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Experimental Studies on Automated Regulation of
Hemodynamic Variables

Ramesh R. Rdg Cesar C. Palerim Brian Aufderheideéand B. Wayne Bequefite

Abstract— Two different control methodologies are developed for au- information would then be explicitly used by the controller to

tomated regulation of hemodynamic variables. These controllers are de- gutomate the regulation of physiological states.

signed to regulate mean arterial pressure (MAP) and cardiac output (CO) In th f critical . ith d f

in critical care subjects using inotropic and vasoactive drugs. Both con- n the case of critical care patients with some degree of con-

trollers account for inter— and intra—patient variability and handle drug ~ gestive heart failure (weak heart), the measured variables that

infusion constraints. The first approach is a multiple model predictive con- gre of primary importance are mean arterial pressure and cardiac

troller (MMPC). The algorithm uses a multiple model adaptive approach : :

in a model predictive control framework to account for variability and ex- output. S,econdary Va”ajbles that_are mqmtored’ but not regu-

plicitly handle drug rate constraints. The second approach, a robust di- lated as tightly as the primary variables, include heart rate and

rect model reference adaptive controller (DMRAC) is developed for plants pulmonary capillary wedge pressure. In this work we present

with uncertainty in both the time delay elements and in the transfer func- two control strategies for the regulation of MAP and CO us-

tion coefficients, such as the drug infusion process. Further modifications . . . . .

are introduced to handle drug rate constraints. The controllers are experi- NJ vasoactive and inotropic drugs and the corresponding exper-

mentally evaluated on canines that are pharmacologically altered to exhibit imental results on the evaluation of the controllers on canines.

symptoms of hypertension and depressed cardiac output . The vast amount of research on blood pressure control was

Keywords: Biomedical Control Systems, Drug Infusion, Model Predictive . .. .

Control, Adaptive Control, Dog Experiments. initiated by Slate et al. [1] who used a PID controller with
empirical tuning rules to control MAP using SNP. Since then,
more complex control schemes have been used in automation

I. INTRODUCTION of hemodynamic regulation. Isaka and Sebald [2] provide a

Critical care patients such as those in intensive care or undgMPrehensive review of the single-input single—output (SISO)
going surgery require close monitoring of all their vital signSyStem; they highlight the still unresolved issues of safety and
The anesthesiologist or critical care physician must monitor afRPustness, which are even more important when dealing with
regulate a wide range of physiological states such as mean afgltiple drugs to control more than one output. Martin et al.
rial pressure, cardiac output, carbon dioxide and oxygen levdfd, and Kwok et al. [4] have used adaptive control methodolo-
blood acidity, fluid levels, heart contractility, renal function andi€S for blood pressure regulation during surgery. Additional
more. Some physiological states cannot be measured direEﬂ?earCh efforts have been made in the S|multaneou§ regulation
and must be inferred by the physician. Physicians maintain -MAP and CO. Serna et al. [5] reported on the simultane-
tient states within acceptable operating ranges by infusing s@yS control of CO and MAP using DPM and SNP. As the CO
eral drugs and/or intravenous fluids. In addition, during surgidRgasurements were available at a rate much slower than MAP,

procedures physicians must administer anesthetics and mo decoupled the DPM-CO loop from the MAP—SNP loop.
the depth of anesthesia. One of the more advanced studies in the two—input two—output

Current clinical practice involves manual regulation of dri ystfml ng doneMby yosiet al. [(2 or: Cﬁnln(z;'\;lfzgy uigdhthe
IV lines to infuse drugs. Programmable pumps are also use gntrol Advance ioving verage L.ontro er ( ) whic

either deliver the drugs at a constant rate or a variable rate 3§ class of_extended horizon controllers, with a recursive Ieast_
squares estimate of model parameters. The advantages to this

achieve a desired concentration. Such pumps are based on troller are its robustn nd ability to hand tems with
eraged pharmacokinetic data and are essentially open—loop ﬁo@ oller are 11S robusiness and ability to handie systems

; - - aryi d unknown dead times. Yu et al. [7] used a multiple
there is no feedback of the patient’s states), requiring regularYr"fl—rylng andt .
tervention by the attending physician or nurse to adjust the drlk dgloac_japtlvg control gpprotacm(l\I/IdMACé);or r%gljjlatmlg M%P
flow rates. Itis desirable to have an automated system that clo® g in canine experiments. Held and Roy [8] developed an

the loop on primary variables, but monitors secondary variab )épert system that used a fuzzy controller for controlling MAP

and helps the physician perform diagnostics. This would aIIo"i'i\?d CO using SNP and DPM. No clinical work that the authors

the physician to spend more time monitoring the patientforco"ﬂr—e aware of has_ been done on controlling multiple hemody-

ditions that are not easily measured and assure that the physi&%W'C variables simultaneously.

is al_ways in the Ioc_)p . The phyS|C|an_WouId use her expertise ll. SYSTEM OVERVIEW

to diagnose the patient, specify set points or ranges of values for

the states to be regulated, choose the drugs best suited to of-he control objective is to regulate two hemodynamic vari-

tain the objective, and mandate permissible infusion rates; thisles, mean arterial pressure (MAP) and cardiac output (CO) by
the automated infusion of inotropic and vasoactive drugs. Of

THoward P. Isermann Department of Chemical Engineering, Rensselaer Pgarticular interest is the case of patients with congestive heart

teggzlﬁgglsglflgﬁgineering, Rensselaer Polytechnic Institute failure. Due to the complex, n(.)nlir.]e.ar behaViO.r of phySiO.qui-

gal systems, a good controller is difficult to design. In addition,

*Corresponding Author, Department of Chemical Engineering, Renssel :
Polytechnic Institute, Troy NY 12180-3590, bequette@rpi.edu drug responses vary from one patient to another; for the same
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patient, the responses also vary with time. All recent approaclies systemic vascular resistance, thus dropping blood pressure.
to hemodynamic control have unresolved issues of robustnetdothane also decreases the heart contractility. The time con-
and safety [2]. stants and time delays of the pharmacodynamics are signifi-

