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a  b  s  t  r  a  c  t

A  method  for  optimal  continuous  insulin  therapy  for diabetes  patients  has been  sought  since  the  early
1970s.  Although  technical  and  medical  advances  have  been  made,  a fully  automated  artificial  pancreas
to replace  the  functions  of  the  natural  organ  is  still  a research  aim.  This  review  compares  recent  con-
trol  algorithms  for type  1  diabetic  patients  which  automatically  connect  continuous  glucose  monitoring
and  insulin  injection,  without  patient  intervention.  Black-box  model  and  gray-box  model  based  control
strategies  are  described  and  their  performances  are  evaluated,  with  a focus  on  their  feasibility  of  imple-
mentation  in  a real-life  situation.  In  conclusion,  a satisfactory  control  strategy  has  not  yet  been  proposed,
mainly  because  most  control  algorithms  rely  on  continuous  blood  glucose  measurement  which  is not
lood glucose control
odel predictive control

atient model
nsulin therapy devices

yet available.  Modeling  the  effect  of  glucose  ingestion  as  an  external  disturbance  on  the  time  evolution
of blood  glucose  concentration,  is  now  the  norm  for the control  community.  In  contrast,  the  effects  of
physical  activity  on  the  metabolic  system  is not  yet  fully  understood  and  remain  an  open  issue.  Moreover,
clinical  studies  on evaluation  of  control  performance  are  scarce.  Therefore,  research  on  blood  glucose  con-
trol needs  to  concentrate  on  advanced  patient  modeling,  control  optimization  and  control  performance
evaluation  under  realistic  patient-oriented  conditions.
© 2012 Elsevier Ltd. All rights reserved.
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glucose metabolic system to be controlled.
This review evaluates state-of-the-art control algorithms which

aim to close the loop for blood glucose control in type 1 dia-
betic patients. Recent black-box and gray-box model-based control
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. Introduction

Diabetes mellitus is a widespread disease. According to the
orld Health Organisation (WHO), in 2011 approximately 346 mil-

ion people suffered from diabetes world-wide. India, China and
he USA rank among the top three countries with the largest num-
ers of diabetic patients [1].  For 2030, an increase up to 552 million
atients is prognosed by the International Diabetes Federation (see
iabetes Atlas 2011).

In the human body, the pancreas is responsible for blood glucose
ontrol. By producing and releasing the counteracting hormones
nsulin and glucagon, blood glucose concentration can be decreased
r increased, respectively, and stabilized within the physiological
ange of 70–120 mg/dl.

Diabetes mellitus is characterized by a dysfunction of the pan-
reas, often in combination with reduced insulin sensitivity. Based
n the underlying pathological mechanisms, the disease is classi-
ed into three types. Patients suffering from type 1 diabetes are

nsulin-dependent because the majority of insulin-producing ˇ-
ells in the pancreas is destroyed due to an autoimmune reaction.
atients with type 2 diabetes are initially independent of exoge-
ous insulin administration, but will become insulin-dependent
ver time. These metabolic disturbances are generally caused by
educed insulin sensitivity of the glucose-consuming cells, or dete-
iorated glucose sensing of the pancreas. Initially, this results in
ncreased insulin production and, finally, in a progressive loss of
nsulin secretion. Other forms of diabetes which are frequently non-
ermanent are caused by metabolic stress in critically ill patients,
rug-induced hypoglycemia or by pregnancy.

At the moment, insulin-dependent diabetic patients face the
Please cite this article in press as: K. Lunze, et al., Blood glucose control algo
Signal  Process. Control (2012), http://dx.doi.org/10.1016/j.bspc.2012.09.00

aily challenge of manually controlling their blood glucose con-
entration as shown in Fig. 1. After measuring their blood glucose
oncentration e.g. with a test strip, they have to determine the

ig. 1. Schematic of current glucose management process: the patient appears once
s the metabolic system to be controlled and again as the controller itself.
 . . . .  . . .  . . . . .  .  .  . .  .  . . . . .  . .  . . . . . . .  .  . . . .  . . .  .  . . .  . . .  .  .  . . . . .  .  .  .  .  .  . . . . . . . . . .  .  . .  .  . 00

appropriate size of the insulin bolus and inject it subcutaneously
with an insulin pen or pump. Thus, in the resulting discrete con-
trol loop, the patient appears twice: once as the glucose metabolic
system which has to be controlled and again as the controller
itself (cognitive system). In the decision-making process, external
disturbances and internal system changes have to be taken into
account. Since it is difficult to take all effects into consideration,
the discrete control method is often accompanied by hypo- or
hyperglycemic events. On the one hand, a low blood glucose con-
centration (<60 mg/dl) may  induce an acute medical condition,
such as sudden loss of consciousness or even coma, which can
be fatal. On the other hand, a high blood glucose concentration
(>180 mg/dl) may  not be immediately life-threatening but can lead
to severe secondary disorders, such as diabetic nephropathy, neu-
ropathy and retinopathy.

To avoid patients having to determine each insulin dose manu-
ally, and to limit the large variation in blood glucose concentration,
an artificial pancreas needs to be developed as an important scien-
tific research aim. The basic idea is to calculate the required insulin
dose using a control algorithm based on continuous glucose mea-
surements, which are obtained via a sensor without human input.
For this, a mathematical patient model may  support the compu-
tation of an appropriate insulin injection. Then, the precise insulin
dose is automatically administered via a pump that continuously
delivers insulin. Fig. 2 shows a schematic of the resulting closed-
loop system in which the patient appears only once, i.e. as the
rithms for type 1 diabetic patients: A methodological review, Biomed.
3

Fig. 2. Schematic of glucose management with an artificial pancreas: here, the
patient appears only once as the metabolic system to be controlled.

dx.doi.org/10.1016/j.bspc.2012.09.003
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lgorithms are introduced and compared, focusing on application
n patients and realization of an implantable closed-loop system.
ection 2 deals with the artificial pancreas, highlighting problems
elated to control design and evaluation. In Section 3, the char-
cteristics of the glucose–insulin metabolic system are described
nd several mathematical models of the glucose dynamics of a
iabetic patient are briefly presented. Sections 4 and 5 introduce
lack-box and gray-box model-based control strategies followed
y a discussion on the remaining technical limitations in Section 6.
inally, Section 7 presents a summary and recommendations for
uture studies, focusing on implementation of a fully-automated
rtificial pancreas.

. Artificial pancreas

.1. State-of-the-art

Clinical studies by the Diabetes Control and Complication Trial
esearch Group [2–4] and others [5] show that frequent blood glu-
ose control of diabetes patients results in smaller variations of
lucose concentration. A decrease of the incidence of secondary
iabetic disorders in turn increases the patient’s quality of life
nd reduces healthcare cost. Thus, successful development of a
ully-automated closed-loop system for blood glucose control will
enefit both insulin-dependent diabetic patients and the health-
are system.

Since the early 1970s, researchers have aimed to comprehend
iabetes and to develop a therapy support system. Until now,
owever, fundamental methodological and technological problems
emain unsolved, such as development of a glucose regulation
trategy which accounts for varying insulin sensitivity, effected by
hysical and psychical stress, and of a continuous glucose sensing
ethod for reliable long-term measurements. Several review arti-

les have focused on the problem of intravenous and subcutaneous
ontrol routes for a closed-loop application e.g. [6–10]. The latter
aper also focuses on the state of the art in insulin therapy for
ype 1 diabetic patients and comments on the recently FDA (Amer-
can Food and Drug Administration) approved proxy for an in silico
rtificial patient, for test and evaluation of controllers.

