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Adaptive Control of Power Electronic Drives for
Servomechanical Systems

Deron K. JacksonMember, IEEESteven B. LeepMember, IEEEand Steven R. Shaw

Abstract—This paper presents adaptive-control schemes that One power electronic drive, for example, is a unidirectional
estimate load-model parameters and adaptively “tune” a digital power transfer coupling that draws power from the ac utility
controller for an inductively-coupled power delivery circuit. Esti- — tq,gh a high power factor pre-regulator. Power is transferred
mation algorithms are presented that utilize specific recursive for- . . .
mulations, which provide adequate noise immunity in a power- to the load through a half—prldge myerter that energizes a sepa-
electronic environment. The techniques are demonstrated using a rable transformer or inductive coupling. Another drive explored

servomechanical system and a 1.5-kW prototype power electronic in [3] employs a high power factor pre-regulator capable of bidi-

drive. rectional power transfer, to or from the electric utility, and either

Index TermS_Adaptive ControL inductive Coup”ng, power elec- afull'bridge or SymmetriC half'bridge inVerter CirCUit Capable Of

tronics. transferring power to or from a load through the inductive cou-
pling.

An inductive coupling provides features including: safety iso-
lation; a separable or sliding, nonohmic electro-mechanical in-
N CONTRAST to controllers for typical regulation ap-terface; and, often, the possibility of transferring power across
plications, servomechanical systems generally requireaa unbroken environmental interface, e.qg., the skin of a patient
controller whose transient performance is verifiably guarantegsteiving an externally powered-vivo implant, or a wall in
over a wide range of operating conditions. Also, for adequagetransportation system. The advantages and engineering chal-
tracking performance, the controller may need to respofshges of operating this type of coupling and the associated drive
relatively swiftly to command changes or load disturbancesircuitry over a range of power levels and applications have been
An array of servomechanical control problems exist whereviewed in numerous publications, including [4]-[9], among
slow variations (compared to control bandwidth) in mechanicathers.
properties, loading, or external disturbances lead to changes i [10]-[12], we exploited large-signal linear models for
the load model parameters. Such changes can adversely affiesieloping controllers for the inductively-coupled power
even relatively robust control designs. electronic drives used in [3]. Large-signal linear models are
Adaptive or “self-tuning” controls adjust automatically in reessential for developing controllers with verifiable performance
sponse to system changes. Adaptive control systems have higetracking applications. The general multirate digital control
widely studied [1], [2], and generally are two step processesteichniques developed in [3], [11], and [12], and presume
system parameter estimation and control adaptation. Both tagkst the driving-point impedance or other input-to-output
must be accomplished on-line to permit the controller to tradiehavior of the load can be described by a linear, time-invariant
time-varying system parameters. This imposes certain limits gansfer-function model. The time invariance constraint implies
implementations. In addition, the adaptation algorithm must lagat the differential equations or transfer function describing
suitable for digital implementation and sufficiently robust tehe load model contains constant coefficients. These coeffi-
noise. This paper addresses these concerns and presents tgéehts must be known in order to apply conventional design
nigues specifically suited to power electronic and digital contrgéchniques. Not surprisingly, a number of applications do not
environments. fit this description.
The next sections present techniques for estimating the slowly
Il. SYSTEM OVERVIEW varying coefficients of a load model for a load driven by an in-
ductively coupled power electronic drive. These technigues can
e used to update the gains of a controller to ensure specified
erformance under load changes. The parameter estimation and
adaptive controller demonstrations are constructed using a pro-
Manuscript received June 18, 1999; revised February 24, 2000. This work #@8YP€ 1.5 kW inductively coupled drive (described in detail in
supported by AMP, Incorporated, the National Science Foundation througti3d]). However, the estimation techniques could be used in virtu-
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S. R. Shaw is with Montana State University, Bozeman, MT 59715 UsA. tively coupled (separable transformer) drive, which is very sim-
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. INTRODUCTION

A number of circuit topologies for inductively coupled powe
transfer in servomechanical applications are reviewed in [
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[ll. PARAMETER ESTIMATION FOR POWER ELECTRONIC For now, assume that the “forgetting factgs,’is unity. In this
DEVICES case, afterV iterations, the recursive algorithm can, with infi-
Q_ite precision arithmetic, return the exact parameter estimates

A conventional linear estimation problem begins with the athat ould oceur using nonrecursive least sauares on the same
sumption that a column vectgr composed of scalar measure- wou urusing ursiv qu

mentsy[&] can be related to the product of a “regressor” matrify data points. However, a perfect match requires very specific

