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Abstract—This paper proposes an observer-controller config-
uration for the well-known Hovarka Glucose-Insulin dynamics.
The aim is to control the blood glucose level without measuring
the states in the Hovarka model. In order that nonlinear model
predictive control is designed to control the blood glucose level
by considering the random inertial glucose inputs under external
insulin inputs. For the estimation, a Cubature Kalman filter
is designed to estimate the states. Numerical computations are
conducted under random glucose inputs from the meals where the
applied observer-controller configuration provides blood glucose
control without measuring the states. As a result, by using a
single subcutaneous glucose measurement, the Hovarka glucose-
insuling dynamics can be controlled for a possible portable device
in future.
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I. INTRODUCTION

The insulin required to regulate blood glucose levels (BGL)
in type 1 diabetes mellitus (T1DM), which is a chronic
autoimmune disease affecting the pancreas, cannot be pro-
duced. In medical treatment, insulin injection is required
to maintain BGL within the desired range. However, it is
very difficult to maintain blood glucose concentration within
the target range [1]. Many factors, such as type of food,
exercise or stress, are associated with insulin-BGL interaction.
Exceeding the maximum and minimum target ranges (hy-
perglycemia/hypoglycemia) causes health complications such
as cardiovascular disease, organ failure, blindness, coma and
death [2].

The automated insulin delivery system, known as the
artificial pancreas (AP), is a control mechanism that provides
the loop between glucose-sensing and insulin-delivery [3]. In
the literature, various control algorithms such as proportional
integral derivative control (PID) [4], fuzzy logic control [5],
model predictive control (MPC) [6] have been proposed based
on commonly used models (Bergman model [7], Hovorka
model [6] and Dalla Man model [8]) for AP systems. Accurate
estimation of high variability of insulin level is important to
limit insulin delivery in the patient. It is possible to analyze the
effect of this variability with a observer based model predictive
controller design.

In this paper, the state estimation of the Hovarka glucose-
insulin dynamics are achieved using fast and accurate ob-
server design. The observer is designed based on the system
dynamics and second-order gradient update. The main goal
of the paper is to estimate instantaneous variables of the
glucose and insulin. The most important parameter for the
T1DM is the simulataneous carbohydrate intake. Its amount
and concentration for the blood is unexpectable and difficult for
the human health. The designed observer-controller estimates
the unmeasured blood glucose dynamics and stabilizes plasma
glucose level under the disturbance of random glucose inputs
from the meals.

II. THE GLUCOSE INSULIN DYNAMIC MODEL OF
HOVORKA

The glucose-insulin dynamic model of Hovorka, which
characterizes blood glucose dynamics, subcutaneous insulin
infusion and transport of glucose from plasma to tissues, is
given as [6]:

Ṡ1(t) =u(t)− S1(t)

tmax,l(t)
,

Ṡ2(t) =
S1(t)

tmax,l(t)
− S2(t)

tmax,l(t)
,

İ(t) =
S2(t)

tmax,l(t)VI
− ke(t)I(t),

ẋ1(t) =− ka1x1(t) + I(t)(Sf
IT × ka1),

ẋ2(t) =− ka2x2(t) + I(t)(Sf
ID × ka2),

ẋ3(t) =− ka3x3(t) + I(t)(Sf
IE × ka3),

Q̇1(t) =UG(t)− F c
01(t)− FR(t)− x1(t)Q1(t)

+ k12Q2(t) + EGP0(1− x3(t)),

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

Ġsub(t) =
1

τ
(
Q1(t)

VG
−Gsub(t)).

(1)

where

F c
01 =

{
F01 if Gsub(t) ≥ 4.5 mmol/L
F01Gsub(t)/4.5 otherwise (2)

FR =

{
0.003(Gsub(t)− 9)VG if Gsub(t) ≥ 9 mmol/L
0 otherwise
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TABLE I. PARAMETERS OF THE T1DMS MODEL [8].

Symbol Definition/Value(unit)
S1(t) Subcutaneously administered insulin absorption (mU)
S2(t) Subcutaneously administered insulin absorption (mU)
I(t) Plasma insulin concentration (mUL−1)
x1(t) Effects of insulin on glucose distribution/transport (min−1)
x2(t) Effects of insulin on glucose disposal (min−1)
x3(t) Effects of insulin on endogenous glucose production (min−1)
Q1(t) Masses of glucose in the accessible compartment (mmol)
Q2(t) Masses of glucose in the non-accessible compartment (mmol)
Gsub(t) Subcutaneous glucose (mmolL−1)
UG(t) Gut absorption rate (mmolmin−1)
u(t) Administration (bolus and basal) of insulin ( mUmin−1)
BW Weight ( kg)
ke Insulin elimination from plasma (0.138 min−1)
tmax,l Time-to-maximum of absorption of injected insulin (55 min)
tmax,G Time-of-maximum appearance rate of glucose (40 min)
k12 Transfer rate (0.066 min−1)
ka1 Deactivation rate (0.006 min−1)
ka2 Deactivation rate (0.06 min−1)
ka3 Deactivation rate (0.03 min−1)
Vl Insulin distribution volume (0.12×BWL)
VG Glucose distribution volume (0.16×BWL)

