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Continuous glucose monitors can measure interstitial glucose concentration in real-time for closed-loop
glucose control systems, known as artificial pancreas. These control systems use an insulin feedback
to maintain plasma glucose concentration within a narrow and safe range, and thus to avoid health
complications. As it is not possible to measure plasma insulin concentration in real-time, insulin models
have been used in literature to estimate them. Nevertheless, the significant inter- and intra-patient
variability of insulin absorption jeopardizes the accuracy of these estimations. In order to reduce these
limitations, our objective is to perform a real-time estimation of plasma insulin concentration from
continuous glucose monitoring.
Hovorka’s glucose-insulin model has been incorporated in an Extended Kalman Filter in which different
selected time-variant model parameters have been considered as extended states. The observability of the
original Hovorka’s model and of several extended models has been evaluated by their Lie derivatives. We
have evaluated this methodology with an in-silico study with 100 patients with Type 1 diabetes during 25
hours. Furthermore, it has been also validated using clinical data from 12 insulin pump patients with Type
1 diabetes who underwent four mixed meal studies. Real-time insulin estimations have been compared to
plasma insulin measurements to assess performance showing the validity of the methodology here used in
comparison with that formerly used for insulin models. Hence, real-time estimations for plasma insulin
concentration based on subcutaneous glucose monitoring can be beneficial for increasing the efficiency of
control algorithms for the artificial pancreas.
Keywords: Extended Kalman filter; Insulin estimation; Glucose-insulin models; Type 1 diabetes;
Artificial Pancreas

1.

Introduction

Under physiological conditions plasma glucose is maintained in a narrow range (70–140 mg/dl).
Insulin, a peptide secreted from the pancreatic β-cells, is the main actor of glucose homeostasis.
In the fasting and post-absorptive states, insulin regulates plasma glucose concentration mainly
restraining hepatic glucose production to exactly match peripheral glucose utilization (predominantly by the brain, muscle and adipose tissue). In the post-prandial state, the increase in the
portal glucose concentration stimulates insulin secretion, which in turn suppresses hepatic glucose
production and increases the disposal of the glucose absorbed from the gut (Gerich 2000).
Patients affected by Type 1 diabetes suffer from an absolute insulin deficiency, due to the autoimmune destruction of the pancreatic β-cells. Before the discovery of insulin in 1929, this led to fatal
acute complications (hyperglycemia, ketoacidosis, coma and death). Following 1929, thanks to the
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development of progressively more sophisticated insulin formulations and devices for glucose measurements, acute diabetic complications are rare (although not negligible). However, physiological
replacement of insulin secretion remains an elusive goal. This fact results into wide fluctuations
of plasma glucose (including life-threatening hypoglycemia) and chronic hyperglycemia, the latter being the cause of significant morbidity (end-stage renal disease, blindness, neuropathy) and
mortality.
For the above reasons, a significant amount of research has been focused on the development
of an artificial pancreas, i.e., a closed-loop glucose control system that automatically dispenses
insulin subcutaneously. The investigation in this field has been fuelled in the last decade following
the introduction in the market of portable devices for real-time continuous glucose monitoring
(CGM) (Rossetti, Bondia, et al. 2010). However, one of the main limitations to a physiological
insulin replacement remains the estimation of plasma insulin concentration. Since insulin cannot
be measured in real-time, insulin models have been used to estimate such concentration (Patek,
Magni, et al. 2012; Swan, Dziura, et al. 2009). However, variability of pharmacokinetic dynamics
jeopardizes the accuracy of the estimation (de Pereda, Romero-Vivo, et al. 2012). This variability
is due to the distribution of the injection and the characteristics of the subcutaneous tissue, and it
is basically focused on two parameters: time-to-peak plasma insulin concentration and metabolic
clearance rate of insulin (Haidar, Elleri, et al. 2013; Radziuk and Lickley 1985). This question limits
the performance of any artificial pancreas potentially, leading to either over- or under-insulinization
and posing patient’s safety at risk. Effective closed-loop glucose control requires the design of robust
strategies integrating patient’s variability into tools for an accurate plasma insulin estimation.
The limited set of measurements can be overcome with the conjunction of a model and a state
observer (Dochain 2003). Observers like the Kalman Filter (Dochain 2003; Kalman, et al. 1960) can
be used in continuous- or discrete-time, or combining discrete measurements in continuous-time
(Crassidis and Junkins 2011). Kalman Filters have been used to enhance the accuracy of continuous
glucose monitors (Facchinetti, Sparacino and Cobelli 2010; Knobbe and Buckingham 2005) in
humans. Furthermore, they have been used to estimate insulin concentration from intravenous
glucose tolerance tests (IVGTT) in non-diabetic humans (Eberle and Ament 2011), and from
subcutaneous (SC) glucose measurements in diabetic and non-diabetic pigs (Eberle and Ament
2012). We advance one step further, as in this paper, we have tackled the problem of estimating in
real-time plasma insulin concentration for diabetic human patients. This study is much closer to
the artificial pancreas real performance than previous studies, as it is applied to diabetic human
patients in postprandial state (not IVGTTs) with glucose measurements from a SC glucose monitor.
We have evaluated different approaches in an in-silico study with 100 Type 1 diabetes patients
during 25 hours, and using clinical data from 12 insulin pump patients with Type 1 diabetes who
underwent four mixed meal studies (Rossetti, Ampudia-Blasco, et al. 2012).
The paper has been organised as follows. In Section 2, several approaches for a real-time estimation of plasma insulin concentration from SC continuous glucose monitoring are introduced. In
Section 3, insulin estimations are validated in both an in-silico study and using real data from
diabetic patients. In Section 4, observability of the systems is reviewed, and real-time insulin estimations are compared to plasma insulin measurements to assess performance. Finally, Section 5
includes a discussion and outlines the conclusions of this study.

