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Abstract. In this work a Luenberger observer (LO) for type 1 diabetes is established using the Hovorka’s
model (HM). The HM is linearized around an operating point and the eigenvalues are calculated. The LO
is designed relocating the HM eigenvalues through the Ackermann’s methodology for linear observers
where the proposed LO keeps the nonlinear structure of the model system. The LO is parameterized and
tuned with the mean from six virtual patients of HM. Once the observer performance is reliable estimating
the state space variables for HM, the virtual patients are changed by patients of Bergman’s model in order
to test the observer behavior under unknown dynamics. These estimated variables constitute the ones
corresponding to HM. The variables are estimated by the data computational processing which correspond
to the insulin (input) and glucose (output) of the virtual patients. The estimated variables by the LO are
very similar for virtual patients generated by both models, where the parameter FIT is used to quantify
the performance of the observer. The computational implementation of the LO is useful tool to estimate
the unmeasured variables in diabetic patients so they can be used in the artificial pancreas.
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1 Introduction

Diabetes appears when the pancreas does not produce enough insulin or when the body cannot effectively use the insulin it
produces. Hyperglycemia, or high blood glucose concentration, is a common effect of uncontrolled diabetes. Diabetes is
classified in three different classes: type 1 diabetes (T1DM) characterized by a whole lack of insulin production due B cells are
destroyed; type 2 and gestational diabetes are originated by the bodys ineffective use of insulin. Currently,

422 million people worldwide have diabetes, more than 80% of diabetes deaths occur in low and middle income countries.
World Health Organization (WHO) estimates that deaths caused by diabetes will double between 2005 and 2030 and will be the
7th leading cause of death in 2030 [1]. At present, it is impossible to regenerate the beta cells and cure this disease. The therapy
in patients with T1DM requires exogenous insulin injected subcutaneously 3 or 4 times per day with same number or more of
glucose test with glucometers [2]. The glucose measurement consists of finger pricks to get a drop of blood. This treatment is
very invasive and painful. A serious complication of a therapy is hypoglycemia which appears when the glucose level is lower
than 70 mg/dl, to avoid this situation TIDM patients suministrate less insuline than required.

Continuous subcutaneous insulin infusion (CSII) systems, also known as insulin pumps can be used to optimize the patients
insulin therapy and to improve lifestyle flexibility. The integration of continuous glucose measurement (CGM) sensor, insulin
pumps and a closed-loop control techniques is known as the artificial pancreas (AP) [3]. The AP should keep the blood glucose
levels to close normal levels, avoiding hypoglycemia. A lot of work has been proposed trying to achieve the AP. Some of the
close loop control techniques applied in diabetes to design the control algorithm include PID approximations, model predictive
control, fuzzy control, sliding modes control and robust control [4]. The majority of closed-loop control techniques requires a
mathematical model that describes TIDM dynamic for its implementation (or design).
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The availability of a glucose model to simulate the behavior in particular of TIDM patients gives the possibility of designing
and evaluating insulin infusion closed-loop control algorithms. It exists are several compartmental models that describes the
glucose-insulin dynamic on people with TIDM.

The main problem of a closed-loop control technique real implementation is the availability of measurable variables; in TIDM
patients it is posible to measure the glucose concentration and to know the insulin dosis, both substances coincide with the
output and input variables 0 most mathematical models [5]. But, there are other model variables that it is not possible to measure
in ambulatory enviroment, those variables depends on the model used Hovorka, Bergman, Cobelli, Sorensen [6].

In this paper we propose design a nonlinear Luenberger observer to estimate the unmeasurable variables. In the field of
developing the AP it is important to make available information of TLDM patient that cannot be measure in real time. The linear
Luenberger observer is a well-known methodology in linear control area to estimate unmeasurable variables, as during
linearization the dynamic wealth of a nonlinear model is lost; the linear Luenberger observer the-ory is extended for nonlinear
systems in easy way to design and implement the Luenberger observer shape.