R (composed of row vectongk]?) and a column vector of pa- !n!?a: cond|t|otns forft’[k]. In pt;a(;tlcte, th_e rr;agnP[OLan_d the_t_ |
rameterd) which characterize the system [2] initial parameter vector may be determined by producing initia
estimates, perhaps off-line, using conventional least squares. Al-

RO =y. (1) ternatively, the algorithm could be started with an initial guess
at the parameters and0] matrix set to a large constant multi-
In a typical application, a large number (relative to the numbegfied by an identity matrix. Although this can cause large initial
of parameters i) of measurements are made to assemble th@nsients in the parameter estimate, the 1&{# helps assure
y vector. The system is overconstrained. Generally, no véctofe|atively rapid parameter convergence.
can pe found that precisely satisfies (1). The least-squared errofpe RLS algorithm just described refines its parameter esti-
solution mates at each iteration. So affériterations the accuracy of the
d— (RTR) 'RT estimate accumulates the contributions from\aH- 1 previous
= (R"R) ' RTy (2 &sim . . .
iterations. This prevents the algorithm from accurately tracking
minimizes the sum of the squared errors, i.e., the 2-norm of th@e-varying parameters unless the effect of distant data points
vectory — Ré. (The “hat” notation is used throughout this pape§an somehow be mitigated. This can be accomplished by setting
to indicate estimated quantities.) The critical choice of mod#e forgetting factop to a value less than unity. The forgetting
parameterization determin®s The presence of disturbances ifactor modifies the minimization criteria of the RLS algorithm
R or correlation between the columnsRfand disturbances in SO that errors that occurred at time index- ¢ are weighted
y will result in biased parameter estimates. Also, the numerid3f »*. The number of samples effectively kept in “memory” is
condition ofR,, which depends on the richness of available megoughly proportional td /(1 — p) [2].
surements, determines the practical ease with which (2) may b&xponential forgetting must be tuned with some care for op-
solved. Generally, direct numerical solution of (2) is not the besum performance. Ip is chosen too large, it will lead to slow
approach for findin@, and recursive formulations based on thisonvergence of the estimates, and if chosen too small, it will re-
equation may also be numerically inferior to more clever solgult in noisy estimates, which are based on too few data points.
tion techniques. However, given sufficiently rich measuremeniB)us, the choice of represents a trade-off between parameter
all of these estimation approaches are generally functional fsacking and disturbance rejection. Another problem, known as
application with thriftily modeled servomechanical drives.  “covariance matrix explosion,” may occur during moments of
low excitation [2]. In the absence of a significantly exciting
A. Recursive Least-Squares Estimation input, the quantityP[k — 1]r[k] will approach zero, in which

Recursive least-squares (RLS) estimation is an iterative ref6aSeP [k] will begin to increase exponentially. In turn, the pa-
mulation of the conventional least-squares solution. Rather tHafneter estimates become increasingly sensitive to the predic-
waiting to accumulate a collection of measurements before &N errore[k], and the slightest noise or model inaccuracy can
timating the parameter vector, as in conventional least-squal@ad to erratic or erroneous parameter estimates. In practice, we
estimation, the estimatbcan be updated as each new measurgould attempt to mitigate this effect by skipping the RLS update
ment is made. The RLS estimator is very attractive for real-tiniea defined variable, such as the output, changes by less than an
applications. Because the RLS algorithm is recursive, very fé@fnounts between samples.
data points need to be stored between iterations, and computd3€cursive estimation is a rich topic that has received much
tions occur at specified intervals with a predictable computEesearch attention. Many modifications have been proposed to
tional complexity. optimize the performance of the basic recursive estimator for

tions. Also, note that the performance analyses of the basic least

e[k] = y[k] — r[k]Té[k —1] squares approach typically assume that noise or measurement
Pk — 1]r[&] error is confined to the vector of observations and assumes an
gkl = p + e[k TPk — 1]r[k] understood form. In fact, in servomechanical applications of in-
O[k] = 0k — 1] + [F]e[H] terest, noise oﬁen affects both_the measuremen;[ vactbthe
1 regressor matrix. Other techniques, e.g., “total” least squares
Plk] == (P[k—1] - glkr[k] Pk — 1]) (3) [13], have been developed to provide solutions that are optimal
P in some sense for these cases. Generally, careful characteriza-
where tion of the noise environment in a power electronic servomech-
e[k] scalar prediction error; anism, where disturbances may be closely correlated and impul-
g[k] ogain vector; sive or non-Gaussian in nature, is difficult. Experiments with the
P[k] weighting matrix [1]. prototype hardware show that using the RLS estimation tech-