2.

Real-Time Estimation of Plasma Insulin Concentration

In this section, several approaches for an estimation of plasma insulin concentration in real-time
are presented. A specific model has been chosen to illustrate these techniques, although they could
be easily extended to any other model.
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Table 1. Set of differential equations for the Hovorka’s glucose-insulin model.
State
Subcutaneous insulin absorption
[mU ]

Differential equation
S1 (t)
Ṡ1 (t) = u(t) −
tmax,I
S2 (t)
S1 (t)
−
Ṡ2 (t) =
tmax,I
tmax,I
S2 (t)

Parameters and inputs
u(t)
tmax,I

Plasma insulin concentration
[mU/L]

˙
I(t)
=

Effects of insulin on the distribution
and transport of glucose [min−1 ]

ẋ1 (t) = −ka1 x1 (t) + kb1 I(t)

Effect of insulin on the glucose
disposal [min−1 ]

ẋ2 (t) = −ka2 x2 (t) + kb2 I(t)

Effect of insulin on the production
of endogenous glucose [U nitless]

ẋ3 (t) = −ka3 x3 (t) + kb3 I(t)

Carbohydrate absorption rate
[mmol/min]

tmax,I VI

VI

Insulin distribution volume [= 0.12 ∗ (P atient weight) L]

ke

Fractional elimination rate [= 0.138 min−1 ]

ka1

Deactivation rate constant [= 0.006 min−1 ]

kb1

Activation rate constant [= ka1 ∗ 51.2 ∗ 10−4 min−1 ]

ka2

Deactivation rate constant [= 0.06 min−1 ]

kb2

Activation rate constant [= ka2 ∗ 8.2 ∗ 10−4 min−1 ]

ka3

Deactivation rate constant [= 0.03 min−1 ]

kb3

Activation rate constant [= ka3 ∗ 520 ∗ 10−4 min−1 ]

DG

Amount of carbohydrates digested [mmol]

AG

Carbohydrate bioavailability [= 0.8 (U nitless)]

tmax,G

Time-of-maximum appearance of glucose in the
accessible compartment [= 40 min]

−t/tmax,G

UG (t) =

DG A G t e

t2
max,G

Q̇1 (t) = −x1 (t)Q1 (t)
c
+ k12 Q2 (t) − F01
(t) − FR (t)
+ UG (t) + EGP0 (1 − x3 (t))

Glucose in non-accessible
compartment [mmol]

Q̇2 (t) = x1 (t)Q1 (t)
− k12 Q2 (t) − x2 (t)Q2 (t)

Interstitial glucose concentration
[mmol/L]

