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Diabetes mellitus, which is characterized by elevated blood
glucose levels (BGLs), affects more than 250 million people
globally, making it one of the major chronic medical con-
ditions prevailing today. Expert short-term management is
essential to delay or prevent serious long-term complications
occurring, such as blindness, amputations, heart disease, and
kidney failure. Life-threatening short-term complications
can also occur due to both very low BGLs (hypoglycaemia)
and very high BGLs (ketoacidosis or hyperosmolar coma).

Technology now plays an increasingly important role in
diabetes healthcare and is continuing to revolutionize day-to-
day management (and treatment of complications) for mil-
lions of people with the condition, improving the prognosis
and reducing healthcare costs. Diabetes technology includes
the following topics: (1) blood glucose meters, including
invasive and noninvasive devices, and meters with artificial
intelligence for improved dosing recommendations and also
artificial intelligence modeling and educational and advisory
software; (2) insulin delivery systems, including pump tech-
nology that assist users toward improved physiologic short-
term and long-term BGL management; (3) methods which
combine a continuous BGL sensor, insulin pump, and con-
trol algorithms for creation of an artificial pancreas; (4)
retinal screening procedures involving advanced imaging
technologies and algorithms; (5) new technologies and
signal analysis techniques for detecting diabetic autonomic
neuropathy (DAN); (6) advanced therapeutic devices or

approaches such as photocoagulation or laser technology for
treating retinopathy; (7) sophisticated CAD/CAM orthotic
and shoe design techniques to prevent diabetic foot damage
through ulceration and improve mobility; (8) sophisticated
electronic lancing techniques for obtaining blood samples;
(9) communication protocols and systems for implementing
a robust and effective telediabetes infrastructure.

This special issue addresses current and proposed tech-
nologies for diabetes management and healthcare, with
particular regard to recent innovations, and covers a rep-
resentative selection of the above topics. It reports major
achievements by academic and commercial research insti-
tutions and individuals and provides an insight into fu-
ture developments within this exciting and challenging
area. A major annual conference which covers all the
above topics is Advanced Technologies and Treatments
for Diabetes (ATTD), and the next conference will be
held in Barcelona, Spain, from 8 to 11 February, 2012
(http://www2.kenes.com/attd/Pages/home.aspx).

Mathematical modeling of plasma insulin and blood
glucose is an important research topic, which has major im-
plications in BGL simulation, prediction, and control algo-
rithm design for the artificial pancreas. The first paper,
“Development of AIDA v4.3b diabetes simulator: technical
upgrade to support incorporation of lispro, aspart, and glargine
insulin analogues,” by Lehmann et al., describes a number
of clinical and information technology enhancements to
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the popular and freely accessible AIDA diabetes simulation
software. A new model of subcutaneous insulin absorption
is incorporated, and this revised approach permits the
simulation of insulin profiles for rapidly acting and very
long-acting insulin analogues, as well as larger insulin
injection doses. The program’s continued operation under
the Windows XP, Windows Vista, and Windows 7 operating
systems overcomes certain display limitations with older
versions of the software and extends the useful life of the
existing AIDA v4 program.

The second paper, “Blood glucose prediction using artifi-
cial neural networks trained with the AIDA diabetes simulator:
a proof-of-concept pilot study,” by Robertson et al., describes a
pilot study using Elman recurrent artificial neural networks
(ANNs) to make BGL predictions based on a history of BGLs,
meal intake, and insulin injections. Twenty-eight datasets
(from a single case scenario) were compiled from the AIDA
diabetes simulator, and encouraging glucose predictions
were obtained, due to the model-based nature of AIDA. It
was found that the most accurate predictions were achieved
during the nocturnal period of the 24-hour cycle.

The third paper, “Quasi-model-based control of type 1
diabetes mellitus,” by György et al., presents an optimal con-
troller design framework to investigate insulin-dependent
(Type 1) diabetes from a control theory point of view.
Starting from a recently published glucose-insulin model,
a Quasi Model with favourable control properties is devel-
oped, minimizing the physiological states to be taken into
account. The purpose of the Quasi Model is not to model
the glucose-glucagon-insulin interaction precisely, only to
grasp the characteristic behaviour such that the designed
controller can successfully regulate the unbalanced system.
Different optimal control strategies (pole placement, LQ,
minimax control) are designed on the Quasi Model, and
the obtained controllers’ applicability is investigated on two
more sophisticated Type 1 diabetic models using two ab-
sorption scenarios.

The fourth paper, “Time-varying procedures for insulin-
dependent diabetes mellitus control,” by Sánchez Peña et al.,
considers the problem of automatically controlling the
glucose level in patients with Type 1 diabetes. The objective
was to include several important and practical issues in the
design: model uncertainty, time variations, nonlinearities,
measurement noise, actuator delay and saturation, and real-
time implementation. These are fundamental issues to be
solved in a device implementing this control. Linear param-
eter varying (LPV) and unfalsified control (UC) procedures
were proposed, and the controllers were implemented with
low-order dynamics that adapt continuously according to the
glucose levels measured in real time in one case (LPV), and
by controller switching based on the actual performance in
the other case (UC). Both controllers performed adequately
under all these practical restrictions, and the paper concludes
with a discussion on the pros and cons of each method.