The state-of-the-art devices include pumps that provide con-
inuous subcutaneous administration of insulin, and sensors that
llow continuous subcutaneous measurement of glucose con-
entration. These devices are commercially available and have
entatively been applied to diabetes patients for open loop [11,12]
r initial closed-loop therapy under intense supervision [13–16].
owever, for safety reasons, instead of closing the loop, decision-

upport systems [15] or sensor-augmented insulin-pump therapies
5] are currently preferred in real-life situations. That means that
he patient still has to manually control his glucose concentration
nd is responsible for all related actions. Research on sensors has
ade considerable progress in recent years [17–21] and tests of

mplantable insulin pumps are ongoing [22]. Research in the control
eld for a closed-loop system is also progressing (see below).

.2. Challenges of control design

.2.1. Requirements
The design of a control algorithm for blood glucose control is

urrently challenging due to opposing requirements for control
pplication, i.e.:
Please cite this article in press as: K. Lunze, et al., Blood glucose control algo
Signal  Process. Control (2012), http://dx.doi.org/10.1016/j.bspc.2012.09.00

Blood glucose concentration needs to be stabilized in the phys-
iological range of 70–120 mg/dl to reduce the risk of secondary
disorders. This aim can be achieved by mimicking the behavior
 PRESS
ng and Control xxx (2012) xxx– xxx 3

of the natural pancreas injecting both hormones insulin and
glucagon.

• The quality of life of diabetes patients should be improved by
reducing daily skin penetration. This demand can be satisfied by
having as few minimally invasive therapeutic devices as possible,
and by requesting as few external patient data as possible e.g. on
weight, actual glucose ingestion and muscular activity.

Therefore, an appropriate approach for glucose control should be
able to respond to each kind of disturbance, and to rapidly adapt to
alternations in the system with as few external system information
requirements as possible (see also [7]).

In the control algorithms reviewed here, glucose concentration
is measured either in the interstitium or in blood and is defined as
controlled variable. The actuating variable is generally the insulin
infusion rate, which is applied either subcutaneously or intra-
venously. As glucagon is not included as a second control variable,
it is accepted that the behavior of the natural pancreas cannot
be mimicked in a physiological manner. The time delays associ-
ated with subcutaneous glucose sensing and insulin injection are
a serious problem for control design. Therefore, advanced control
algorithms based on patient models are needed which, in turn,
require patient information in order to adapt control performance
to system changes. Applying a nonlinear assessment technique on
the glucose control problem, Hernjak and Doyle concluded that a
linear internal model is sufficient for glucose control, but that a
simple PD control algorithm is not flexible enough for high perfor-
mance requirements [23].

2.2.2. Performance evaluation
Evaluation of control performance represents another restric-

tion to control design, as clinical studies cannot be initiated until
the safety of the algorithm has been proven. Because an overdose
of insulin can be fatal, the step between in silico and in vivo studies
is vulnerable and highly sensitive.

Control performances have recently been evaluated in a
Hardware-in-the-loop system in which the patient (Fig. 2) is
replaced by mathematical models e.g. by Dassau et al. [24]. How-
ever, for reasons of safety, for most of the reviewed control
algorithms the subsequent important step from simulation to clin-
ical study has not been made to evaluate the control performance
under real conditions.

3. Diabetes patients

3.1. Characteristics

In healthy subjects, blood glucose concentration is regulated
by the counter-regulatory hormones: insulin and glucagon which
decrease or increase the glucose level, respectively, reacting to
external and internal effects. According to [11,25], after ingestion,
it takes less than 2 h for blood glucose concentration to return to
a normal level. Thereby, pancreatic response to glucose changes
can be divided into basal rates and bolus. The natural pancreas
releases a basal rate of insulin for general glucose demand. In addi-
tion, a sudden uptake of glucose is counteracted by fast release
of insulin within approximately 4 min  to avoid a hyperglycemic
event followed by a slow second phase starting 10 min  after the
disturbance to achieve normoglycemia. This behavior is called mul-
tiphase insulin response, see [11,26–29].  Humans also have other
sensor modalities like smelling of food or chewing motion which
rithms for type 1 diabetic patients: A methodological review, Biomed.
3

can initiate a fast response of the pancreas transmitted through
the autonomous nerve system, a modality which can be labeled as
feedforward control. As will be discussed in Section 6.5,  the effect
of physical stress on blood glucose concentration is not yet fully

dx.doi.org/10.1016/j.bspc.2012.09.003
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nderstood, and hence, generally neglected when describing the
lucose metabolism.

In diabetes patients, when insulin is injected subcutaneously,
he time constant of the distribution between interstitium and
lood is reported to be 10–20 min  [20]. The measurement delay
etween blood glucose and interstitial glucose concentration is
eported to be at least 15 min  [8].  Thus, the natural glucose–insulin
ystem is artificially slowed down by up to 40 min  in total, caused
y the so-called subcutaneous control route. Note that in some pub-

ications, a total delay of up to 100 min  has been assumed [30–32,8].

.2. Mathematical models

Over the years, researchers modeled the behavior of the
lucose–insulin system in diabetes patients by applying either
n empirical approach [33,34] or the more attractive compart-
ent modelling technique based on mass balance equations which

esults in first-principles models, as described in [11,35]. The cor-
esponding glucose–insulin model is referred to here as the patient
odel.

In 1981, Bergman proposed a small nonlinear 3rd-order model
26] followed by Cobelli’s more complex proposal in 1984 [36].
he modification of Bergman’s model to a type 1 diabetic behav-
or became generally known as the minimal model.  The intention of
he model is to simulate the response of the blood glucose concen-
ration to an intravenous glucose tolerance test. Consisting of three
ompartments, the minimal model describes the behavior of glu-
ose concentration in plasma Gluciv(t) and insulin concentration
n plasma Iiv(t) which are connected by an insulin-effect remote
ompartment Iis(t)

dGluciv(t)
dt

= −p1Gluciv(t) − Iis(t)(Gluciv(t) + Gluciv,b) + d(t) (1)

dIis(t)
dt

= −p2Iis(t) + p3Iiv(t) (2)

dIiv(t)
dt

= −n(Iiv(t) + Iiv,b) + IIRiv(t)
VI

. (3)

The concentrations given are related to the basal value of insulin
iv,b and glucose Gluciv,b, intravenous glucose injection is defined
s disturbance d(t) and the actuating variable is the intravenous
nsulin infusion rate IIRiv(t). p1, p2, p3 and n are system parame-
ers and VI is an assumed intravenous insulin distribution volume
37,38]. Fig. 3 illustrates a schematic of mass transport according to
qs. (1)–(3).  The dashed line indicates the effect of one concentra-
ion on another, and the continuous lines indicate mass transports.