˙
IG(t)
=

2.1

Time-to-maximum insulin absorption [= 55 min]

− ke I(t)

c
F01
(t)

Glucose masses in the accessible
compartment [mmol]

Administration of basal and bolus insulin [mU/min]

1
τ



Q1 (t)
VG

− IG(t)



Non-insulin-dependent glucose disposal [mmol/min]

FR (t)

Renal glucose clearance [mmol/min]

EGP0

Endogenous glucose production
[= 0.0161 ∗ (P atient weight) mmol/min]

k12

Transfer rate from the non-accessible to the accessible
compartment [= 0.066 min−1 ]

VG

Volume of the accessible compartment
[= 0.16 ∗ (P atient weight) L]

τ

Time delay [= 16 min]

Estimation from an Insulin Model

A common approach in literature to estimate plasma insulin concentration is to simulate the insulin
intakes in an insulin model (Patek, Magni, et al. 2012; Swan, Dziura, et al. 2009). The simulation
of an insulin model acts like an open-loop, as the glucose measurements are not used to adjust
the states or the parameters of the system. Nevertheless, these adjustments could be necessary,
especially in processes with high variability. In general, this system can be represented by:
ẋ(t) = f (x(t), u(t))
where u(t) is the input of the model, x(t) is the system state vector, and f (x(t), u(t)) defines the
system’s dynamics.
The insulin model considered in this work is the model developed by Hovorka et al. (Hovorka,
Canonico, et al. 2004). The insulin model f (x(t), u(t)) is given by the first three equations of Table
1, while the system state vector x(t) is given by:
x(t) = [S1 , S2 , I].
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2.2

State Observation of a Glucose-Insulin Model

High variability processes may be represented by systems with noise in their dynamic and measurements. These systems can be expressed by:
ẋ(t) = f (x(t), u(t)) + w(t), w(t) ∼ N (0, Q(t))
z(t) = h(x(t)) + v(t),
v(t) ∼ N (0, R(t))
where h(x(t)) denotes the measurement function and z(t) is the output of the model. Furthermore,
w(t) and v(t) represent the process and the observation noises, while Q(t) and R(t) denote the
variances of these noises, respectively.
In biological systems, only a few states are measurable. In this case, only interstitial glucose
concentration can be measured by SC glucose monitors. However, state observers like the Kalman
filters can estimate non-measurable states based on a limited set of measurements (Dochain 2003).
The Kalman filter is a stochastic filter that allows the estimation of the states of a system based
on a linear state-space model. This observer estimates system states in a two-step process: the
prediction and the correction steps (Dochain 2003; Kalman, et al. 1960). In the prediction step,
the Kalman filter estimates the current state variables. Once a new measurement (with noise) is
observed, the state estimations are updated using a weighted process.
The extended Kalman filter (EKF) uses a local linearisation to extend the scope of the Kalman
filter to systems described by non-linear ordinary differential equations (Maybeck 1979; Jazwinski
2007). In order to estimate plasma insulin concentration from punctual measurements of interstitial
glucose concentration, the Hovorka’s glucose-insulin model (Hovorka, Canonico, et al. 2004) has
been incorporated in an EKF. Moreover, an extra equation has been added to the system to describe
the relationship between blood glucose and interstitial glucose measured by continuous glucose
monitors (Wilinska, Bodenlenz, et al. 2004; Knobbe and Buckingham 2005). All the equations,
variables, parameters, units and nominal values used in this model are introduced in Table 1. The
system state vector x(t) is given by:
x(t) = [S1 , S2 , I, x1 , x2 , x3 , Q1 , Q2 , IG]
Note that UG (t) is not included in the state vector since it is explicitly expressed into Table 1, and
not as a dynamical equation. The function f (x(t), u(t)) is described by the dynamical equations
exposed into Table 1, while h(x(t)) = IG(t), as only interstitial glucose concentration can be
measured by SC glucose monitors.
The estimation of the system state vector x(t) is represented by x̂(t):
˙
x̂(t)
= f (x̂(t), u(t)) + K(t)(z(t) − h(x̂(t)))
where K(t) is the gain matrix.
The linearized transition matrix, F , with elements defined by f (x(t), u(t)), is given by:

