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Abstract

The real-time identification and control of biomedical systems has alwaysbeen and still is a challenge. In order to follow
the advances in anesthetic practice and respond to the new demands in drug effect assessment, the design of robust adaptive
control based on the diversity of individual behaviour is considered.The synthesis procedure embodies methods for selecting
a set of individual model stabilizing controllers and is used on a switching supervisory control. Based on the ideas introduced
by (Hespanha and Morse, 2002), we implement a switching scheme forthe control of the neuromuscular blockade of patients
undergoing surgery. This approach uses a bank of stabilizing controllers each of them associated to a candidate model for the
patient dynamics. Switching is made by means of a selection criterion basedon an identification error. This scheme proves to
have a good performance improving the tracking of the reference profile, even in the presence of measurement noise.
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I. I NTRODUCTION

The control of physical systems often involves a very high degree of uncertainty in the system dynamics, resulting from
the individual behavior diversity. Mathematical models are increasingly used in such assessment, providing a description of
interindividual sensitivity. One way of overcoming this problem is to use a system description based on multiple modelsin
an attempt to mimic the diversity present in Nature. This technique has been considered by several authors, in order to obtain
switching control schemes.

Model based switching control consists, roughly speaking,in designing a time-varying controller as follows. Given a process
to control and a bank of candidate models for this process, a controller is tuned for each model in order to achieve the desired
control goals. At each time instant a model is chosen, that best approximates the process in a suitable sense, and the correspond-
ing controller is then made active. This gives rise to a switching (thus time-varying) control scheme as illustrated in Figure 1.
In this Figure,ref denotes the reference,u denotes the control input,y the process output,d a bounded input disturbance,n
a bounded measurement noise, andP is the process to be controlled. Assume thatP is described by the transfer functionHP .
We consider a bankK = {Kj , j ∈ J} of stabilizing proper controller transfer functions.K(σ) is a time-variant controller
constructed from the bankK in the following way. Based on the values ofu andy, the selection procedureS yields at each
time instantt the indexσ(t) ∈ J corresponding to the controller that should be active at that time. The signalσ(.) is known
as theswitching signal. This scheme gives rise to different concrete control strategies according to the different classes of
admissible controllers in the bankK and to the different selection procedures, see for instance(Morse, 1996) and (Narendra and
Balakrishnan, 1997). Here the index setJ is taken to be finite,J = {1, . . . , N} and it is assumed that each of the controllers
Kj in the bank is tuned to solve the tracking problem for a lineartime-invariant modelMj . Intuitively, if the process response
is closer to the response of modelMj , one expects the controllerKj to perform better than the other ones. This motivates
the implementation of a selection procedureS that corresponds to the minimization of a suitable functionof the identification
errorej := y−yj , whereyj denotes the response ofMj to the inputu. A similar approach can be seen in (Neveset al., 2002).

A crucial issue in this context is the stability of the overall switching system. Indeed, even in case each of the controllers
Kj is stabilizing, the same does not necessarily hold for the resulting time-varying controller. In a recent paper (Hespanha and
Morse, 2002) a procedure was proposed in order to solve this problem, based on the construction of adequate realizationsfor
the process and the controller transfer functions.
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Fig. 1. Switching controller configuration

The main goal of this paper is to apply this procedure in a switching supervisory control of neuromuscular blockade, as
an alternative method to the ones implemented (Magalhães, 2006; Gaivãoet al., 2006). The practical implementation issues
for switching between stabilizing controllers are considered for the control of neuromuscular blockade of patients undergoing
surgery. An extensive simulation study proves that this approach reveals to be robust, even in the presence of small perturbations
and noise (Magalhães, 2006). Since the procedure is based ona bank of stabilizing controllers, methods will be proposedto
select such a bank from a given set of candidates controllers.