The algorithm in (3) is executed from top to bottom at eadhique to determine the parameters of a “state-variable-filtered”
iteration of the index:. plant model can lead to relatively noise-immune parameter es-
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timation techniques suitable for the power electronic environ- The reformulated parameters from (7) can be estimated di-

ment. rectly using the RLS algorithm. Assuming that the filtered CT
_ - quantities are available, they can be sampled e¥gIs, in syn-
B. State Variable Filtering chrony with the corresponding DT algorithm iterated by the

The term “lambda method” (LM) is used here to describeigdexk. At each time steg, the sampled data is compiled into
modification to the conventional recursive least-squares (RL&y€gressor vector
algorithm, which will be referred to as LM-RLS. The technique -y (K1)
relies on an “operator transformation” that allows the differ- o
entiation operator in a continuous-time (CT) transfer function :
model to be replaced, in principle, without approximation. r[k] — A"y (K1)
The result is a discrete-time (DT) estimation algorithm, which A (KTy)
operates on transformed or filtered observations of the input :
and output data. An estimation algorithm can then be designed i )\mu'(ka) |
around the transformed model. This technique is described
briefly in [2] and in other literature under the heading “mode?nd a vector of transformed parameters is computed by the RLS
transformation” or “state-variable filter,” but appears to havalgorithm
been largely overlooked in the power-electronics literature. N ) o N
However, our experiments demonstrate that a substantial OA[k]" = [O‘l “ G- "ﬁm} :

reduction in noise sensitivity can be achieved in comparison_[_%e final operation at each time step is to recover estimates of

conventional RLS. the starting parameters; andb;, from their known relation-
The LM-RLS technique is developed around a CT transfey . N 9p t v
function model of the system, e.g., the rational CT transfer fund- P> toc;, f;, andry.
T The convergence properties of the LM-RLS method are

tion strongly affected by the selection of the filter time constant
bis™ by 4 Experimental evidence suggests thatshould not exceed the

s" 4 asml 4o 4, “) nominal settling time of the target system. Doing so will unnec-

: _ essarily slow the convergence rate of the parameter estimates.

v_vhere the denominator pqunom|al_ has or_derand the coef- A compromise may be necessary, however, ifs increased to

ficients o; andb; may be time varying. This system funCtIonattenuate noise from an external source. Conversely, decreasing

might model the driving point admittance of a battery to b% can speed up the convergence rate, but the convergence

charged, or the through transfer function of a speed-control SElnsient can be expected to become increasingly violent [2].

vomechanism, or, generally, the system function of any plan;fevertheless, the convergence properties of the LM-RLS

?e_dr[{venf?]nd contr_ollled ﬁyg povx_/te)r eI?ctrong:_f(fjnve.t_T Te CO4iethod demonstrate a marked improvement over the direct
t'.C'en sg | (%9?{hequwe; ently _t(fscrl € alineardifterential equag, g approach. This will be demonstrated by the experimental
'on modet ot the system written as tests in the following sections.

H(s)=

T (F +a m—1 t +-tan, t
p"u(t) p u(®) u(t) IV. EXPERIMENT: BATH TEMPERATURE CONTROL
=bip"u(t) + -+ bnu(t) (5) . )
A range of servomechanical control demonstrations were
wherep represents the derivative operatdy dt) andu(t) and designed, constructed, and documented in [3], including an
y(t) represent the input and output variables of the system wittectric vehicle battery charger, a solvent bath temperature con-
system function (4). An operator transformation can be appliél system, and a motor-speed control system. The temperature

to (5), whereby the operator is replaced by the causal, low-pasntrol system, described in this section, involved an adaptive

“lambda” operator controller for a liquid-bath temperature control system. The
1 liquid bath plant benefits from the inherent safety isolation
A= 1 (6) provided by inductive coupling. It is representative of a number