Safety constraints translate in part to limits on the infusiggantly longer with halothane as well. The baroreceptor reflex is
rates. Saturation limits must be handled, as drugs can be infusts® affected by each anesthetic in different ways. Under isoflu-
but not removed from the bloodstream. Upper limits are alsane, the baroreflex remains strong, thus the system is capable
necessary to prevent overdosing and toxic effects. For exampiegounteracting the controller if the desired MAP is too high or
Sodium Nitroprusside (SNP) breaks down into cyanide, thugeo low compared with normal body function. With halothane,
maximum rate ol 0 pg/(kg-min) is used to prevent accumula-the baroreceptor reflex is affected to the point that it no longer
tion of this toxin. In the case of dopamine (DPM) the inotropibas a significant effect on the blood pressure. Two good sources
range is fron2 pg/(kg - min) to 7 ug/(kg - min). Inter— and that cover cardiovascular physiology are the works of Guyton
intra—patient variability is compounded by the tightly couple@nd Hall [9] and Berne and Levy [10].
dynamics of the variables to be controlled.

Mean arterial pressure is affected by two factors: cardiac out- . EXPERIMENTAL SETUP
put and systemic vascular resistance. An increase in either onéfhe controllers were evaluated on four mongrel dogs under
with the other held constant, results in higher blood pressubestitutional Animal Care and Use Committee (IACUC) ap-
For a normal heart, cardiac output follows the Frank—Starlimgoved protocol. The experiments were performed on eleven
relationship. There are four factors that affect cardiac outpeperimental days with 3 to 5 runs each day. A schematic dia-
preload (venous return), afterload (mean arterial pressure), gyam of the experimental setup is shown in figure 1. Follow-
ocardial contractility (strength of the heart) and heart rate. They initial anesthetizing with sodium pentobarbithal, the ani-
preload is the quantity of blood filling the heart during diastolenal was intubated and mechanically ventilated (Siemens—Elena
the greater the venous return is, the greater the stretching of #@C Servo—\Ventilator) with Isoflurane or Halothane with 50%
myocardium, thus leading to a stronger contraction and highitrous Oxide anesthetic. An arterial line was placed in the
cardiac output. The afterload is the force that the heart mdisinoral artery to provide continuous arterial pressure tracings
overcome to pump the blood out. Therefore, the higher the meana Mennen Horizon monitor. A Swan—-Ganz catheter (Bax-
arterial pressure the greater the resistance to pumping is, reseltEdwards Swan—Ganz Intellicath CCO/VIP Thermodilution),
ing in a lower cardiac output. Heart contractility can be considennected to a Baxter Vigilance monitor, was introduced in
ered as the number of cross-bridges (individual muscle fibetis¢ pulmonary arterial tree to provide continuous cardiac out-
present in the cardiac muscle during a contraction. An incregag measurement. Control calculations were performed on a
in the number of cross—bridges leads to a more powerful cdpell Pentium Il PC running a custom built Windows—based GUI
traction and a higher cardiac output. (figure 2). The pressure and flow measurements were received

In the case of congestive heart failure, the heart is unableftom the monitors through RS-232 ports. The control loop was
pump all the blood in the venous return. An increase in preloatbsed with rotary infusion pumps (Critikon Simplicity 2100A)
only decreases the efficiency of the heart and leads to greamedified to accept digital inputs via a digital output card. The
congestion. The venous return is dependent on venous comggimpling time for the controller was set at 30 seconds. The con-
ance, which is the ease with which the veins can stretch likdraller computation took about 4 seconds at every sample.
balloon. The greater the venous compliance is, the more blood he canines were pharmacologically altered to exhibit hyper—
that is retained in the veins and the lower the venous return to tirehypotension and depressed cardiac output. Both SNP and
heart. Additional dynamics are presentin the form of the barol@NP were used to affect the baseline blood pressure, and high
ceptor reflex, which is the body’s own short term controller dévels of halothane were used to significantly depress heart con-
mean arterial pressure. It is a part of the autonomous nervatatility and thus mimic congestive heart failure. The con-
system and it can increase or decrease myocardial contractilitg/lers were initially evaluated and tuned in closed—loop sim-
venous compliance and the systemic vascular resistance to rdgtions using an elaborate nonlinear canine circulatory model
ulate blood pressure. [11] as the “patient” before moving to the experimental phase.

In this study three drugs are used. Sodium Nitroprusside
(SNP) is used to lower blood pressure, as it increases the venous IV. MODEL PREDICTIVE CONTROL
compliance and reduces systemic vascular resistance through axodel based predictive control (MPC), which can be imple-
terial vasodilation. For congestive heart failure, it is an ideadented quite naturally on constrained multivariable systems,
drug since it decreases both the preload and afterload, so fibe also been considered for drug delivery (Gopinath et al. [12],
heart has less blood to pump at a lower resistance. Phenyao et al. [13], [14]). As seen earlier, an important issue in the
phrine (PNP) is used to increase blood pressure through artedigign of drug infusion systems is the need to impose bounds on
vasoconstriction (which increases the systemic vascular resiitision rates. Alternatively, the physician may want to spec-
tance). Dopamine (DPM) is used in its inotropic range to eify an operating range of the mean arterial pressure instead of
hance cardiac performance by improving heart contractility. a specific setpoint. While most control strategies handle such

Two different anesthetic agents are used, lIsoflurane aonstraints in an ad hoc manner, the primary advantage to MPC
Halothane with 50% Nitrous Oxide. Testing with differents its ability to handle constraints explicitly. Its optimization—
anesthetics is important, as the dynamics of the system viiised framework allows computation of the optimal infusion
change depending on the agent used. Both anesthetics decredss subject to input and output constraints.
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Fig. 1. Schematic diagram of the experimental setup
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Fig. 2. Computer interface for the controller