II. CONTROLLER REALIZATION CONSTRUCTION

The procedure proposed in (Hespanha and Morse, 2002) leads to the following algorithm. Given a bankK of controllers
transfer functions and assuming that the process transfer functionHp is known:

1. Pick a controllerK⋆ ∈ K.
2. Consider minimal realizations (A,B,C) and (F ,G,H,J) for HP andK⋆ respectively. ObtainX andY such thatA+XC

andF + Y H are asymptotically stable.
3. Define,

AE :=

(

A + XC 0
0 F + Y H

)

, BE :=

(

B
−Y

)

,

CE :=
(

C 0
)

, DE :=

(

−X
−G − Y J

)

,

FE :=
(

0 −H
)

, GE = J

.
4. For each controllerKj ∈ K, define the following transfer function,

Sj = (−YC + XCKj)(XP + YPKj)
−1, (1)

with XP , YP , XC andYC given by
{

XP = I − CE(sI − AE)−1DE

YP = CE(sI − AE)−1BE
(2)

and
K⋆ = X−1

C
YC

of K⋆, with
{

XC = I + FE(sI − AE)−1BE

YC = FE(sI − AE)−1DE + GE
. (3)

5. Obtain stable realizations (Āj ,B̄j ,C̄j ,D̄j) for eachSj , more precisely:

5.1 Pick any realization (̃Aj ,B̃j ,C̃j ,D̃j) for Sj with Ãj stable.
5.2 For eachj ∈ J takeQj symmetric and positive definite such that,

QjÃj + ÃT
j Qj = −I.

5.3 ComputeNj such thatQj = NT
j Nj .

5.4 Define:
Āp = NpÃpN

−1

p ,
B̄p = NpB̃p,
C̄p = C̃pN

−1

p and
D̄p = D̃p.
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6. Define for each controllerKj the realization (Fj ,Gj ,Hj ,Jj) given by,

Fp =
(

AE − BEFE + BED̄pCE BEC̄p

B̄pCE Āp

)

,

Gp =
(

−DE + BE(D̄p + GE)
B̄p

)

,

Hp =
(

−FE + D̄pCE C̄p

)

and Jp = D̄p + GE .

7. Consider the realization(AE + DECE , BE , CE) for the process transfer functionHP

The switching scheme to be implemented in the next section uses the realizations for the different controllers and for the
process given in steps [6.] and [7.]. This guarantees that (no matter what is the adopted switching criterion) the resulting
time-varying closed-loop system has a Lyapunov function and is hence stable, (Hespanha and Morse, 2002).

III. N EUROMUSCULAR BLOCKADE CONTROL BASED ON DIVERSITY

In this section we apply the previous algorithm to the problem of controlling the neuromuscular blockade by means of
administration ofatracurium. The dynamic response of the neuromuscular blockade may be modelled by a linear compartimental
pharmacokinetic model relating the drug infusion rateu(t)

[

µg kg−1 min−1
]

, with the plasma concentrationcp(t)
[

µg ml−1
]

,
and a nonlinear dynamic model relatingcp(t) to the induced pharmacodynamic response,r(t) (Weatherleyet al., 1983). The
pharmacokinetic model may be described by the state equations,

ẋi(t) = −λixi(t) + aiu(t) i = 1, 2 (4)

cp(t) =
2
∑

i=1

xi(t) (5)

where(ai, λi) are patient-dependent parameters.
The pharmacodynamic effect for atracurium may be modelled by the Hill equation,

r(t) =
100Cβ

50

Cβ
50

+ cβ
e (t)

. (6)

The variabler(t), normalized between 0 and 100, measures the level of the neuromuscular blockade, 0 corresponding to full
paralysis and 100 to full muscular activity. The plasma concentrationcp(t) is related to the effect concentrationce(t) by

ċ(t) = −λc(t) + λcp(t). (7)

C50, β, λ are also patient-dependent parameters.
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Fig. 2. Empirical pharmacokinetic/pharmacodynamic model

As it can be seen in Figure 2 the transfer function (Lagoet al., 1998) fromu to ce is given by

ce(s) = g(s)
λ

s + λ

(

a1

s + λ1

+
a2

s + λ2

)

(8)

and the relationship betweence andr remains described by the Hill equation 6.
Taking into consideration the specific characteristics of the system under control as well as clinical constraints, in the feedback

control system,atracurium is administered through an inicial bolus followed by a continous infusion and the controller is
coupled with a saturation function that can be represented by ū(t) = max {0, u(t)}. A bolus is a single doseB injected in a
short period of time, usually represented by

u(t) = Bδ(t)µg kg−1,

whereδ(t) is a Diracδ function.
Our control objective is to achieve a desired level of the neuromuscular blockade, given by the Hill equation 6, specifically

r(t) = 10%, that we will denoterefr. Inverting the Hill equation (6), one obtains the corresponding reference valuerefce
for

the effect concentration. Therefore we shall perform our control on the signalce(t), in order to make it follow the reference
valuerefce

