
AIAA JOURNAL

Vol. 38, No. 2, February 2000

Adaptive Control of Shape Memory Alloy Actuators
for Underwater Biomimetic Applications
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In actuator technology active or smart materials have opened up new horizons in terms of actuation simplicity,
compactness, and miniaturization potential. One such material is the nickel-titanium shape memory alloy (NiTi
SMA), which is gaining widespread use in a variety of applications. The numerous advantages of SMA over tradi-
tional actuators are of particular interest in the area of underwater vehicle design, particularly the development
of highly maneuverable vehicles of a design based on the swimming techniques and anatomic structure of � sh.
An SMA actuation cycle consists of heating/cooling half-cycles, currently imposing a limit on the frequency of
actuation to well below 1 Hz in air because of slow cooling. The aquatic environment of underwater vehicles
lends itself to cooling schemes that use the excellent heat-transfer properties of water, thus enabling much higher
actuation frequencies. A controller for SMA actuators must account not only for large hysteretic nonlinearities
between actuatoroutput (strain or displacement) and input (temperature), butalso the thermal control for resistive
heating via an applied current. The control of SMA in water presents a problem not encountered when actuating
in air: accurate temperature feedback for the SMA is very dif� cult in water. We overcome this problem by using a
simpli� ed thermal model to estimate the temperature of the wire in conjunction with an adaptivehysteresis model,
which relates the actuator output to the estimated temperature. Experimental results are provided, showing that
this method for control of an SMA wire works equally well both in air and in water, with only rough estimates
(easily obtained) of the thermal parameters. Successful tracking of reference displacement signals with frequencies
up to 2 Hz and relatively large amplitudes have been demonstrated experimentally.

I. Introduction

I N aerodynamicsand hydrodynamicsbirds and � sh have inspired
and guided the development of aircraft and underwater vehi-

cles. These manmademachinesseem so primitive compared to their
natural counterparts in terms of intelligence, ef� ciency, agility,
adaptability,and functionalcomplexity.These and other similar ob-
servationsand issues that havebeen addressedby the scienti� c com-
munity have triggered the formulationof the scienceof biomimetics
and have inspired new approaches to old problems. In the area of
underwater vehicle design, the development of highly maneuver-
able vehicles is presently of interest, with their design being based
on the swimming techniquesand anatomic structureof � sh; primar-
ily the undulatory body motions, the highly controllable � ns, and
the large aspect ratio lunate tail. The tailoring and implementation
of the accumulated knowledge into biomimetic vehicles is a task
of multidisciplinary nature with two of the dominant � elds being
actuation and hydrodynamic control.

In actuator technology active or smart materials have opened up
new horizons in terms of actuation simplicity, compactness, and
miniaturization potential. Shape memory alloys (SMA) are such
materials that develop strains or, more applicably, displacements
when exposed to temperature changes. SMAs undergo a change in
crystal structure from a parent cubic austenitic (A) phase to a num-
ber of martensitic (M) variants either upon cooling or application
of stress.1 The reverse phase change occurs, although with signi� -
cant hysteresis, upon increasing the temperature and/or removal of
stress. These phase changes, triggered by thermomechanical load-
ing, are accompanied by signi� cant deformations and when suit-
ably constrained,produce large actuation forces (about three orders
of magnitude higher as compared to piezoceramics). This effect is
most signi� cant in the Nitinol (NiTi) SMAs, which have been used
as force and displacement actuators in a variety of applications.2 – 4
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The presentwork is motivatedby theeffort to developbiomimetic
underwater vehicles that share the agility, hydrodynamicef� ciency,
and stealth of aquatic animals. Several biomimetic principles are
incorporatedin the conceptualdesignshown in Fig. 1. In this design
SMA actuators function as muscles and constitute the mechanical
equivalentof the � sh myotome.Either side of an individualactuator,
in the longitudinal direction, is attached to the skeletal structure
of the vehicle. This spined structure presented in Fig. 1 illustrates
how SMA actuation(in the chordwisedirection) causes body-shape
changes,by rotatingthe skeletalvertebra.The dashedand solid lines
representing the actuators in the schematic distinguish between the
actuated and the relaxed SMAs, respectively.

For wire SMA actuators a convenient actuation means for the
martensite-to-austenite (M to A) transformation is resistive heating
of the SMA via the supply of an electrical current through it. The
reverse austenite-to-martensite (A to M) transformation is achieved
via cooling. Heat-removal mechanisms are inherently slower than
electrical heat addition. Therefore, in a heating-coolingcycle nec-
essary to complete a full SMA transformation/actuation cycle (M to
A and then A to M), the cooling process usually limits the rapidity
of the cycle, i.e., the maximum attainable frequency response. The
aquatic environment of the vehicle lends itself to cooling schemes
that use the excellent heat-transfer properties of water. The cooling
approach explored in the present work involves forced water con-
vectionover the SMA. Whereas pure water is electricallyinsulative,
we acknowledge the fact that the water used in laboratory experi-
ments will contain impurities. However, the resistance of the water
is many orders of magnitudegreater than that of the SMA wire, and
nearly all of the current will take the path of least resistance through
the SMA. Experimentswith stagnant air, forced-airconvection,and
forced-water convection show a logical progression of increased
cooling rates requiring larger currents to achieve identical tempera-
ture changes. In future work we will employ electrically insulative,
thermally conductive � uids (such as glycol) as the cooling agent.