Motivated by these simple glucose–insulin models, other
pproaches were proposed. In 1985, Sorensen presented a patient
odel consisting of 19 differential equations including the insulin
Please cite this article in press as: K. Lunze, et al., Blood glucose control algo
Signal  Process. Control (2012), http://dx.doi.org/10.1016/j.bspc.2012.09.00

nd glucagon systems. It is often applied as a complex artificial
atient for in silico control tests [11,30] where it replaces real
atient behavior. In 2004, Hovorka et al. introduced a model
ased on 8 differential equations [39,40] which describes the

Fig. 3. Scheme of the Bergman’s minimal model.
Fig. 4. The model proposed by Dalla Man  et al. adapted from [42].

glucose–insulin system behavior in a type 1 diabetic patient with
exogenous insulin administration. In parallel, Fabietti et al. pre-
sented a 9th-order model which accounts for distinguished food
intake of glucose, starch and mixed meals [41]. More recently, in
2007, Dalla Man  et al. published a 12th-order mathematical model
of healthy humans [42] the schematic of which is shown in Fig. 4.
Dashed lines indicate the effects of one system on another, the
continuous lines indicate mass transports and the boxes outline
the systems or glucose-processing compartments. That model was
later extended to diabetic behavior by including subcutaneous
insulin administration [43]. In 2008, the FDA approved the use of a
computer simulator for in silico closed-loop tests,1 which includes
the model proposed by Dalla Man  et al. [42,43] as an artificial
diabetes patient [44].

Patient models are essential for closed-loop in silico (compu-
tational) trials, see also Parker and Doyle [45]. Moreover, such
patient models are also necessary for in vivo trials using model-
based closed-loop systems.

4. Black-box model-based control algorithms

4.1. Control idea

The idea behind a black-box model-based control algorithm is
to control blood glucose concentration without detailed knowl-
edge of the patient’s internal metabolic behavior. This method is
deployed if either no internal information about the control sys-
tem is available, or the behavior of the system is too complex to
be described from first principles. In this case, the experimentally
acquired input/output behavior of the real patient is the basis for
control design. According to [11], black-box based controllers can
be broadly categorized as:

• Curve-fitting: Measurement data are used as a basis which show
the relation between system input and output. By curve fitting,
rithms for type 1 diabetic patients: A methodological review, Biomed.
3

the value of the actuating variable u(t) is chosen depending on the
current and aimed value of the control variable, and the approxi-
mated input–output relation. For example an adequate algorithm

1 http://www.artificialpancreasproject.com.

dx.doi.org/10.1016/j.bspc.2012.09.003
http://www.artificialpancreasproject.com
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Table  1
Overview of reviewed control algorithms classifying them using the input, output and model type, part I.

Publication Control algorithm

Control strategy Internal model Input Gluc(t) Output IIR(t) Manual input Sampling time Glucose target Adaptation

Black-box model-based control strategies

Steil (2006) PID – s.c. s.c. – 5 min  (CGMS), 120 mg/dl
√

20 min BG i.v.
Dalla Man  (2007) PID – s.c. s.c. – continuous 130 mg/dl –
Gantt  (2007) Adaptive PI – s.c. s.c. – 81 mg/dl

√
Marchetti (2008) ext. PID – filt. s.c. Switch time 5 min  80 mg/dl

√
Palerm (2008) Run-to-run – i.v. s.c. – 5 times/day 80 mg/dl

√
Grey-box model-based control strategies

Parker (1999) Linear MPC Sorensen i.v. i.v. D, ? 5 min –
With Kalman filter and Lehman

Lynch (2001) Linear MPC minimal model,  s.c. i.v. ? 5 min  81.3 mg/dl –
With  Kalman filter Lehman/Fisher

Gillis (2007) Linear MPC  minimal model,  s.c. s.c. D 5 min  80 mg/dl
√

With Kalman filter Part. Hovorka
Magni (2007) Linear MPC  Red. Dalla Man  s.c. s.c. BW, D 30 min 112 mg/dl

√
Magni (2008) Nonlinear MPC  Dalla Man  s.c. s.c. BW, D 30 min 135 mg/dl –
Hovorka (2004) Nonlinear MPC  Hovorka i.v. s.c. – 15 min  6 mmol/L,

√

s.c

•

•

•

T
O

(self-adapting) 

Marchetti (2008) Feedforward-feedback ext. Hovorka i.v.
Control strategy

was applied in the Biostator® as the first bedside glucose control
system as described by Clemens et al. [46].
Lookup-table control: Lookup tables can be used as reference to
determine the necessary system input for the desired system out-
put. A linearized lookup-table is applied by Furler et al. [47] or the
extended control method by Ollerton [48]. For more publications
see [11].
Rule-based control: In a clinical situation, nurses assume that a
patient has a certain physiological status. Thus, depending on the
current and preceding system outputs, the system input is deter-
mined. The basis of decision-making is similar to the method used
in expert systems. For an adaptive basal therapy, Wang et al. [49]
developed a nine zone mosaic to adapt the control gain by pre-
scribing a basal multiplier. Here, the area, spanned by the current
Please cite this article in press as: K. Lunze, et al., Blood glucose control algo
Signal  Process. Control (2012), http://dx.doi.org/10.1016/j.bspc.2012.09.00

glucose value and the rate of change of glucose, is split into several
parts which are individually connected to the controller gains.
Common control methods: A more mathematically-based
control strategy is dependent on output error and its

able 2
verview of reviewed control algorithms classifying them using the input, output and mo

Publication Control evaluation

Meal In silico In vi

Black-box model-based control strategies

Steil (2006) 40–90 g – 10 ty

Dalla  Man  (2007) 45–70 g, adaptive Dalla Man – 

Gantt  (2007) 3–33 mg  mod. minimal model – 

Marchetti (2008) 60 g ext. Hovorka – 

Palerm (2008) Not given ext. Hovorka – 

Grey-box model-based control strategies

Parker (1999) 50 g yes, – 

Model unknown 

Lynch  (2001) 50 g Sorensen – 

Gillis  (2007) 50 g Hovorka +noise, Advi
Historical data mod

Magni (2007) 45–80 g Dalla Man (full) – 

Magni  (2008) 45–85 g Dalla Man – 

Hovorka (2004) – Evaluation 10 ty
Algorithm

Marchetti (2008) 60 g ± 50 % ext. Hovorka – 
Time-variant
. D 5 min  Time-variant

√

proportional-integral-derivative (PID) behavior [32,43,50,51].
An alternative method is the repetitive control strategy
[52].

Nowadays, for acute diabetes patients, application of a common
control method like PID is preferred as it is based on mathematical
calculations and no detailed knowledge of the patient’s behavior is
required. Steil et al. [53] ask the question if the behavior of the ˇ-
cells emulate the characteristics of a PID controller since the ˇ-cell
include a 3-phase response. Citing studies that state that the ˇ-cell
model have used three components: proportional to glucose, rate
of change of glucose and a slow increment which corresponds to an
integrator, they conclude that the ˇ-cell model is similar to a PID
controller. As this method is more likely to be included in an artifi-
rithms for type 1 diabetic patients: A methodological review, Biomed.
3

cial pancreas compared to decision-support systems, the following
section focuses on mathematical control strategies. In Tables 1 and
2, the most important control parameters are summarized and will
be discussed in Section 6.

del type, part II.

vo Settling time Future adaptation

pe 1 More robust for noise, faster settling time

Discrete measurement, robust noise response
Response to meal uptake more aggressively
Automatic control switch-off,
s.c. glucose measurement
Continuous time-dependent insulin infusion

Approx. 3 h s.c. glucose measurement
Possibly s.c. insulin infusion

Approx. 3 h s.c. glucose measurement
More aggressively performance

sory approx. 6 h Reduction of BG undershoot
e

Approx. 6 h s.c. glucose measurement
Unclear s.c. glucose measurement

pe 1 – Meal response
s.c. glucose measurement

min. 5 h s.c. glucose measurement

dx.doi.org/10.1016/j.bspc.2012.09.003
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day into four segments as shown in Fig. 6, the basal insulin demand
of the preceding day in one segment is similar to the demand during
the same segment on the subsequent day including minor changes.
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.2. Control strategies

