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Abstract— This paper reports our investigation on a model
predictive control (MPC) with constraints for continuous diabetes management, and its implementation on the microcontroller of our artificial pancreas. The operational constraints
for the MPC are rate of change, amplitude and output constraints, while the associated optimization problem is solved using a primal-dual interior-point algorithm based on predicatorcorrector method. Our real-time implantable close-loop system
is able to achieve desired diabetes management by maintaining
the blood sugar level at less than 140 mg/dl, and consistently
within the range of 70–120 mg/dl. Experimental results demonstrate that the low power 16-bit microcontroller in our prototype
artificial pancreas can provide sufficient computational power
with our computational efficient embedded system solution.
Keywords— Model predictive control, artificial pancreas,
minimal model, embedded system.

I. I NTRODUCTION
Diabetes Mellitus is a widespread disease caused by high
blood glucose in the patient’s body (Diabetes.com). High
blood sugar sets off processes that can lead to complications,
like heart, kidney, and eye disease, or other serious problems.
There are two types of Diabetes: Type 1 and type 2 Diabetes.
In addition to medication and/or insulin shots, Type 1 patients
and some Type 2 patients are required to measure their blood
sugar level every day with the aid of a blood glucose monitor.
A blood glucose monitor or glucose meter is a small portable
battery-powered electronic device mainly used to determine
the deviations of the patient’s blood glucose level from the
normal healthy level. There are many different types of blood
glucose monitors in the market for diabetes management. Patients may be required to use lancets to draw blood from their
finger. Recent models allow people to test the glucose level
with blood extracted from other areas. The most recent models use sensor pod that is placed underneath the skin to constantly measure the blood sugar via an external monitoring
device. Sensors from the latest model could be used continuously for up to a week. There are many interests in the health-

care industry to develop an implantable solution or artificial
pancreas that could remove the patient’s pains from blood extraction and needle insertion as well as better diabetes management outcomes. To provide a real-time close-loop blood
glucose regulation system for diabetes management in artificial pancreas is a challenge [1]. This paper reports our investigation on a model predictive control (MPC) with constraints
for continuous diabetes management, and its implementation
on a microcontroller for our artificial pancreas prototype.

II. M ODEL P REDICTIVE C ONTROL
Assuming the plant has m inputs, q outputs, and n1 states,
the formulation of the predictive control problem can be
stated as below:
xm (k + 1) = Am xm (k) + Bm u(k),
(1a)
y(k) = Cm xm (k),
(1b)
where u is the manipulated or input variable, y is the process
output, and xm is the state variable; Am , Bm , and Cm have dimensions of n1 × n1 , n1 × m, and q × n1 , respectively.
Denoting ∆xm (k) = xm (k) − xm (k − 1), ∆u(k) = u(k) −

T
u(k − 1), and x(k) = ∆xm (k)T y(k) , with a difference operation on both sides of (1a) and (1b), we obtain the following
state-space model:
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where om is a q × n1 zero matrix, and Iq×q is the identity matrix with dimensions of q × q.
At the sampling instant ki , we assume that the state variable x(ki ) is available to provide the current information of
the plant. Then, the future state variables are predicted for N p
samples: x(ki +1|ki ), x(ki +2|ki ), ..., x(ki +N p |ki ), and the optimal future control trajectory is described within Nc samples

(Nc ≤ N p ): ∆u(ki ), ∆u(ki + 1), ..., ∆u(ki + Nc − 1). By defining
T

∆U = ∆u(ki )T ∆u(ki + 1)T · · · ∆u(ki + Nc − 1)T , (3a)

T
Y = y(ki + 1|ki )T y(ki + 2|ki )T · · · y(ki + N p |ki )T , (3b)
and sequentially calculating the predicted future state and
output variables using the future control parameters, we obtain
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For
a
given
set-point
signal
r(ki ) =

T
r1 (ki ) r2 (ki ) · · · rq (ki )
at sample time ki , we
need to find the optimal control parameter vector ∆U so that
within the prediction horizon, the predicted output variables
are as close as possible to the set-points. The cost function
that reflects this control objective is defined as
J = (Rs −Y )T (Rs −Y ) + ∆U T R̄∆U,
(5)