F (t) =

∂f
∂x

,
x̂(t),u(t)

which the covariance matrix, P , forward in time, that is:
Ṗ (t) = F (t)P (t) + P (t)F (t)⊺ − K(t)H(t)P (t) + Q(t)
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where H(t) is the measurement matrix, given by:
H(t) =

∂h
∂x

= {0, 0, 0, 0, 0, 0, 0, 0, 1}
x̂(t)

as only interstitial glucose (IG) can be measured, i.e., h(x(t)) = IG(t).
Finally, the gain matrix is updated:
K(t) = P (t)H(t)⊺ R(t)−1
In this approach, the variances of the process and observation noises (Q(t) and R(t), respectively)
have been heuristically adapted to to:
Q(t) = diag(20, 20, 0.01, 10−6 , 10−8 , 10−5 , 1, 1, 1)
R(t) = 0.45 mmol/L [= 8 mg/dl].
However, it is not always possible to estimate all the system states from a limited set of measurements. Observability analysis proves if the model states in x(t) can be theoretically estimated
from measurements of z(t). This analysis can be assessed by the Lie derivatives (Hermann and
Krener 1977; Gauthier and Bornard 1981) of the glucose-insulin model. The Lie derivative of h(x)
with respect to f (x, u) is defined as Lf (x,u) h(x) = ▽h(x) · f (x, u), and it is calculated recursively,
as follows:
(i−1)

Lif (x,u) h(x) = Lf (x,u) (Lf (x,u) h(x))
L0f (x,u) h(x) = h(x)

if i = 1, 2, ...

A function h(x) is considered observable if the following Jacobian matrix


h(x)

∂ 
Lf (x,u) h(x)


·
·
·
∂x
n−1
Lf (x,u) h(x)


(1)

has rank n, where n is the system order.
2.3

State Observation of an Extended Model

The main problem with simulations and state observers is that they are often developed under
assuming perfect knowledge of the system dynamics, in particular of the parameter values. However,
this is not true due to the high variability of the processes, which leads to uncertain parameters.
State observers can be used to estimate these uncertain parameters by building new extended
models in which these parameters are considered as new states with no dynamics (Dochain 2003;
Eberle and Ament 2012). For this reason, extended Hovorka’s models have been defined such that
different parameters have been considered as extended states of the model:


 

d x(t)
f (x(t), u(t))|p=p(t)
=
0
dt p(t)
The parameters with the greatest impact in plasma insulin concentration are ke (plasma insulin
elimination rate) and tmax,I (time to maximum insulin absorption), as seen in literature (Haidar,
Elleri, et al. 2013; Radziuk and Lickley 1985) and we have verified experimentaly. Hence, we are
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interested in estimating these parameters, so they have been selected as uncertain states in extended
Hovorka’s models, where one or both parameters have been considered as extended states. The
observability of these models has been evaluated by their Lie derivatives.

Initial
values

EKF

݇ 

Study 1

ݐ௫,ூ 
ݐ௫,ூ



Study 2

݇ 

ݐ௫,ூ



Study s

…

݇ 

Value at
the end
݇ ଵכ

ݐ௫,ூ ଵכ
݇ כଶ

ݐ௫,ூ כଶ
݇ כ௦

ݐ௫,ூ כ௦

Figure 1. Diagram of the adjustment of uncertain parameters.

Then, the extended models have been incorporated in an EKF, such that the parameters ke
and/or tmax,I are adapted along time, as seen in Figure 1. During each study, the system states are
estimated based on punctual measurements of plasma glucose concentration. The initial value of
the uncertain parameters (ke 0 and tmax,I 0 ) has been set at their nominal value (Hovorka, Canonico,
et al. 2004) for all the studies. The value of these parameters at the end of the study is ke ∗i and
tmax,I ∗i , i = 1, ..., s, where s is the number of studies. The variance of the process noise of the
extended states ke and tmax,I has been added to the matrix Q(t), exactly the heuristically selected
values 10−4 and 1, respectively.

3.