MPC uses a model to predict the system response to futfmemation will be available in the next sampling instance, only
control moves and optimizes manipulated variables to minimigtge first computed change in the manipulated variables is im-
the predicted error subject to operating constraints. The bagiemented and the optimization is repeated at each sampling in-
idea, shown in figure 3, is to select a sequenc&/duture con- terval based on updated measurements of the output variables.
trol moves to minimize an objective function (usually the sum of
square of predicted errors) over a prediction horizo cfam- The manipulated variables (drug infusion ratesire com-
ple intervals. Using a model, the system response to changeputed to minimize a quadratic objective function

the manipulated variable is predicted. Themoves of the ma- P M1
nlpulatle(_j vanables. are selepted such that the predicted respgnse min J = Z ezT Qe + Z AuiTRAui n
has minimal setpoint tracking error. As new measurement iN-w..-ux a1 Rt s
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Model Predictive Control: (a)At the current sampling instahce

model is used to predict the output behavior of the sysiesample inter-
vals into the future based on the past states &hduture control moves.
The future control moves are optimally estimated to minimize predicted

and input weighting matrices. The optimization is a quadratic
programming (QP) problem and absolute and rate constraints
on the manipulated variable are included as linear inequalities.
Imposing constraints on the output variables is likely to make
the QP problem too restrictive, that is, when computing future
moves there may exist no value for which the drug infusiod

the predicted responses are within the permitted range. The so-
lution is to add a penalty term to the control objective (soft con-
straints) that penalizes a weighted norm of the output variable
violation (last two terms in the objective functiony; andSs

are weighting matrices for the upper and lower soft constraints
on the output variables.

The prediction horizo® is chosen on the basis of the open-
loop settling time. The control horizof/ is used to tighten
or detune the controller. In general, larger values\bffor an
input will result in more aggressive action. This yields faster
response, but the closed—loop system is less robust to model un-
certainty. The output weighting matri@ is a diagonal matrix
used to assign weights to the components of the error function,
corresponding to each output in the optimization step. A larger
weight for an output will result in tighter control. When soft
constraints are used; andS, penalize the error function when
the output variables are outside the desired min-max range and
() penalizes deviations from the middle of the min-max range.
The values ofS; andS, are chosen to be larger thghto em-
phasize tighter control when outside the min-max band. The in-
put penalty matrix? is also a detuning parameter and is used to
penalize control action in the objective function. This parameter
is especially useful when a largé is used.

A simple form of the prediction model is based on the finite
step response (FSR) or the finite impulse response (FIR) convo-
lution model. This is a non-parametric representation of the pro-
cess and is simply the open-loop response to a unit step or a unit
impulse input. The output prediction is computed by convolv-

dpg the model impulse response with the history of manipulated

ror from setpoint. Feedback is achieved by implementing only the first of theariable (i1, ur 2, - - -) from the current sampling instanée

M moves. (b)Based on the actual measurements of the output/at-thé?

and given by

instance, the model predictions are corrected as an additive disturbance to

account for model mismatch and unmeasured disturbances. The optimiza-
tion procedure is repeated in a receding horizon framework to compute a

new set of moves.

k+P

Z (ymaac - yf)T Sl (ymaw - yzc) +
i=k+1

k+P

Z (yf - ymin)T SZ (yf - ymin) (1)
i=k+1

subject to absolute and rate constraints on the manipulated B

ables

Umin <U;i< Umaz

Uj—1 — Aumaac Suzg Ui—1 + Aumam

N
gk = Hiupi
i—1

where H; is theith impulse response coefficient matrix is

the number of terms in the model, usually chosen to correspond
to the settling time of the model. This ensures that we use infor-

mation about any control move that might have been made in the
past until the system settles to the steady state arising from that
control move. The corrected predicted output at tHefuture

(r)li_nt is given by

N

Z H; Augyj—; + dy
i=j+1

J
Vie; = Y Hi Augyji +
i=1

The corrected prediction of output involves three terms on

where, at each sampling instance; is a vector of model pre- the right hand side. The first term includes the present and all
dicted errorge; = r; — yf), y¢ is a vector of model predicted future moves of the manipulated variables which are to be de-

outputs (MAP, and CO) over a prediction horizonfafr; is the

termined so as to solve equation 1. The second term includes

desired setpointy; is the vector of manipulated variables (SNRhe past values of the manipulated variables and is completely
and DPM) over a control horizof/, and() and R are output known at timek. The third term is a correction (predicted
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disturbance) which is calculated as the difference between ttis sufficiently robust in the possible range of prediction models
current measurements and output of the predicted model (8&2mming from the model bank.
dy = yr — ) at thek!™ sampling instant. This is the ‘additive We used the recursive Bayes theorem for computing the
disturbance’ which accounts for model mismatch and unmaoaeights assigned for each model in the bank. The theorem cal-
eled disturbances that enter the system and is assumed taddates the conditional probability of thi& model in the bank
constant over the prediction horizon due to lack of an explidieing the true model of the plant given this population of mod-
means of predicting the mismatch or disturbance. els. The probabilities are assumed to be stochastic and Gaussian
While adaptive control strategies rely on using a nominad nature and thus take a form of the exponential of the negative
model with on—line adaptation, model predictive approaches dejuare of the residuals. The recursive Bayes theorem fdt'the
pend on the accuracy and availability of a model capable of pstep and** model is
dicting the patient responses. In all the studies cited above, it is
important to note that the motivation to develop advanced strate- exp(—3
gies is due to the multi-variable, nonlinear behavior of phys- Pik = ZJ_V exp(
iological systems. The inherent difficulty arises in the choice 3=1
of a model, its structure and the associated parameter iden{ifiere
cation for design and validation of the control system on real
subjects. In the next section we present a novel approach com-
bining the MPC and MMAC strategies for regulation of hemds the model residual at the current stefX denotes conver-
dynamic variables. A multiple model strategy is used to provigence matrix that can be used to tune the rate of convergence
a prediction model for an MPC framework. This approach ha$ the probabilities. The recursion is initialized by assigning
the combined advantage of allowing model adaptation to hagual probability to all the models in the bank. The probabilities
dle inter— and intra—patient variability and the ability to handlare computed at every sample “improving” upon the probability