.2.1. PID control with variable control gain
To mimic  the multiphase insulin response in natural blood glu-

ose regulation, Steil et al. applied a time-discrete PID control
trategy [27] in preliminary clinical trials using the subcutaneous
ontrol route [32]. For reasons of closing the loop virtually, Dalla
an  et al. [43] included a continuous extended version of that PID

ontrol algorithm in their simulation platform which should be
iscretised for real-life control application. The realization of the
iscrete PID control was given by

rop(k) = KP · e(k) (4)

nt(k) = Int(k − 1) + KP

TI
· e(k) (5)

eriv(k) = KPTD

(
e(k) − e(k − 1)

T0

)
(6)

IRsc(k) = Prop(k) + Int(k) + Deriv(k) (7)

ith Prop(k) corresponding to the proportional, Int(k) to integral
nd Deriv(k) to derivative behavior of the output error e(k)

(k) = Glucmeas,sc(k) − Glucsp (8)

t discrete time step k. IIRsc(k) is the resulting subcutaneous insulin
nfusion rate as the actuating variable, Glucmeas,sc(k) indicates
he current measured subcutaneous glucose concentration, and
lucsp = 120 mg/dl denotes the constant glucose setpoint. T0 is the
ampling interval. The parameter TI and TD are time constants and
he parameter KP is an amplification factor which is defined to
e dependent on the daily insulin requirement of the patient. For
ynamic reasons, the time constant TI was adapted to day and night
nd TD to the rise and fall in glucose levels.

In clinical trials by Steil et al. [32], the closed-loop system
howed good results with respect to mean glucose concentration
nd the reduction of hypoglycemic events. However, because par-
icipating patients received additional attention from medical staff,
he results should only be seen as encouraging waypoint towards
easibility. Concerning hyperglycemia caused by glucose ingestion,
t seemed to be infeasible for the PID control algorithm to decrease
he blood glucose concentration within the same time as the natural
ancreas.

To account for different risks associated with hypo- and hyper-
lycemic variation, Gantt et al. [50] developed an asymmetric PI
ontrol algorithm. Based on subcutaneous glucose measurement
nd subcutaneous insulin infusion, the proportional gain is adapted
s a function of the output error. Negative glucose variations from
ormal value are treated more aggressively than positive vari-
tions. In silico performance evaluation based on the modified
inimal model showed oscillatory response to a single meal uptake

uch that the glucose setpoint could not be reached until 4 h after
lucose ingestion. Assuming a normal day with several meals, the
symmetric PI controller showed superior performance compared
o a normal PI strategy. Hypoglycemic events could be reduced
ut not completely prevented. For the application to a closed-loop
cenario, the control algorithm has to be improved to completely
mpede hypoglycemia and to shorten the time of blood glucose
ettling to normal state after ingestion.

.2.2. Switching PID control
Marchetti et al. proposed a switching PID control algorithm

ith a time-varying intravenous glucose setpoint Gluciv,sp(t) (see
Please cite this article in press as: K. Lunze, et al., Blood glucose control algo
Signal  Process. Control (2012), http://dx.doi.org/10.1016/j.bspc.2012.09.00

q. (9))  [51] as shown in Fig. 5. Prior to ingestion, the controller
as switched off manually. The switching time to restart the con-

roller was determined by a Decision system depending on the
urrent blood glucose concentration. The basis of decision-making
Fig. 5. Switching closed-loop system including the time-varying glucose setpoint
Glucsp(t) for PID control.

about a controller restart is important as hypoglycemic events may
occur when started too early. In addition, the glucose setpoint was
changed from time-invariant to time varying in the Setpoint-switch
according to

Gluciv,sp(k∗) =⎧⎪⎨
⎪⎩

80 mg/dl if Glucf(k∗) ≤ 80 mg/dl

(Glucf(k∗) − 80) · exp

(
− k∗

�sp

)
+ 80 else

(9)

where k* is the current sampling time, �sp is a tuning parameter
and Glucf(t) is the filtered glucose value. The subcutaneous insulin
infusion rate IIRsc(k) was chosen as the control variable.

In silico trials were conducted for a 30-day period using the
extended Hovorka model to represent an artificial patient [40,54]
and applying several daily disturbances of D = 60 g glucose. A ran-
dom noise ε(t) was  added to the closed-loop system to simulate
the effect of noise on glucose measurement Glucmeas(t), and a first-
order low-pass Filter was included.

The virtual semiclosed-loop trials with manual interruptions
showed improved blood glucose concentration behavior compared
with a common manual insulin therapy. Here, responses to chal-
lenges such as meals of various size and random variations in
insulin sensitivity were analyzed. The control performance was also
promising with respect to differing patient body weights and ini-
tial glucose values. As the switching criteria for the PID controller
are dependent on direct blood glucose measurement Gluciv(t), the
proposed control algorithm needs to be modified before applying
it to a subcutaneous control system.

4.2.3. Repetitive control strategy
As an alternative method adapted from the chemical process

industry [55], Palerm et al. applied the run-to-run optimization
strategy to blood glucose control to find the best-fitting basal
insulin injection doses [52]. The idea behind the run-to-run strategy
is based on the assumption that one day is similar to the preceding
one, including ingestion times and meal sizes. Thus, by dividing the
rithms for type 1 diabetic patients: A methodological review, Biomed.
3

Fig. 6. Nominal basal segments for a day showing blood glucose measurements and
ingestion times.

dx.doi.org/10.1016/j.bspc.2012.09.003
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To effectively measure blood glucose concentration, five time
oints were selected which are indicated by Gluci, i = 1, . . .,  5,

n Fig. 6. For simulation studies over several days, it holds that
luc1 = Gluc6. To test the control performance in silico, the Hovorka
odel [40,54] was used as an artificial patient. It was  extended with

 circadian variation model of insulin sensitivity to mimic  the diur-
al sensitivity alternation [52]. The control response was compared
o manually optimized basal insulin infusion profiles from a group
f diabetic subjects. It could be shown that within approximately

 days, the algorithm converged to a behavior which successfully
djusts the basal infusion rates such that hypoglycemic events do
ot appear.

The repetitive blood glucose control strategy focuses on the
daptation of the basal insulin infusion rate. It cannot respond to

 rapid change in glucose concentration which may  cause severe
yperglycemia. Therefore, the control method should be advanced
uch that it calculates continuous time-dependent insulin infu-
ion doses and counteracts extreme blood glucose variations. The
imiting factor for real-life application is the prerequisite, that each
ay has to pass almost identically to other days.