TAD

of real-world manufacturing and medical applications, which
wherer, is a positive time constant. Using (6) to eliminate could take advantage of inductive-coupling as a noncontact
from (5) yields a new linear model, which can be written as means to transfer power across an environmental boundary.
Because the plant is essentially first order, as will be discussed,
y() + a dy(t) + - - - + , AMy(t) the parameters of the plant model can estimated successfully
= Bidu(t) + -+ B N u(t) (7) by directly applying the RLS algorithm, without state variable
filtering. In the following section, a more complicated example
where the reformulated parametersand3; are algebraically of a motor speed controller will be examined, in which the
related to the starting parametefsb;, and the time constanf. LM-RLS method is essential for successful real-time on-line
In (7) the addenday(t), \u(t), etc., represent inputs and out-estimation.
puts operated on b¥. The A operator is a first-order low-pass The experimental setup for the bath system is illustrated in
filter with a time constant,; “powers” of A are multiple appli- Fig. 1. A 1-kW immersion heater was placed inside a two gallon
cations of the operator. water bucket. Electrical power for this heater was supplied via
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Fig. 1. Setup for bath temperature control experiments.

o e e e e s, s, se- hl
Tref[k] ! |
. Water-Bath
’ Agaptlve" PP P '] pioy |Vl | power [Ustl®l| Heater |7 h[k]> Thermal | Lbatal*]
> ontroller "1 | Mapping " | Electronics " |Element|, | Model
(Gains) :_ ______________________ _: (Bias)
(Zero-Order Hold)

h(K]

Gain DT RLS

e — X - -
Calculator A Estimator -t T,
81k T ?ﬁ °"’

Fig. 2. Block diagram for temperature control experiments.

an inductive coupling and the 1.5-kW prototype power eleé. Control Design
tronic drive. Chilled water was supplied to the bucket at a con-
stant rate from a cold water supply, and excess water was acThe multi-loop adaptive temperature control system is illus-
tively pumped out through a drain hose. Adjusting the level #fated in Fig. 2. The system actually consists of three nested con-
the drain up or down allowed for external control of the watdfol loops. Aninnermost analog loop (not shown explicitly) con-
volume, with a range from approximately 0.6-1.5 gallons. Kols the waveshaping provided by a unity power factor, inter-
mixer kept the water in constant circulation so that the tempd@aved boost pre-regulator in the power electronics block. Next,
ature throughout the bucket was homogeneous. a digital loop (again hidden in the dashed box), based on a large
The personal computer (PC) illustrated in Fig. 1 was usé&tpnal linear model of the boost converter, controls the output
to record experimental data for later analysis. This systeyfltage of the converter to track with command inplit$k].
recorded two electrical signals: the controlled boost voltagée output voltage of the boost converter serves as the input to
vys¢(t) from the output of the pre-regulator in the 1.5 kW ina high-frequency, dc—dc, zero-voltage switched bridge converter
ductively-coupled prototype electronic drive, and also the balifat transfers power across a separable inductive coupling to the
temperaturd}(¢). For use in control, the bath temperature waglectrothermal load, represented overall by the dashed box in
also relayed to an embedded 80C196KC digital microcontrolithe figure. The final feedback loop, the adaptive, pole placement
board used to control the power electronics as described(fP) compensated feedback loop, regulates bath temperature by
[11] and [3]. It is important to emphasize that the PC in thigontrolling thermal power dissipated in the bath. This DT loops
experimental setup simply andnly provided archival data runsataslowertime scale than the inner voltage regulation loop.
collection for later, off-line comparison to experimental resultd.hat is, many time steps of the voltage loop occur in one time
All digital control and estimation algorithms were implementegtep of the thermal loop. The remaining blocks in Fig. 2 repre-
on-board the embedded 80C196KC microcontroller bodxd. sent the adaptive temperature controller. Parameter estimation
control panel attached to the microcontroller board provided@r this controller was performed using the LM-RLS algorithm.
user interface for setting control options, temperature setpointsFig. 3 shows equivalent load models for the heater and
etc. water-bath systems. The circuit on the left models the dc/dc
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Fig. 3. Equivalent electrothermal load model.

converter with a resistive immersion heater attached. The dctded dynamics of the large-signal linear voltage loop controller
stage energizing the inductive coupling can be modeled aswith load power feedfoward discussed in [11] and [3]. Other
ideal transformer and a series impedafit;e(representing the configurations and modeling possibilities are also discussed in
droop characteristic of the open loop dc/dc stage). The modeése references, and will be exploited in the next section.

also includes a heater resistanég. The power dissipated in  To complete the DT compensator design and determine the
the heating element is closed-loop system behavior, it is necessary to determine the