1.1 Hovorka Model

In this work, we consider the continuous HM presented in [7] to design the nonlinear Luenberger observer; because it is one of
the most used and widely accepted models of the glucose-insulin metabolism and represented in states space as follows:

C =k, [G(t) = C)
Q= — {V(;Lc*l(z) + Xl] Q1 + k12Q2 — fr+ EGP [1 — X3] + Ua(t)

Q2 = X1Q1 — [k12 + X2] Q2
X1 = —kar Xy + ki

Xo = ka2 X2 + kool M
‘X—S. = —A'ag}&—g - Abgf

I =32 — kewrl
Sl = u— tma;l

Where C is intersticial glucose concentration (mg/dl), Q: represents the mass of glucose in the accessible compartment (mmol);
Q2 is the non-accessible glucose mass compartment (mmol); X; is the remote effect of insulin on glucose distribution/transport
(1/min); X2 is the remote effect of insulin on glucose disposal (1/min); X3 is the remote effect of insulin on endogenous glucose
production (1/min); I is the plasma insulin concentration (mU/dl); S, and S; are two-compartments chain representing absorption
of subcutaneously administered short-acting insulin (mU ); G(t) = x2/VG is the glucose concentration in the plasma (mg/dl); u is
the infusion dose of insulin (mU ). The Glucose absorption is a fundamental process affecting postprandial glucose excursions.
In HM (1), the gut absorption rate UG(t) (mg/min) is represented by:

) D Atemec
Ug(t) = —=———— 2)

tmax.G

where tmaxc is the time-of-maximum appearance rate of glucose in the accessible glucose compartment, D¢ is the amount (mg) of
CHO; ingested, A is carbohydrate bioavailability, EGP, represents the endogenous glucose production extrapolated to a 0
concentration, fris the renal glucose clearance above the glucose threshold of 9 mmol/l represented as:

) 0.003(G(t) — 9V if G(t) = 9 mmol/l
fr= { 0 otherwise )

And with f ¢ as the total non-insulin-dependent glucose flux corrected by the ambient glucose concentration represented as:
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Although there exists a wide range of mathematical models where the most of control techniques requires all the state space
variables availables. It is almost impossible to measure all the variables in real time on T1DM patients, so it is necessary the
implementation of some algorithms to make available an estimation of those variables. In the field of estimation unmeasurable
variables Luenberger observers is a spread methodology.

1.2 Linear Luenberger observer

The assumption that all state variables are available for feedback may not hold in practice, because in the case of TIDM
nowadays it is not feasible to measure the plasma insulin in real time, and it is difficult to do measurements for an ambulatory
system on accessible and non-accessible glucose compartments. In order to apply state feedback in future research, we must
design a method, called a state estimator or state observer such that, with the knowledge of the input (insulin) and the output
(glucose) of a patient, it is possible to generate an estimate of the states according to existing compartmental model of TIDM.
For this, let us consider a general structure of an n-dimensional continuous-time, single-input, single-output (SISO), time-
invariant linear system as follows:

x = A =+ bu, Q)

y=cea (6)

where A € R™ '}, c B! and © € R gre the matrix state, input and output vectors, respectively, and the input u

i T

(insulin) and output y (glucose) are available. The state vector = [“* 72 Znl" however, is not available for
measurement, the symbol T denotes the transposed vector, and n is the state dimension. The problem is to estimate the state x
through the knowledge of the insulin u and the glucose y. This is done by means of the well-known linear- time observer [9]. It
is important to say that in this paper, the SISO system corresponds to HM (1) in which the input signal u is the insulin, and the

output signal y is the glucose and @ = (€ @1 Q2 X1 Xo Xy [ 55 5]