Sf
IT

Insulin sensitivity of
distribution/transport (51.2×10−4Lmin−1mU−1)

Sf
ID Insulin sensitivity of disposal (8.2×10−4Lmin−1mU−1)

Sf
IE Insulin sensitivity of EGP (520×10−4LmU−1)

EGP0
EGP extrapolated to zero insulin
concentration (0.0161mmolkg−1min−1)

F01 Non-insulin-dependent glucose flux (0.0097mmolkg−1min−1)

In Hovarka’s model, the gut absorption rate is given as

UG(t) =
DGAGte

−t/tmax,G

t2max,G

(4)

where DG is the estimated carbohydrate intake [mmol/kg] and
AG is the carbohydrate bioavailability [unitless]. The injected
insulin (basal and bolus) (u(t)) is the input signal and the
subcutaneous glucose concentration (Gsub(t)) is the output
signal of the glucose-insulin dynamic model. The all variables
and parameters of the Hovarka’s model are given in Table I.

III. CUBATURE KALMAN TYPE FILTERING BASED
PREDICTIVE CONTROL

To apply a cubature Kalman filter based model predictive
controller, consider a nonlinear discrete-time system in state-
space representation as

xk+1 = f̂(xk, uk) +wk,

yk = ĥ(xk, uk) + vk

(5)

where xk ∈ �N , uk ∈ �Ru and yk ∈ �Qy represent the state
vector, the control signal and the measurement output signal,
respectively. wk ∼ N(0,Qk) is the Gaussian process noise
and vk ∼ N(0,Rk) is the Gaussian measurement noise. It
is assumed that the system (5) is controllable and observable.
The nonlinear functions f̂(.) and ĥ(.) are known discretized and
differentiable functions with respect to the states and control
signal of the nonlinear system.

A. Cubature Kalman Filter

General estimation applications for CKF are performed
using a series of cubature points [9]. The augmented vectors

containing the unmeasurable states and covariance matrix for
CKF are expressed as

xaugk = [xT
k wT

k vT
k ], Paug

k =

[ Px
k 0 0
0 Qk 0
0 0 Rk

]
(6)

where Px
k is the state error covariance matrix. The cubature

Kalman filter that performs the estimation process includes
the following steps.

1) Filter initialization
x̂0|0 = E[x0],P0|0 = E[(x0 − x̂0)(x0 − x̂0)

T ]
Generate the cubature points ξi =

√
nx{1}i and

{1}i is the ith point of

{1} =








1
0
...
0


 , . . . ,




0
...
0
1


 ,




−1
0
...
0


 , . . . ,




0
...
0
−1








.

Generate the weights: wi = w = 1
2nx

2) Time update equations (Prediction)
Perform Cholesky decomposition for
Pk|k = Ck|kC

T
k|k and propagate cubature points:

χi,k|k =
√
nxCk|kξi + x̂k|k

χi,k+1|k = f̂(χi,k|k, θ̂k, uk). These points are used
to set covariance matrix and estimated output value.
Compute the propagated state and covariance matrix:
x̂k+1|k = w

∑2nx

i=1 χi,k+1|k
Pk+1|k = w

∑2nx

i=1(χi,k+1|k − x̂k+1|k)(χi,k+1|k −
x̂k+1|k)

T + Qk.

3) Measurement update equations (Update)
Define the error covariance matrix with ζ > 0 as
P∗ = (P−1

k+1|k − ζI)−1, such that P∗ > 0.
Perform Cholesky decomposition for
P∗ = (Ck+1|kC

T
k+1|k). Propagate new cubature

points throught the measurement process:
χi,k+1|k =

√
nxCk+1|kξi + x̂k+1|k

ηi,k+1|k = ĥ(χi,k+1|k, θ̂k, uk).
Calculate the estimated measurement, innovation
covariance and cross covariance matrix:
ŷk+1|k = w

∑2nx

i=1 ηi,k+1|k
Py|k+1 = w

∑2nx

i=1(ηi,k+1|k − ŷk+1|k)(ηi,k+1|k −
ŷk+1|k)

T + Rk

Pxy|k+1 = w
∑2nx

i=1(χi,k+1|k − x̂k+1|k)(ηi,k+1|k −
ŷk+1|k)

T

Compute the Kalman gain for state estimation,
update state and covariance matrix:
Kk+1 = Pxy|k+1P−1

y|k+1

x̂k+1|k+1 = x̂k+1|k + Kk+1(yk+1 − ŷk+1)

Pk+1|k+1 = Pk+1|k + Kk+1Py|k+1KT
k+1

This algorithm represents the fundamental CKF state estima-
tion process. The resulting cubature points provide robust and
risk-sensitive filter design [10].