5 o transfer functionH () for the dashed box in Fig. 2 that relates

N3yvpsilin (8) the=z-transform of output temperature to theransform of the

(Raq + Ry)? input voltage command from the PP temperature compensator.

whereN; is the effective turns ratio of the inductive couplingVith the ZOH configurationH z) can be found by applying
Equation (8) can be inverted so that the appropriate voltage r@fStep-invariant CT-to-DT transformation [14] to the transfer
erence, can be found to achieve a target power dissipaftan function H(s)

-2
DPh = Zth =

That relationship is - by
H(z) = (12)
V. Re+ Ry [P ©) z+ a1
Ny Ry’ where
Equation (9) is used in the “P-to-V mapping” block of Fig. 2. by = Rew (1 +a1) ay = —e @/ RewCoct)  (13)

The thermal circuit in Fig. 3 models the relationship between
pn, the power dissipated in the heater, and the differential The DT transfer function (12) relatestransforms of the
water-bath temperaturd;,, measured with respect to thecommanded poweF.[k] and the sampled temperatufg[k].
cooling water supply temperaturg.,,. That is, the cooling The DT load model in (12) can now be used to design a DT
water temperature is taken to be the ground or datum referegoenpensator which yields the desired closed-loop performance.
in the thermal circuit analog shown in Fig. 3. The capacitandée control command.[k] for a first-order PP temperature
Cyer in the model represents the heat capacity of the wateontroller is
The lumped element model of the thermal capacitance of the
bath is reasonable because the bath is well mixed. The effective ~ Fe[k] = Pelk = 1] + hy (Tre p[K] — Toaen [K])
thermal resistance between the bucket temperature and the + ho (Treglk] — Toan [k — 1]) (14)
cooling water temperature is modeled Wy.,. Applying
Kirchhoff’s current law to this thermal equivalent circuit yieldsvhereT..;[k] is the temperature reference ahgdandrh. are

the following first-order differential equation: feedback gains. .
Now, the closed-loop transfer function for the temperature
pn(t) — Ly(t) _ Co dT () (10) controller is
' Ry Codt
i ()_(1+x1+x2)z (15)
From (10), a transfer function relating the Laplace transforms CL\Z) = 75 +x12 + T
of p;,(t) andT;(¢) can be written ) . .
pu(?) o(t) provided the gain&; andh, are selected according to
Tb(s) Rcw
M=) = ResCrars 1 A h=(—a )b h=(te) /b (16)

The inner DT voltage loop controlling the output voltage of he locations of the closed-loop poles may be located essen-
the boost converter is designed to work quickly on the tindélly arbitrarily in thez-plane by carefully selecting the control
scale of the outer DT temperature control loop. This mear@#insh; andh, to yield the desired denominator in (15).
for example, that, in combination with the P-to-V mappin . ,
the inner voltage loop might be configured and modeled aa Adaptive Updating
“power-level” zero-order hold (ZOH) on the time scale of the The derivation of this controller assumes that the coefficients
outer thermal loop. This configuration is enabled by the guaraof the load model are known. It is possible to estimate these
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First-Order PP and Adaptive PP Controllers (Experimental)
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Fig. 4. Results (see text).

coefficients in real-time and use them to adaptively update tha their own. In order to assure stable control during start-up, the
controller gains in the event of parameter changes. The adapfixed controller was engaged for the first 10 min. This allowed

control structure is illustrated in Fig. 2. A discrete-time RL$ime for the estimates to converge before adaptive control was

estimator with exponential forgetting was used to estimate thagaged.

parameters of DT transfer function (12) on-line. The regressorExperimental results appear in Fig. 4. In the top graph, la-

and parameter estimate vectors for this case are beled (a) in Fig. 4, the response of the fixed and adaptive con-

. trollers are shown in comparison to the command reference. The

r[k] = {_JT}& o 1” and 9[k] = {Zl} . (17) traces in (b) show the power commanded by each controller

et ™ 1 into the heating element. A square wave in temperature was

The RLS algorithm updates the parameter estimates at e§eéfmanded in order to demonstrate the control performance.

step of the index:. The control gaing:; and k- are updated In each case, the system began with the fluid level set at 0.6
after each iteration in order to achieve a closed-loop transf#l- At this level the closed-loop performance of both the adap-
function with two real poles at identical locations on thaxis, tive and fixed temperature controllers is nearly ideal. The step

e.g.,71 = 22 = m. Thus,h; andh, are computed as transients are consistent with the closed-loop pole locations,
. I and the tracking performance is good. After approximately 90
hy = —2m —n +1 and h, = m A+ 41 (18) min of operation, the fluid level was increased to 1.5 gal. This

by b1 volume change takes approximately 5 min to occur. The change
drives the fixed controller away from its optimal operating point