The conventional Luenberger observer has been a popular approach to state estimation for linear dynamical systems. On
Luenberger methodology the output of the system y = cx (6) (glucose measurement), is compared with the estimated output by
the observer (estimated glucose). The difference, passing through an n X 1 constant gain vector | is used as correcting term in
order to estimate the state x of system (5) [9]. If the gain I is properly designed, the difference will drive the estimate state to the
actual state. Such estimator is called an asymptotic estimator and is described by the following equation:

= A% + bu +1l(y—cx) (7

'i",,]T [ c Ruxl

Where ¥ = 71 12 is the estimated state vector, and represents the Luenberger gain vector. The idea
of this observer is to compute the constant gain vector | such that all eigenvalues of matrix [A - Ic] from equation (7), can be put
arbitrarily in the left-half of s complex plane using Ackermann’s methodology. This can be done if and only if the pair (A, ¢) of
system (5)-(6) is observable [10]. Such that all eigenvalues of matrix [A- Ic] from equation (7), are arbitrarily set to the left of
the eigenvalues of the matrix A in the left-half of the complex plane. The Ackermann’s methodology relocates the eigenvalues
(u1, 42, ..., un) of A on the desired location (A1, A2, . .., An) through desired characteristic polynomial @(A). The applied well
known Ackermann’s methodology [11] stablishes
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In the present proposal, it is modified the theory of linear Luenberger observer to non-linear Luenberger observer. These
modification results from the linearization of TIDM model on a operating point and implementing nonlinear functions on the
observer. The procedure for this non-linear Luenberger observer is explained below.

2 Nonlinear Luenberger observer

To iniciate the proposed methodology, let us consider a nonlinear SISO perturbed system representing the compartimental HM
as follows:

= flx)+glz)u+d(t) )

y= h(z) (10)

Where f(x) and g(x) are nonlinear functions; d(t) represents the disturbances; h(x) is the output function. For afformentioned HM
(1) u is the insulin infusion dose; the output signal is y = C is the interstitial glucose concentration measured through CGM
sensor.

Then, system (9)-(10) is linearized using the Jacobian to obtain

oh

dr
r={

an

g
dr |

)

Where matrix A and vectors b and c can be arranged as the lineal system (5). The operation point p is selected on y = 90mg/dlI.
That is, the TLDM patient is in a regimen of normoglycemia. The matrices (11) are evaluated with the values of the operating
point aforementioned to obtain a linear system. Now the Ackermann's methodology (8) is applied in order to compute the
constant gain vector .

With the aim of adding the dynamic wealth provided by a nonlinear system the linear Luenberger observer is extended to a
nonlinear structure (9)-(10) and including the available information about external and internal perturbations d(t), extending the
linear theory from equation (7) to a nonlinear Luenberger observer as:

x fle)+glz)u+d(t)+1(y—h(z)) (12)
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2.1 Implementing the proposal

Accordingly to ecuations (9) and (10) for HM (1)

( k, |G(t) —C] ) 0)
—X1Q1 + k120Q2 — fr— EGP X3 0
X1Q1 — [k12 + Xo] Q2 0
—ka Xy + kil 0
flz) = “Raz ko + kil Cg(@)u= {0
—fig:sX:a + ksl 0
"&t:nimx_f - ]fg .1’7[ 0
S S
tn]a.i{,] o Sf;mairl 0
\ u= Trm;lcl y, ! /
0
—f61 — fr+ EGPy + Us(t)
0
0
d(t) = 0 Ly=C
0
0
0
0
Applying the Jacobian as in (11) we have:
[—ko P20 0 0 0 0 0 0 ]
0 —X, kio —Q; 0 —G60EGF, 0 0 0
0 Xl —1612 - X2 C?l —C22 0 0 0 0
0 0 0 ka1 0 0 ki 0 0
A= 0 0 0 0 —kao 0 ko 0 0
0 0 0 0 0 —ka3 k3 0 0
0 0 0 0 0 0 —k. ﬁ 0
0 0 0 0 0 0 0 — %
max,] max,l
0 0 0 0 0 0 0 0 —0—