, and afterwards recover the corresponding value ofr(t).
For that purpose, we consider a family of linear modelsM = {Mj : j = 1, . . . , N}, of the form (8), that are intended

to describe a wide range of clinical situations. The corresponding bank of continuous-time controllers consists of,K =
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{Kj : j = 1, . . . , N}}, such that each of them solves the desired tracking problem for the associated modelMj . Thus we are
in the presence of a Model-Controller bank,

{(Mj ,Kj), j = 1, . . . , N}. (9)

With the purpose of implementing the control scheme given bythe Figure 1, the processP is assumed to be nominally
described by a modelM⋆ /∈ M. The model-controller pair(Mj ,Kj) for which Kj does not stabilizeM⋆ is removed from the
bank. This yields a restricted bank of stabilizing controllers�K ⊂ K, based on which the controllerK(σ) will be constructed.
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Fig. 3. Selection procedure.

The specification of the controller bank together with the controller selection procedureS yields a concrete control strategy.
The selection procedureS can be seen in Figure 3 and is implemented as follows. At each instant t, the controllerKj to be
chosen is the one associated with the modelMj for which fj(ej) =

∫ t

0
w(τ)|ej |

2dτ is minimum, wherew(τ) is a weight
function of the form

w(τ) = 100 − 100 ∗ exp

(

−

(

τ − α

β

)2
)

,

with α andβ positive constants. EachKj is a modified PID controller of the form

Kj = gc

(

1 +
cds

1 + γs
+

1

cis

)

,

whereγ is taken to be a small positive number (note thatγ = 0 would give a PID). This adaptation is introduced in order to
guarantee that theKj ’s are proper transfer functions.

According to (Mendonça and Lago, 1998; Lemoset al., 2005) eachKj proves to be suitable for practical implementation,
fitting the restrictions imposed by the characteristics of this clinical environment application.

IV. SIMULATION EXAMPLES

In this section, we denotey as the process response considering the process described by M⋆. Moreover, we definēy as,

ȳ = y + φd, (10)

whereφ(s) is a transfer function taking the form,

φ(s) =
(−19.27s + 3132)

(s2 + 10.5s + 24.72)
,

and d is an impulseδ(t). We also definẽy as,
ỹ = y + n, (11)

wheren is a bounded Gaussian noise. In the present simulations we consider the following model-controller bank:

{(Mj ,Kj), j = 1, . . . , 100}, (12)

and two distinct modelsM41 andM85 were chosen in order to simulate the real processP . The choice of these two models
relies on the fact that both represent interesting and different features. Namely,M85 is one of the models from the bank that
most present a transient response with an initial significant instability when controlled by a single stabilizing controller.
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Fig. 4. Switching control forM41 using the stabilizing controller bank�K. In these simulations conditions described by (i) were used and the control action
was saturated at the level 0.
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Fig. 5. Switching control forM85 using the stabilizing controller bank�K. In these simulations conditions described by (i) were used and the control action
was saturated at the level 0.

In order to implement the proposed control scheme, we consider the following restricted controller bank,

�K = {Kj : j ∈ {15, 24, 36, 37, 39, 40, 47, 49, 50, 52, 56, 65, 68}} .

This single bank contains just stabilizing controllers foreach of the models being considered, but note that bothK41 andK85

were removed from�K. For each model, the following distinct simulation conditions have been applied: (i) the model output
is subject to a disturbanced given by (10) in the time instantt = 45, the control action begins 30minutesafter the standard
initial bolus administration (500µg kg−1) and the referencerefr is time dependent (i.e. the value is initially fixed at a low
level during the 30minutesbeing gradually raised to the set point10%, (Mendonça and Lago, 1998)); (ii) a bounded Gaussian
noisen(t) was superimposed to the output process in the intervalt ∈ [40, 85] and has the form (11), the control action begins
at t > 0 since there is nobolus administration and the reference is a fixed valuerefr = 10%. The simulation results are
presented in Figures 4, 5, 6 and 7.

V. CONCLUSIONS

Using the ideas introduced in (Hespanha and Morse, 2002), weimplemented a switching control scheme for the control of
neuromuscular blockade based on a bank of stabilizing controllers. An extensive simulation study proves that this new approach
reveals to be robust, even in the presence of small perturbations and noise. This new technique applied to the automatic control
of neuromuscular blockade, has given good results and can beconsidered as a reliable approach to the problem.
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