1

T
€; 1, K€ 1)Dik—1
- ()

T
36 kK€ k)Pj k-1

€ik =Yk~ Yik ®3)

explicit input and output constraint specifications. computed from the previous sample. The algorithm is computa-
tionally inexpensive and ensures that probabilities are bounded
A. Multiple Model Predictive Control between 0 and 1. The models are assigned weights such that
Conventional MMAC [15] shown in figure 4, uses a bank Pk forp . S §
of models to capture the possible input—output behavior of pa- Wi, = {?flm,k Dik 4
tient responses to drug dosages. The control parallel is to use ' Wik =0forp;, =4

a bank of controllers, to achieve a desired closed—loop perfor-
mance from a wide variety of possible patients; controlés Models attaining a probability of zero cannot reenter the recur-
designed and tuned based on mdd&bm the model bank. Us- sion and hence an artificial cutoff, is used to keep the models
ing a Bayesian approach, the probability of each model repegive. For models witlp < 4, the probability is reset tp = 4,
senting the patient response is computed and the resultant cord these models are then excluded from being weighted. A
trol action is the probability—weighted average of control movegeight-averaged prediction model is constructed for MPC to
of each controller. The model probabilities get altered as thempute optimal drug infusion rates. The blended prediction
drug sensitivities change in inter/intra patient variations. Thwodel is effectively a model of higher order than any of the in-
primary advantage to this approach is that no a priori modgividual models in the bank. The blended model thus evolves to
identification is necessary during initial stages of drug admiadapt the patient’s drug response and disturbances that occur in
istration. Although the approach is sub—optimal it allows flexihe circulatory system.
bility to handle a system with large variability such as drug in- It is important to realize that the nonlinear system is capable
fusion where designing a single nonlinear model is not practia#l MIMO dynamics that may be amplified or suppressed com-
or possible. The emphasis is more on robustness than on penpared to the dynamics exhibited when using the drugs individu-
mance. However explicit handling of constraints using MPC fally. The key assumption of our model blending design is: given
each model is computationally unwieldy for a large model ban&.bounded set of SISO models, the MIMO interactions will be
To preserve a multiple model approach that explicitly handlesunded as well. In other words, as long as the bank of SISO
constraints, we use a single constrained MPC controller withodels bounds the entire possible range of input—output behav-
a weighted model bank for response predictions, as shownian, there will exist a linear combination of the MIMO models
figure 5. A probability—weighted average of output predictiortbat will be able to adequately describe the process behavior.
from a bank of models is used in a MPC framework to calculaldne dynamic construction of the prediction model can be con-
drug infusion rates for regulation of mean arterial pressure asidered as a form of online closed loop MIMO identification
cardiac output. This approach has the combined advantageuad, as described in the next section, it is easy to perform rel-
model adaptation according to patient variations and the abiléyant updates to the model bank when it is observed that the
to handle explicit input and output constraint specifications. TMIMO bank is not properly bounding the canine’s responses.
advantage to multiple—model predictive control (MMPC) is that The recursive computation of probability was observed to at-
a large number of models can be used and constraints explicitlin steady state values of either zero or one (i.e.) converging
handled. The issues for MMPC are similar to standard MMA® a single model in the bank. However, due to the uncertainty
— determining the choice and number of models to encompasgolved in such systems, it is unlikely that any single model in
the plant behavior. This may require detuning of MMPC so thtite model back would be exactly equivalent to the system under
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Fig. 5. Schematic of the MMPC strategy.

control and hence blending is preferred. We were able to magponse experiments for each drug. Additional models spanned
tain a reasonable degree of blending by tuning the convergeaceange around these nominal values. The model gains were
matrix K (equation 2). In fact, during the experiments, corspaced by a factor of 1.5. Various combinations of the SISO
troller performance was consistently good when a single moaebdels were used to form the MIMO model bank. Our experi-

did not dominate in the weighting. ence has been that the observed gain, is not necessarily related
to the time constant/time delay of the drug response. There-
A.1 Design of the model bank fore combinations of high time constants with long time delays

For this multivariable problem, it was difficult to directly de—and short time constants with short time delays were paired with
sign appropriate multiple-input, multiple-output (MIMO) mod—each gain value.
els. We constructed MIMO models from superposition of sin- Based on nominal values from literature and prior knowledge

gle input single output (SISO) models. The SISO models coofsluggish drug pharmacodynamics under halothane, additional
stituted step response coefficients generated using first ontherdels with longer time constants and time delays (by about
plus dead time (FOPDT) transfer functions. Nominal values @50%) were added to the model bank used in isoflurane exper-
model parameters such as the gains, time constants and timements. This still proved to be insufficient resulting in deteri-

lays were obtained from literature and/or evaluated from step ogation of control performance amongst the first few runs us-
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Fig. 6. Step response plots for unit inputs of SNP and DPM vs. MAP to indicatég. 7. Step response plots for unit inputs of SNP and DPM vs. CO to indicate
the bounds on the SISO model banks. the bounds on the SISO model banks.