b=[000000001]",ec=[100000000],

Matrix A is evaluated on the operation point when C = 90mg/dl and parameterized with mean patient to obtain his eigenvalues.
Ackermann’s methodology is used to relocated the eigenvalues at left of complex plane ten times to left of eigenvalues of A; the
desired eigenvalues are L = [ -8.4 -0.0013 -0.15 -0.01 -0.1 -0.05 -0.23 -0.03 -0.03 ]x10°2. With Ackermann’s methodology is
obtained the Luenberger gain vector to be applied to nonlinear Luenberger observer (12):
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—9.054 %1073
1.246 % 1072
3.047 % 1072
1.788 % 107%
6 .689 % 10~10
6 .540 % 10~7

—1.656 % 10~*

—1.393 % 1072

—3.142 % 1072

3 Test protocol

The nonlinear Luenberger observer will be tested with two experiments, the first one to evaluate the deviations when the
observer is tested using VP of the same design model; and the second one to try the observer capability in order to estimate
variables with known structure under different VP dynamics.

3.1 Experiment A

Once the nonlinear Luenberger observer is designed; is parameterized with the mean patient of HM. The nonlinear Luenberger
observer is tested using as VP the six sets of parameters in Table 1 for patients 1 to 6 [8]. With this experiment we are able to
assess the deviations on estimated variables.

3.2 Experiment B

On experiment B the nonlinear Luenberger observer remains parameterized with mean patient of HM and is tested with VP
generates by Bergman model [12]. The Bergman model (13) that it is completely different from HM (1), is used in order to try
the nonlinear Luenberger observer under unknown dynamics. The aim of use in silico patients generated with a different model
is because on a real implementation the TIDM dynamic differs from the dynamic of any mathematical model. The Bergman
models is described as follows:

G(t) = —p1 [G(t) — Gy) — X()G(t) + d(t)
X(t) = —p2X(t) +p3[L(t) — 1]

. : (13)
I(t) =—n[I(t) = 1)) +v[G(t) — h]" t + u(t)

Where G(t) is the plasma glucose, X(t) is the insulin effect over glucose elimination and I(t) is the plasma insulin. In Table 2 are
described the parameters for three different TLDM patients, which are going to be used as test VP. With this experiment we
assess how the nonlinear Luenberger observer is able to estimate the states (HM) from other model used to built the VP, that it
has other state variables.
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Table 1. Hovorka model parameters

Para- A Value .
meter Description mea.n| 1 | 9 | 3 | 4 | 5 | 6 ‘ Units ‘
f‘éis Transfer rate 66.0 [34.387.1|86.3|96.8| 30.0 |45.8| min~!
_fgis Deactivation rate 6.0 |31 |15.7|29 |88 | 0.7 | 1.7 | min~!
TSES Deactivation rate 60.0 | 75.2| 23.1 [49.5|30.2|163.1 | 68.9 min~!
lkgi:; Deactivation rate 30,0 |47.2|14.3|69.1|11.8| 11.4 | 28.5 min !
k. P.L:\:.imallnsulm 0.138 min—1
elimination rate
- Insulin volume
Vi distribution
— 0.16 |0.18 |0.13 [0.22 [0.14 [0.14 |0.13 Lkg~!
Vi Glucose volume
© distribution
Carbohydrate .
Ae bioavailability 0.8 unitless
: _|Carbohydrate absortion 40 min
maz, G max time
Koy | Insulin elimination 5 55419 (76(6.032/2.943(9.471| 46.45(1.089  1/min
#10 rate
Fnz | Insulin elimination | o401 54103 397/0.124[1.774] 0.228]5.052| 1/min
#10 rate
Fpa | Insulin elimination ) g0y 311|1.27914.092)1.062] 1.004[0.769 1/min
%10 rate
) —
EGRy | BGP extrapolated to |y o) 1y 4917143 |1.56|2.13| 2.00 | 1.05 |7 F9
%10 0 insulin concentration min
- =T
Foi, Glucose fux 0.7 [12.1] 7.5 [10.3]11.0] 7.1 | 9.2 |Tmel Fg
#10 non insulin dependent min
¢ Max time - min
maz. ! insulin absortion o