Validation of insulin estimations

In this section, insulin estimations are validated in both an in-silico study and using real data from
patients.
3.1

In-silico validation

In-silico patients with Type 1 diabetes have been simulated during 1500 minutes (25 hours), including a meal of 300 mmol (54 grams) of glucose every 300 minutes, for a total of five meals.
Five equal meals do not represent a realistic scenario, but it allows to analyse the behaviour of the
estimations with varying parameters in the same scenario. Each meal is compensated with a bolus
of 2300 mU of insulin. Furthermore, each patient receives a basal insulin infusion of 10 mU/min.
During the simulation, the values of the parameters ke and tmax,I vary along time based on their
variability. The rest of the parameters assume their nominal value.
Real-time insulin estimations of 100 in-silico patients have been computed based on interstitial
glucose measurements every 15 minutes. Insulin estimations (ẑ) have been compared to plasma
insulin simulation (z(t)) to assess the methodology introduced. The performance of the different
approaches has been quantitatively evaluated by computing the Root Mean Square Error (RMSE)
and the Mean Absolute Relative Deviation (MARD):

v
u
m
u1 X
t
(zt − ẑt )2
RMSE =
m
t=1
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m

MARD =

1 X |zt − ẑt |
m
zt

(3)

t=1

where m is the number of measurements.

3.2

Validation with real data

State observers need several data values to adapt the system states (including the extended parameters). However, continuous glucose monitors only provide a new glucose concentration value
every 1–15 minutes. Thus, the state observer is not able to adapt the system states during the
first minutes of the experiment. The initial value of the system states is crucial during the first
minutes of the insulin estimation, as the EKF needs some time to be able to perform an accurate
estimation. If the values are under- or over-estimated, large errors may be produced in an insulin
estimation. For this reason, we propose to change the initial values of the extended states, i.e.
parameters ke and tmax,I , for more realistic values.

Initial
values

EKF

݇ ଵ

Study 1

ݐ௫,ூ ଵ
݇ ଶ
ݐ௫,ூ ଶ

Study 2

…

݇ ௦

Study s

ݐ௫,ூ ௦

Value at
the end
݇ ଵ#

ݐ௫,ூ ଵ#
݇ #ଶ
ݐ௫,ூ #ଶ
݇ #௦

ݐ௫,ூ #௦

Figure 2. Diagram of the adjustment of uncertain parameters.

These new initial values are determined by a cross-validation of the estimated values of the
uncertain parameters at the end of the rest of the studies:
ke 0i =
tmax,I 0i =

1
s−1
1
s−1

Ps
δi,j ke ∗j
Pj=1
s
∗
j=1 δi,j tmax,I j

where s is the number of studies, and the function δi,j is defined as:
δi,j =



1 if i 6= j
0 if i = j

These new initial values are represented in Figure 2. During each study, the value of the uncertain
parameters ke and tmax,I is adapted through time.
Insulin estimations have been compared using real data from 12 insulin pump patients with
Type 1 diabetes who underwent four mixed meal studies (9 women; 41.8 ± 7.3 years old; diabetes
duration 20.2 ± 10.3 years; body mass index: 25.1 ± 2.8 kg/m2 ) (Rossetti, Ampudia-Blasco, et al.
2012). The performance of insulin estimations has been evaluated by a comparison with plasma
insulin measurements, computing RMSE (2) and MARD (3).
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Table 2. Results for in-silico estimation of plasma insulin concentration applying different
approaches.
Model

RMSE (mU/L)

MARD (%)

Computational Time (s)

5.6 ± 2.9
5.5 ± 2.0
3.2 ± 1.7
3.9 ± 1.0
2.4 ± 0.6

50% ± 26%
51% ± 26%
19% ± 5%
40% ± 18%
16% ± 4%

3 · 10−6 s
0.095 s
0.098 s
0.097 s
0.100 s

Hovorka’s Insulin Model
Original Hovorka’s EKF
ke Parameter EKF
tmax,I Parameter EKF
ke -tmax,I Parameters EKF

4.