In controlling an SMA, there are generally two methods of deal-
ing with thehysteresisbetweenthe input(e.g., temperatureor stress)
and the output (e.g., strain, displacement, or force): 1) Open loop
compensation, where we identify a phenomenological model that
maps input to outputand then invert the model to remove the nonlin-
earity, and 2) closed-loop feedback, where we use the output error
(difference between the measured output and the desired output)
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Fig. 1 Conceptual design of SMA-actuated underwater vehicle.

Fig. 2 Illustration of hysteresis phenomenon.

to calculate the heat input to the SMA. Open-loop compensation
has the advantage of accounting for input history in determining
the control and can usually be easily identi� ed solely from input-
outputmeasurements.If thehysteresismodelcanbe accuratelyiden-
ti� ed, then the inversemodel will provide the necessary input signal
to track a desired output. The main disadvantage of this approach
is that feedback is not incorporated into the controller to account
for tracking error caused by noise, disturbances, and/or an inexact
model. Conversely,the closed-loopfeedbackapproach incorporates
the tracking error directly into the control algorithm. For slowly
varying reference signals, and with properly tuned gains, feedback
strategies such as proportional-integral(PI) control can provide ad-
equate performance. However, feedback control does not account
for the input history,which dictates whether a small change in input
will result in either a large or small change in output. An example of
this phenomena is provided in Fig. 2. Here a PI controllerwith ade-
quate gains should be able to track the ramp trajectory up to y =r1.
However, if there is even a slight overshoot (pt. A), a large decrease
in the input is required to lower y back to r1 . Then, for even a small
undershoot(pt. B) a large increasein the input is requiredto increase
y only a small distance back to r1 . It can be very dif� cult to account
for this behaviorusing only a feedbackapproach to control of SMA
actuators, and oscillatorymotions about the reference trajectory of-
ten occur. Examples of open-loopcompensationapproachescan be
found in Refs. 5 and 6 and for closed-loop feedback approaches in
Refs. 7 and 8.

Resistive heating introduces one of the main dif� culties in hys-
teresis compensation methods for SMA wires, in that the output
is hysteretically dependent upon the temperature history—not the
electrical current input to the wire. There are many unknowns with
the thermal actuation of SMA wires, such as the speci� c material
properties as well as many variables that change with the surround-
ing environment. For example, ambient temperature, the surround-
ing medium, and external loading all have a profound in� uence on
the responseof an SMA wire. Actuation in water only magni� es the
effect of the surroundingmedium, where small changes in the water
� ow parameters can signi� cantly affect the convectionof heat from
the SMA. In addition, heat transfer from the SMA to the water can
cause variations in the local water temperature. Another dif� culty
imposed by underwater actuation is that the accurate temperature
measurements of the SMA cannot be achieved via thermocouples.
A thermocouple is attached to the SMA wire with a small ball of
thermal paste that electrically, but not thermally, insulates the ther-
mocouple bead from the wire. The thermocouple then measures the
temperature of the thermal paste. Because of the high convectivity
of the water, the thermal paste dissipates the heat from the wire
much faster than in air, and the resulting temperature is not indica-
tive of the temperature of the SMA. Even in still air, accurate SMA
wire temperature measurements are dif� cult to obtain. An alterna-
tive to temperature measurements is to measure the resistivity of
the wire. However, the resistivity is an output quantity for the SMA
hysteresis:it is an indicatorof the phase transformationas a function

of temperature and therefore cannot be used as input to a hysteresis
model.To alleviatethe problemofdirect temperaturemeasurements
of the SMA wire, we implement an observer based on a simpli� ed
thermal model of the SMA wire that requires only rough estimates
of the thermal parameters.

The control approach in this work combines the advantages of
both methods, implementing an adaptive hysteresismodel for feed-
back compensation.This method has been studied numerically and
experimentally for the control of SMA wire actuators.9, 10 In feed-
back compensationthe trackingerror is not directlyused in the con-
trol law. Rather, it is used to update (identify on-line) the hysteresis
model to account for discrepancies between the model and the ac-
tual input-outputrelationship.The inversemaps a desired reference
trajectory into a temperaturesignal. When temperature can be mea-
sured,an adaptivethermalmodel thencommandsa currentto control
the temperature of the SMA to follow the desired temperature. For
the case of underwater actuation, integrationof a simpli� ed thermal
model, based only on rough estimates of the thermal parameters,
is used in place of actual temperature measurements. Section II de-
scribes theprototypeexperimentforunderwateractuationof a single
SMA wire. Section III details the controlmethodologyinvolvingthe
adaptivehysteresismodel and the thermalmodel for temperaturees-
timationand controlof the heatingcurrent. In Section IV we provide
experimental results for tracking a variety of reference signals, in-
cluding step displacement and sinusoidal signals of frequencies up
to 2 Hz. The experiments are conducted both in air and in water
to show the robustness of the control methodology for surrounding
media with different thermal properties.