3.3 Experiment configuration

The simulation is done using Matlab™ and Simulink™; the simulation parameters in Simulink™ are set as: Runge-Kutta solver
with fix step of 1 second. The main disturbance is based on a standard diet therapy for all the VPs composed of the following
amount of CHO’s: 40gr at breakfast (7:30 a.m.), 15gr as snack at 11:00 a.m., 90gr at lunch (1:00 p.m.), 57gr at dinner (7:00
p.m.) and other snack at 11:00 p.m of 15gr [13]. The test period include one simulation day (24 hrs.) with the afformentioned

CHO’s ingestion.
3.4 Evaluation method

To measure the performance of the designed observer is desirable quantify the similitud between VP variable and estimated
variable. For this reason it is used the FIT parameter described in [14] as:

FIT = |1 - 2!\ |[-”"(/)7;I:[f]]"

£ 100% .
E,\ | [;I:(l) - T;' . (14)
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Table 2. Bergman model parameters.

‘Parameter‘ Description ‘Patient 1‘Patient 2‘Patient 3|
independent glucose
n uptake rate 0 0 0
o decresnlg'l.lptake glucose 0.0123 0.0072 0.0142
ability rate
s 11415uhn—x.?epeudent 111(}}'@% 89%10-8 3.6x10-8| 1.6x10-6
in glucose uptake ability
N rate of pancreatic 0 0 0
3 cells release
n decaying insulin in blood | 0.2659 0.2465 0.2814
h glucose thrgbhold to 0 0 0
release [ cells
Gy basal glucose level 70 70 70
Iy basal insulin level 7 7 7

4 Results and discussion

In this section are shown some results of the performance of nonlinear Luenberger observer.

4.1 Testing the observer with experiment A

The designed nonlinear Luenberger observer is parameterized with the mean VP parameter and it is tested with the other six VP
of HM described on Table 1. For simplicity, it is show only the estimation of variables for the VP 1.

In Fig. 1 are located the three HM variables used

to describe the glucose dynamic as: a) intersticial glucose measurement (C, the

output), in this plot can be seen how the obsever eliminates the estimation error of measurable variable. b)mass of plasma
glucose (Q1) the estimation of this variable is qualitatively similar to VP variable a similar behaviour between VP variable and
its estimated is appreciated in ¢) non-accessible glucose to measurement (Q2). Cuantification of differences between VP
variables and its estimated is made on Table 3; the similitudes for C is over 99%, Q1 is more than 62% and the worst case of Q2

= 25.63%.

200

a) Estimation variable C
T

—VP variable
150

units (mg/dl)

T
== - Estimated variable B
100 -

50 L
0

4

16 20

S
=

12
b) Estimation variable Q L

——VP variable
- - =Estimated variable

units (mmol)

= VP variable
== =Estimated variable

units (mmol)

Fig. 1. Estimation of variables related to glucose
glucose on non-accessible compartment.

12
time (hrs)

. a) meassured variable C, b) variable Q1 plasma glucose and c) variable Q2
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<10 a) Estimation variable _Xl

——VP variable
== -Estimated variable

units (1/min)

=——VP variable
== - Estimated variable

units (1/min)

——VP variable
41 = = - Estimated variable|

units (1/min)

12
time (hrs)

Fig. 2. Variables estimation of insulin remotes effects over: a) glucose distribution/transport X1, b) glucose disposal X2 and c)
endogenous glucose production Xa3.