B. Nonlinear Model Predictive Control

A nonlinear model predictive controller (NMPC) can be
designed for given system in Eq.(5). The discrete-time NMPC
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structure is expressed as a constrained optimization problem:

min
u

F(xk, uk), subject to

Xi = {xi ∈ � | ximin
≤ xi ≤ ximax

, i = 1, . . . , nx}
Ur = {ur ∈ � | urmin ≤ ur ≤ urmax , r = 1, . . . , nu}
∆Ur = {∆ur ∈ � | |∆ur| ≤ ∆urmax

, r = 1, . . . , nud}
Yq = {yq ∈ � | yqmin

≤ yq ≤ yqmax
, q = 1, . . . , ny}

(7)
with

F(uk) =
1

2

κ∑
p=1

ny∑
j=1

(ỹj|k+p − ŷj|k+p)
2 +

1

2
λr

nud∑
r=1

(ur|k+1 − ur|k)
2

(8)
where ∆Ur is the input/input slew constraints, λr is the
penalty term for input signal and κ is the prediction horizon,
respectively. In (8), ŷq|k+κ is the estimation value for the qth
output and ỹ is the reference signal vector whose short-term
future values are known. The minimization of constrained opti-
mization problem in (8) is performed by nonlinear optimization
algorithm (Levenberg-Marquardt) in the nonlinear MPC struc-
ture [11]. The aim in NMPC structure is to calculate the opti-
mal signal that will lead the system to desired trajectory. When
the first component of uk+1 = [u1|k, . . . , ur|k]

T is applied to
the system as much as κ-times, predictions are generated. By
using future predictions, when F (uk+1 + δuk+1) < F (uk+1)
is achived, optimal control signal is updated by adding a
correction term (δuk+1). The update rule for uk+1 is written
as

uk+1 ⇐=uk + δuk+1, (9)

δuk+1 = −(JTu Ju + µuI)−1JTu ê, (10)

where ê is the prediction error vector

ê =




ỹ1|k+1 − ŷ1|k+1

...
ỹq|k+κ − ŷq|k+κ√

λ1∆uk+1

...√
λR∆uk+1



, (11)

and

Ju = −




∂ŷ1|k+1

∂u1|k+1

∂ŷ1|k+1

∂u2|k+1
· · · ∂ŷ1|k+1

∂ur|k+1

...
∂ŷq|k+κ

∂u1|k+1

∂ŷq|k+κ

∂u2|k+1
· · · ∂ŷq|k+κ

∂ur|k+1√
λ1

√
λ1 · · ·

√
λ1√

λR
√
λR · · ·

√
λR



. (12)

Each term (∂ŷq|k+κ

∂ur|k+1
) in Ju matrix is derived from the sampled

nonlinear system model [12].

IV. COMPUTATIONAL RESULTS

The numerical computations are presented to show the
applicability of the designed observer-controller configuration.
The sampling time is selected as Ts = 5 minute. By the grid
search of a reasonable interval, the controller and observer
parameters are selected. The controller parameters are as fol-
lows: κ = 20,∆Ur = 1, λr = 10−4. In addition, the selected
observer parameters are as follows: P = 10−6In×n,Q =

Time [min]

0 200 400 600 800 1000 1200
0

2

4

6

8

10

12

14

Reference signal

Actual output

(a) Plasma glucose control Gsub(t).
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Fig. 1. Stabilization results.
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Fig. 2. External input.

10−7In×n, R = 106. In Figure 1, the stabilization of the blood
glucose is shown where the applied external input is given in
Figure 2. Figure 3 and Figure 4 show the state estimation
results of the glucose-insulin dynamic model under random
glucose input.

V. CONCLUSION

Sensorless control of the glucose dynamics is performed
using cubature Kalman filter-nonlinear model predictive con-
trol configuration in this paper. Unmeasured states are es-
timated by the designed cubature Kalman filter. By using
estimated dynamics, the blood glucose dynamics are controlled
by an external insulin input under the disturbance of ran-
dom glucose inputs from the meals. The designed controller
provided applicable simulation results for a possible glucose
controller device in future.
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Fig. 3. State estimation results-1.
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