II. Experimental Setup
The purpose of the test stand, depicted in Fig. 3, is threefold: 1)

provide power to the wire, 2) support the SMA wire in an unob-
structed � ow� eld, and 3) provide a means to measure the actuation
displacement of the wire. The C shape of the test stand allows the
stand to support the SMA wire without disturbing the upstream
� ow around the wire. The SMA wire is connected to power leads
by brass connectors,one on each end, where the bottom attachment
provides structural support for the SMA actuator.The free end (top)
of the wire is attached to the lever arm by a kevlar string so that
wire lengths of 1–14 in. (1–34.6 cm) can be accommodated in the
frame. A spring attached to the opposite end of the lever arm both
holds the SMA wire in tension and provides a restoring force for
the SMA. The spring was used instead of a constant weight (mass)
becausethe inertial forcescreatedby that mass at higher frequencies
caused bouncing of the SMA wire, which resulted in compressive
forces on the SMA wire. The lever arm magni� es the SMA dis-
placement by a factor of 4, which is then measured using a Celesco
string-potentiometerwith a 30-in. (106-cm) displacement capacity.

Fig. 3 Test stand.
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Fig. 4 Control circuit diagram.

The resolution of the string-potentiometeris 0.0008 in. (0.00263
cm). There are three components to the displacement uncertainty:
the string-potentiometervoltage drift, noise in the lab, and string-
potentiometer calibration error. The voltage drift and calibration
error are on the order of §3 mV, whereas the noise is §0.3 mV.
The total worst-case uncertainty is 0.010 in. (0.0254 cm). The av-
erage wire used in the test frame is 12 in. (30.5 cm) long, so at 2%
strain the uncertainty in displacementwould be 4.17% if the string-
potentiometer displaces equally with the wire. When the string-
potentiometer de� ection is multiplied by four, the uncertainty is
reduced by the same number to 1.04% of the wire’s displacement,
which is a much more acceptable error.

The test section of the water tunnel has a cross section of 2 £ 3 ft
(0.61 £ 0.91 m). The tunnel is capable of speeds up to 0.9 m/s in
the test section; however, the maximum water velocity used for the
experiments in this work was 0.415 m/s. The components of the
control circuit, depicted in Fig. 4, are a 1200-W Hewlett Packard
6268B power supply (HP power supply), relay control box, Na-
tional Instrument’s (NI) AT-MIO-16XE-50 A/D board installed in
a Pentium 133 PC, two 16 A, 250vac relays in parallel, 12vdc ac-
tuated, and a 0.02 X 50-W resistor. The string-pot output voltage is
read using a differential channel on the NI board and converted to
displacement, labeled y in Fig. 3, providing the feedback measure-
ments for the controller.The controllercommands a speci� c current
value. This request is converted to an analog signal, which controls
the HP power supply. The HP power supply has an upper limit of
30 A, with a rise time of 0.054 s from 0 to 20 A. The voltage drop
across the 0.02 X resistor is sampled by the NI board and yields a
measurement of the actual current through the circuit for assurance
that the power supply outputs the commanded current.

To address the issue of electrical current lost to the water, com-
pare the resistance of the SMA wire used in the experiment with
the resistance of the water: Rwire ¼ 2 X and Rwater ¼ 1.5 £ 105 X .
Under the assumption that these two resistors are in parallel with
20 A from the power supply, only 0.13 mA is lost to the water. For
another comparison, for 1% of the current to be lost to the water,
the equivalentresistanceof the water would need to be on the order
of 100 X .

III. Adaptive Hysteresis Model
with Temperature Estimation

When actuatingan SMA wire by resistiveheating, the input to the
wire that can be directly commanded is the current. Our model for
the SMA wire must then relate current to displacement. When the
wire temperature can be measured, we can use a hysteresis model
that maps a desired displacement into temperature in a series with
a thermal control model that maps temperature into current. This
method has been implemented successfully in laboratory experi-
ments using an adaptive hysteresis model and an adaptive thermal

model.5, 9, 10 For the underwater applications of interest in this pa-
per, temperaturemeasurementswould be dif� cult to obtain, and we
must therefore alter the control strategy. One approach might be to
relate the SMA displacementoutput directly with the current using
a hysteresis model. However, the displacement vs current relation-
ship is highly current-ratedependentand nonmonotonic,the former
making it unsuitablefor adaptivelearningand the latter violatingthe
basic laws for the hysteresismodel.9 , 11 We proposethat even though
the temperatureof the wire cannotbe measuredand used as the input
to the hysteresis model, it can be estimated using a simpli� ed ther-
mal model. This temperatureestimatewill serve to reduce/eliminate
any rate dependence in the hysteresismodel. This section discusses
1) the adaptive hysteresis model used to map temperature into dis-
placement and to transform a reference displacement signal into a
temperature signal via the inverse, 2) a simpli� ed thermal model
and the design of a control law to command a current signal for
temperature tracking, 3) a calibration procedure to calculate rough
estimates of the thermal parameters, and 4) the control algorithm
that combines the adaptive hysteresis compensation, the tempera-
ture estimation, and the thermal control law.