ing halothane. Post experimental analysis of the weights @snstant rate o6 pug/(kg - min). Once the MAP stabilized
signed to the models in the bank indicated that the weightgd120 mmHg, the controller was engaged (at= 0 min)
model mostly constituted an average of models with longer (byith a setpoint to lower the MAP td00 mmHg. Another
still insufficient) time delays and time constants. Models witSetpoint change was madetat= 15 min to lower the MAP
time constants and time delays (as high as twice those usedi#oR0 mmHg. A “disturbance”, in the form of a change in
isoflurane experiments) were found to be necessary to encafe hypertension, was created by lowering PNP infusion to
pass dynamics exhibited under halothane anesthesia. After gw;g;g/(kg - min) and back td5 pug/(kg - min) (betweent =
stage, the model bank has required no further changes. The2ipmin and30 min). Att = 38 min, the setpoint was fur-
per and lower bounds of dynamics that the final model bagtker lowered t&r5 mmH g and the controller was disengaged at
spanned is shown as step response plots in figures 6 and 7. diRind50 min. Figure 8 illustrates fairly tight control of MAP
FOPDT bounds are made up of the shortest time constant/tigi¢hin -5 mm H g with settling times of less than 7 minutes af-
delay with largest gain and the longest time constant/delay withr each setpoint change. The controller also rejected well the

smallest gain. disturbance of changing PNP infusion. Note that the lowering
of MAP to 80 mmH g and beyond caused the baroreflex to in-
B. MMPC Results crease the heart rate (HR) and the cardiac output (CO), in an at-

The responses to the drugs administered varied greatly tRmpt to increase the blood pressure against the influence of the
pending on the anesthetic used as well as the canine thatuasoactive drugs. The magnitude of such an unmeasured dis-
ceived the drugs. Isoflurane lowers systemic vascular resistafio®ance can be gauged from the jump in the MAP returning to
yet the contractility of the heart and the baroreceptor reflex feaseline values after the external drug influences were removed
main strong. With isoflurane, the MAP setpoint chosen will d&ftert = 50 min.
termine the baroreceptor response either towards the setpoint @@ase 2: Multivariable control of MAP and CO is a much more
against it strongly perturbing the drug effects on the canine. Hifficult problem as the two hemodynamic variables are highly
halothane with 50% nitrous oxide, systemic vascular resistancesrelated and interdependent. Figure 9 illustrates the results of
baroreceptor reflex and the heart's contractility are all comprosntrol MAP and CO using SNP and DPM. A condition of low
mised. As halothane depresses CO values, the pharmacodyra@®-{which mimics congestive heart failure) was created by us-
ics are very slow, having time delays and time constants in song high levels of halothane on 1.8 kg male canine. When
experiments more than double the values on the same carirecontroller was engaged at= 0 min, a setpoint of lower-
under isoflurane. Accordingly, a prediction horizonff= 35 ing MAP to 60 mmH g and increasing CO t@.3 [/min was
and control horizon ofif = 3 was used with isoflurane. Whensought. The controller achieved both setpoints in about 12 min-
using halothane?” was increased t65. utes. While MAP was controlled withia-10 mmH g, CO had

Case 1: Figure 8 presents experimental results of controlaf overshoot at = 22 min, ten minutes after achieving the set-
MAP using SNP on d9 kg female canine anesthetized withpoint. The overshoot in CO was directly related to the increase
isoflurane. Hypertension was induced by infusing PNP atimHR (excluding the noise spike at= 13 min) due to an un-
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Fig. 9. Case 2: MAP and CO control of depressed CO canine under halothdrig. 11. Case 3: MAP and CO control of depressed CO canine under halothane.
Dopamine (DPM) and sodium nitroprusside (SNP) are controlled inputs. Dopamine (DPM) and sodium nitroprusside (SNP) are controlled inputs.
PNP was used to induce hypertension.

known disturbance. As the HR recedes to its baseline value, CO
starts to return to setpoint. Figure 10 presents a comparison of
the actual MAP and CO values with the estimates obtained freind PNP was infused at a constant raté gfg/(kg - min) to
the weighted model bank. The weighted or blended predictieause hypertension. The control objective was to raise and main-
model was observed to track the hemodynamic variables closeiyn CO betwee.6—5.6 [ /min and lower MAP tc70 mmH g.
The success of MMPC strategy relies on the weighted modie controller infused suitable amounts of SNP and DPM within
to provide good estimates and it is imperative that the individpecified constraints in order to achieve the desired states of the
ual models in the model bank encompass the possible ranges&hodynamic variables with settling times under 15 minutes.
gains, time constants and time delays. The MAP setpoint was changed 8 mmHg att = 40 min.

Case 3: This case presents the results of a multivariable cém-unknown disturbance in the form a sudden increase in HR
trol run to regulate MAP and CO lasting over four hours (figraises the MAP at around= 100 min. The controller rejected
ure 11). Instead of a specific setpoint for CO, a desirable operthiis disturbance by increasing the SNP infusion and decreasing
ing range was specified. The MPC strategy handles such sp&M infusion. A similar but sustained disturbance results in an
fications as output constraints explicitly. The use of output comcrease of HR and hence MAP and CQ at 170 min and the
straints in the controller can easily lead to infeasible solutionssulting control action maintained the MAP and CO ranges at
in the optimization problems or unstable closed—loop behavidesired values. Figure 12 presents a comparison of the MAP and

The output constraints were hence specified as soft constrai@®. values with the corresponding estimates from the weighted
High levels of halothane were used to create a low CO conditiorodel bank.
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requires neither full state access nor adaptive observers. Other
important properties of this class of algorithms include (1) their
applicability to non-minimum phase systems and (2) the fact
that the plant (physical system) order may be much higher than
the order of the reference model.
DMRAC requires that the plant to be controlled satisfy a
L - — — —— - strictly positive real (SPR) condition (see section VII). That is,
for a plant to be controlled, there exists a feedback gain such that
the resulting closed-loop system is strictly positive real. Note
that the plant satisfying the above condition is called almost
strictly positive real (ASPR) (see [17] for a detailed analysis).
One way to satisfy this positive real constraint is to design a
parallel feedforward compensator.
‘ Since most real systems do not satisfy the ASPR condition,
200 250 the DMRAC algorithm is extended in [18] and [19] to the
class of non-ASPR plants, for which there exists a known dy-
Fig. 12. Case 3: Model bank estimation of MAP and CO versus actual outpunamic output stabilizing feedback, with transfer maiigs) =
T ' ﬁ'(s)*l, such that the plant in parallel with/ (s) is ASPR.
Kaufman and Neat [20] suggested a modification that incorpo-
C. Discussion rates part of the supplementary feedforward into the reference

