~w~t) (14) where Ew
(t) =W - Wt) is the weight error. In the case that the HTNN i s operated
in continuous tine (e.g. by analogue circuitry), the learning rule for the
HTNN i s here chosen to be: 15 W(t ) =r~s(t)X (t) , ( 15) where WE ~ Zn+1
and X E ~ Zn+l . Thus, the operation of the HINN and the |l earning algorithm
is as shown schematically in Figure 4, where box 400 represents the HITNN
and box 401 shows the operation of the |earning nmechanism The HTNN has a
cont i nuous 12 loop of nmultiplying X by A, and X is also fed back to the
| ear ni ng nechani sm 401. The tine derivative of V(t) is thus V (t) _ ~1
E(t)~(t)- ~ Evv(t)vztﬁt%ﬂ E2(t) + 6(I~_fR.(t3-.fN ~t))- (W*T - WI (t)~(t~(t)
C K~ E2(t) +E(t ~f R(¥)= S Risiniolidonp~t yosiersingd ) ) (16) ~1 E2
(t)+~E(t~R(t)-fN~t)I "k -1k-~c E2 (t)+IE(t~s 5 Thus, we have v(t) <- 0)
when ~E(t~ ~ a~ s (1=% (lhes et 1 (Esif¥ St SpOONPOSi te error converges
towards 3,8 / k-~ , V\E(gz-ﬁ is?')taurn netyzns%?%e efr)ror e(f) cdAyverges by the
| inear differential _eiuati n: 10 W have the solution of (18)

=1

wx (F
=W'X(t)
where X(f) € ®?", W ¢ ®?", and they are given by:

X(t)=[sinot sin2wt - sinnot coswt coslot - cosnat]

W =[F cosp, F,cosp, -+ F,cosp, Fsing, F,sing, - F,sing, [

By the property of the trigonometric function, we have the following matrix
5 dynamic equation

X(r)= AX(r) (5)
where
o 0 0
A=[0 “‘], 4=|0 2 0 0
-4 0 : : oo
0 0 - rnw

10 and A e R™™, 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+7)
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).



‘e(t)* ~1 e(t) z k . (18) e(t) ~e(0)- ~nexp - ~t + ~Is . (19) ~okc ~1
~okc 13 Egqn. (19) shows that the systemerror e(t) converges
exponentially with an exponential constant of Rio /~3, fromits initial
value e(0) with a bias of ~3,8/(, Qk~~towards a positive constant
,QBI(,Q@k~). W nowturn to the question of how to .sel ect the paraneters
of the HTNN and 5 the | earning nmechanism The initial state of the hidden

| ayer neurons of the HTNN, that is X(0),9should be assigned to ensure the
state X(t) remains trigononetric, i.e. X, (0) =0, i =1, n, (20) X, (0~ =1,
I =n+1,..., 2n. 10 The initial values of the weights WO~ in HINN can be
set to be zero to nmake the HTNN have a zero initial output, WO~ =0 . (21

) The HTNN ondggure 3ifdRpt Redrdh cTARE MiddeH laQ8r agseptataursn 308 daHdrhry thaf f ect s
15 the whol e system conpensati on performance. Generally, a l'arge n results

in a smal | -simple fungtion of oudtiplyingdissiapubRyY a-RePeshve VABIEHENN Bor 8en, n.i s

limted in agt.i.C ' h A €. S.C he

i ntegrati onpg\ﬁhghlst ﬁglt@mﬁ%@%@w edré%':ézé(d“ gﬁt %(?Q‘I %’??fﬁ@%&r"% '%%ﬁtgé alti;y t he
conput at i on integeatot B0of td produte thé outputeofthdiNidden kyeemeoiotd Naurepflogare. A
practical 2Q way to sel ectwiqhe HTNN order n is by _a harnonic analysis to