The fifth paper, “Regression methods for ophthalmic
glucose sensing using metamaterials,” by Rapp et al., presents
a novel concept for in vivo sensing of glucose using meta-
materials in combination with automatic learning systems.
The plasmonic analogue of electromagnetically induced

transparency (EIT) is used as a sensor, and acquired data are
evaluated with support vector machines. The metamaterial
may be integrated into a contact lens to measure the ambient
glucose concentration through changes in the sensor’s reflec-
tive optical properties. This could provide a novel method to
noninvasively measure BGLs through in situ measurements
in the eye.

Peripheral diabetic neuropathy is a serious pathological
condition which can lead to pain or loss of feeling in the
toes, feet, legs, hands, and arms. In advanced cases, this
loss of sensation can lead to foot ulceration, which is a
major contributing factor for surgical procedures, including
amputations. Good engineering design of orthoses for shoes
can help prevent those at risk from developing foot ulcera-
tion. The final paper, “Diabetic foot prevention: repeatability
of the Loran platform plantar pressure and load distribution
measurements in nondiabetic subjects during bipedal stand-
ing—a pilot study, by Zequera Diaz et al., describes a study
designed to assess the variability of plantar pressure and
postural balance during repeated Loran (pressure) Platform
measurements in nondiabetic subjects. These normative
studies provide a basis to clinically evaluate diabetic feet for
corrective orthotics.
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Introduction. AIDA is an interactive educational diabetes simulator available on the Internet without charge since 1996 (accessible
at: http://www.2aida.org/). Since the program’s original release, users have developed new requirements, with new operating
systems coming into use and more complex insulin management regimens being adopted. The current work has aimed to design a
comprehensive diabetes simulation system from both a clinical and information technology perspective. Methods. A collaborative
development is taking place with a new generic model of subcutaneous insulin absorption, permitting the simulation of rapidly-
acting and very long-acting insulin analogues, as well as insulin injections larger than 40 units. This novel, physiological insulin
absorption model has been incorporated into AIDA v4. Technical work has also been undertaken to install and operate the AIDA
software within a DOSBox emulator, to ensure compatibility with Windows XP, Vista and 7 operating systems as well as Apple
Macintosh computers running Parallels PC emulation software. Results. Plasma insulin simulations are demonstrated following
subcutaneous injections of a rapidly-acting insulin analogue, a short-acting insulin preparation, intermediate-acting insulin, and
a very long-acting insulin analogue for injected insulin doses up to 60 units of insulin. Discussion. The current work extends the
useful life of the existing AIDA v4 program.

1. Introduction

Interest in the use of information technology (IT) in diabetes
care is increasing [1, 2]. The rationale underlying this inte-
rest is the hope that computers may provide a way of imp-
roving the therapy offered to diabetic patients—permitting
more patients to be managed more intensively—in line
with the experience of the Diabetes Control and Com-
plications Trial (DCCT) [3]. However, in addition to the
landmark DCCT study [3], there have been other ran-
domised controlled trials that have highlighted the potential
benefits of a more flexible approach to diabetes care. The

DAFNE (dose adjustment for normal eating) approach has
been pioneered in Dusseldorf [4] and since the trialled
in Bucharest [5] and elsewhere [6], as well as more
recently in the UK [7]. This has shown that a structured
training course designed to maintain blood glucose (BG)
control while enabling dietary freedom—teaching diabetes
self-management skills to patients with insulin-dependent
(type 1) diabetes mellitus—can be effective in improving
metabolic control [4–7]. The hypothesis underlying this
approach is that more comprehensive teaching may lead
to attainment of the practical goals achieved in the DCCT.
Furthermore, the DAFNE educational model, which focuses
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on teaching patients the skills to self-adjust insulin dosages
for carbohydrate intake, seems also to be associated with an
improved sense of self-efficacy and treatment satisfaction [8].

The working hypothesis underlying the AIDA interactive
educational diabetes simulation approach is that there are
not enough diabetes educators to provide the sort of inten-
sive insulin therapy offered in the DCCT, and even DAFNE-
style structured teaching sessions can be workforce-intensive
and time-consuming. Therefore, perhaps computer-assisted
learning tools may be able to help in the transfer of
knowledge from health-care professionals to patients [9],
particularly if there becomes a need to offer repeat education
to people with diabetes over a longer period of time.

There are many different aspects to diabetes education;
however, learning facts is only one of these [10]. The ability
to gain experience is also of great importance. It is well
recognised that it is not ideal for patients to learn about
diabetes control solely from real-life experiences because of
the long time frames involved, aside from the possible very
real dangers of hypo- or hyper-glycemia [11]. For this reason,
it has been suggested that an interactive simulation of a
diabetic patient might offer one solution [12].