. Grey-box model-based control algorithms

.1. Control idea

Grey-box model-based control strategies involve a model of the
ontrol system for two reasons:

The control algorithm includes a plant model as internal model
for prediction properties.
In the closed-loop system, the plant model is used instead of
the real control system for in silico control design and control
performance evaluation.

ith an internal patient model, the control algorithm may  predict
he blood glucose trajectory and anticipate critical events. Further-

ore, the control performance can be safely optimized by using
 patient model before the application to a real diabetic patient.
urrently, the following control methods are conceivable among
thers for blood glucose regulation:

Feedfoward-feedback control: By estimating the effect of external
disturbances based on a process model, a feedfoward controller
preprocesses the control setpoint according to the disturbance
long before the disturbance impact can be measured.
H∞ control: Based on a process model and assumed reasonable
state and parameter uncertainties, the control algorithm can
be designed for robust control response. Hence, small system
variations should not destabilize the controller. H∞ control meth-
ods are advanced robust control strategies which account for
worst-case system gains. Several controllers for blood glucose
application have already been published like the robust track-
ing problem by Ruiz-Velázquez et al. [56], a robust controller by
Parker et al. [57] which uses linearized system models for the
design and the optimal H∞ insulin injection controller for ICU
application by Chee et al. [58].
Robust control: Sliding mode control belongs to the class of
robust controllers which include H∞ control. García-Gabín et al.
[59] proposed a two degree of freedom controller. It includes a
sliding-mode feedback controller tracking a desired glucose level
in conjunction with a feedforward controller which prescribes
Please cite this article in press as: K. Lunze, et al., Blood glucose control algo
Signal  Process. Control (2012), http://dx.doi.org/10.1016/j.bspc.2012.09.00

insulin boli in response to a scheduled meal. Kaveh and Shtessel
[60] augmented the system model with an integrator to elimi-
nate the deliterious effects of chattering which is inherent in any
sliding-model controller.
Fig. 7. Scheme of MPC  method including optimization algorithm and plant model.

• Model-predictive control: One of the strongest motivation for the
use of model predictive control (MPC) is the ability to incorpo-
rate hard constraints on the state and control variables. Since MPC
requires solving an optimization problem repeatedly, computa-
tional cost has often been a deterrent for its applications for all
but the systems that have very slow dynamics. However, with the
development of powerful convex optimization solvers, applying
MPC  controllers for blood glucose regulation is becoming feasible
see [31,37,61].  Dua et al. [62] present a parametric programming
approach which generates explicit relationship between the cur-
rent blood glucose concentration and the constrained optimal
control profile.

The following sections are focused on linear model predictive
control (LMPC) and nonlinear MPC  (NMPC) strategies which include
either a linear or a nonlinear internal model, as well as on feedfor-
ward control methods.

5.2. Model-predictive control

5.2.1. Strategy
An MPC  algorithm is able to synthesize a control action in antic-

ipation of the expected system response. Furthermore, it allows
including constraints for the system state and control signals in
the design [63]. Therefore, these algorithms are usually applied to
systems when it is preferable to operate near constraint bounds
specified by physiological limits and when signals are subject to
large time delays. Fig. 7 shows a general schematic of a closed-loop
system based on MPC. The most important requirement for the
application of an MPC  algorithm is the knowledge of the entire sys-
tem state. In biomedical engineering, the first-principles-method
is generally applied for plant modeling which results in a state
space representation. Transfer function models are rarely used for
empirical modeling approaches. Hence, for the case of state space
representation, if it is not possible to measure the entire system
state, a state estimator has to be included to estimate the unmea-
sured states.

The strategy of an MPC  algorithm is to find the best-fitting
process input u(k) with respect to the constraints, such that the
future plant output y(t) converges towards the reference trajectory
r(k + i|k) to track the setpoint ysp(t). The Target projector updates
the best-fitting reference trajectory r depending on the setpoint
and the current plant output such that y converges as rapidly as
possible to ysp. With respect to a priori known disturbances such
as periodic disturbances, MPC  can compensate for anticipated devi-
ations of the output due to the disturbance. In contrast, unknown
rithms for type 1 diabetic patients: A methodological review, Biomed.
3

(non-periodic) disturbances which have not been approximated by
a general disturbance model cannot be anticipated in advance and
consequently cannot be accounted for in time.

dx.doi.org/10.1016/j.bspc.2012.09.003
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The strategy can be realized by minimizing an objective func-
ion J(k) with respect to �u  over the optimization horizon HC ∈ I N
epending on the prediction horizon HP ∈ I N. The objective func-
ion is generally given by

(k) =
HP∑
i=1

||r(k + i|k) − ŷ(k + i|k)||2Q (i) +
HC−1∑
i=0

||�û(k + i|k)||2R(i), (10)

here ŷ(k + i|k) is the internally predicted plant output and �û(k +
|k) is the manipulated actuating variable increment at a future time
tep, k + i, which is predicted at the current time step, k. Q(i) and R(i)
re symmetric positive definite matrices in quadratic form, which
ould be a function of time. The tuning parameters for control adap-
ation are the horizons HP > HC > 1, the matrices Q and R and the
eference trajectory r. In Fig. 7, d(t) is the real process disturbance
nd d̂(t) is the estimated counterpart. The simplest assumption in
inear models is an additive disturbance.

By minimizing the objective function J(k) with respect to �u,
he convergence of ŷ towards r is stated and, thus, the best-fitting
rocess input û(k + i|k) for the subsequent discrete time steps i is
alculated. Generally, the control output is optimized for the con-
rol horizon HC and the calculated control action is applied for time
tep k before re-optimizing the control variable after shifting the
ontrol horizon by one sampling interval. The prediction horizon
P and the control horizon HC remain at the same length which is
hy the process is called the receding horizon principle. For blood

lucose application, the process input is optimized after each con-
rol step to prevent large deviation between the model and the real
ystem behavior.

.2.2. Application
The main problem for current closed-loop blood glucose control

ystems is the delayed system’s dynamics caused by the lack of a
ontinuous blood glucose sensor. The aim of applying an MPC  algo-
ithm on the trajectory of diabetic glucose concentration is that it
an improve control performance by accounting for the time delay.
ased on the internal patient model and estimated disturbances,
he MPC  algorithm can predict critical events and anticipate the
mpact of the disturbance by adapting the current insulin dose in
ime [64].

In addition, the control variable u(t) can be bounded by defining
onstraints with respect to pump mechanism. Hence, the maxi-
al  and minimal clinical acceptable insulin injection amount per

ay, the resulting limited insulin infusion rate and the insulin
nfusion rate deviation can be considered. Furthermore, blood
lucose concentration can be bounded with respect to critical lev-
ls.

However, these predictive properties require manual control
nputs such as upcoming external disturbances d(t), or individual
atient parameters.

.2.3. State estimation
The most important requirement for the application of an MPC

trategy is the need for the complete system state information. If
he state is not entirely known, a Kalman filter can be used for the
urpose of state estimation.

The idea of the Kalman filter is to calculate the missing indi-
idual states based on the known plant inputs, the measured plant
utputs, and a linear discrete state-space model of the plant. For
ach control step, the unknown states are estimated and, depend-
ng on the current measurement and a defined Kalman filter gain,
Please cite this article in press as: K. Lunze, et al., Blood glucose control algo
Signal  Process. Control (2012), http://dx.doi.org/10.1016/j.bspc.2012.09.00

he states and the Kalman filter are updated. Details on the Kalman
lter are given e.g. in [31,63,61].

With regard to the challenge of blood glucose control, the glu-
ose concentration is generally the sole measured value in order
 PRESS
ng and Control xxx (2012) xxx– xxx

to reduce patient penetration. Thus, all other internal concentra-
tions which are assumed in the linear compartment model are
estimated by a Kalman filter, except for the glucose concentration in
the compartment at the sensor side. As numerous glucose–insulin
models are nonlinear the more complex state estimators such as
the extended Kalman filter, unscented Kalman filter or particle filter
need to be used to estimate the system states.

5.3. Linear MPC strategies

5.3.1. LMPC based on linear step-response model
Parker et al. [31,64] designed an LMPC algorithm including a

self-developed linear step-response model as the internal model.
Although the system description is a black-box model and the con-
trol approach should be included in Section 4, the authors took the
liberty to include it in this section since we gauged the contribution
of the paper was more focused on the proposed MPC. Here, arterial
blood sampling and intravenous insulin infusion were calculated
with a sampling time of T0 = 5 min. To simulate the artificial patient,
an extended version of the patient model by Sorensen [30,65] was
used. The performance of control response to oral glucose tolerance
tests was investigated.