) i i model in a manner such that asymptotic tracking of the aug-
The MMPC control design has demonstrated its efficacy {jented plant and model outputs implies asymptotic tracking of

canine experiments for both hypertensive and depressed Carﬂ'\%coriginal plant and model outputs.

output cases for two different maintenance anesthetics. Interq,.qlik et al. (211, [22], [23], [24]), have developed and
and intra—patient variability are the mostsignificantproblemsgbp”ed systematic design procedures that utilize optimization
any controller for drug infusion. This variability is compounde@lechm(m(_}S for both the SISO and MIMO systems with paramet-
by the different anesthetics used in practice and their greally ang/or frequency domain uncertainties. However, feedfor-
varying effects on baseline heart contractility, systemic vasculgs,q compensator design methods were not addressed for plants
resistance and the strength of the baroreceptor reflex. The Sy yncertain time delay elements, as in the adaptive control of
cess of a drug infusion control system depends on its ability 4,4 infusion [7]. The design of the feedforward compensator
accommode_ltg such variations. We have presented a_mult|gIJ%§d is presented in [25] by Ozcelik et al. They extend the de-
model predictive control approach that does not require @ P&y methodology so that the SPR condition is satisfied in the
ori specification of model structure and parameters and expligasence of plant uncertainty which is modeled as variations in
itly handles constraint specifications. The Bayesian weightipg, the plant time delay elements and transfer function coeffi-
scheme used is computationally inexpensive and effective dia s

“building” a higher order predictio_n mod.el from bqsic building \we have further modified DMRAC by introducing changes to
blocks of first order models. Unlike typical adaptive schemeg,e aqqaptation law that allow the handling of rate limiting and
the order of the weighted model is not fixed and gets altered Ay ration constraints, without affecting the properties of the al-
namically to closely mimic plant behavior. The weighted mOdﬁlorithm. Formulation of the basic DMRAC algorithm is dis-
bank can account for the variability in the drug infusion systeri,sseq in Section V-B, the modified algorithm to handle input
providing a flexible and bounded prediction model for the 0Rgnstraints is presented in Section V-C, and the experimental re-
line constrained optimization problem. However, it is crltlcaguns for a drug infusion control problem are given in Section V-

to have the bank of models bound the possible plant behavigr. rina|ly, results are discussed, and conclusions are drawn in
Issues such as the determination of the number of models SP88:tion V-E.

ning a given range of system gains and dynamics need to be
addressed. B. Formulation of the DMRAC Algorithm

The linear time invariant model reference adaptive control
problem is considered for the linearized plant

z(t)=Axz(t) + Bu(t)

Here we present the results of the experimental testing of a y(H)=Ca(t) ©®)
modified Direct Model Reference Adaptive Control (DMRACWherez(t) is the(n x 1) state vector(t) is the(m x 1) control
algorithm which improves the robustness over previous adaptixector, y(¢) is the (¢ x 1) plant output vector, andl, B are
control strategies. The simple adaptive control approach to Diatrices with the appropriate dimensions. The range of the plant
RAC of MIMO plants was first proposed by Sobel et al. [16] iparameters is assumed to be known and bounded by
1979. This control structure uses a linear combination of feed-
forward model states and command inputs and feedback of the
error between plant and model outputs. This class of algorithms b;; <b(i,j) < bij,i,j=1,---,n

150

-
o
S

a
S
F———————
I

MAP(mmHg)

CO(l/min)
w

I I
0 50 100 150
Time Elapsed (min)

V. DIRECT MODEL REFERENCE ADAPTIVE
CONTROL

A. Introduction

Qijga(iaj)Saij,i,j:]-,"'an (6)
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The objective is to find, without explicit knowledge dfand B, C. Modified DMRAC Algorithm
the controlu(t) such that the plant output vectg(t) follows

One of the main drawbacks of the standard DMRAC algo-
the reference model

rithm is its inability to handle input constraints, which is critical

b ()=A, 2, () + Byr(t in the case of drug infusion control for _safe_ty reasons. The con-
Fm(t) Zm(t) + r() troller has to be able to handle saturation limits, as no drug can
Ym (8)=Cm@m (1) (7) " be removed from the bloodstream; an upper bound is also set

The model incorporates the desired behaviour of the plant, Bﬂ{avmd overdosing and toxic side effects. The drug infusion

. o . . rate calculated by the controller depends on the dynamics of the
its choice is not restricted. In particular, the order of the plan . .
reference model, the magnitude of the error between the desired

and actual system responses, and the controller gains. If the ma-
nipulated inputs are changing too fast, or if the saturation limits
u(t) = Ke(t)[ym () — y(t)] + Ko (O)zm(t) + K. (t)r(t) (8) are being exceeded, the simplest way to handle this is to scale
back the controller gains. To do this, the adaptation law for the
whereK, (t), K,(t), andK,(t) are adaptive gains and concategains is modified as follows
nated into the matriX(¢) as follows

may be much larger than the order of the reference model.
The adaptive control law is given as [17]

K(t) =Kp(t) + K1(t) _ _
K(t) = [Ke(t) Kat) K.(1)] ©)  EyO)=[ym(t) —y®r" )p(t)T T>0 (15
- E(t)=[ym () =y (O)pt)T — o () K1 ()T > 0
Defining the vectop(t) as
wherep(t) is a diagonal matrix with elements < p;;(t) <1
ym(t) = y(t) ando(t) is a diagonal matrix with elemends; (¢) > 0.
u(t) = T (1) (10) From (11) we can see that if the gains increase too fast, this
r(t) will result in a fast increase of the control commands, possibly
the controku(t) is written in a compact form as violating the command constraints. In this case, the function
p(t) is used to scale them back and to slow the adaptation as
u(t) = K(t)v(t) (11) well. If the change in the command is within the prescribed