1.1. AIDA Background. AIDA is a freeware computer pro-
gram that permits the interactive simulation of plasma
insulin and BG profiles for demonstration, teaching, self-
learning, and research purposes. It has been made available
since March/April 1996, without charge, on the World Wide
Web as a noncommercial contribution to continuing diabetes
education. In the 14+ years since its original Internet launch,
over two million visits have been logged to the AIDA Web
pages at http://www.2aida.org/ and http://www.2aida.net/
and over 345,000 copies of the program have been down-
loaded, gratis (Figures 1(a) and 1(b)). Further copies have
been made available, in the past, on diskette by the system
developers [13–17] and from the British Diabetic Associa-
tion, London, UK [18].

When AIDA is run, a dialog box opens and asks the
user to select the status and individual characteristics of
the subject for simulation, including body weight and
main metabolic indices, such as renal threshold of glucose,
creatinine clearance, and peripheral and hepatic insulin
sensitivities (Figure 2(a)). These parameters serve to specify
patients with different degrees of insulin resistance and
various degrees of glycaemic impairment.

Once all the fields are set and new values are saved,
the simulation can be run. Simulation results are presented
in a graphical format (Figure 2(b)), showing blood glucose
and plasma insulin concentrations. Users can specify nearly
unlimited numbers of virtual diabetic patients and test how
different types of treatments, doses and dosing regimens, and
even lifestyle (dietary) changes affect the daily BG profile
(Figure 2(c)). If a simulated regimen is found unable to keep
glycaemia within desired limits, users can experiment with
alternative management regimens to try and improve the
daily BG pattern [19].

An estimate of medium-term BG control which will be
familiar to patients/software users is provided by the AIDA
program via the glycosylated haemoglobin (HbA1c level)

which is estimated on the basis that if the simulated BG
profile was maintained for approximately 8–12 weeks this
is the expected glycaemic control (HbA1c index) that would
result [20, 21]. People with diabetes, ideally, would be aiming
for an HbA1c of 6.0%–6.5%.

A major benefit of using AIDA is that it offers an
opportunity to try and use the patient’s own data, in
an attempt to improve their understanding of their own
diabetes. The AIDA software and underlying model have
been previously described in detail elsewhere in the literature
[10, 22, 23].

1.2. Rationale for Revising the Current AIDA Program. Based
on the large number of downloads, user comments clearly
demonstrate that the AIDA educational software has so far
stood the test of time [24–26]. Like other software products
more than 14 years after their original launch, however, the
time is ripe to consider potential revisions to the existing
AIDA program. Developments both in the clinical and
computational arena clearly point to the need to revise and
extend the current software. User comments have prompted
the systematic revision of the description and spectrum
of diabetes types, as well as interventions/lifestyle events,
handled by the AIDA model.

From a clinical perspective the existing AIDA v4 software
does not cater for the latest insulin analogue preparations
which have become increasingly used in the therapy of
people with insulin-dependent (type 1) diabetes mellitus.
Furthermore, the existing program is unable to simulate
either non-insulin-dependent (type 2) diabetic patients with
endogenous insulin secretion or management regimens
involving insulin infusions in addition to subcutaneous
boluses of insulin. New insights into the processes involving
carbohydrate metabolism should also appear in an updated
version of the educational simulator in order to fully reflect
the complexity of modern day diabetes therapy.

For instance, in clinical practice the regulation of the
BG concentration is mainly achieved by the action of three
control variables: insulin, meals, and oral hypoglycaemic
agents, but also modified by the effects of other factors, such
as physical exercise and stress. This implies a need to extend
the scope of input variables included in the underlying AIDA
model.

There are also a number of technical issues to be resolved
about the current software. The AIDA program, being DOS-
based, is now becoming somewhat dated, and there can be
issues about making use of the AIDA v4.3a downloadable
software under the Microsoft Windows XP, Windows Vista,
and Windows 7 operating systems. Furthermore, it is nec-
essary to respond to some technical requests of AIDA users
and resolve certain Turbo Pascal display problems that seem
to manifest themselves on the latest notebook computers.
The flexibility and user friendliness of the user interface
could also clearly be improved. The main features of the
current and future planned versions of the AIDA software
are contrasted in Table 1.

It is evident that AIDA should remain a user-friendly
program that implements a novel physiological model of the
glucose-insulin system. This paper aims to present both the
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Figure 1: Number of (a) visits and (b) downloads per month at the two AIDA websites (http://www.2aida.org/ and http://www.2aida.net/)
since March/April 1996 when AIDA first went live on the Internet—up to March/April 2010—just before the web launch of AIDA v4.3b.
Despite the age of the software, there continues to be considerable interest in the program with a large number of site visitors and downloads.

clinical and technical results achieved to date in the current
phase of the revision process.

2. Methods

The first update to the AIDA v4.3a program relies on several
new methods which are related to modelling, programming,
and technical issues. These novel developments will be
overviewed in turn.

2.1. Modelling Methods. The underlying AIDA model con-
sists of glucose and insulin submodels. The glucose submodel
describes the temporal evolution of the concentration of
glucose in the blood stream based on the simulated patient’s
management regimen as well as lifestyle (dietary) infor-
mation. BG levels are controlled by various glucose fluxes
into and out of the blood stream. These fluxes are complex
functions of glucose and insulin levels, some of which vary
according to a diurnal rhythm [23]. The glucose submodel

has not been revised in the first phase of the program’s
revision.