the erropP si"gﬁa?rPecﬁJWf% isht giMes agronstant pstprtiaf d aRdhWeOREH8S atias i error
signal, a S‘fhé%ﬂtﬁuﬂagé‘ﬂ r@é'urﬁp%e(ﬁ’ﬂcéﬁ b%“ﬁ*&ét%dt&ﬁdﬂyw ﬁ%r%tﬁépﬁ%hrdﬂs' int f ~€
onponent s. to'set ni1s

significant harnonic Anot her “way y 1 ncreasing n

f roma i ni t ithe h‘ifcﬁiéjlhelayélt btht\ﬂiﬂ'\ fica ,aehhew‘eqwxaé Rom! fed fAoE ﬂﬁ?’fc‘?‘z"“g .
achi eved with consi deration of 4 the hardware or software limtations.

This process_can be carried out before the HTINN is set to work or by an
on-1ine adagtagh eutputko.neXe, Xur n--t.¥2nHftRin the Siddemlaygaisaarnliedstorthe outpat

and ke, Fro ~2 - ~ + = . i i~ = -k~

Assum ng thg}" ?élrg%’g'\rgﬁc%\éﬁﬁlogra sllﬁblge%?udég(ymlgh %&@ﬁ@%{amﬁ)ié\lgg@‘esrﬁss{ﬁémnmr Kk

in criti1al == 304), eacreinpkil By-a rdspective aljustable weight wo,...wn, Wnat, ...,W2pn 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 wy,...Wn, Wn+1, ...,W2, 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+T7T)= f(t) with



‘10 we have k~ =kl 12, (24) ~0/~1 =k1/2. 1If we set /3, =k, , then @G0 = 2ko
Thus, from(9) and (11 ), we have 15 e~t~ = u(t ~ + koe~t~ . (25) Using
(25) in the |l earning nmechani smavoi ds the neasurenent of the derivative of
e(t), which is usually problematic in practice. 15 W now turn to the
i ssue of the inplenentation of the enbodinment in either hardware or
software. Firstly, an inplenentation in software using a DSP and by
hardware by anal og VLS| is described ini®etail in the following. In this
case, the continuous 5 equations discussed above are no | onger appropriate,
and instead we transform Egn. (5) as follows Xd(k+1)= DXd(k) D - nr (26)
where T is the sanpling tine and Xd(k) E ~z"+, DE ~tz'~z" . The initial
val ue of 10 JGlae Yo obanys Lol thom et éx%&%ﬁ’n eTifiub BRI iMga Lidighi( 15)
is replaced with: dW(t) ~e(r)X ? (27) 15 T e schematic
di agram of tyeetddT™WNswuch thatds | ear ni ng rrechanl smrealized by DSP software is
shown in Figure 5, where 500 is the network body and 501 is the | earning

mechanism In this case, overall structure resenbles that of Fig. 4,
but in the block Hod tMit" -rf?t A< &. repl aced(l'o’)/ matrix D and the integrator is
repl aced by a delay unit (labelled "z'"), and simlarly, 20 in t he bl ock

501 corresponding to the | earning nechanism the integrator |
2. Among all trigonometric polynomials with period T and the order less than

5 n, the HTNN gives the best possible mean square approximation to f.

We will now discuss the learning mechanism of the HTNN of Fig. 3, and
system stability.

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

10 . ¥(t) =k ku(t) + ki (). (8)

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

u(t) (kle(t)+koe(t))/ v y! (9)
where e =y’ —y is the position error.
15  To write the gains of the controller as
ko =k.po! By
(10)