A. Adaptive Hysteresis Model
The parameterizedKrasnoselskiiand Pokrovskii(KP) model, de-

veloped in Ref. 9, represents the hysteretic dependenceof the SMA
wire output on the temperature. The KP model is founded on the
principle � rst introduced by Preisach,12, 13 where the output is an
in� nite sum of weighted simple hysteresis operators, or kernels.
Krasnoselskii and Pokrovskii14 developed a continuous version of
the Preisach kernel, which allowed for � nite-dimensional approxi-
mations of the in� nite-dimensionalmodel. Banks et al.15 , 16 studied
the mathematical properties of the in� nite-dimensional KP model
and proved the well-posednessfor the inverseproblemof identi� ca-
tionof a � nite-dimensionalapproximation.Webb9 studied the � nite-
dimensional, parameterized version of the KP model for adaptive
identi� cation and compensation for control of hysteretic actuators.
Webb et al.10 provided experimental results for control of an SMA
wire actuator using the adaptive KP model along with an adaptive
thermalmodel to controlthe current input to the wire. Althoughonly
a summary of the parameterized KP model is given in this paper,
the interested reader is directed to the preceding references for an
in-depth background.

1. Parameterized KP Model
The parameterized KP model for use in adaptive control is

developed9 , 10 to solve the following problem: Given a hysteretic
input-output relationship [e.g., displacement as a function of tem-
perature,or y = H (T )], de� ne a model that 1) is linear in the param-
eters µ= {h i }T , i =1, . . . , N ; 2) can be represented in the vector
form

H (T ) = µT F(T ), F(T ) = { fi (T )}T , i = 1, . . . , N (1)

where fi (T ) are independent functions of the temperature, and 3)
has a mathematical structure well-suited for representation of the
hysteresis. The form of Eq. (1) is essential for the application of
gradient adaptive methods, which are well-documented in the liter-
ature (e.g., Ref. 17) and simple to implement.

For the model to represent the hysteresis, the functions of input
must have the capability to account for the preceding input his-
tory in determining the output. The Preisach model concept, a sum-
mation of weighted hysteresis operators, provides the structure for
such a model. However, the mathematicalpropertiesof the Preisach
model are only well-de� ned for an in� nite summation of Preisach
operators.15 , 16 For practical applications we require a model that
is well-de� ned in � nite dimensions, for which a class of operators
known as KP operators have been shown to be well suited.16 The
actions of the Preisach and KP operators are depicted in Fig. 5. The
Preisach operator can only exist at two states, +1 and ¡ 1, with in-
stantaneous jumps between them. In contrast, the KP operator can
exist at any value in the closed interval [ ¡ 1, +1], with a continuous
transformationbetween the two states.

Referring to Fig. 5b, the de� ning elements for a KP operator are
as follows:
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a) Preisach (ks ) b) KP (·s )

Fig. 5 Operators.

1) s1, s2 are the values of input (e.g., temperature) that determine
the width of hysteresis.

2) r (x) is the ridge function,which forms the left and right bound-
ing curves for the hysteresis.

3) a is the rise interval of input over which the operator linearly
evolves between the values of ¡ 1 and +1.

With the precedingnotation a KP operator is written as j s , where
s = (s1 , s2). The ridge function r(x) is given by

r(x) =
ìï
í
ïî

¡ 1, x < 0

¡ 1 + 2x
a , 0 · x · a

1, x > a (2)

The followingexample illustrates the basic functionof the KP oper-
ator. Consider the operator shown in Fig. 5b by the dashed line and
the input-output relationship for some input history represented by
the solid line.

Location 1: T is less than s1 and j s(T ) is equal to ¡ 1. ÇT > 0.
Location 2: At this point T = s2 , and j s(T ) will begin to follow

the right bounding curve r(T ¡ s2).
Location3: When s2 < T < s2 + a, ÇT switches sign, and T begins

to decrease. The output of the operator is recorded using a memory
variable n = j s (T ). As T decreases, j s(T ) will remain at a value of
n until r(T ¡ s1) < n .

Location 4: When r(T ¡ s1) < n , the output will follow the left
bounding curve as T decreases.

Location 5: While T > s1, the input switches from decreasing to
increasing.The variable n is then updatedwith the new outputvalue,
and j s(T ) will remain at a value of n until r(T ¡ s2) > n .

The mathematical representation that describes the action of the
KP kernel is given by

j s(T , n s) =
ìï
í
ïî

max{n s , r (T ¡ s2)} if ÇT ¸ 0

min{n s , r(T ¡ s1)} if ÇT · 0

( j s)previous if ÇT = 0 (3)

where the memory term for a speci� c operator n s is updated when-
ever ÇT switches sign.

The parameterizedKP model is formed from the summation of a
� nite number of weighted KP operatorsover a � nite region of input,
dictated by the interval of input over which hysteresis occurs, i.e.,
[Tmin , Tmax]. The input interval is discretized into K evenly spaced
points. Because there are two values of input de� ning a KP op-
erator s1 and s2, we require two axes (the s1 axis and s2 axis) to
represent decreasing and increasing input, respectively. Close in-
spection of the operator in Fig. 5b reveals that an operator with
switching values (s1, s2) = (T1, T2) is simply the reverse of an op-
erator with (s1 , s2) = (T2 , T1). The conventional approach13, 16 is to
choose the set of operators de� ned by s2 ¸ s1 . Hence, in the s1-s2

planeKP operatorsarede� ned for s 2 S, where S is the spacede� ned
by

S = {(s1 , s2): s2 2 [Tmin , Tmax], s2 ¸ s1} (4)

forming the triangle shown in Fig. 6.
For the parameterized KP model there are a � nite number of

operators that represent the space S, given by N = K (K + 1) / 2.