The insulin submodel encapsulates equations according
to which insulin molecules enter the circulation from
subcutaneous depots (insulin absorption) and are dis-
tributed/eliminated. As a first stage to updating the AIDA
simulator, a decision was taken to focus on the appearance of
insulin in the plasma following a subcutaneous injection—
thereby incorporating more novel insulin analogues into the
program. In a survey of 200 users of the AIDA v4 software
this was an often requested “wish list” feature for a new
release of the program [24–26].

Subcutaneous insulin absorption is a complex process
which is affected by many factors including tissue blood
flow, injection site/depth, injected volume, and concen-
tration [27]. Following a subcutaneous injection, soluble
insulin forms a subcutaneous depot, where it is present
in several multimeric, primarily hexameric and dimeric,
forms. The subcutaneous depot is cleared by absorption
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Figure 2: (a) Data entry screen for AIDA software showing the information stored by the program and used to generate its simulations. It
recounts for “Penelope Vincent”—Case Scenario number 0033 in the AIDA database—that “This young woman, who is very overweight, runs
reasonably high blood sugars during the course of the day. At present she is only injecting herself twice daily with two “shots” of intermediate-acting
insulin. How might you add in a short-acting insulin preparation to her regimen to tighten her glycaemic control? Alternatively, see if you can
decrease her carbohydrate intake—thereby perhaps helping her to lose weight—and at the same time improving her blood glucose control. . ..”
(b) Baseline simulation for “Penelope Vincent” Case Scenario number 0033 in the AIDA database using the data shown in Figure 2(a). On
the lower graph insulin intake (Insulatard) twice per day is shown as white bars with the simulated plasma insulin profile superimposed.
Also shown as brown bars are the carbohydrate intake. On the upper graph the simulated blood glucose profile is shown, with an estimated
glycosylated haemoglobin level (HbA1c) of 9.2%. (c) shows the effect on Penelope Vincent’s blood glucose (BG) profile of adding 5 units of a
short-acting (Actrapid) insulin injection at 6 : 45 am. The baseline simulation from Figure 2(b) is shown as the red curve (for comparison).
As can be seen, the addition of 5 IU of short-acting insulin reduces the BG profile during the day—and leads to an improvement in the
estimated medium-term index of the patient’s simulated glycaemic control with an HbA1cof 8.6% (reduced from 9.2% for the simulation
shown in Figure 2(b)). However, please note that, while this improves Penelope’s BG profile, this adjustment does not correct the high BG
level in the evening.

of dimeric insulin molecules into the vasculature [28].
Although absorption of hexameric insulin has been reported,
it is considered not significant as compared to dimeric
insulin [29, 30].

Various insulin absorption models have been proposed
which vary in their degree of complexity. Virtually all of them
handle short-acting (regular) insulin preparations, while

a few handle intermediate-acting insulin and novel insulin
analogues [28, 31, 32].

The Berger-Rodbard model [33] adopted in AIDA v4.3a
was a simple and flexible tool that enabled the estimation
of plasma insulin levels for various insulin preparations.
However, this model was developed at the end of the 1980s
and thus insulin analogues were not included.
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Table 1: Comparison of features in current release of AIDA v4 dia-
betes simulator (on left) with planned features in future versions of
the software (v4.5) and later (on right). IDDM: insulin-dependent
(type 1) diabetes mellitus. NIDDM: non-insulin-dependent (type
2) diabetes mellitus.

AIDA v4 current version
AIDA v4.5 (and later) future
versions

Model building/structure New features

(i) Interconnected
insulin-glucose submodels

(i) Comprehensive
insulin/glucose model built
from unit processes (diabetes
“lego”-land)

(ii) Empirical models for
insulin/glucose dynamics and
control

(ii) Physiologically based
model of insulin absorption
(generic) and kinetics

(iii) Linear insulin
disposition/elimination
(superposition principle
applies)

(iii) Fewer (only necessary and
realistic) assumptions

(iv) Use of fictive
compartment (“active”
insulin)

(iv) Patient specification with
minimal number of
identifiable parameters

(v) Over parameterisation of
patients (use of
nonidentifiable parameters
such as separate hepatic and
peripheral insulin
sensitivities)

(v) Specification of typical
patient types (insulin sensitive
versus resistant, etc.)
parameterised accordingly

Limitations Overcoming limitations

(i) IDDM only (i) Both IDDM and NIDDM

(ii) No insulin analogues
(ii) Both rapidly acting and
very long-acting insulin
analogues added

(iii) Insulin dose ≤40 units (iii) Insulin dose ≤60 units

(iv) Carbohydrate intake/meal
≤80 g

(iv) Carbohydrate intake/meal
≤120 g

(v) Oral hypoglycaemic drugs
not incorporated

(v) Different types of oral
hypoglycaemic drugs included

(vi) Lifestyle events/effects not
included (stress, physical
activity, menstrual cycle, etc.)