T
where Rs = Iq×q Iq×q · · · Iq×q r(ki ) = R̄s r(ki ), and R̄
is a block matrix with m × m blocks of rω INc ×Nc (rω ≥ 0),
in which rω is a tuning parameter, and INc ×Nc is the Nc × Nc
identity matrix.
J
= 0 for the minimum of
From (4) and (5), by solving ∂∂∆U
J, the optimal solution is:
∆U = (ΦT Φ + R̄)−1 ΦT (Rs − Fx(ki )).
(6)
Note that only the first m elements of ∆U, ∆u(ki ), will be
utilized. At next sample time, the new state variable x(ki + 1)
is measured and used to calculate the new control trajectory.
At time ki , the state variable x(ki ) is assumed to be available. However, in practice, not all state variables are available
or measurable. A solution to this issue is to estimate the state
variable x(k) using a state observer. We calculate the state
variable x̂m (k) based on the plant model in (1), and use the
error signal of output as a feedback to improve the estimation
as below
x̂m (k + 1) = Am x̂m (k) + Bm u(k) + Kob (y(k) −Cm x̂m (k)), (7)
where Kob is the observer gain matrix.
By substituting (1b) into (7), we deduce that the error
x̃m (k) = xm (k) − x̂m (k) satisfies the difference equation:
x̃m (k + 1) = Am x̃m (k) − KobCm x̃m (k) = (Am − KobCm )x̃m (k).
For a given initial error state x̃m (0) 6= 0, we have
x̃m (k) = (Am − KobCm )k x̃m (0).
(8)
If the observer gain Kob is chosen so that the error system
matrix Am − KobCm has all eigenvalues inside the unit circle,
then the error system (8) is stable and kx̃m (k)k → 0 as k → ∞.
This means that the estimated state variable x̂m (k) converges
to xm (k).

At sample time ki , with the information of x̂(ki ) replacing
x(ki ), the estimation of state variable in (2) is modified as
x̂(ki + 1) = Ax̂(ki ) + B∆u(ki ) + Kob (y(ki ) −Cx̂(ki )). (9)
The cost function and optimal solution are similar to that
of (5) and (6), respectively, except that the term x(·) is replaced by x̂(·).
We need to modify the above solution if operational constraints are introduced to the model. The constraints are:
(1) Constraints on rate of change of all the control variables within the future control trajectory started from timestep ki :
∆U min ≤ ∆U ≤ ∆U max .
(10)
(2) Constraints on amplitude of all the control variables
within the future control trajectory:
U min ≤ U ≤ U max .
(11)
(3) Constraints on the outputs within the prediction trajectory:
Y min ≤ Y ≤ Y max .
(12)
The constraintsin (10)
 can be
 rewritten
 in a matrix form:
−I
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.
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I
∆U max

T
In (11), U = u(ki )T u(ki + 1)T · · · u(ki + Nc − 1)T ,
whichcan

 be expressed
 as

∆u(ki)
I
I O ··· O




..
U=  ...  u(ki −1)+ ... ... . . . ...  
, (14)
.
I
|{z}
C1

I
|

I

···
{z
C2

I
}|

∆u(ki +Nc −1)
{z
}
∆U

where I and O are the identity and zero matrices with dimension of m ×m. From
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 (14),we can
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Finally, solving the MPC with constraints is to find ∆U
that minimizes the cost function in (5) subject to the inequality constraints in (13), (15), and (16). This is a quadratic programming problem with linear inequality constraints:
1
(17a)
J = xT Ex + xT F,
2
Mx ≤ γ,
(17b)
where E and F can be inferred from (5); M and γ are a matrix
and a vector reflecting the constraints.
The optimization problem in (17) can be solved using various methods. This work uses a primal-dual interior-point
algorithm [2] employing the predictor-corrector method [3]
which is computational and resource efficient.

III. M INIMAL M ODEL

(18b)

in (19) isdetermined as
0.0025DG (k − kG )e−0.125(k−kG ) if k ≥ kG ,
dk =
(21)
0
otherwise,
where kG is the time-step at which the meal disturbance is
implemented.
The set-point is chosen as 5.5mmol/L in our experiments.
In addition, due to limitations on the range and possible
changes of insulin infusion rate that can be enforced by
a common insulin pump, and conditions of the output to
avoid hypoglycemia and extreme hyperglycemia, the following constraints are also imposed [8]:
0 ≤ u ≤ 80 mU/min,
(22a)

(18c)

−16.7 ≤ ∆u ≤ 16.7 mU/min,

There are many mathematical blood glucose models proposed in the literature [4]. Among them, the minimal model
proposed by Bergman et al. (1981) [5] is the most popular model due to its simplicity and physiological accuracy.
This work uses the Fisher model [6], a modified version of
the minimal model, for the regulation of blood glucose using
MPC. The model equations are
Ġ = −p1 G − X(G + GB ) + P(t),
(18a)
Ẋ = −p2 X + p3 I,
I˙ = −n(I + IB ) + u(t)/VI .