Fig. 6 S-plane grid.

Each grid point in Fig. 6 representsa KP operator.By creating (i, j )
indices, an individual operator can be denoted by j si j , where

si j = (s1i , s2 j ), s1i = Tmin + (i ¡ 1) D T

s2 j = Tmin + ( j ¡ 1) D T , D T =
Tmax ¡ Tmin

K ¡ 1
(5)

The one property left to be de� ned is the rise interval a. From
previous numerical studies9 a good choice is to set a = D T . Using
the grid-point indices of (i, j ), the parameterized KP hysteresis
model can now be de� ned in the required vector form:

H (T ) = µT F(T ), µ = {h 1,1 , h 1,2 , . . . , h 1, K , h 2,2, . . . , h K , K }T

F(T ) = {j s1,1 , j s1,2 , . . . , j s1, K , j s2,2 , . . . , j sK , K }T (6)

2. Gradient Adaptive Law
The gradient adaptive law is designed for functions that can be

represented linearly in parameters in vector form, or y =µT F . For
application to the parameterizedKP model, µ is a vector of weight-
ing parameters, and F(T ) is a vector of memory operators in T .
Speci� cally, let µ represent the exact hysteresis parameters and µ̂
represent the parameter estimates:

y = H (T ) = µT F(T ), ŷ = Ĥ (T ) = µ̂T F(T ) (7)

The error between the two models is simply e = y ¡ ŷ =
(µT ¡ µ̂T )F(T ). To ensure signal boundedness, create the normal-
ized estimation error

e = (T ¡ T̂ ) / m2 = µ̃T F(T ) / m2 (8)

where µ̃= µ ¡ µ̂ and m2 is the normalizing signal:

m2 = 1 + ns , ns = F(T )T F(T ) (9)

designed such that m2 is strictly greater than zero. Consider the
quadratic cost function given by Eq. (10):

J (µ̂) =
e 2m2

2
=

[y ¡ µ̂T F(T )]2

2m2
(10)

Then the minimizing trajectory for the cost function is given by the
gradient of J (µ̂) as

Ç
µ̂ = ¡ C r J (µ̂) (11)
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where C = C T > 0 is a scalingmatrix of adaptivegains.The gradient
of J (µ̂) is given as

r J (µ̂) = ¡ {[y ¡ µ̂T F(T )]F(T )}/ m2 = ¡ e F(T ) (12)

resulting in the adaptive update law

Ç
µ̂ = C e F(T ) (13)

To ensure that the parameter estimates remain bounded in some
set Q, derived from a priori knowledge of the properties of h , we
use a parameter projection term. By de� ning Q as

Q = {µ̂ 2 R n : p(µ̂) · 0} (14)

where p(µ̂) is a vector of constraint equations on µ̂. The adaptive
update law of Eq. (13) becomes

Ç
µ̂ =

ìïïïïïï
í
ïïïïïïî

C e F(T ) if µ̂ 2 interior(Q) or

µ̂ 2 boundary(Q) and

[C e F(T )]T r p · 0

C e F(T ) ¡ C
r p r pT

r pT C r p
C if otherwise (15)

In this case a nonrestrictive choice for Q is simple. If one has an
estimatefroma prioriknowledgeon themaximumachievableoutput
ymax , then clearly any individual h i would neverbe greater than ymax.
Therefore, de� ne Q in the following equation using a safe upper
bound of max( h i ) = ymax :

Q = {µ 2 R n : umax ¡ h i · 0, i = 1, 2, . . . , n} (16)

The convergence properties for the gradient adaptive law with
parameter projectioncan be found in two theorems in Ref. 17, guar-
anteeing signal boundedness and convergence of the parameters
estimates for input signals that are rich enough.

B. Thermal Model
To create a thermal control law using current as the input, we

begin with two assumptions about the SMA wire actuator:
1) The length of the SMA wire is much greater than its diameter.
2) There is uniform temperature distribution along the length

of the wire (neglecting any temperature deviations at the clamped
ends).

With the preceding assumptions the thermal problem is reduced
to the one-dimensional heat conduction-convectionproblem of an
SMA wire. The governing equation is3

Cv (T )
@T (x , t)

@t
= k

@2T (x , t )

@x2
¡

4h(T , D)
D

[T (x , t ) ¡ T1 ] + q e i
2

(17)

where T (x , t) is the temperature in ±C at the location x at time t ,
k the thermal conductivity, D the diameter of the SMA wire in m,
h(T , D) the coef� cient of convection in W/(m2±C), Cv the speci� c
heat in J/(m3±C), q e the resistivityof the SMA wire, and i the current
in amps.