(vi) Lifestyle events (stress,
physical activity, menstrual
cycle, etc.) included

Technical New features

(i) Menu driven data entry
(nongraphical)

(i) Intuitive graphical user
interface

A more comprehensive model, which has focused more
on physiology and pharmacokinetics, has been described
by Mosekilde and colleagues [34]. This approach was later
modified by Trajanoski et al. [35] and Wach et al. [36]
in an attempt to allow for parameter estimation based on
plasma insulin profiles. The model was also extended to
support monomeric insulin analogues. Being more physi-
ologically based, the model proposed by Mosekilde et al.
[34] and modified by Trajanoski and colleagues [35] was
chosen as the basis for the insulin absorption model of
Tarı́n and colleagues [37, 38] and the current collaborative
development work with AIDA v4 [39–41]. The Trajanoski

Table 2: Parameter set derived from Mosekilde et al. [34].

Parameter Value Description

Q/mL2 IU−2 0.13
Chemical
equilibrium
constant

B/min−1 1.3∗10−2 Absorption rate
constant

D/cm2 min−1 0.9∗10−4
Diffusion constant
for soluble insulin in
water at 37◦C

C/IU cm3 0.05
Binding capacity for
insulin in the tissue

T/min 800
Average life time for
insulin in its bound
state

model was extended to deal with the long-acting insulin
analogue glargine, thereby covering the whole range of
insulin preparations currently used in medical therapy. Later
works have subsequently appeared in the literature that also
consider insulin glargine, but where the diffusion process is
neglected or approximated [42–44].

The generic insulin absorption model planned for inclu-
sion in AIDA v4 [37, 38] represents diffusion of insulin
through the subcutaneous depot, transformation between
the different insulin states—hexameric, dimeric, and crystal-
lized (in the case of the insulin glargine)—and absorption
through capillary walls. Due to diffusion, the model is no
longer a set of ordinary differential equations, but partial
differential equations (PDEs) dependent on both time and
space. Since the diffusion process is considered homogeneous
and isotropic, the system of PDEs is unidimensional in space
(distance from the injection site).

The generic model is based on published data from the
literature. As described by Tarı́n and colleagues [37, 38] the
parameters of the absorption model for insulin glargine were
found through an iterative identification process, while the
parameters for the rest of formulations were obtained from
the previous works of Mosekilde et al. [34], Trajanoski et al.
[35], Höfig [45], and Gessler [46].

In the study by Mosekilde et al. [34] the model was
adjusted to fit available experimental data and to determine
the effective diffusion constant D for subcutaneous insulin,
the absorption rate constant B for dimeric insulin, the
equilibrium constant Q between hexameric and dimeric
insulin, the typical binding capacity C for insulin in the
tissue, and the average lifetime T for insulin in its bound state
(not to be confused with the new “bound state” of insulin
glargine). Typical values for insulin injection into the thigh
of a fasting person with type 1 diabetes are summarized in
Table 2.

As reported by Trajanoski et al. [35], due to the model
structure, the formal identification techniques cannot be
adopted for the modified model (i.e., the model is theoret-
ically unidentifiable [47]). Further model simplification like
linearization or aggregation of distributed effects cannot be
performed, since the essential characteristics of the model
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would be lost if linearization was done. On the other hand,
model decomposition is not possible, as it is impossible
to measure insulin with different association states in the
subcutaneous depot. Therefore, a parameter set has been
chosen from published in vivo and in vitro experiments as
shown in Table 3.

(i) Values for the diffusion coefficients of insulin and
insulin analogues published by Moeller et al. [48]
were used (the diffusion constant D was measured in
water or tissue biopsies at 37◦C).

(ii) The absorption rate constant for monomeric insulin
was calculated from the slope of the absorption
curves observed by Kang et al. [47]. According to the
assumptions of Trajanoski et al. [35] during the last
phase of the absorption only dimers are absorbed.
Therefore, for the absorption rate constant Bd for
soluble insulin, the final slope of the absorption curve
of Kang et al. [47] is adopted.

(iii) In the study by Mosekilde et al. [34] it was assumed
that the hexameric-dimeric balance is always near
equilibrium, and a large value was chosen for the
parameter P compared to the absorption rate con-
stant Bd. Since even large changes of P do not alter
the results significantly, in the study by Trajanoski et
al. [35] the same value was used.

(iv) For the distribution-elimination model for solu-
ble insulin, parameters reported by Kraegen and
Chisholm [49] were used for the calculations (Ks and
V p).

(v) The plasma elimination rate constant Km for
monomeric analogues was taken from the study by
Robertson et al. [50].

In the studies by Höfig [45] and Gessler [46] the param-
eter Q was modified in order to mimic the absorption curves
measured with different insulin preparations such as rapidly
acting analogues and NPH (see the studies by Kang et al.
[51] and Binder [52]). Readers are referred to the report by
Tarı́n et al. [37] for a detailed description of the mathematics
underlying the generic insulin absorption model.

As the insulin flow into the blood stream is markedly
slower than the elimination of insulin from the plasma,
plasma insulin kinetics are typically described as a single
compartment model representing the blood pool and some
extravascular space from where there is a first-order elim-
ination of insulin. This is the modeling approach that has
been used for the insulin model [33] incorporated within the
existing AIDA v4 program.