Results

Different estimations of plasma insulin concentration have been performed according to the approaches presented in the previous sections. All the simulations have been executed with Matlab
software (version R20013a) using an Intel(R) Core i7-3770K 3.5 GHz Pentium(R) processor. The
obtained results are included hereinafter and commented with detail in the discussion section.
4.1

Observability

The observability of the original Hovorka’s model and of the extended models with the following
state vectors:
x(t) = {S1 ,
x(t) = {S1 ,
x(t) = {S1 ,
x(t) = {S1 ,

S2 ,
S2 ,
S2 ,
S2 ,

I,
I,
I,
I,

x1 ,
x1 ,
x1 ,
x1 ,

x2 ,
x2 ,
x2 ,
x2 ,

x3 ,
x3 ,
x3 ,
x3 ,

Q1 ,
Q1 ,
Q1 ,
Q1 ,

Q2 ,
Q2 ,
Q2 ,
Q2 ,

IG}
IG, ke }
IG, tmax,I }
IG, ke , tmax,I }

has been evaluated by their Lie derivatives (Hermann and Krener 1977; Gauthier and Bornard
1981). In all the cases, the jacobian matrices (1) have full-rank (rank 9, 10, 10 and 11, respectively).
Therefore, all the systems are observable, and it is theoretically possible to estimate all the states
from IG(t) interstitial glucose measurements.
4.2

In-silico results

In the original Hovorka’s model all the model parameters are considered constant along time.
However, during the in-silico simulation, parameters ke and tmax,I vary along time. These differences
lead to large values for RMSE and MARD in the plasma insulin estimation, as seen in Table 2.
The estimations performed through the EKF are represented with a solid line in Figure 3, while
the square dots represent the values of the in-silico simulation.
The model parameters ke and tmax,I (one or both) can be considered as extended states in
the Hovorka’s model, and incorporated in an EKF. The results obtained are represented in Table
2, showing that the best results are achieved when both parameters are considered as extended
states. This estimation is shown with a dotted line in Figure 3. This approach improves significantly
(p < 0.001) the results obtained with the simulation of Hovorka’s insulin model. The computational
time for each approach is shown in Table 2.
4.3

Results with real data

The simulation of Hovorka’s insulin model overestimates the plasma insulin concentration in all
the patients. Almost the same overestimation is obtained when the estimation of all the system
states is performed through an EKF, represented with a solid line in Figure 4, while the square
dots represent real measurements of plasma insulin and glucose concentration. The plasma insulin
overestimation leads to large values for RMSE and MARD, as shown in Table 3.
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Figure 3. Example of in-silico estimations of plasma insulin concentration. The square dots represent measurements from the
in-silico simulation, while the lines represent several estimation approaches: Original Hovorka EKF (solid line) and ke -tmax,I
Parameters EKF (dotted line).
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Figure 4. Example of estimations of plasma insulin concentration with real data. The square dots represent real measurements,
while the lines represent several estimation approaches: Original Hovorka EKF (solid line), ke -tmax,I Parameters EKF (dotted
line) and Cross-Validation ke -tmax,I EKF (dashed line).
Table 3. Results for estimation of plasma insulin concentration applying different approaches with
real data.
Model
Hovorka’s Insulin Model
Original Hovorka’s EKF
ke Parameter EKF
tmax,I Parameter EKF
ke -tmax,I Parameters EKF
Cross-Validation ke -tmax,I EKF

RMSE (mU/L)

MARD (%)

Computational Time (s)

24.5 ± 16.5
24.4 ± 16.4
15.3 ± 7.6
18.7 ± 11.1
14.9 ± 7.7
6.6 ± 3.9

179% ± 158%
177% ± 156%
87% ± 90%
133% ± 134%
85% ± 100%
49% ± 72%

3 · 10−6 s
0.095 s
0.098 s
0.097 s
0.100 s
0.100 s

In the above estimations, the parameters of Hovorka’s model have been considered constant
along time. However, the model parameters ke and tmax,I can be adapted if they are considered as
extended states in the Hovorka’s model. Each extended model has been incorporated in an EKF.
The best results are obtained when both parameters are considered as extended states, as seen
in Table 3. These results are represented in Figure 4 with a dotted line. This approach improves
significantly (p < 0.001) the results obtained with the simulation of Hovorka’s insulin model.
Finally, the estimations further improve after a cross-validation of the estimated values at the
end of the studies of the uncertain parameters ke (0.32 ± 0.10 min−1 ) and tmax,I (115 ± 33 min),
as shown in Table 3 and in Figure 4 with a dashed line. The computational time for each approach
is shown in Table 3.
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Table 4. Results for real-time estimation of plasma insulin concentration applying different approaches (excluding the outlier patient).
Model
Hovorka’s Insulin Model
Original Hovorka’s EKF
ke Parameter EKF
tmax,I Parameter EKF
ke -tmax,I Parameters EKF
Cross-Validation ke -tmax,I EKF

5.