C. Results and significant overshoot results. The adaptive controller, on the

The adaptive temperature control system was implemente
softwarg on the 80C196KC rmcrocontroller bpard. The C-co Several attempts were made to improve the convergence rate
source I_|st|ngs can be found in [3]'.50 that direct _performan decreasing the forgetting factpr While it was found that
comparisons could be ma_de, both fixed and adaP“‘_’e controllg e improvement was possible, the increased noise sensitivity
were implemented. The fixed controller was optimized for oq1—¥

) he | dofth | . uickly becomes intolerable. As noise susceptibility increases,
eration at the low end of the water volume range, approximatgjy, accuracy of the parameter estimates degrades, which leads to
0.6 gallons. The load model parameters fbfs) in (11) were

; d X t his lovel poor closed-loop performance or even instability. Since param-
apg;oxwpated Iexpenmfenta y att ]:Sb e‘[\;\etﬁ ixed and ad t_eter tolerance tends to decrease as control complexity increases,
€ closed-loop periormance ot bo € fixed and adap IWgher-order systems offer even less flexibility. For the adaptive

'OOPS was targeted to have two real po_lezszai: 0.80. Asample . speed controller described in the next section, the reformulated
period of T} = 20s was used, so the inner- and outer-loop iN-\+ k| s estimator proved essential

dices are related by = Qk, where} = 2400. The RLS param-
eter estimation for the adaptive controller was configured with a
forgetting factorp of 0.99. Thus, approximately 60 min of data
is retained in “memory.” No initial guess was supplied for the The speed servomechanism described in this section could,
parameters. Rather, the matExwas initialized as 10 000 times for example, model the drive system for an underwater ve-
an identity matrix, and the estimates were allowed to converjiele, where electrical power passes contactlessly through

IFed closed-loop performance is maintained.

§,ther hand, quickly adapts to the altered load model, and the de-
e

V. EXPERIMENT: MOTOR SPEED CONTROL
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Fig. 5. Setup for motor speed control experiments.

wref[k} . ! ]
’ Agapttlvc?lPP Velk] := Power |t | pcmotor |“m®) | Tach. | ! wslkl
o Ontrofler I | Electronics "] and Load = | wiLPF |
(Gains) 'L _:
(See equivalent load model)
h[k]
Gain < Lamda |-
Calculator 9[k] Estimator |

Fig. 6. Block diagram for motor speed control experiments.

the vehicle’s hull to an external drive motor. Other examplasltage regulation loop. The remaining blocks in Fig. 6 repre-
might include process control or automation systems, whegent the adaptive speed controller. Parameter estimation for this
noncontact inductive coupling is used to transfer power acrasantroller was performed using the LM-RLS algorithm.
an environmental boundary. Fig. 5 illustrates the motor-speedA transfer function that relates the output filtered tachometer
control apparatus used for the experiments. The power elgoltage to the input drive voltage from the boost pre-regulator
tronic and data acquisition hardware is essentially identiozn be derived with the aid of Fig. 7. The output voltage of the
to that described for the water bath experiment. In this cask/dc stage drives a 1000 W permanent magnet dc motor. The
however, the load consists of a dc motor, a variable-inertia loatbdel for this dc motor includes an armature winding resistance
and a tachometer circuit. The motor was affixed securely tof&, an armature inductandes and a motor back-EMF constant
support beam and used to spin a variable number of circuldy,. The motor’s torque acts to rotate an inerfiaagainst a
weights. By dropping additional weights onto the rotating shaftjctional dampingf. The final speed of this assembly is sensed
the mass and hence the inertia could be changed abruptly. Digea small tachometer mounted to the opposite end of the motor
shaft speed of the rotating system was sensed using a smalsklaft. The output voltage of the tachometer is low-pass filtered
motor as a tachometer. A low-pass filter circuit was used to smooth out brush noise. The transfer function of this filter is
remove brush and harmonic noise from the tachometer voltage. Qs(s) 1
L8 = (19)
Qn(s)  71rs+1
. . . where the time constant; is set at approximately 10 s and
The multi-loop adaptive speed control systemis illustrated %(8) and,.,(s) are the transforms af ;(¢) andwn (t), re-
r