ky =k, + B/ B

where k£, >0, B, >0and g, >0 are factors for a composite error defined as



16 replaced by a delay unit z ~, and the output of the block 501 is the sum
of the delay unit (i.e. Wat a previous cycle, with the result of equation
(27)). Secondly, we will discuss an inplenentation of the enbodi nent by
analog VLSI. In this case the equations (5) and (15) renmain valid and are
not 5 replaced by (26) and (27). An exanple inplenentation is shown in
Figure 6, follow ng the design nethodol ogy introduced in the publications
[6], [7]. The top left of Figure 6 intrdduces a conponent 600 called a
transconductance anplifier (discussed in [7]). It has an output current io
which is a function of the input voltage v; between two of its input
termnals, a bias 10 current ib to another termnal, and a gain K, given
by: io=Kv, +ib . (28) FEhg. I A ntroduces a conpone 601 called a
four-quadrant multiplier ﬁggrﬁégéﬁ*éﬁ?kut current io mhichﬁﬁ% a function of
the two input voltages v;~ and 15 v;2 and a bias current ib given by: ~o -
v~lve2 + | b _~ (29) The upper part of Fig. 6 is the network body and the
| ower part iKuSqaBydiffarantigtingsdramitithe sonsideratianof () o th0) whbaves 2n
neurons marked as 610 in the hidden |ayer and one neuron 620 in the out put
| 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
hi dden | ayer neuron. Part 620 hadr)compaenss; ®21 and 622 (48) ch performthe
mul tiplication of the output of the hidden |ayer 25 neuron by a respective
wei ght, and takes the sumto give a voltage output vo . 17 A constant
vol t age ¥xo WReMRef, @s=64&,fWdugh wei ght wo , which is generated by a part
corresponding to 630, gives a bias to the neuron 620 by the bias current of
any nmultiplier. in 620, e.q. i i 6. Part 630 generates the weight
for use by "t"i'Q)Ith%Pum%N@% &rtFSWB%Z 'B@?qué"'gé’ﬁ% aVed using
conponents shown as anplifier 650, which is connected in the resistive
arrangenent shown to the two inputs y and Y*. W will now anal yse this
behavi our carefully. Using the definition of the transconductance anplifier
612 and t aki.ngli=ntioe@eeilfit( X% (ksi ster §13)with a 10 value R we obtain:
dvx~ = xxa lvxl . (30) where the feedback matrix ~a; ~ is determ ned by
connecting or disconnecting each node in conponent 610. Using the
f ol over - | nifegrtAbatafi desfir B LyapeABs fixidtiolis 2ohéfugtegrduct ance anpl i fi er
bt Cvx 1l=Kdvx 1 =CRa ~ VWx 1.

and a capacitor C we arn (31)

10 V() = z2{_1EZ(t)Jr5%15,@(,)15,,(,) (14)

where E, (f) = W' — W(t)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 (t), (15)
where W e % 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



‘for a correct selection of Kand R The nultiplier 621 nultiplies the

out put of the hidden |ayer neuron by nmultiplying it wwth the | earned wei ght
w~ according to the formula: 20 log = vx111'l + |61 ~ 18 = Wx~ W -E W
(32) where the weight is obtained by the | earning nechanism 630 and is ib,

= wo . The whol e output of the HINN is obtained by taking the sum of the
current contributions fromall 2n, and transformng ‘the current is into a
vol tage signal 5 vo using anplifier 622.122n 2n vo - Rto - R~ Wkvxk + | bk -
R~ Wkvxk + WO k=1 ~=1 Each | earning conponent 630 updates the corresponding
wei ght val ue continuously according to the expression: w- ~7 K vxy* -v~.
(33) 10 Thus, the HTNN in equation (4) is realized by anal ogy VLSI. As

di scussed a S - a

met hod and g&gissolf.em vﬂ?hﬁ nAc’oar‘rpr?ée%@gfael or th(e:Ik iwn?ﬁ'eér%gré@ao Q%@'?I%g'i C

di stur bances40dnThbdlmsleﬂmtp@rcbfdr’(lh)eiadleusaf a positioning servo system Such
a nethod and such a system have the foll owi ng advantages: 15 They can be
realized in a systematic way so that all the required conponents of the
periodic disturbance can easily be conpensated. They have |earning
capability to |l earn and gdapt 'QS epvbdg nt variations. They can be

i npl enented not only b O ﬁ%ﬁﬁ (e Pt al so by 20 hardware so that
the limtations of a servoSP do nbt affects the conpensatlon ef fect of

the invention. __k z(t)+5(t)(fR(t) ~fyn (0)- ( T(t))s(t)X(t)
- —7;782(: )+ £ )fr () v (O - O + £y () (16)
s =520 +lefa () -1")
e(t)+|e(r)o