By assumptions 1) and 2) the wire may be treated as being of
in� nite length,3 and Eq. (17) becomes

Cv (T )
@T (t )

@t
= ¡

4h(T , D)
D

(T ¡ T1 ) + q ei
2 (18)

Solving Eq. (18) for ÇT =dT /dt yields the equation

ÇT = ¡ (4h / Cv D)(T ¡ T1 ) + ( q e / Cv )i 2 (19)

The two coef� cient expressions of Eq. (19) can be lumped into
general parameters

a = 4h / Cv D, b = q e / Cv

and Eq. (19) takes the form

ÇT = ¡ a (T ¡ T1 ) + b u (20)

where u = i 2 is the control variable. By letting T̄ = T ¡ T1 , we
get Ç̄T = ÇT because of the assumption that T1 is constant, and
Eq. (20) assumes a classical form for model reference control
(MRC), namely,

Ç̄T = ¡ a T̄ + b u (21)

For a thermal plant model of the form of Eq. (21), a standard
control design17 to force T̄ to track a reference model of the form

ÇT̄m = ¡ a m T̄m + b mrT (22)

is given by the control law

u = ¡ k ¤ T̄ + L ¤ rT (23)

Here rT is a given temperature reference signal, k ¤ = ( a m ¡ a ) / b ,
and L ¤ = b m / b and a m , b m are the reference model parameters.
For T̄ to track rT , we set a m = b m . The magnitude of a m deter-
mines the exponential rate at which T̄m will approach rT , in addi-
tion to the exponential rate at which T̄ will approach T̄m when
T̄ (0) 6= T̄m(0).

For temperature estimation let T̂ be the estimate of the relative
temperature(with respectto ambient temperature) T̄ . The KP model
will then be a functionof T̂ , which will be determinedby integration
of Eq. (21). De� ning the input to the KP model in thismanner allows
ambient temperature,which may vary over the course of actuation,
to be ignored.

C. Determination of Thermal Parameters: Calibration Procedure
The thermal model for the SMA wire of Eq. (21) is used to calcu-

late the estimated relative temperature T̂ of the wire. The variable
T̂ can then be used as an intermediate variable for the input to the
hysteresismodel to compensate for the current-ratedependence.To
improve the performance for adaptive compensation using the KP
model, a reasonable estimate of the thermal coef� cients a and b is
required. In the calibrationprocedurewe make several assumptions
that tailor the thermal model to a speci� c KP model representation:

1) When y =0, the SMA is in the martensite phase, with a cor-
responding value of T̂ =0.

2) When y equals the maximum output of the SMA actuator
y = ymax, the SMA is in the austenite phase. The corresponding
temperaturedependson the de� ned input interval for the KP model:
T̂max is set equal to smax when y = ymax .

3) When there is no current, the SMA returns to martensite, in-
dicated by y ! 0. T̂ is assumed to approach zero as y approaches
zero.

Starting with the actuator in martensitic phase, such that y =0,
we slowly increase the heat input u = i 2 to the point where y stops
increasing. We denote this value of displacement as ymax, the max-
imum output of the SMA actuator, and record the corresponding
heat input as umax. The SMA is assumed to be at a steady-state tem-
perature of T̂max . When T̂ attains this steady-statevalue, Ç̂T =0, and
the parameter ratio of a / b can be solved from Eq. (21):

a / b = umax / smax (24)

Next we set the current to zero u = i 2 = 0 and determine the time
interval D t for y to reach a value of 0.05ymax. With u = 0, Eq. (21)
becomes Ç̂T = ¡ a T̂ , for which the closed-form solution is sim-
ply T̂ (t ) = T̂maxexp( ¡ a t). We can reasonably assume that when y
equals5% of ymax (close to full martensitictransformation), the tem-
perature is near 5% of T̂max, and the coef� cient a can be calculated
as

a = ¡
(0.05)
D t

(25)

The coef� cient b can then be determined from the quantities a and
a / b .

By determining a and b in this manner, we ensure that over the
output range of the actuator T̂ will span the input range for the hys-
teresis model. In addition,we will have a reasonable approximation
of the temperature rate of change with respect to the heating signal
u(t ) = i (t)2 . Any discrepanciesin the estimated temperaturewill be
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Fig. 7 Schematic of control algorithm.

accounted for by the adaptiveupdate of the hysteresismodel. In the
next subsection we provide the overall control algorithm for com-
manding the current such that the SMA actuator tracks a desired
reference displacement signal. Experimental results in Sec. IV will
show that a and b need only be rough estimates, with the con-
troller being robust over a range of values for the thermal model
parameters.

D. Control Algorithm
The control algorithm used for the tracking experiments in

Sec. IV can best be describedby referring to the schematic in Fig. 7.
A given reference displacement signal r(t ) is mapped into a refer-
ence temperature Tr via the hysteresis model inverse H ¡ 1 . Equa-
tion (23) calculates the required heating u to force T̂ to track Tr ,
whereas Eq. (21) is integrated to determine T̂ . The current signal is
output to the SMA wire as i =

p
u. Note that the current is limited

by strict bounds on u, in that u is constrained to lie in the interval
[0, i 2

max], where imax is a prede� ned safety limit on the current. The
lower limit on u essentially means that the fastest cooling that can
be achieved is when the current to the SMA wire is turned off.