2.2. Programming Issues. The model of glucose-insulin inter-
action includes a set of differential equations, algebraic
expressions, and parameters which helps to make it more
case-/patient-specific. Model equations are integrated by
separately computing the glucose and insulin submodels.

For simulating type 1 diabetic patients the insulin sub-
model is considered independent of the glucose part of the
model. As none of the parameters associated with the kinetics

Table 3: Parameter set derived from Trajanoski et al. [35].

Parameter Value Description

Q/mL2 IU−2 76
Chemical
equilibrium
constant

Bd/min−1 1.18∗10−2
Absorption rate
constant for dimeric
insulin

Bm/min−1 1.22∗10−2
Absorption rate
constant for
monomeric insulin

P/min−1 0.5 Rate constant

D/cm2 min−1 8.4∗10−5 Diffusion constant
for soluble insulin

Dm/cm2 min−1 1.66∗10−4
Diffusion constant
for monomeric
insulin analogues

KS/min−1 0.09
Plasma insulin
elimination rate

Vp/l 12
Volume of plasma
insulin
compartment

KS/min−1 55

Plasma insulin
elimination rate
constant for
monomeric insulin
analogues

are assumed to be patient-specific, the insulin concentrations
can be precomputed for any possible insulin delivery and
stored prior to use by AIDA. Insulin levels resulting from
any particular insulin regimen are computed by summing up
the precomputed individual contributions corresponding to
the preparations and doses as used in the particular insulin
regimen.

This technique allows the glucose subsystem exhibiting
slower dynamics to be simulated with a 15-minute step size.
It is noted that integrating insulin equations in real time
would require a much smaller step size (less than 1 minute)
due to the short halftime (about 5 minutes) of insulin in the
plasma.

Simulations start with a BG level of 100 mg/dL
(5.6 mmol/L). Insulin and glycaemic responses are simulated
for 48 hours, and the results of the second day’s simulation
are displayed as the steady state response to the current
therapy.

2.3. Precomputing Insulin Levels. Although insulin levels
corresponding to different types and doses of subcutaneous
insulin preparations need to be determined only once,
these calculations are still time-consuming because of the
complexity of the generic insulin absorption model. As
the coupled PDEs have no closed solution, integration
should be done numerically. It is considered that insulin
after the injection forms a spherical volume in the adipose
tissue and starts to diffuse out symmetrically. Hence, a
numerical implementation has been carried out by means
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ΔCi+1/Δt = (1/Vi+1)( fi − fi+1)

Shell boundaries

Figure 3: Injected volume with shells. Diffusion takes place over
shell boundaries, that is, the surface of the shells, and it is
approximated by the balance of insulin flows entering and leaving
the shell (c: concentration; f : insulin flow; V : volume). The flows
are computed according to the first Fick’s law.

of a spatial discretisation consisting of spherical shells with
equal volume, based on the work of Trajanoski et al. [35].

In this solution, an approximation of Fick’s diffusion law
as a balance of flows at each discrete shell is carried out
(Figure 3 [35]).

Initial conditions are provided by the amount (dose) and
type of the injected insulin. For rapidly acting, short-acting,
and intermediate-acting insulin, it is considered that all the
insulin is in the inner shell in chemical equilibrium between
hexameric and dimeric forms. The volume of the inner
shell corresponds to the injected volume. For the outermost
spherical shell it is considered that the insulin concentration
is null outside the considered spherical depot.

It was demonstrated by Tarı́n et al. [38] that a fixed
number of fifteen shells, as considered by Trajanoski et al.
[35], is not sufficient for all insulin types and doses. Thus, a
varying number of shells is considered here depending on the
dose and type of insulin. To calculate the required number of
shells, the absorbed insulin flow is computed in two different
ways that become equivalent for a large enough spherical
depot (Figure 4):

(a) absorbed insulin flow at a given time t is the
collection of insulin absorption flows from each
spherical shell;

(b) absorbed insulin flow at a given time t is the dec-
rement of total insulin in the spherical depot per unit
time.

In the first case (a), if the insulin concentration outside
the considered spherical depot is significant, the computed
value will underestimate the actual insulin absorption flow,
since this insulin will be neglected. However, in the second

case (b), the insulin concentration will be considered as
absorbed, yielding an overestimation. Profiles computed by
each of the methods will converge as the number of shells
is increased, and thus the radius of the spherical depot
increases. As computational time will increase with the
number of shells considered, the solution is accepted as a
compromise between efficiency and precision. The number
of shells is considered adequate when the area under the
curve of the calculated absorption profile (i.e., the sum of
absorption flows from each shell), computed as described in
item (a) above, and the injected dose, differ by less than 1%.

One percent can be considered adequate given that
these losses only occur for small doses that are hardly ever
administered. This represents a good compromise between
speed and precision.

Figure 5 shows the number of shells required for each
insulin type, and doses ranging from 1 to 60 IU, with a
concentration of the preparation of 100 mIU/L (U100).

(i) For rapidly-acting insulin analogues, 20 shells is
regarded as enough for doses higher than 20 IU,
but for smaller doses the number of shells required
increases dramatically, reaching 180 shells for 2 IU.
Computation for 1 IU with a 1% target difference was
not possible due to memory constraints.