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

() > %5 (17)

Therefore, the system composite error converges towards 5,6/k,, which in
turn means the error e(t) converges by the linear differential equation:
10

&)+ I—'Z—‘:—e(t) > ki . (18)

(4

We have the solution of (18)

55 5. Bib
e(t)z(e(O)—ﬂ—:kc—J p( ﬂ‘:t) B2 (19



'19 They can be inplenmented by anal og VLSI so that the whole HTNN and its

| earning can be integrated in a chip. Al though only one enbodi nent of the
present invention has been described in detail above, many variations are
possible within the scope of the invention 5 as will be clear to a skilled
person. References The disclosure of the follow ng references is

I ncorporated herein by reference in their entirety: 10 [1l] A Sacks, M
Bodson, and W Messer, "Advanced nethod 13or repeatabl e runout
conpensation”, |EEE Trans. on Magnetics, vol. 31, no. 2, pp. 1031-1036. [2]
Y. Onuki, H Ishioka and H Yada, "Repeatable runout conpensation 15 for

di sk drives using nulti-Iloop adaptive feedforward conpensation”, SICE '98,

Chi ba Japan,eq®. (1893héW8&hal fhe &stERdsPH: e(g‘) c gfiﬁgﬁngﬁ%%@t? Ll

"Harnmoni ¢ Generation in adaptive Teedforward cance

Trans. on AwxpoatentialCoanstaht ofols,/BD 88m its. inftial pyalud 9%8®@) 18RH . a [ ks Yol ou,
"bserver - based conpensation of repreatable run-outs in hard disk drives",
Pr oceedi ngs ﬂf&/(ﬂ(dcr:%lowamsm Resitveraomstant ydns((899). p453- 458 25 [5] Y. Onuki
and H. Ishioka, "Conpensation for repeatable tracking errors in hard drives
using discrete-tine repetitive controllers', Proceedings of the 6tn 20

| nt er nat i ona{VeRaw &pgo dhe auesticieel hew ite seleshtheoparamaters ofdbe HTMN AN

Japan, pp 49Q- ; Werth et al, "A neuron-based pul se servo
for rmti%n ggﬁﬁé;’%mu{,gﬁ%]egp%@g "EEE Int Conf. Robotics and Automati on

(G ncinnati, OH), 1990, ppl698-1703, [7] C. A Mead, Analog VLSI and neural
syst ens, Reabhenpitidd statecdfdbe hikdarelayed A80rons 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 6 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 implemented 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



10 '21 Cains 1. A nethod of controlling the behaviour of a system the
nmet hod conprising: receiving a neasurenent signal indicative of the

behavi our of a 5 system fromthe neasurenent signal generating an error
signal indicative of an error in the behaviour of the systemusing the
error signal to control a neural network having a hidden | ayer including a
plurality of hidden-layer neuron units, . each for outputting a 10
respective predetermined function of itd4inputs, and an output |ayer
conprising an output |ayer neuron unit for outputting a weighted sum of the
out puts of the hidden-layer neuron units, a plurality of the hidden |ayer
neuron units being arranged in pairs, the output of each hidden |ayer
neuron unit tRé MRARGRaRADF sbitivage limitbtion® THIS pRoéeds barwldencdraggout Pefere unit
of the pair; 15 transmtting the error signal also to a servo controller,
such as a | ithe&dTNINdpsettoomerk aldy ameonisedstaptalianer, to generate a
correction signal, and conbining the correction signal with the output of
the output layer neuron unit and using the result as a control signal for
control | i ng Weehaw tureio hdw & setthe garameters 18y ¢, aamd A; i n whi ch, |abelling
the nunber of said pairs 20 as n and the pairs as i=1,... n, for each i a
first one offFrohe(1fkhiwe bavéhi dden | ayer neuron units outputs a function
iw(h) of its input h, and the other one of the ith pair outputs -iwv(h) ,
where v is a predeterm ned function and wis a constant. 3. A nethod