The control algorithm showed satisfactory behavior applying
a 50 g glucose meal and including artificial measurement noise.
Extended by state estimation with a Kalman filter, the control
performance could be improved, meaning that control overshoots
were reduced. A limitation of the LMPC algorithm applied in a
closed-loop system is the assumption that blood glucose concen-
tration is available instantaneously. The requirement has to be
adapted to currently available glucose sensors. To test control per-
formance with assumed subcutaneous glucose measurement, the
available glucose concentration was  artificially delayed. When a
delay of more than 10 min  was  imposed, the LMPC responded with
oscillatory behavior, as demonstrated in [31].

5.3.2. LMPC based on minimal model
Lynch et al. proposed an LMPC method including the 5th-order

linearized minimal model for blood glucose control application
[37,38]. The internal model was extended by a first-order meal dis-
turbance model from either Lehmann et al. [65] or Fisher [66], and a
first-order model for glucose transport from plasma to interstitium.
The aim was  to adjust intravenous insulin injection for type 1 dia-
betes patients depending on subcutaneous glucose measurements
in the presence of several meal ingestions. The control performance
was evaluated in silico for a 50 g glucose meal including a dia-
betic version of the Sorensen model [30] as the artificial plant, and
measurement and disturbance noise. Compared to other simulated
glucose concentration trajectories, the tracking of blood glucose
was promising for both meal models. It could be shown, that exter-
nal glucose impact was completely compensated approximately 3 h
after ingestion. For future in vivo closed-loop application, the glu-
cose measurement has to be adapted for the subcutaneous control
application.

Similarly, Gillis et al. proposed a simple advisory mode LMPC
algorithm including the linearized minimal model which was
extended by submodels of Hovorka et al. [40] to describe the glu-
cose ingestion and subcutaneous insulin infusion [61]. The aim was
to adapt the subcutaneous insulin infusion rate based on subcuta-
neously measured glucose concentration which was  disturbed by a
50 g glucose meal. Initial in silico tests of the controller performance
showed desirable behavior when responding to noisy measure-
ments for small prediction horizons. Furthermore, the prediction
rithms for type 1 diabetic patients: A methodological review, Biomed.
3

mode was  extended by adding an unknown disturbance term to the
internal model to compensate for subject-model mismatch and the
lack of meal information. Without meal announcement, the control
advice was  not as effective as with ingestion information, but it was

dx.doi.org/10.1016/j.bspc.2012.09.003
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etter than a manual insulin therapy. The glucose setpoint could be
eached within 6 h following the glucose ingestion.

.3.3. Discrete LMPC based on Dalla Man’s model
Based on the patient model of Dalla Man  et al. [43,42],  Magni

t al. [67,68] proposed a linear discrete MPC  algorithm. The
im was to design a control algorithm including a model with
nput–output representation to avoid state estimation. Hence, the
emaining tuning parameters to minimize the resulting quadratic
iscrete-time objective function J(k) with

(x(k), u(.)) =
N−1∑
i=0

(
||ysp(k + i|k) − ŷ(k + i|k)||2QD

+ ||u(k + i|k)||2RD

)
+ ||ysp(k + N|k) − ŷ(k + N|k)||2SD

(11)

ith the positive scalars QD, RD and SD, and the prediction hori-
on N. Here, ysp(k + i|k) = 135 mg/dl are the future setpoints at time

 + i which is assumed to be constant, and ŷ(k + i|k) is the predicted
lood glucose concentration at time k + i which can be calculated by
pplying a reduced discrete state-space model. For control applica-
ion, it was assumed that ingestion can be modeled as additive out-
ut disturbance and blood glucose trajectory is not far away from
he equilibrium point of model linearization. Online-optimization
f the controller was renounced and is promised to be a future topic.

To test the control performance in silico, the entire
lucose–insulin model of Dalla Man  et al. [43,42] was used
he artificial type 1 diabetic patient. Its behavior was adapted
o 100 different patient datasets taken from the FDA approved
imulation platform. Comparison with a common PID control
ethod showed improved glucose concentration behavior during

-day simulations such that the blood glucose concentration was
loser to the setpoint and no hypoglycemic event occurred. In
uture, glucose measurement has to be changed to subcutaneously
ensing devices.

.4. Nonlinear MPC  strategies

.4.1. NMPC with Dalla Man’s model
Following the linear and discrete model predictive controller

see Section 5.3), Magni et al. proposed a continuous NMPC algo-
ithm [68] based on the entire nonlinear glucose–insulin model of
alla Man  et al. The objective function in Eq. (11) was changed to

he continuous function

(t) =
∫ t+HP

�=t

[
(r(�) − ŷ(�))T Q(r(�) − ŷ(�)) +

+ (u(�) − u(t))T R(u(�) − u(t)
]

d� (12)

here t is the current time when optimization is started and HP
he prediction horizon, Q and R are tuning matrices, r(�) is the
esired blood glucose trajectory, ŷ(�) denotes the predicted blood
lucose concentration, and u(t) and u(�) define the current and
uture process input, respectively, where the latter has to be piece-
ise constant. Here, u(t) = IIRsc(t) denotes the subcutaneous insulin

nfusion rate. Initial in silico trials with Dalla Man’s model as the
rtificial patient showed that the NMPC algorithm has the poten-
ial to improve glucose regulation response compared to LMPC
pplication by reducing post-prandial hyperglycemia. However,
ecause NMPC requires increased computational effort compared
Please cite this article in press as: K. Lunze, et al., Blood glucose control algo
Signal  Process. Control (2012), http://dx.doi.org/10.1016/j.bspc.2012.09.00

ith LMPC, it needs to be established whether this additional
xpenditure is worthwhile [68]. As the resulting plots and the given
etpoints are not consistent, the settling time of blood glucose con-
entration after glucose ingestion cannot be clearly determined.
Fig. 8. Block diagram of the adaptive MPC  algorithm adapted from [40].

5.4.2. NMPC adaptive to insulin sensitivity
Based on their 8th-order nonlinear glucose–insulin model as the

internal model, Hovorka et al. presented the self-adapting NMPC
algorithm shown in Fig. 8 [40]. The aim was to control diabetes
patients in fasting conditions. Compared to other MPC  algorithms,
this concept includes the option for self-adaptation of the con-
trol algorithm with respect to some insulin sensitivity-dependent
parameters. As the insulin sensitivity of glucose-consuming cells
changes according to the day time, physical activity, patient age and
health status, parameter adaptation may  account for system alter-
nation. Thus, the parameters p1 . . . p6 which describe the insulin
sensitivity are re-estimated at each control step depending on the
current plasma glucose measurement Gluciv(t). Bayesian param-
eter estimation is applied for this procedure and computes the
following objective function Jp(k) to find the best-fitting parameter
set in the Parameter optimizer-block in Fig. 8

Jp(k) =
{

NW∑
i=1

wk−i

[
ŷ(k − i|p1...p6) − Gluciv(k − i)

]2 +
6∑

i=1

p2
i

}
.

(13)

The objective function has to be minimized with respect to the
parameter −2.5 ≤ p1 . . . p6 ≤ 2.5 within the retrospective learning
window NW, the length of which is chosen by an internal algorithm.
wk−i is a weighting factor which is the reciprocal of the squared
measurement error, ŷ(k − i|p1...p6) is the model predicted blood
glucose concentration at time k − i for given parameters p1 . . . p6,
and Gluciv(k − i) is the measured blood glucose concentration. The
Target projector-block determines the reference trajectory for blood
glucose concentration depending on the difference from the set-
point of 6 mmol/l.