_ _ _ o ~limits, then it remains at, but if the change is larger, theitt)
The adaptive gains are obtained as a combination of an integjgtreases in proportion to the magnitude of the violation.

gain and a proportional gain as shown below [17] Theo(t) termis added to provide for anti-windup of the gains
when the saturation constraints are hit. A basic form for this
K()=K,(t) + K1(t) o function is
Kp(t)=lym() —y®)]" ()T, T >0 12)
Ei(®)=lym(®) — ()" (T, T >0 5() = Ko, [u(t) — sar (u(t))] ~ Kouo ) (16)
The sufficiency conditions for asymptotic tracking are with
1. There exists a solution to the CGT problem (see [17]). ugp foru(t) <up
2. The plant is ASPR; that is, there exists a positive definite usat (u(t)) =  u(®)ioruy < u(t) < uw,
constant gain matri¥,, not needed for implementation, such uup TOr u(t) > uup
that the closed loop transfer function whereK,, > 0andK,, > 0 are tuning parameters, ang and
. uyp are the lower and upper saturation limits. Thus, when the
G(s) =1+ Gp(s)Ke] ™ Gypls) (13) infusion is within the saturation limits(t) — 0 and increases

when the they are violated. Itis straightforward to show that this
new adaptation law does not change the stability results of the

but in general, the ASPR condition is not satisfied by most re uzggiil?f;ithm’ simply using the same Lyapunov function
systems. Therefore, Bar Kana and Kaufman [18] have shown '

that a non-ASPR plant of the for@,(s) = C(sl — A)"'B D Results

can be augmented with a feedforward compensAtor) such
that the augmented plant transfer function

(whereG,(s) = C(sI — A)~!B)is strictly positive real (SPR).
The solution to the CGT problem is usually not a proble

Previous to the dog experiments, simulations were done using
Yu’s [7] model of the hemodynamic system. The derivation of
Ga(s) = Gp(s) + H(s) (14) the feedforward compensator and the simulation results can be
found in [25]. Even though all of the above theory for DMRAC
is ASPR. However the resulting adaptive controller will in geris based on continuous time systems, digital implementation is
eral result in a model following error that is bounded but natraightforward. In our case the sample time of the system is
zero in steady state. To eliminate this problem, a modificati@ sec. The reference model is integrated numerically between
that incorporates the supplementary feedforward into the refére sample times. The same goes for the feedforward dynamics.
ence model output as well as the plant output has been devdie integral part of the gain update is also computed at this fre-
oped by Kaufman and Neat [20]. This configuration is shown guency, using simple Euler type integration. Measurements are
Figure 13. kept constant between sampling times.



TO APPEAR IN EMBS SPECIAL ISSUE 11

Augmented Re ference M odel

|
I
: H(s) i
! 1
! 1
! 1
! Ty (t) ym(t)  + 1
T(t) i 47717 BTTI C’ln U ;
(T I H
K,.(t) K. (t)
+
W
+ —
)
\+
Augmented Plant
- —Swgmentea ihant _____
! i
: H(s) 1
. |
1 + |
+ ! t t !
C\ : u(t) |—|Plant y(t) + |
o — / !
+ L I
K.(t)
Fig. 13. DMRAC with plant and reference model feedforward
MAP Controlled with SNP under Isoflourane Anesthetic MAP Controlled with PNP under Isoflourane Anesthetic
140 —— ‘ ‘ ‘ : : : : : : 100
beats/min
o 1101 . 90
T 8o i o 80
oM e T (¢
1000 5 10 15 20 25 30 35 40 45 50 55 60
907r-|,]mH‘g T T T T L‘u’u ! T ‘Ll T l‘ i 50 L L L L L L L L L L L
% 80 — N —7 0 5 10 15 20 25 30 35 40 45 50 55 60 65
s 70f = \/ 1 120 ‘
gg’SetpqintiQ% ‘ ‘ ‘ ‘ ‘ 1f:hang§in ISp’ 110FrmmHg B
0 5 10 15 20 25 30 35 40 45 50 55 o 100[-Setpoint:£ 5% J = e
10 —— T T T T T T T T T << 90t B
8l noltegimin) 1 = got )
zZ 6: ] 70 : 4
(/) 4 60 L L L L L L L L L L L L L
g’ : ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘ ‘ 0 5 10 15 20 25 30 35 40 45 50 55 60 65
100 5 10 15 20 25 30 35 40 45 50 55 . 10 S
ghuglkgminy T T[T T Ty g g/ (kglmin) |
g o 1 B2 g
. 2 [ i | 710\‘:’ o o4+
0 ‘ ‘ = ‘ | ‘ ‘ ‘ . 2
0O 5 10 15 20 25 30 35 40 45 50 55 M
Time (mins) 0

15 20 25 30 35 40 45 50 55 60 65
. . . . Time (mins)
Fig. 14. DMRAC Case 1. MAP control of hypertensive canine using SNP.