A. Control Design

Fig. 6. As for the bath temperature control system, the spe :
controller again consists of three nested loops, where the outS ectively.
9 bS, The motor torque can be written as
most adaptive, pole placement (PP) compensated feedback loop
NQUbst (t) - Krnwrn(t)> (20)

regulates mechanical speed by controlling input voltage to the T () = Koy = K
motor. This DT loops runs at a slower time scale than the inner =™/ — mim = Sm Ry + Ry
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Fig. 7. Equivalent electromechanical load model.

where the effect of the winding inductante has been dropped  The impulse-invariant configuration and model for the inner
because the armature electrical time constant is consideralabtage loop were chosen to yield éf(z) for which a satisfac-
shorter than the sampling interval of the DT speed controlleéary PP compensator could be designed. This compensator pro-
The load torque, which balances the motor torque, is determinades the beneficial property of zero steady state error without
by the inertia, the frictional damping, and the shaft speed requiring an explicit DT accumulator variable. Since the load

is second-order, a second-order PP compensator was developed

To(t) = J dw;;(t) + fom(®). (21) for computing the control commarid ]
Combining (19) and the Laplace transforms of (20) and (21)Vc[k] = diVelk — 1]+ daVelk = 2] + by (re p[K] = wy[F])
yields a single CT transfer function relating the transforms of + e (wrep[k] — wylk = 1]) + hs
us¢(t) and the tachometer speed voltaggt) (wreplk] —wslk —2]) (26)
H(s) = Qy(s) _ Im 22) wherew,.[k] is the motor-speed reference command dnd
Vist(s)  (tms+1) (7ps+ 1) da, hy, ho, andhs are constant gains. Saturation may be added
in practice to limit the maximum and minimum voltage com-
where mands.
J and Ny K, Combining (26) and the load model in (24) results in a
Tm m = . - i i
K,z g F(Ra+ Ry) TK,? closed-loop transfer function, which rglates the transforms of
[+ T+ R the output tachometer voltage to the input command voltage,
d + Lty of the form

(23)

. (1+ 2z + a0 + 23+ 14) 23

H, ) = 27
cr(?) 2423+ xo2? Fx3z a4 (27)

To complete the DT compensator design and determine the
closed-loop system behavior, it is again necessary to determine
the transfer functior () for the dashed box in Fig. 6 that re-when the control gains in (26) are related to the coefficients in
lates thez-transform of output speed to thetransform of the the closed-loop transfer function as follows:
input voltage command from the PP speed compensator. For

the speed servo, we have exploited the time scale separation dy =z4/ay
between the DT voltage and speed loops and the natural time dy =d; —1
constants of the plant to configure the voltage loop soihat) hy = (z1+dy —ay+1) /by

can be found by applying an impulse-invariant CT-to-DT trans-

. ) hy = d -1 — b
formation [14] to the transfer functioB (s) 12 = (@2t di(m— 1) a1 —az) /by

hg = (.’L'3+d1 (CLQ —a1)+a2) /bl (28)
H(z)= 522 (24)

T 2 faz+ay Since (28) allows the coefficients of (27) to be assigned

arbitrarily, the closed-loop poles may be located freely in the
where z-plane. One reasonable choice for a stable, well-damped
response is to place the four closed loop poles at identical
locationsm: on the real axis, i.ez1 2 3.4 = m.

b= I (o) _ i),

Tm — Tf

a; = — (e‘(Tk/Tm) - c‘(T’“/”)) : B. Adaptive Updating

ay =e (Te/m)+ (T /71)) (25)  Adaptive updating of the speed controller gains is accom-

plished using an LM-RLS parameter estimation scheme, shown

The variableT;, represents the time step of the inner voltage Fig. 8. The LM-RLS estimator contains at its core an RLS es-
loop in seconds. timator, which is used to estimate the parameters of a low-pass
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Fig. 9. Results (see text).

transformed system, and not the actual system. For this examptglemented digitally at the rate of the “fast” inner voltage loop.
the regressor and the estimate vectors are, respectively Since the voltage-loop time index, steps at a rat€ times that
of the outer loop, the DT filters will appear essentially contin-