according to clai —kik. who €® v(h) is an integral of h over a 25 period of
tinme. 22 4. A ngthod according to c{28)m 3 in which the hidden |ayer
neuron units are I nppt_eg in anal og VLSI hardware. 5. A nmethod according
to claim2 in whi In)"i's™t he discrete-time integration of h over a

period of time 5 6. A nmethod according to claim5 in which the hidden |ayer

rocedi ng crARinBlne THERE Eohfiofit s MRbneg: o/ tuRRe JAeAEHE bP WEKRY
val ues of t hgtitieal stateedesum 8. A nethod according to claim7 in which the

wei ghts are updated by an 10 anmobunt which is a proportionality factor
mul tiplied by the instantaneous out put

10 we have
kc = kl / 2,
(24)
Bol By=hk/2.

If we set 5, =k,, then g, =2k,. Thus, from (9) and (11), we have

15
£(t) = u(t) + koe(z). (25)

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

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



‘of the correspondi ng hidden |ayer. 9. A nethod according to claim8, in

whi ch the proportionality factor is a function of the output of the servo
controller and the instantaneous error signal. 15 10. A nethod according to
any preceding claimwhich includes a prelimnary step of observing the
behavi our of the systemto select the nunber n of pairs of neuron units
enpl oyed in the hidden |ayer, and of setting the ini.tial outputs of each of
t he hidden | ayer neuron units and the wdbght val ues for the sel ected nunber
of neuron units. 20 11. A controller for controlling the behaviour a
system the controller conprising: an input for receiving a measurenent
signal indicative of the behaviour of a system 23 a conparator for
conmpari ng t hefRie tirdNtheSisSiidlof \thé Implentématait of She) eabddimeanNRY aitiferan
error signal indicative of an error in the behaviour of the system a
neural net wdiatdware agseftwargden | ayer including a plurality of hidden 5

| ayer neuron units, each for outputting a respective predeterm ned function

of its input ngd.a L LS| I ni t
For out put LGt i APgoestandy % SHRLtlaRgra, DURTHRd B MarBbHr by
units, a pl aralog YLSI is desdribeéden detgikin the Joliowingi Insthisecase, dhe gogtilious
e R M
| ear ni ng meqRHEFSH Eahl @@srﬁllé\jvé‘g t he neural network based on the error

signal; a servo contro r 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 using

the result as a control signal f @ontr #i Q‘% the system 12. A controller
according to claim 11 in which, b I*T]i)r_r e /nunber gy said pairs as n and
the pairs as i=1,... n, for each|i a fDesd*"one of thg air of hidden 20

| ayer neuron units is arranged to output a function jw/(h) of its input h,
and the

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

10 X, (k)should be

Xd (O) = [0l><n len ]T

The learning rule (15) is replaced with:

AW (t) = ne(t)X (¢), (27)

