
Coordinated control system for the loss of consciousness and

analgesia

Miguel Coelho Ferreira
miguel.coelho.ferreira@tecnico.ulisboa.pt
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Abstract

The study of the control of the loss of consciousness and analgesia, reduction of the stimulation
response, is a poorly explored theme due to its complexity. The present study aims to control the entry
variables, infusion rates of remifentanil and propofol according to the desired value of the variables
of output, depth of anesthesia and the percentage of pain resistance. The depth of the anesthesia is
measured using sensors that record the brain electrical activity (electroencephalography). Resistance to
pain is measured by sensors that determine the level of sensitivity. Having the sensors that determine
the depth of anesthesia and the pain resistance of the patient, the goal is to know what is the exact
amount of each drug needed in order to inform the actuator, automatic syringe, of the infusion rate.
In order to know the effect of each drug on the patient, the pharamacokinetic and pharmacodynamic
models were taken into account. In order to control the system in question it was necessary to study
the distributed and coordinated linear quadratic control model and the distributed and coordinated
predictive control model. By analyzing both controllers and the impact of the noise on these there
were some differences at the level of the mean error, calculated using the reference. Finally, the
robustness test using two variables that represent a paciente it was determined that the distributed
and coordinated linear quadratic controller can perform better for a much larger range of patients.
Keywords: Control, infusion rates, depth of anesthesia, pain resistance, distributed and coordinated
linear quadratic control model, predictive and coordinated control model.

1. Introduction

The evolution of the technological world, namely
in the development of sensors and actuators, has
increased the application areas for control mecha-
nisms. Like other areas, in health, new tools and
models have been developed to characterize the hu-
man body. The purpose of this dissertation is to
propose the creation of a robust optimal controller
that effectively coordinates the induced drugs for
any patient, taking into account nonlinear influ-
ences between drugs, to ensure patient stabilization
in a desired degree of anesthesia. To achieve the
ultimate goal, there are important secondary goals
such as: discovering what anesthesia is and how
it works, implementing models that represent the
human body, studying the influence of each drug
used on the human body and its interdependence,
and analyzing various methods that control the two
drugs in the most efficient and effective way.

2. Model of anesthesia

Anesthesia in medical terms is the infusion of
certain drugs that induce the patient to a reversible

state of unconsciousness, stability and painless-
ness [3, 5, 6, 9, 11]. In anesthesia process, drugs
with hypnotic and analgesic properties are used,
although these drugs have a strong component of
anesthesia or analgesia they are not independent
[6, 9, 10]. This relationship between drugs is a very
important case study, because from its coordina-
tion it is possible to achieve an optimal control in
the loss of consciousness and analgesia. There is
a big variability of anesthesia dynamics among pa-
tients because factors such as weight, age, previous
contact with this type of drugs and other factors
have a big influence on control and may cause in-
stability in the controller [6, 8] . This system has
as input infusion rates of certain drugs, propofol
and remifentanil, and as output the percentage of
depth of anesthesia (DoA) and of pain resistance
[3, 6, 10]. To be able to study human behavior
when in contact with certain drug infusion rates, it
is necessary to use a model that is divided into two
parts, pharmacokinetic [1, 2, 3, 4, 6, 8, 10, 11] and
pharmacodynamic [1, 2, 3, 4, 6, 8, 10, 11].
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2.1. Pharmacokinetic model
The pharmacokinetic model studies the rela-

tionship between the distribution of a drug in dif-
ferent tissues of the human body and the rate of
drug elimination, this model returns the plasma
concentration of the drug (cp). This model assumes
that the human body is divided into three compart-
ments. A central compartment (Ccentral) repre-
senting the blood and liver, the muscle and organ
compartment (CMO) and the compartment repre-
senting the distribution of the drug to the bones
and fatty tissues [1, 2, 3, 4, 6, 8, 10, 11]. The figure
1, shows the relationship between the three com-
partments. The gains (k10, k12, k21, k13 and k31)
shown in the figure will be very important to char-
acterize the human body.

Figure 1: Relation between the three patient com-
partments.

Through the scheme of figure 1, it is possible to
build a state space model, shown in 1 and 2, where
k are the gains presented in the scheme of figure
1, the value of B is due to the conversion of mL
/ hour to µg / s and parameter v1 represents the
volume of the central compartment as a function
of the patient’s weight and a variable vc, central
compartment volume coefficient [3, 6].{

ẋ1 = Ax1 +Br
cp = Cx1

(1)

A =

−k10 − k12 − k13 k21 k31
k12 −k21 0
k13 0 −k31

 ,
B =

 104

3600
0
0

 , C =
[

1
1000×v1 0 0

] (2)

2.2. Pharmacodynamic model
The purpose of this model is to know the inten-

sity of the response when the drug reaches a tissue
or an organ. The pharmacodynamic model is more
complex because it has a linear part and a nonlinear
part. The linear part translates into the relation-
ship between the concentration of drug in plasma
with the concentration of effect. This is easily ob-
tained through the state-space model represented
in 3 [1, 2, 3, 6, 8, 10, 11].{

ẋ2 = A1x1 +B1cp
ce = C1x2

(3)

Where A1=-ke0, B1=ke0, C1=1 and ke0= 0.25
60 .