(ii) For short acting insulin preparations, doses higher
than 10 IU require 10 shells or less; for smaller doses
the number of shells increases up to 120 shells for a
dose of 1 IU.

(iii) For intermediate-acting insulin preparations and
very long-acting insulin analogues, doses higher than
20 IU require only 20 shells, while for doses below
3 IU the number of shells exceeds 100, reaching 180
shells for a dose of 1 IU of insulin.

For smaller doses the injected volume is small, too. This
automatically leads to rather small shell radii. Since the
volume is kept constant, the further from the injection site,
the thinner the shell will be. Furthermore, the smaller the
radii the higher the diffusion speed and the higher the ratio
between shell surface and volume. Therefore, for small injec-
tion doses, the insulin diffuses very quickly from the inner
to the outermost shell and beyond, which leads to the loss if
the number of shells is not sufficient. However as the AIDA
v4 software only handles integer insulin injection doses, less
than 1 IU insulin injection simulations are not required for
the current version of the program. Although for future
paediatric use such issues about fractional insulin injection
dosages may potentially become of greater significance.

Table 4 shows radii of the 15th sphere around the injected
volume for various doses of U100 (100 mIU/L) insulin
preparations. As can be seen, the radii are within a reasonable
range with respect to the thickness of the subcutaneous
tissue.

Regarding time discretisation, the Euler method is
applied with a time step of 0.01 minute. The computational
burden to actually calculate insulin absorption flows is
not trivial but does not exceed the capabilities of modern
personal computers either. Calculating the absorption flow
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Figure 4: Two methods of approximation of the absorbed insulin flow: (a) the absorbed insulin flow Iex is obtained as the collection of
absorbed insulin at each shell; (b) the absorbed insulin is obtained as the decrement of total insulin per unit time. If the number of shells is
adequate, the diffusion flow from the outer shell is null and both methods are equivalent.

Table 4: Radius of the 15th sphere for various injected volumes of
U100 (100 mIU/L) insulin.

Injected dose/IU Injected volume/mL Radius of 15th sphere/mm

1 0.01 3.4 mm

2 0.02 4.2 mm

5 0.05 5.8 mm

10 0.1 7.3 mm

20 0.2 9.1 mm

of one 18 IU injection of glargine, for example, needs roughly
three seconds on a 1.4 GHz Pentium class PC without any
effort in the implementation. Doing the same on a portable
device like a PocketPC or smart phone, equipped with
a 200 MHz StrongArm CPU, will require more patience
but can be done in less than ten seconds especially if a
highly optimized implementation is used. This remains true
for the vast majority of insulin injection doses. It is only
when calculating extremely low doses that much longer
computational times are observed. As can be seen, the
number of required shells may increase dramatically for low
insulin doses (Figure 5).

At low insulin doses computational time can become
excessive, and running the simulations in “real time” may
not be appropriate. For this reason, AIDA v4 relies on
precomputed insulin profiles.

2.4. Technical Issues. There have been some reported display
issues with the existing AIDA v4 software operating under
Windows XP, particularly with the latest laptop/notebook
PCs. Also Microsoft Windows Vista and Windows 7 do not

allow legacy Disk Operating System (DOS) applications
to switch to full-screen display mode, as required by
AIDA v4. Therefore, in order for AIDA to run optimally
under Windows XP—and operate under Windows Vista
and Windows 7—an alternative display approach has been
investigated. Instead of trying to execute AIDA directly
as a standalone application, as has been done previously,
the idea has been developed to run AIDA using a DOS
emulator. This emulator is a Windows application itself that
mimics the behaviour of the 16-bit DOS operating system
for which AIDA was originally designed. The concept is
that AIDA should then in turn run within this emulator,
hidden from the Windows XP/Vista/7 operating systems,
yet in a way that would be transparent to the user. This
approach is similar to a method adopted previously to permit
AIDA v4 to operate on Apple Macintosh computers, using
SoftWindows or PowerPC emulation software on Apple
Macs (http://www.2aida.org/applemac/) [53]. The approach
has been investigated for notebook and desktop PCs running
Windows XP, Vista, and 7 to prolong the useful “shell life” of
the existing AIDA v4 software and permit people to continue
making good use of the program.

DOSBox is a lightweight DOS emulator that has gained
wide acceptance in the DOS gaming community. It is
published under a General Public Licence (GPL) and can
be used and distributed freely without charge or fee. Packed
with a handy installer, it comes as a 1.5 Mb download, which
is acceptable even for users with slow Internet connections.
It is freely available from http://www.dosbox.com/.