Insulin was  injected subcutaneously according to the computed
subcutaneous insulin infusion rate IIRsc(k) and with respect to
four Safety schemes. Before testing the control performance on
real patients, in silico tests were performed according to a special-
ized methodology [69] including life-adapted and system-dynamic
adapted variations. The first clinical studies during fasting con-
ditions in 10 type 1 diabetic patients showed promising results,
even with simulated glucose measurement delays of 30 min. This
procedure was performed to investigate control behavior with
subcutaneous glucose sensing. In Fig. 8, D and D̂ as the real and
estimated glucose ingestion size, respectively, were included for
reasons of completeness, but have not yet been used in the control
application because fasting conditions were the focus for control
rithms for type 1 diabetic patients: A methodological review, Biomed.
3

validation. In the future, glucose disturbances have to be taken into
account for control performance evaluation.

dx.doi.org/10.1016/j.bspc.2012.09.003


ARTICLE ING Model

BSPC-347; No. of Pages 13

10 K. Lunze et al. / Biomedical Signal Processi

F
p

5

p
P
w
e
G
p

g
i

•

•

T
o
t

w
g
t
c
d
s

G

w

I

w

G

G

i
s
s
a

ig. 9. Block diagram of a feedforward-feedback control strategy for type 1 diabetic
atients.

.5. Feedforward-feedback control

To avoid critical states like hypoglycemia, Marchetti et al. pro-
osed a feedforward-feedback control strategy [51,70].  For it, the
ID control algorithm introduced in Section 4 was  augmented
ith a Feedforward controller. This modification is intended to

nhance the feedback control by online adjustment of the setpoint
lucsp(t) and the actuating variable IIRsc(k) through simulated
atient behavior. The corresponding schematic is shown in Fig. 9.

Taken from industrial process control, a feedforward control
enerally consists of a lead-lag approximation of the plant given
n Eq. (19). For control design, information is required on

the effect of subcutaneous insulin infusion rate IIRsc(k) = u(k) on
blood glucose concentration Gluciv(t) = y(t), and
the effect of measured glucose disturbance D = d(k) by ingestion
on blood glucose concentration Gluciv(t) = y(t).

hus, the glucose concentration variation induced by step changes
f the input variables is approximated by first and second-order
ransfer functions

Gluc�
iv,ff(s)

R̂�
G,abs(s)

= Gd(s) = Kd

�ds + 1
(14)

Gluc�
iv,ff(s)

IIRff(s)
= Gp(s) = Ke−�s

(�1s + 1)(�2s + 1)
(15)

ith R̂�
G,abs(s) defined as the deviated glucose absorption of the

ut and IIRff(s) as the deviated insulin infusion rate. The aim of
he feedforward control algorithm is to balance the blood glucose
oncentration effected by external disturbances, i.e. the estimated
eviation of blood glucose concentration Gluc�

iv,ff(s) from steady
tate has to be reduced. Hence, it holds

d(s) · R̂�
G,abs(s) + Gp(s) · IIRff(s) = 0 (16)

hich results in the feedforward control law

IRff(s) = Gff(s) · R̂�
G,abs(s) (17)

here

ff(s) = −Gd(s)
Gp(s)

(18)

ff(s) = −Kd

K

(�1s + 1)(�2s + 1)e�s

�ds + 1
≈ −Kf

�3s + 1
�4s + 1

(19)
Please cite this article in press as: K. Lunze, et al., Blood glucose control algo
Signal  Process. Control (2012), http://dx.doi.org/10.1016/j.bspc.2012.09.00

s a lead-lag approximation of the glucose–insulin system which
erves as feedforward controller. As glucose uptake has the oppo-
ite effect on blood glucose concentration than insulin injection, Gd
nd Gp have opposite signs as can be seen in Eq. (18). The remaining
 PRESS
ng and Control xxx (2012) xxx– xxx

parameters �3, �4 and Kf are tuned based on the minimization of
the integral absolute value for the control error

e(t) = Gluciv,sp(t) − Gluciv(t). (20)

The extended glucose–insulin model by Hovorka et al. [40,54]
was chosen as the Patient model in the feedforward loop as well as
the artificial Patient for in silico trials (see Fig. 9). In addition, its gut
absorption submodel was  applied separately as Gut glucose absorp-
tion model to preprocess the input of the feedforward controller.
D and D̂ denote the real and estimated glucose ingestion amount,
respectively, R̂G,abs(k) is the calculated glucose absorption rate of
the gut, and IIRff(k) and IIRfb(k) are the prescribed insulin infu-
sion rates dimensioned by the feedforward and feedback control,
respectively. Finally, Gluciv(t) denotes blood glucose concentration.

Simulation studies of the closed-loop system showed that the
feedforward-feedback control algorithm successfully responds to
changes of 50 % of insulin sensitivity and incorrect meal estimates.
During simulations, the constraint towards lower glucose concen-
tration, i.e. hypoglycemia, was  reported to be violated when insulin
boli were over-estimated based on 50 % increased insulin sensitiv-
ity. Adaptation of Kf according to the current basal insulin infusion
rate and upcoming meal size showed reduced hypoglycemic inter-
vals. Hence, setpoint adaptation combined with a feedforward
control strategy shows a promising control performance.

This control strategy mainly depends on the accuracy of the
patient model, as this influences the actuating variable by a feed-
forward control. Thus, a more complex dynamic model might be
required to improve control performance and to reduce possible
subject-model missmatch. In addition, another artificial patient
should be applied for in silico trials to test robust control perfor-
mance and for closed-loop application, glucose sensing has to be
adopted.

6. Control limitations

6.1. Control overview

Table 1 compares the reviewed control algorithms for blood
glucose control with a focus on the most important control parame-
ters. In Table 2, the control performance evaluation is summarized
including blood glucose settling time and possible future control
adaptations for performance improvement. The first named author
and the publication year of the paper indicate the adequate control
algorithm which are applied in both tables. Based on the classifica-
tion used in the present review, the control algorithms are divided
into black-box and gray-box model-based strategies. The utilized
abbreviations are as follows: ext. = extended, red. = reduced, mod. =
modified and part. = partially, BW is the patient’s body weight and D
the glucose ingestion as external disturbance. Furthermore, glucose
concentration Gluc(t), which represents the controlled variable can
be measured subcutaneously (s.c.), intravenously (i.v.) or is already
filtered (filt., Fig. 5). The actuating variable is the insulin infusion
rate IIR(t) which is administered either subcutaneously (s.c.) or
intravenously (i.v.). The control sampling times and the glucose
target are also given. Finally, it is important to note whether the
control algorithms adapts to intrapersonal changes. Further man-
ual inputs, which are touched but not explicitly named, are marked
by question marks.

With regards to the evaluation of the controller, a distinction
rithms for type 1 diabetic patients: A methodological review, Biomed.
3

is made between in silico and in vivo tests. Table 2 includes infor-
mation whether or not the control behavior was evaluated with
respect to ingestion response, which is simply called a Meal, and to
the quantity of glucose ingested.

dx.doi.org/10.1016/j.bspc.2012.09.003
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.2. Performance evaluation

Most of the reviewed control algorithms assume continuous
ntravenous glucose measurement. However, because no adequate
ensor device is available, the algorithms have not yet been applied
n clinical studies for closed-loop diabetic insulin therapy.