RMSE (mU/L)

MARD (%)

Computational Time (s)

23.5 ± 14.9
23.4 ± 14.9
14.7 ± 6.8
17.8 ± 9.9
14.3 ± 6.9
6.4 ± 3.9

145% ± 103%
141% ± 101%
66% ± 25%
101% ± 66%
61% ± 28%
33% ± 14%

3 · 10−6 s
0.095 s
0.098 s
0.097 s
0.100 s
0.100 s

Discussion and Conclusion

The experiments carried out in the previous section illustrate several approaches to estimate plasma
insulin concentration through SC interstitial glucose measurements in Hovorka’s model. This model
has been chosen to illustrate the techniques, although they could be extended to other models.
In both the in-silico and the real data studies, a large error is commited when the Hovorka’s
insulin model is used (a common approach in literature), as seen in Tables 2 and 3. In this model,
a perfect knowledge of the system parameters is assumed, as they remain constant along time.
The insulin estimation is significantly improved when parameters ke and tmax,I are considered as
extended states. Once the parameters are adjusted, plasma insulin estimations are also adjusted.
Consequently, time variations in both parameters may be responsible, at least in part, of intraand inter-patient variability in insulin stacking, leading to inaccurate plasma insulin estimations.
When these parameters are considered as extended states, it is possible to perform individualized
estimations of plasma insulin concentration.
However, the EKF need several glucose measurements to adapt the system parameters. In most
of real-data cases, the nominal values of parameters ke and tmax,I (Hovorka, Canonico, et al.
2004) are underestimated, producing a large overestimation of plasma insulin concentration. After
the cross-validation, the errors decrease (Table 3), specially those during the first minutes of the
estimation (Figure 4). When this final approach is applied, both RMS and MARD errors are
reduced in a 73% with respect to the simulation of Hovorka’s insulin model. Therefore, we propose
to apply this approach for the estimation of plasma insulin concentration through interstitial glucose
measurements.
Observing Figure 4, it may seem that once the parameters are adapted, they do not vary much
along time. However, these parameters may vary significantly during long-term estimations. In
Figure 3, the initial values of parameters ke and tmax,I are similar to the one used in the estimations.
Both the Original Hovorka’s EKF and the ke − tmax,I EKF accomplish an accurate estimation of
insulin concentration during the first meal. However, once the parameters values have varied, only
the ke − tmax,I EKF is able to adapt itself and perform much better estimations of plasma insulin
concentration than the Original Hovorka’s EKF. Hence, in long-term estimations it is important
to consider ke and tmax,I parameters as extended states to adapt them along time.
Nevertheless, there is still a significant error, but it is not totally inevitable. This is, in part, a
consequence of the error committed in the interstitial glucose measurements, as the SC continuous
glucose monitors do not accomplish accurate measurements (Barceló-Rico, Bondia, et al. 2012).
Errors in plasma insulin estimations may decrease if continuous glucose monitors improve their
performance. Furthermore, in exception of ke and tmax,I , the rest of the parameters of Hovorka’s
model assume their nominal value during the estimations. However, some of these parameters, such
as the insulin sensitivity, have large variability. An individualization of these parameter values may
improve plasma insulin estimations.
Most of the error committed (Table 3) is accumulated in a single outlier patient, in which insulin
measurements do not represent reliable values. If this outlier patient is not considered in the
calculations, the metrics improve significantly, specially the MARD value (Table 4).
The aim of this work was to estimate plasma insulin concentration from subcutaneous glucose
measurements. Previous studies have carried out insulin estimations in non-diabetic humans after
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intravenous glucose injections (Eberle and Ament 2011), and in diabetic and non-diabetic pigs
(Eberle and Ament 2012). In this work, we have analysed the behaviour of diabetic human patients
after a meal ingestion, based on SC glucose measurements. In conclusion, this study approaches
us to the real operation of the artificial pancreas, and improves the performance of real-time
estimations for plasma insulin concentration, with respect to insulin models used in literature.
From these results based on SC glucose monitoring, we consider that the proposed approach may
be beneficial for increasing the efficiency and safety of control algorithms for the artificial pancreas.
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