To adaptivelyupdate the hysteresismodel to represent the y vs T̂
relationship, the estimate of the displacementoutput ŷ is generated
via H (T̂ ). The estimationerror is calculatedusing the error between
the actual displacement y and ŷ. The hysteresis model parameters
h i j are updatedusing the gradient adaptive law from Sec. III.A.2, in
turn updating the inverse model.

In this control methodology the thermal parameters remain con-
stant. Although it may be possible to update the thermal parameters
adaptively to represent the heating and convection more accurately
for a time-varyingcooling environment, in this paper the burden of
accountingfor these variations lies solely with the adaptivehystere-
sis model. Reasonable estimates of the thermal parameters serve to
ensure that T̂ remains in the de� ned input region of the hysteresis
model. The experimental results in the next section show that the
controllerworks even when the thermalparametersare signi� cantly
different from the calibrated values.

IV. Experimental Results in Air and Water
For all of the experiments, the KP model is de� ned by a dis-

cretization number of K =13 resulting in 91 parameters. In previ-
ous experiments9 KP models with up to 231 parameters have been
shown to be feasible. The input region for the KP model is de� ned
by smin = ¡ 10 and smax =60. The KP hysteresismodel is initialized
with no information about the displacement vs temperature rela-
tionship at the beginning of each experiment, with the h i j set equal
to 1/ N = 1

91 . The results from the following experiments show that
even when there is no initial information on the hysteresis the KP
model can adapt quickly to provide accurate compensation.

To examine the performance of the control strategy for a wide
range of cooling environments, experiments involving the tracking
of step and sinusoidal reference trajectories are conducted in air
and in water. The in-air experimentsuse an air� ow passed througha
vortexcooler,parallelto the wire, to achievefastercoolingrates than
in stagnant, ambient air alone. With the vortex cooler compressed
air is supplied to a vortex tube and passes through nozzles that are
tangent to an internal counterbore. These nozzles set the air in a
vortex motion. This spinning stream of air turns 90 deg and passes
down the hot tube in the form of a spinning shell. A valve at one

Table 1 Thermal parameters from calibration
for different environments

Surrounding medium a b

Air 0.06 1.99
Vortex cooled air 0.60 3.00
Water (0.167 m/s) 12.12 2.69
Water (0.347 m/s) 30.76 3.46

end of the tube allows some of the warmed air to escape.What does
not escape heads back down the tube as a second vortex inside the
low-pressure area of the larger vortex. This inner vortex loses heat
and exhausts through the other end as cold air.

The in-water experiments use forced water convection with the
� ow perpendicular to the wire actuator, with � ow rates of 0.167,
0.347,and0.415m/s.The differencein coolingbetweenthedifferent
environmentsis evidencedby the calibrated thermal parameter esti-
mates of Eq. (21), given in Table 1. Note that the thermal constants
are dependent upon smax , the assumed maximum transformation
temperature, used in Eq. (24) to calculate the ratio of a / b . For the
calibrated thermal parameters given in Table 1, smax =60. By look-
ing at the relative differences between the convection-dependent
term a , we can see that water � owing at 0.347 m/s has a convection
rate 500 times that of stagnant air.

Although we do not use any of the material/environmental pa-
rameters from Eq. (18) to determine the values of a and b , we
provide evidence that the calibrated values do indeed make sense.
With values of Cv =3.5 £ 106 J/(m3C), D =0.00058 m (0.023 in.),
and h =50 W/(m2C) for a wire in air, thevalueof a can be calculated
as

a =
4h

Cv D
=

4 £ 50

(3.5 £ 106) £ 0.00058
= 0.098 (26)

which is in the same neighborhood as the calibrated value of
a = 0.06.

A. Forced Air-Convection Environment
The � rst experiment in air (with the vortex cooler) involves the

tracking of a step-referencesignal, with the thermal parameters be-
ing assignedthe calibratedvalues for vortexcooledair from Table 1.
The referencesignal and actual displacementsare shown in Fig. 8a,
from which we can see that the tracking performance is excellent.
The commanded current history is shown in Fig. 8b, along with
the estimated temperature in Fig. 8c. Fig. 8c conveys two impor-
tant pieces of information: 1) the thermal control law is effective
in tracking the target temperature from H ¡ 1[r (t )], and 2) the tem-
perature estimate remains within the bounds set for the KP model
input.

A sinusoidal reference signal, given by Eq. (27):

r(t ) = 0.25 + 0.15{sin[2 p ( f /
p

10)t ¡ p / 2] + cos(2 p f t ¡ p )}1
2

(27)

is used for the second tracking experiment in air, where f is the
frequency of the sinusoid. To examine the controller performance
when a and b are different from the calibrated values, the thermal
parametersfor this experimentare chosen to be a = 2.0 and b =2.0.
Figure 9a shows that the displacement tracks the reference signal,
with a small tracking error as shown in Fig. 9b. The frequency of
the reference signal is 0.1 Hz, which is close to the maximum that
can be achieved with the vortex-cooled air � ow. Achieving higher
frequency response from the SMA wire requires the forced water-
convection environment of the water tunnel.