The nonlinear part of this model is where drugs
with analgesic and hypnotic effects combine. This
relationship is translated by the ”Hill equation”,
which returns the patient’s depth of anesthesia
(BIS) as output [2, 3, 6, 8, 10]. This interaction can
be described by the equation 4, where the parame-
ters Uprop and Uremi are the normalized effect con-
centrations calculated using Cremi50 and Cprop50 which
are the concentrations at half of the maximum ef-
fect 5. The value of E0 corresponds to the zero
concentration effect which is normally close to 100
%. The β parameter depends on the patient and
the gamma represents the slope of the response as
a function of concentration [6, 8].

BIS =
E0

1 + ((1 + β)Uprop + Uremi)γ
(4)

Uprop =
cprope

Cprop50

, Uremi =
cremie

Cremi50

(5)

To obtain the percentage of pain resistance is con-
sidered the same patient model, and the same ”Hill
equation”, the only difference are the values of the
concentration parameters at half the maximum ef-
fect, Cremi50 and Cprop50 , and gamma.

3. Coordinated and distributed control

The concept of distributed control is the idea
of divide to conquer in order to have multiple con-
trollers working in coordination for a common pur-
pose [7].

3.1. Complete Model

The model that controls pain resistance and
depth of anesthesia considers the same patient
model, but in the ”Hill equation” the concentration
parameters of half of the maximum effect Cprop50 and
Cremi50 and the γ parameter will be different.

The model under study has a physical linkage by
the input making it perfect for applying distributed
control. Figure 2, summarizes the information ex-
change required for coordinated control.

Being agent 1 the part of the model that repre-
sents the depth of anesthesia and agent 2 the pain
resistance. The state space equation, which repre-
sents the linkage by the inputs, is represented in the
equation 6 where B12.u2 represents the influence of
the drug for agent 2 on agent 1.

[
ẋ1
ẋ2

]
=

[
A11 0
0 A22

] [
x1
x2

]
+

[
B11 B12

B21 B22

] [
u1
u2

]
;

(6)

To obtain the complete state space system with
the matrices that represent the influences of both
drugs, the MATLAB ”n4sid” function was used.
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Figure 2: Representation of the controllers of each
agent.

3.2. Coordination
Consider a total cost J̄ given by the sum of

two costs J1 and J2, dependent on two independent
variables u1 and u2. The problem is minimizing J̄
in relation to the variables u1 and u2 [7, 13]. The
two agents J1 and J2 solve this problem in a dis-
tributed and coordinated way by exchanging infor-
mation with each other. Agent 1 sets the indepen-
dent variable u1 and a replica of u2 (v2), locally min-
imizing J1, while agent 2 sets the variable indepen-
dent u2 and a replica of u1 (v1) to locally minimize
J1 [7, 13]. Subsequently, both agents receive and
send their decision information to each other. Each
agent thus adjusts its decisions to achieve a con-
sensus in a coordinated manner, consensus, which
corresponds to the minimum of J̄ . The fluxogram
of figure 3 represents the process of coordination.

Figure 3: Flowchart that represents the coordina-
tion technique.

3.3. Control Algorithm
Considering the model presented in 7 to imple-

ment the coordination algorithm it is necessary to
obtain the equation for u(t) [7].

x1(t+ 1) = A11x1(t) +B11u1 +B12u2;
y1(t) = C1x1(t);

x2(t+ 1) = A22x2(t) +B22u2 +B21u1
y2(t) = C2x2(t);

(7)

The quation of u(t) is u(t) = −KLQx(t)+uff (t).
The variables KLQ and uff , 8 and 9, depend of
g and P, presented in 10 and 11, that are directly
linked to the reference [7]. And Γ is B12 or B21 and
d(t) to u2 or u1 respectively, r is the desired ref-
erence and ρ is a control parameter always greater
than zero.

KLQ = (ρ+BTPB)−1BTPA; (8)

uff = (ρ+BTPB)−1BT (g − PΓd(t)); (9)

P = ATP [I +
1

ρ
BBTP ]−1A+ CTC; (10)

I +ATP [I + 1
ρBB

TP ]−1 1
ρBB

T −AT g =

= −ATP [I + 1
ρBB

TP ]−1Γd(t) + rCT ;
(11)

3.4. Results
To perform the coordination effect test, the

system was simulated without the coordination al-
gorithm, figure 4 and with coordination, figure 5.
When the coordination is not used it is possible to
observe peaks with great amplitude when the refer-
ence is altered which is not ideal, with the coordi-
nation process those peaks disappear.

Figure 4: Simulation of the resistance to
pain(orange), without coordination, according to
reference (blue).