In Fig. 2 are grouped the corresponding variables to remote effects of insulin over the glucose distribution/transport, glucose
disposal and endogenous glucose production. The estimation of these variables is analized in Table 3 where X1 has a FIT over
93%, the similitud on X2 it is bigger than 81% and for X3 is greater than 59%. As it was mentioned the discrepancy is due to the
distinctness parameterization of the nonlinear Luenberger observer and de VP, so the observer should adjust the dynamic of the
unmeasurable variables to eliminate de estimation error of the measurable one. This variables are the most factible to make the
dynamic adjust, because this variables (X1, X2 and X3) correlates the glucose and the insulin.

a) Estimation variable I
T -

TN - 7
N P

——VP variable
== - Estimated variable

units (mU/dl)

T T
——VP variable

== -Estimated variable

units (mU/dl)

0 T 1 L 1 1

0 4 8 12 16 20 24
sl ot ) Esluuauolll variable Sl | ‘
% — VP variable
% == =Estimated variable
= 0 I L
0 4 8 12 16 20 24

time (hrs)
Fig. 3. Estimation of variables related to insulin concentration. a) plasma insulin I, b) chained compartment of insulin
subcutaneously absortion S1 and c¢) chained absortion compartment of administered subcutanously insulin  S2.

In Fig. 3 are shown the variables used to describe the insulin dynamic. From Fig. 1 the FIT for | is superior to 57% and for S
and S; is higher to 98%, due to the fact that in this group of variables is also available other part of information that it is taken
into account by the nonlinear Luenberger observer as is the insulin dosification (the model input). This variable has a strong
relation with the insulin doses so the observer shows a qualitatively performance as VP variables.

In Table 3 are shown the results of quantitative measurement of nonlinear Luenberger observer performance, expressed as
percentage of similarity measured through the parameter FIT. The worst performance is found for variables C, Q1, Xz and I in
patient 1; for Q2 and X in patient 4; for X, in patient 5 and finally for S2 and S1 in patient 6. Although are the worst cases can be
seen from Fig. 1 and Fig. 2 that estimated variables have a dynamical behavior qualitatively similar to the VVP variable. As it was
mentioned, the differences between the VP variables and their estimated ones is due to the observer has to adjust
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Table 3. FIT for estimated variables in experiment A
| variable | C | (21 | ng | Xl | X2 | X3 | 1 | SQ | S]_ |
Patient 1| 99.84 | 62.64 | 86.06 | 97.64 | 99.84 | 59.35 | 57.07 | 99.60 | 99.91
Patient 2| 99.98 | 94.33 | 96.89 | 94.69 | 85.92 | 66.43 | 95.52 | 99.43 | 99.87
Patient 3| 99.97 | 76.80 | 94.27 | 96.26 | 96.32 | 93.92 | 85.95 | 99.71 | 99.93
Patient 4| 99.98 | 99.45 | 25.63 | 93.68 | 97.86 | 59.83 | 75.49 | 99.49 | 99.89
Patient 5| 99.98 | 99.70 | 94.32 | 98.77 | 81.92 | 66.83 | 76.42 | 98.94 | 99.77
Patient 6] 99.95 | 98.20 | 85.57 | 97.89 | 94.07 | 99.20 | 77.11 | 98.74 | 99.73

The dynamic on some variables to achieve a FIT of estimation of the measured variable higher than 99%, reducing the
estimation error under 1%.

4.2 Testing the observer with experiment B

Once designed nonlinear Luenberger observer is tested with the HM VP’s. The test VP’s are generated trough a different model
described on (13), this model includes the parameters of three different patients as it is shown in Table 2. As it is known in a real
life implementation, the T1IDM patient it is completely different from any used model to design the obsever, for this reason we
use to test the observer an unknown structure model from the period design. Now the observer has to estimate variables with
the HM significance because it was designed with this aim, provide estimated variables with a well known model structure.