B. Forced Water-Convection Environment
The � rst experiment in the water tunnel involves tracking a step-

reference signal. The � ow rate of the water is 0.347 m/s, and the
thermal parameters are chosen to be the calibrated values listed in
Table 1. Figure 10a displays the reference and actual displacement
trajectories. As with the forced air environment, there is excellent
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a) Reference (step) and actual

b) Commanded current

c) Target and actual “temperature”

Fig. 8 Reference signal (step) tracking. In air, vortex cooler, ® = 0.6, ¯ = 3.0, am = 20, and ° = 20.

a) Reference trajectory (0.1 Hz)

b) Tracking error

Fig. 9 Reference signal (0.1-Hz sinusoid) and tracking error. Vortex cooler, ® = 2.0, ¯ = 2.0, am = 20, and ° = 20.

trackingof the step-referencesignal.The amount of noise in the dis-
placement measurement signal is signi� cantly greater than that for
the in-air experiment because of 1) interference from the water-
tunnel motor, 2) interference from the power supply, and/or 3)
physical disturbance, by the � owing water, of the string connect-
ing the SMA wire to the lever arm. The commanded current signal
in Fig. 10b can be compared with that of Fig. 8b for the forced air
environment. As expected, the required current for similar de� ec-

tions is much higher in the forced water environment. In addition,
while the current had to be shut off to achieve the required cooling
rate in air, we can see that in water a signi� cant amount of cur-
rent is still required to slow down the cooling. Figure 10c shows
the estimated temperature history along with the target temperature
signal from H ¡ 1[r(t )]. Comparing Figs. 8 and 10, one can see that
T̂ is more sensitive to changes when the SMA wire is cooled using
forced water rather than forced air.
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a) Reference (step) and actual

b) Commanded current

c) Target and actual “temperature”

Fig. 10 Reference signal (step) tracking. In water (0.347 m/s), ® = 30.76, ¯ = 3.46, am = 40, and ° = 20.

a) Reference trajectory (2 Hz)

b) Tracking error

Fig. 11 Reference signal (2-Hz sinusoid) and tracking error. In water (0.415 m/s), ® = 30.76, ¯ = 3.46, am = 80, and ° = 20.

The next two experiments involve tracking a sinusoid, similar in
form to that of Eq. (27), but with higher frequencies.The water � ow
rate is 0.415 m/s to achieve faster cooling; however, the thermal
parameters remain at the values of the 0.347-m/s calibration. Fig-
ure11ashows the2-Hz sinusoidalreferencesignalover35 s ofactua-
tion, with the trackingerror shown in Fig. 11b.The sinusoidalnature
of the trackingerror is caused by a phase lag in the tracking, seen in
the enlargedplot for a 5-s interval in Fig. 12a We can see that, except

for the phase lag, the displacementsignal follows the characteristics
of the referencesignal.The current signal for the 5-s interval,shown
in Fig. 12b shows repeatable current cycles at a 2-Hz frequency.
Again, we show the estimated temperature history in Fig. 12c.
Using the estimated temperature, the displacement-vs-temperature
hysteresis is depicted in Fig. 13. The major and minor loops are
representative of the form of hysteresis between displacement and
actual temperature10 and can easily be captured by the KP model.
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a) Reference trajectory (2 Hz) and actual, 5-s interval

b) Commanded current over 5-s interval

c) Target and actual “temperature”

Fig. 12 Reference signal (2-Hz sinusoid) and commanded current. In water (0.415 m/s), ® = 30.76, ¯ = 3.46, am = 80, and ° = 20.

Fig. 13 Hysteresis be-
tween displacement and
temperature. Reference
signal (2-Hz sinusoid).
In water (0.415 m/s),
® = 30.76, ¯ = 3.46, am =
80, and ° = 20.

One factor that contributed to the phase lag is the ramp-up time
for the power supply. A rise time of 0.054 s to go from 0 to 20 A
becomes signi� cant for an actuation frequency of 2 Hz (10% of the
period). Another limitation to achieving higher frequency control
is the data sampling rate—about 100 Hz for the Pentium 133. It is
reasonable to assume that a faster sampling rate, improved power
supply, and/or incorporating knowledge of the lag in the thermal
controller will signi� cantly improve the tracking performance at
higher frequencies. In future work we will address the issues of
lag compensation and sampling rate to achieve tracking control for
signals above 10 Hz.

V. Conclusions
We have provided a control methodology that uses a rough es-

timate for the thermal properties of an SMA wire actuator and its
interaction with the surrounding medium in order to estimate the
temperature. The temperature estimate can then be used when ac-
tual temperaturemeasurementsare unavailable,in conjunctionwith
an adaptive hysteresis model for compensation. Experiments in air
and in water have shown that the control methodologyprovides for
excellent tracking of both step and sinusoidal reference trajectories

over a broad range of thermal environments. For biomimetic appli-
cations that use the cooling propertiesof water, we have shown that
we can achieve actuation control of an SMA wire at frequenciesup
to 2 Hz. In the future, we expect that by compensating for the lag
in the power supply and increasing the sampling rate, the tracking
performance of the proposed adaptive controller will signi� cantly
improve.We will also investigatethe use of an electricallyinsulative
� uid, such as glycol, that circulates through a channel around the
SMA wire in a closed system.
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