PNP used to induce hypertension. Significant disturbances due to changeﬁg 15. DMRAC Case 2: MAP control of hypotensive canine using PNP.
in anesthetic concentration.

ntroller is doing a good job, the infusion rate of SNP is ver
The controller was tested on mongrel dogs, using dlﬁeregftna" Att = 12 7gmm?the sJ,etpomtwas dropped 10 mmH g y

drug combinations and different anesthetics. For the results PL&S the controller responded by increasing the amount of SNP
sented here, both runs are on the same ddg {& female) on infused. But the baroreflex (which remains strong under isoflu-

the same day, using isofiurane as the anesthetic agent. For ﬂ? 8) also reacted to this, as can be seen by the sudden increase
runs thep(t) parameter is active buf(t) is not, allowingp(t) to in heart rate. Thus at = 16.4 min the setpoint was changed

handle both rate and saturation limits. once again t®80 mmH g rather than have the controller fight
Case 1: In figure 14 mean arterial pressure is being regulagé paroreflex, which in our experience from other runs would
by sodium nitroprusside. The cyan lines represedffo of the  have meant possible SNP infusion rates of close to the upper
setpoint (magentaline). It can be seen that the controller doesjat}. Instead, the hypertensiveness of the canine was increased
satisfactory job, even when other disturbances are introduceghy infusing PNP. Att = 17.7 min the infusion rate for PNP

Initially the setpoint was set tR0 mmH g, and although the was set tol ug/(kg - min), att = 20 min it was increased
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again tol ug/(kg - min) and att = 22.3 min it was set at  When controlling cardiac output, together with mean arterial
3 ng/(kg - min). pressure, it is extremely difficult to have good control when

Changes in the concentration of isoflurane administered weggecifying a fixed setpoint. CO control is better handled by
another source of disturbances. These changes are indicatedf®sgifying a range of allowable outputs, or a minimum to main-
the arrows in the MAP plot. At = 30 min the container for tain. Unfortunately, the DMRAC algorithm can not handle this
the anesthetic had to be refilled, which requires turning off tlikrectly, and thus further modifications are being explored for
anesthetic. At = 31 min, the concentration of isofluranesuch cases. Another area of improvement that is under consid-
was set back td%. Only moments later the canine starte@ration is to incorporate the knowledge of the system time de-
to wake up (as attested by the sharp increase in heart ral@ys into the reference model. Even though on-line estimation
The concentration was then set3% from¢ = 31.2 min to of time delay is extremely difficult, it might still prove valuable
t = 32 min, at which time it was brought down % and to include what limited knowledge there might be instead of as-
again at = 32.2 min to the maintenance level @%. The sud- suming no delay at all as is done with the basic algorithm.
den increase in anesthetic concentratioh%ocaused the sharp
decrease in MAP, at which point the controller started to back VI. GENERAL CONCLUSIONS
down the amount of SNP infused. Once the concentration wasie have presented two distinct algorithms for the control of
brought down tal% this caused the MAP to swing to the oppohemodynamic variables. The obvious question is which ap-
site extreme, causing the overshoot aroure 35 min; again, proach is best? Based on current results, MMPC is the rec-
the controller responded by increasing the infusion of SNP. Nastnmended approach. Both controllers have their strong and
that as part of the safety constraints the rate of increase in thevieak points. Multivariable systems with input and output con-
fusion rate is limited, and thus large changes in SNP infusion &tgaints are more easily dealt with using MMPC. DMRAC has
not possible. a much lower computational overhead than MMPC, but at the

There is one more large transient disturbance, in this castme time modifying the algorithm to incorporate variations is
caused by changes in the infusion of PNP as well as the anest as straightforward. Case in point, the work to allow DM-
thetic. Att = 45.8 min the infusion rate of PNP was set back t&RAC to handle output ranges instead of a fixed setpoint is still
2 ng/ (kg - min), practically at the same time the canine startdd progress, while with MMPC it is quite straightforward. At
to shiver (an indication that the animal is once again waking uphe same time DMRAC has shown tighter control for the SISO
and thus at = 46.2 min the concentration of isoflurane was incases, but this might change as both algorithms can still be fine—
creased t8%. At t = 47.9 min isoflurane was set once more atuned for the problem at hand. A more detailed comparison is
1%. The controller once more does a good job in handling tieeded in order to make a strong recommendation as to which
disturbance. strategy is better suited.

Case 2: The second run shown in figure 15 is for MAP regu-There are several areas where this work is still in progress.
lation using Phenylephrine, rather than Sodium Nitroprusside®isere is a need for further canine experiments, with the aim of
the manipulated input. The canine starts being slightly hypoteaking the technology to clinical trials and thus a step closer to
sive, with a MAP of67 mmHg. The MAP setpoint is started clinical practice. Related to this will be the need to show clearly
at75 mmH g. The controller’s action of infusing PNP actuallythat indeed such a controller can perform better than a skilled
relaxes the baroreflex which was trying to increase MAP, as ceardiac nurse. To mimic congestive heart failure, halothane was
be seen from the decrease in the heart rate. After about 20 mised to create a condition of depressed cardiac output. We are
utes the infusion rate of PNP required to maintain the desiregploring other methods of inducing congestive heart failure.
setpoint is practically zero, thus &= 22.6 min the MAP set- We are also integrating microdialysis techniques, using fast—
point is increased t85 mmHg. It is increased once more atliquid—chromatography, to obtain real time blood drug concen-
t = 31.2 min to 100 mmHg. In all cases it takes the con-trations. This information will be used to improve the nonlinear
troller about four minutes to bring the MAP to withia5% of  simulation model, and to improve control by directly relating
the setpoint. Overall the controller does a good job in regulatidgug concentrations to MAP and CO.

MAP. Note that the controller has to keep adjusting the infu-
sion rate of PNP constantly to maintain the MAP at the setpoint, ACKNOWLEDGMENTS
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dle multiple—input multiple—output drug infusion systems. At
the same time, other possible approaches to command limiting
are also being explored, such as modifying the dynamics of therhe basic definition for strictly positive real (SPR) is:
reference model (e.g. the time constant) to tighten or relax theDefinition 1: A p x p proper rational function matriZ (s) is
system performance as a function of the command limits.  called positive real if

VII. APPENDIX
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e All elements ofZ(s) are analytic fotRe[s] > 0

e Any pure imaginary pole of any element df(s) is a sim-

ple

pole and the associated residue matrixZ¢§) is positive [23]

semidefinite Hermitian, and

e for all realw for which jw is not a pole of any element &f(s),

the matrixZ (jw) + Z1(—jw) is positive semidefinite.

The transfer functiorZ (s) is called strictly positive real if [25]

Z(s — €) is positive real for some > 0.
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