In (18), G(t) and I(t), respectively, are the differences of
plasma glucose concentration and free plasma insulin concentration from their basal values which are GB and IB , respectively; X(t) is proportional to the concentration of insulin
in the remote compartment; P(t) and u(t) are the rates of infusion of exogeneous glucose and insulin, respectively; VI is
the insulin distribution volume and n is fractional disappearance rate of insulin.
The following discrete model is obtained by linearizing the
model with the steady-state values of G = I = X = P = 0:
xk+1 = Axk + Buk + Ddk ,
(19a)
yk = Cxk ,
(19b)
where x, u and y represent the state variable, input and output
of the system, respectively; k is the discrete time-step.
With the model parameters adopted from [6]: p1 = 0, p2 =
0.025, p3 = 0.000013, VI = 12, n = 5/54, GB = 4.5, IB = 15,
and the sampling time of 5 minutes, the parameter matrices
in (19)
 are:

1 −2.115 × 101 −6.039 × 10−4


A = 0 8.825 × 10−1
4.867 × 10−5  ,C = 1 0 0 ,
0
0
6.294 × 10−1


−8.799 × 10−5

T
B =  1.118 × 10−5  , D = 5 0 0 .
3.335 × 10−1
The term P(t) in (18) represents the rate of glucose entering
the blood from intestinal absorption after a meal, and can be
estimated by the following function [7]:
DG AGte−t/tmax,G
,
(20)
P(t) =
2
tmax,G
where DG is the amount of carbohydrates digested, AG represents the carbohydrate bioavailability, and tmax,G is the time
from the beginning of the meal consumption until the absorption rate reaches its maximum. AG and tmax,G are chosen as
0.8 and 40 minutes, respectively, as in [7]. Hence, the term dk

(22b)

3 ≤ y ≤ 15 mmol/L.
(22c)
Since measurements of X are physically unavailable, and
those of I are inaccessible in practice, we need to estimate
the state variable x using an observer. Hence, the optimization
problem is listed in (17), where all the parameter matrices can
be easily inferred from (5), (9), (19), (21), and (22).

IV. R ESULTS AND D ISCUSSION
We implemented the proposed MPC design and other controller modules for glucose regulation on a microcontroller.
Since our aim is to develop a real-time implantable close-loop
glucose control system, the hardware components should be
bio-compatible, light weight, small in size, and energy efficient. The system should comprise a microprocessor that has
sufficient computational power to perform the necessary calculation in real-time. Based on these criterions and an empirical competitive study of different microcontrollers [9], Texas
Instruments (TI) MSP430F5438A, a 16-bit ultra-low-power
RISC microcontroller with 256KB Flash and 16KB SRAM,
was chosen as the processor. Other components include the
TI very-low-power RF transceiver CC1101, a small-in-size
Mitsubishi chip antenna, the Bartels mp6 micropump, an insulin reservoir, and a power-supply and charging unit.
Figure 1 shows an overview of our system. In operation
mode, the plasma glucose level is measured at an interval of
every 5 minutes by the glucose sensor. This value is transmitted to the processor which executes the MPC algorithm
to compute the insulin to be injected into the blood vessel
through the micropump. The processor can send the operating status to a base station and receive operation commands
and patient parameters from the base station through wireless communications. Both the artificial pancreas and the base
station can be connected through serial communications to a
computer for debugging, data analyzing, and patient management.
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speed of our system is comparable with that of the other designs [10, 11]. In addition, this system is highly energy efficient since most of the time the processor is on standby
mode with the power consumption rate of 2.1µA at 3.0V . The
power consumption rate in active mode is about 230µA/MHz
at 8MHz, 3.0V . The microcontroller takes less than 5µs to be
active from standby mode.
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Fig. 1: Overview of the system : (a) Block diagram; (b) Printed circuit
board of the artificial pancreas.

V. C ONCLUSION
We have proposed an implementation of MPC with constraints on a microcontroller, and apply this implementation
on the development of a real-time implantable close-loop glucose control system. The experimental results show that our
artificial pancreas has low power consumption and a reasonable small size, and the chosen microprocessor is capable of
performing the computational efficient MPC algorithm accurately and in real-time. This prototype device will be tested
in an animal experiment to be conducted this year.
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