For those algorithms addressing adequate sensor devices, the
tep from in silico to in vivo application did not appear sufficiently
afe for the patient. Therefore, the performance of the controllers
as generally evaluated by application on simulation platforms

nly [44,69]. Of the 12 control algorithms discussed here, only
 algorithms were tested as closed-loop systems in clinical trials
hich were performed similar to that of Hovorka et al. [40] and

teil et al. [32]. In other clinical trials, the feasibility of closed-loop
pplication was investigated as presented in [22,71,72].

.3. Time delays

The challenge of mimicking the natural closed-loop behavior
ith state-of-the-art diabetes therapy devices are the large time
elays induced by subcutaneous glucose measurements and the
ffect of subcutaneously injected insulin on glucose metabolism.
ecause the response of black-box model-based control algorithms
o disturbances is slowed down, a rapid increase in blood glucose
annot be prevented in reasonable time by applying a common PID
ontrol algorithm. This control strategy can only be used for initial
losed-loop trials.

To stabilize blood glucose concentration at normoglycemia,
dvanced control algorithms are preferred, such as MPC  or
eedforward-feedback control. These gray-box model-based strate-
ies include information on the patient’s glucose metabolism and,
hus, may  prevent critical events, depending on the accuracy of the
nternal model.

.4. Actuating variables

Due to control simplification and reduced patient penetration,
nsulin is generally used as the sole system input (cf. Table 1) and
he counter hormone glucagon is ignored as an actuating variable.

As insulin is responsible for a decrease in glucose concentration,
he controller has to be designed with a slow dynamic behavior
n order to avoid hypoglycemic events. This requirement is valid
or single-input control algorithm, but is even more important for
lack-box model-based control strategies than for gray-box model-
ased ones. Especially the internal patient models in the latter
ontrol strategy are modified by supplementary external informa-
ion such as the patient’s body weight. Impending glucose ingestion

ust be announced in order to adapt the calculations of insulin dose
o reduce hyperglycemia and impede hypoglycemic events.

Table 1 shows that almost all gray-box model-based control
trategies require supplementary patient information (manual
nput), which increases the manual effort but improves the con-
rol performance. In contrast, the black-box model-based control
trategies do not need extra patient information.

.5. Disturbances

Several external and internal disturbances change the behavior
f the diabetic patient:

Glucose ingestion and physical activity have a considerable
impact on the patient’s blood glucose concentration. According
Please cite this article in press as: K. Lunze, et al., Blood glucose control algo
Signal  Process. Control (2012), http://dx.doi.org/10.1016/j.bspc.2012.09.00

to patient models reviewed in [11] and summarized in Table 1,
glucose uptake through the gastro-intestinal tract is assumed to
be well understood. In contrast, the influence of physical activity
on glucose metabolism is not yet fully elucidated and is generally
 PRESS
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ignored. Initial model approaches have been reported by Der-
ouich et al. [73], Breton [74] and Dalla Man  et al. [75], and an
overview of therapeutic measures is provided by Nagi et al. [76].

• Diurnal variation of insulin sensitivity of the glucose-consuming
cells affects the essential amount of plasma insulin. This behavior
depends, for example, on eating and sleeping times (see [42]).

• Interpersonal differences also exist: for example, glucose storage
and consumption differ between individuals depending on age,
health and gender, etc. [77].

Thus, a patient’s specific insulin demand depends on external
disturbances and intracorporeal metabolic changes, and differs
between individuals.

Some of the reviewed control algorithms are able to adapt to
the individual patient and minor system changes as indicated
with a check in Table 1. Especially black-box model-based control
strategies have the advantage that they do not require specific
patient information for satisfactory control performance. Hence,
PID control seems to be suitable for application to blood glucose
control with respect to unknown external disturbances. In con-
trast, gray-box model-based algorithms are able to control blood
glucose concentration in a tighter way, by adapting the internal
model to the patient’s individual behavior with the information
provided. Their performance is based on specifying the time and
size of the meal, but, due to missing models, they are not yet able
to react to physical activity (e.g. sports).

7. Conclusion

This review compares black-box and gray-box model-based
control algorithms, which aim to be applied to a closed-loop blood
glucose control in type 1 diabetic patients. Black-box model-based
control algorithms have a simple structure, do not require detailed
information about the patient’s internal behavior, and are easily
designed. However, their performance is not optimal due to large
time delays, and system changes such as alterations in insulin sen-
sitivity are typically not accounted for except some approaches
presented here (see [27,40]).

In contrast, as model-based control algorithms predict the plant
behavior they may  prevent critical events from occurring. As their
response depends on the accuracy of the internal model, control
performance degradation is caused by model-induced system sim-
plification and neglected adaptation to the individuals patient’s
glucose metabolism.

In future studies, the focus should be on the following topics:

• Control methods: The focus of control theory should be on
control strategies which automatically respond to disturbances
without the need of additional patient information, show an opti-
mal  performance concerning time delays, and might be extended
to include glucagon as a second actuating variable.

A research group in Boston, MA,  investigated control algo-
rithms with insulin and glucagon as actuating variables [78,79],
followed by first clinical trials. According to [71], the initial
closed-loop trials showed promising behavior, which can be used
for further investigations.

• Performance evaluation: The proposed control algorithms have
to be evaluated in vivo to obtain realistic results in relation to con-
sequences for real-life situations. To reduce the step between in
silico and in vivo evaluation see Kovatchev et al. [80,44],  preclin-
rithms for type 1 diabetic patients: A methodological review, Biomed.
3

ical trials could be performed in animals with similar metabolic
behavior to humans such as pigs, as proposed by El-Khatib et al.
[81]. Also, extension of the patient models by simulating the effect
of physical activity will improve in silico control evaluation.

dx.doi.org/10.1016/j.bspc.2012.09.003


 ING Model

B

1 rocessi

•

a
s
t
a
w
c
d
b
b
a
t
l
t

R

[

[

[

[

[

[

[

[

[

[

[

[

[

[

[

[

[

[

[

[

[

[

[

[

[

[

[

[

[

[

[

[

ARTICLESPC-347; No. of Pages 13

2 K. Lunze et al. / Biomedical Signal P

Therapy devices: To enhance blood glucose control, a reliable
sensor to measure blood glucose on the longer term is required
as also stated in [6,8,64]. This will reduce the control prob-
lem of large time delays between reaction and measurement. In
combination with an implantable insulin pump, an implantable
artificial pancreas in a closed-loop system could then be devel-
oped.

In conclusion, several problems remain to be solved before an
utonomous blood glucose control system becomes a reality. A
ignificant shortcoming of existing sensors is their inability to func-
ion for long periods of time without calibration. In addition, the
vailable sensors measure glucose concentration in adipose tissue
hich is time delayed and dampend compared to blood glucose

oncentration. Consequently, control strategies have to anticipate
isturbances effecting blood glucose concentration. Until such a
lood glucose sensor becomes available, control strategies need to
e improved by elaborating on the glucose–insulin model so that
n optimal insulin therapy for diabetes patients based on subcu-
aneous devices is possible. For evaluation of control performance,
arge animal studies should reduce the transition time to clinical
rials under real-life conditions.
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51] G. Marchetti, M.  Barolo, L. Jovanovič, H. Zisser, D.E. Seborg, An improved PID
switching control strategy for type 1 diabetes, IEEE Transactions on Biomedical
Engineering 55 (3) (2008) 857–865.
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