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



"other one of the i-th pair is arranged to output -iw v(h) of its input h,
where v is a predeterm ned function and c~ is a constant. 13. A controller
according to claim12 in which v(h) is an integral of h over a period of
time. 25 14. A controller according to claim13 in which the hidden |ayer
is inplenented in anal og VLSl hardware. | I 24 15. A controller according
to claim12 in which v(h) is the discrete-tine integral of h over a period
of tinme. 16. A controller according to dfaim 15 in which the hidden | ayer
is inplenmented in digital software. 5 17. A controller according to claim
11 in which said neural network | earning mechanismis arranged to control
the wei ght val ues of the weighted sum 18. A nethod according to claim 17

i n which theepaeediby %Hé&k%m@z’ﬂ U OtHEESRB éfT’EHeSbIé}éK som%ith@&uma@ﬂhepdate
of the weights, to vary the weights by an amount which is ag@oportlonallty

factor mul tidelayeudnibli.e W aha pearieusecysie, Mith thepresubiof equation (£8pondi ng
hi dden | ayer. 19. A controller according to claim18, in which the

P obort 1 onaiSasbriBs oS il iR b MpBrodendt e RroblBimd WL agaion 5o
A servo- syshArBli nﬁonwro@tsenmeaequatmm (B eeic 015) remhin &alid cdnd: laré motll 15

to 19. . AF9. AYY. AF9. A Ae. A A 2. A& A A AAAAA A9 AY. A
Ar. AEYc5 replaced by (26) and (27) “An example implementation is shown in Figure 6,

i\ c !31]02: g]Jr;a] c a?"&']"hy]tc a}jc a%c n af@bgg@l{?%@%’:‘}‘c a%’ lb?b%%ﬁﬂsgpi ﬁ? ' Z?']' g#?(]#g#?#] -

$$9%6 WRX&&&} xsni d_Z] ca] ca] ca] ca] ca] ca] ca] ca] ca] ca] ca] ca] ca] ca]ca]ca]ca]ca]c
a] ca] ca] ca] C'Et]e:alapa] tedf] caf chigusé c & cmtrodlices cal &&&npohemY(GQO ( Caﬂed -
+++, , Y

a] caU] ca] ca]2t C Bjr’]‘léértdi'f%%a G ég%’ E@ﬁdgﬁ{ﬁ% g&f&“h IRt hih ] o2l ©
Koo't i /aoﬂ!Pi@ﬂQHQﬁ %ﬁé%&%ﬂéé&ﬂ%&@é@ﬁfﬁﬂdwlt@ "I ﬂe%maﬂ@]&e}dsc a] ca]

ca] ca\/] calJcalc aV]ca]caV]ca]ca]c a\éj
10  current jp to another terminal, and a gain X, given by:

i, =Kv, +iy. (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 voltages v;; and
15  viz and a bias current i, given by:

io =V vt ib ' (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 layer 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,.
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nRQ22222222222222222223
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for a correct selection of Kand R.

The multiplier 621 multiplies the output of the hidden layer neuron by
multiplying it with the learned weight wy according to the formula:

20 iOl = Vxlwl + ibl y
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=v,w +w, (32)

where the weight is obtained by the learning mechanism 630 and 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 voitage signal
5 v, using amplifier 622,

2n 2n
v, =Ri, = RZ WV tiy = RZ WV, + W,
k=1 =1
Each learning component 630 updates the corresponding weight value
continuously according to the expression:

. CR -
Wy =1 v ). (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:

16 = 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 capability to learn and aﬂapt the environment
variations.

* They can be implemented 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.
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1. A method of controlling the behaviour of a system, the method
comprising:

receiving a measurement signal indicative of the behaviour of a
5 system;

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 iov(h) of its input h, and the other one of the /-
th pair outputs -iw v(h) , where v is a predetermined function and ® 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.
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are implemented in analog VLS! hardware.

5. A method according to claim 2 in which v(h) is the discrete-time
integration of h over a period of time

5 6. A method according 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
sighal.

15 10. A method according to any preceding claim which includes a
preliminary step of observing the behaviour of the system to select the
number n of pairs of neuron units employed in the hidden layer, and of setting
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;
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a neural network having a hidden layer including a plurality of hidden-
5 layer neuron units, each for outputting a 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

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 i=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.
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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 learning

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.

20. A servo-system incorporating a controller according to any of claims 11
15 to19.