— (Awy) [K] R éq uous on the “slow” outer-loop time scale. The transfer function
ralk] = | — (Vwy) [K] and O\[k]= |d |. (29) of each digital A-filter” in Fig. 8 is developed by again ap-
()\2Vc) [k] o plying a CT-to-DT transformation to the CT transfer function

of a first order low-pass filter. As shown Fig. 8, the outputs are

The operator symbol in (29) indicates that a particular ob-all down-sampled to the DT time indé before entering the
servation is filtered. Ordinarily, a filtering operation would reRLS estimator block.
quire that the signals are passed through an analog low-pass$he output of the RLS block is a vecté;[k] of parameter
filter prior to being sampled. This approach is undesirable bgstimates for the transformed load model. Estimates for the co-
cause it increases the circuit complexity. Although the filtersfficients of the original CT load model in (22) can be computed
themselves are straightforward, the number of A/D channels iecording to
creases because each filtered quantity must be sampled sepa-

rately. In this case four A/D channels would be required versus G = Pa
. . m T A ~
just two for conventional RLS. dy+dp+ 17
The multirate nature of the digital .con.trol |mplen_1entat|on oy = mgzm 2+ Gyt /&% — 46w ). (30)
provides an elegant alternative. The filtering operation can be ' 235
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The parameter estimates that are necessary to update the sf8edin and again at 16 min into each experiment. Each increase
controller can be obtained from the relationships in (25) aratlded an additional disk to the rotating mechanical load.

(28). Their application yields formulas for the quantitie@[h] The experimental results in Fig. 9 demonstrate that the
and ﬁ[k] adaptive controller quickly adapts to the changing inertia of the
) system, and that the tracking performance remains essentially
dy constant throughout. The fixed controller fairs poorly in the
. ar . do face of load changes, as might be expected. The closed-loop
Ofk]= |az | and h[k]= | A |. (31) response begins to exhibit a damped oscillatory behavior.
b1 h2 Each step change in the load inertia causes a definite distur-
hs bance in all three parameter estimates. In the adaptive controller,

. o the estimates quickly converge on their new values after approx-
The gains irh[k] are used to update the coefficients of the cofimately two cycles of the step input of the system. In practice,

trol command, (26). the actual convergence time will vary depending on the excita-
tion level of the system, the amplitude of the parameter changes,
C. Results and the LM-RLS settings fos andr. Note that the time con-

The adaptive speed-control system was implemented in sgftantr, of the “A-filter” has an effect on the parameter con-
ware on the 80C196KC microcontroller board. Detailed soury€rgence rate. From this perspective, an optimal setting,for
listings can be found in [3]. Both fixed and adaptive controlleri§ equal to or slightly smaller than the time constant associated
were implemented to allow for direct comparison. The fixewith the fastest pole in the load model. Additional consideration
controller was optimized for operation with a load disk with &ust be given to provide an adequate filter for the anticipated
mass of 4.5 kg. The load model parameters fis) in (22) hoise environment.
were approximated experimentally at this mass setting. The re-

sults were VI. DISCUSSION
fm = 11.7s, 75 = 10.0's, andg,, = 0.011 rads/(volt sec.) The performance of the LM-RLS parameter estimation
(32) proved to be superior in a high noise environment. The

motor-speed control system, for example, was subject to

The closed-loop performance of both speed-control |00ﬁ;gnificant electrical noise. Noise sources included brush
was targeted to have four real poles collocated at 0.70. commutation and switching spikes. Prior to the LM-RLS

A sample period for the speed loop & = 1.0 s was used experiments, an adaptive motor-speed controller was imple-
and the inner- and outer-loop DT step indices are related Bv—:‘nted using direct RLS estimation. Under nearly identical
n = Qk, whereQ — 120. The LM-RLS parameter estimationconditions, the RLS estimation proved to be erratic and unre-
for the adaptive controller was configured with a forgettin§aP!€- The problem was traced back in part to the covariance
factor p of 0.97. Thus, a parameter estimate is based g}ptrlx expl05|0_n described prewously. It was hoped _that a
approximately the last 33 s of data. Discrete timdilters Judicious selection of the dead-band widtland the forgetting
were designed to approximate CT first order filters with a tim@ctor » would yield satisfactory results. This was not the case.
constant of 10.0 s. In our experiments, no special initial gues8¢ LM-RLS method improves the situation dramatically
was supplied fo@A[k]. Instead, the matri® was initialized to because the regressor vector is composed of filtered measure-

10000 times an identity matrix, and the estimates were allowBiNts- Their noise content is reduced, and a much narrower
to converge on their own. In order to assure stable contidfad-band can be tolerated.
during start-up, the fixed controller was engaged for the first
1.5 min. This allowed time for the estimates to converge before ACKNOWLEDGMENT
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