Making a test with the addition of noise and the
use of an observer that best fits the system, the
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Figure 5: Simulation of the resistance to pain (or-
ange), with coordination, according to reference
(blue).

results of the figures 6 and 7 for depth of anesthesia
and pain resistance were obtained. Comparing the
signal to the reference it is possible to measure an
error, like error1 = mean(reference1 − y1), and
say that anesthesia depth and pain resistance have
errors of 0.2684 and 0.2648.

Figure 6: Simulation of percentage of anesthesia
depth (blue) according to reference (orange).

Figure 7: Simulation of percentage of pain resis-
tance (blue) according to reference (orange).

4. Model Predictive Control
One of the differences and advantages over the

previous chapter controller is the possibility to im-
pose restrictions on input and output variables [12].

4.1. Control Algorithm
The idea of the predictive control model is to

minimize a cost associated with a forecast predic-
tions [12]. Considering the same model under study,
7, at time t, the objective is to find u(t) that best
fits the system and the imposed conditions.

To find u(t) it is necessary mini-
mize the cost function, J(ut+T−1

t ) =∑T
i=1

[
(y(t+ i) − r(t+ i))2 + ρu2(t+ i− 1)

]
,

the vector of the variables manipulated from
the present moment, t, is also defined as
ut+T−1
t = [ut, ut+1, ..., ut+T−1]

T
, where ρ is a

variable greater than zero and x(t) is known. This
function will return a ut+T−1

t vector with the
prediction of u(t) to u(t+T-1) [12]. Minimization
of the cost function is done using the fmincon
function, where it is possible to impose restrictions
on output u.

4.2. Results
Making a test with the addition of a noise, with

the same level as before, and the use of an observer
that best fits the system, the results of the figures
8 and 9 for depth of anesthesia and pain resistance
were obtained. Comparing the signal to the refer-
ence it is possible to measure an error and say that
anesthesia depth and pain resistance have errors of
0.2993 and 0.2892.

Figure 8: Simulation of the DoA percentage (blue)
of the system using a predictive controller accord-
ing to the reference (green) taking into account the
addition of noise.

5. Robustness of the controllers
The ideal goal would be for controllers to have

positive results regardless of the patient concerned.
Due to the low development of this area, it was not
possible to study robustness by analyzing patient
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Figure 9: Simulation of the percentage of pain re-
sistance (blue) of the system using a predictive con-
troller according to the reference (green).

databases. For this reason an alternative method
was used that allows a comparison of the robust-
ness between the studied controllers. Taking two
variables, in this case k10 and k12, which are two of
the variables that characterize a patient, this sim-
ulates a different patient each time any of the vari-
ables change.

Using the initial value of these variables, in this
case, 0.119 and 0.112, respectively, using the MAT-
LAB, the method consists in simulating values cor-
responding to the points of a circle around the cen-
tral value with different radius. Assuming as a con-
dition of robustness the average error must be less
than 5, it is possible to obtain a geometric shape
within which the controller is robust under this con-
dition.

5.1. Coordinated and distributed control
Performing this test for the distributed and coor-
dinated LQ controller model was obtain the result
of the figure 10, which shows the area in which the
controller presents results with minor mean error
than 5. Given that the initial patient had k10 and
k12 equal to 0.119 and 0.112 respectively and with
the robustness condition being that the average er-
ror is less than 5, it can be said that the controller
is robust for up to medium variations of k10 up to
623% and k12 up to average variations of 725%.

5.2. Model predictive control
Analyzing the predictive control model and consid-
ering exactly the same conditions, we obtained the
result of figure 11, which shows a smaller area com-
pared to figure 10. It can be said that the controller
is robust for up to 55 % for mean variations of k10
and 414 % for variations of k12.

6. Conclusions
First, the drugs, the variables to be controlled and
the anesthesia model, that represents the human
body, were successfully studied. A comparison was

Figure 10: LQ controller robustness test varying the
values of k10 and k12, blue area represents the area
in which the controller has an average error of less
than 5.

Figure 11: MPC controller robustness test varying
the values of k10 and k12, blue area represents the
area in which the controller has an average error of
less than 5.

made between two controllers. Despite their dif-
ferent modes of operation, one conclusion that can
be drawn is the great influence of the coordina-
tion process, which makes it possible to eliminate
a large amount of initial noise which may in it-
self be decisive for improvement given the meth-
ods currently used. The comparison of these two
controllers is made by the average errors between
the expected and the obtained signal. By study-
ing signals with the same random noise the mean
errors of the distributed quadratic linear controller
were smaller (0.2684 and 0.2648) than those of the
predictive controller (0.2993 and 0.2892), so it can
be concluded that the distributed quadratic control
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has better results when imposed a random noise
in the system. After verifying that drug control is
possible for the patient under study, it is necessary
to understand to what extent these controllers are
able to obtain positive results for an entire popula-
tion. With this test it was concluded that the dis-
tributed quadratic controller has greater robustness
than the predictive controller, according to the de-
fined robustness criterion, since using this controller
it is possible to control a larger range of patients.
This work shows that there is still a long way to
go in this area but that coordinated control for loss
of consciousness and analgesia is possible and could
have a major impact on the future.
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