200 a) Measurable variable estimation of patient 1
2 T T

T T
—output VP 1
1501 ~ =~ estimation patient [

100 T —

units (mg/dl)

| | | | |
0 1 5

L
3 4 5 6
200 b) Measurable variable estimation of patient 2 x 10
2 T T T
= output VP 2
150[] = = = estimation patient 2

100

&)

units (mg/dl)

I
0 4

200
— output VP 3
150}] ~ — ~ estimation patient 3

100

units (mg/dl)

I
0 4 8 12 16 20 24
time (hrs)

Fig. 4. Estimation of measurable variable to three VP’s of Bergman model (unknown VP). a) output estimation of VP 1, b)
output estimation of VP 2 and ¢) output estimation of VP 3
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a) Estimation variable Ql

—Patient 1
120 —Patient 2 | | |
—Patient 3
100 -
E 80" i
60 =
40 | | | | |
0 4 8 12 16 20 24
b) Estimation variable Q
300 T T T
—Patient 1
500l —Patient 2
2 7 ||—Patient 3
= 100+
0= T
0 4 8 12 16 20 24

time (hrs)

Fig. 5. Estimation of ambulatory unmeasurable glucose variables. a) plasma glucose
Q1, b) non-accessible glucose compartment Q2.

In Fig. 4 is shown an efficient estimation of the measurable variable of Bergman VP with the nonlinear Luenberger observer.
For experiment B it is only calculated the FIT parameter for output variable because it is the measurable one. The quantitative
yield for the estimation of the output variables of the Bergman’s VP is: 98.26% for patient 1, 97.47% for patient 2 and 95.37%
for patient 3.

In Fig. 5 are depicted the estimated variables of glucose compartments for the three VP of Bergman. The dynamics of variables
Q1 and Q; are within the ranges that would be expected to obtain with VP simulated with HM.

o 10" | a) Esmuanol‘] variable Z\l
—Patient 1
= 4 ——Patient 2
k=] — Patient 3
= =
0 L !
0 4 8 12 16 20 24
X 107 b) Estimation variable Xl
T
= Patient 1
K= = Patient 2
£ 0.57—Patient 3
0 |
o 4 8 12 16 20 2
¢) Estimation variable X5
0.1 ‘ : :
——Patient 1
£ —— Patient 2
£ 0.05[{ — Patient 3 i
0 L ! |
0 4 8 12 16 20 24

time (hrs)

Fig. 6. Estimation of insulin effect variables over glucose: a) glucose distribution/transport X1, b) glucose disposal X2 and c)
endogenous glucose production X3

In Fig. 6 are described the dynamics of variables that represent the remote effects of insulin over glucose distribution/transport
X1, glucose disposal X, and endogenous glucose production Xs. Its dynamics are estimated giving only the information of input
and output from VP’s to the nonlinear Luenberger observer.
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Fig. 7. Estimation of variables related to insulin concentration. a) plasma insulin I, b) chained compartment of insulin
subcutaneously absortion S1 and c¢) chained absortion compartment of administered subcutanously insulin S2.

In Fig. 7 the dynamic of insulin variables as they are I, S2 and S1 is estimated by the nonlinear Luenberger observer accordingly
to the structure and parameters of mean patient fo HM.

5 Conclusion

In the development of the AP it is necessary to estimate the unmeasurable variables; because, most of the control techniques
require all state variables available to its application. The design of the nonlinear Luenberger observer is a simple extension of
the linear Luenberger observer theory, which has a simple and easy to understand methodology; but, with an application of
relevance as it is the estimation of unmeasurable variables in TIDM patients. The nonlinear Luenberger observer designed was
tested with a different model than the one used for its design which is an approximation to a real implementation scenario.

In Experiment A was possible appraise the nonlinear Luenberger observer with VP produced with the HM using only a different
parameterization between the observer and the VVP. In this experiment it was possible to appreciate how the observer behaved
with parametric uncertainties, and how to manage those vagueness.

The capability of nonlinear observer to estimate unmeasurable variables was tested with experiment B; because, the measurable
variable delivered to the observer came from a VP generated with a model different from the one used during its design.
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