Installing and starting DOSBox is a straightforward
process. DOSBox also offers a convenient way to configure
itself. Upon running DOSBox, it scans the directory in which
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Figure 5: A bench test study concerning spatial discretization
reveals that a fixed number of shells is not appropriate for any
insulin class, dosage, or preparation. Accurate simulation results
depend on the insulin preparation and the dose. The number of
shells required for an insulin absorption profile computation with
an area under the curve (AUC) error below 1% is shown. The
time step considered for 2 IU of rapidly acting insulin was reduced
to 0.002 to avoid numerical instabilities. The value for 1 IU could
not be computed due to memory resources limitations (number of
shells greater than 250 are estimated).

it is located for a file called “dosbox.conf.” Within this file,
various settings can be prespecified. Among these are the
keyboard layout, the emulation speed, and all the steps to
be executed automatically right after starting DOSBox. In
this way, DOSBox can be tailored to suit the hardware and
software environments found on the host computer. All
possible settings are documented at the DOSBox website
(http://www.dosbox.com/).

The possibility to configure the keyboard layout is
especially important as AIDA is used internationally. By
exploiting the “autorun” section mechanism in the “dos-
box.conf” file, DOSBox can also be configured to start
emulating AIDA upon invocation. Therefore, usage of the
DOSBox DOS emulator can be implemented in a way that
is entirely transparent to the AIDA user.

Interestingly, the display problems, AIDA v4.3a can show
on some of the latest notebook PCs are not experienced
when AIDA is run within DOSBox. As these problems might
be related to missing UNICODE support of the compiler
with which AIDA was compiled, the solution of this problem
does not come as a surprise as DOSBox emulates the ASCII
environment for which AIDA v4 was compiled.

Installation of a combined AIDA/DOSBox application
can also be streamlined. In order to emulate AIDA, not
all files that the standard DOSBox installer copies to the
host computer are actually needed. As neither special

sound output nor game-relevant hardware support (e.g., for
joysticks) are required, it is sufficient to copy the DOSBox
executable, the “dosbox.conf” file for the host computer, and
the two Simple DirectMedia Layer (SDL) library files which
provide cross-platform multimedia capabilities designed to
offer fast access to the graphics frame buffer.

If the AIDA installer then updates the “dosbox.conf” file
with the path to the AIDA executables and the keyboard
layout autoidentified at install time and lets the created links
in the start menu folder point to the DOSBox executable
instead of the AIDA executable, then AIDA can be used
in a streamlined manner on any Microsoft Windows PC
operating system, including Windows XP, Windows Vista
and Windows 7.

The installer for AIDA has been created with the Nullsoft
Scriptable Install System (NSIS). This is an advanced open
source installation system that can be used for free. NSIS
is especially suited for the AIDA installation as it allows
more complex tasks to be performed than mere file unpack
and copy routines (Figure 6(a)). Instead, via its inherent
script system, it can, for instance, call any operating system
application programming interface (API) functions. In this
way, it is possible to query, for example, the keyboard layout
of the computer on which AIDA is to be installed. Moreover,
NSIS supports several handy script functions to edit text files.
Thus, it can perform all the configurations of the DOSBox
environment. Furthermore, being open source software and
freeware it is very compatible with the AIDA freeware ethos.

The DOSBox/NSIS approach has been extensively trialed,
and a technical update to AIDA (called AIDA v4.3b) has been
developed which provides a “turnkey” streamlined installa-
tion of AIDA v4 incorporating the DOSBox functionality in
a user friendly format for Windows XP, Vista, and 7 users.

The new version of AIDA v4.3b has been released on the
Internet in April 2010. Figure 6 shows AIDA v4.3b operating
in this way successfully under the (b) Windows XP, (c)
Windows Vista, and (d) Windows 7 operating systems.

The AIDA v4 simulator itself comes accompanied by
a second application, called AIDADEMO, which provides
a demonstration of what AIDA can do for users who
are not sure whether to download the full program. The
AIDADEMO guides the user through a series of slides
which explain usage and the theoretical background of the
simulator, thereby pointing out the program’s capabilities
and limitations. As AIDADEMO has originally been created
using a similar development environment to AIDA v4 itself,
it naturally may have similar operating system issues to
the parent AIDA application. However, just as with AIDA,
these issues have been addressed by use of the DOSBox
approach bundled with the NSIS installer. Figure 6(e) shows
a screenshot from the AIDADEMO application demonstrat-
ing for a different person (“Joy Wilson”), a 70 kg insulin-
dependent diabetic patient, the effect of missing the usual
morning insulin injection before breakfast with the profound
hyperglycaemia (raised blood glucose) that is predicted to
occur in the afternoon. The DOSBox/NSIS packaged release
of AIDADEMO is accessible at the AIDA website at the end of
viewing the web-based demo at http://www.2aida.org/demo/
or directly at http://www.2aida.org/aidademo/ (Figure 6(f)).
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Figure 6: (a) shows the Nullsoft Scriptable Install System (NSIS) in operation—which is used to set up and install AIDA v4.3b on Windows
XP, Windows Vista, and Windows 7 PCs, as well as on Apple Macs running PC emulation software. (b) shows AIDA v4.3b operating
successfully within a window on a PC running the Windows XP operating system. The effect of increasing the 6 : 45 am Insulatard insulin
injection dose from 10 IU to 15 IU is shown—with a concomitant reduction in the blood glucose (BG) profile. The resulting estimated HbA1c

is calculated by AIDA v4.3b to be improved at 8.0% (down from 8.6% for the previous simulation from Figure 2(c) which is shown as the red
BG curve for comparison). (c) AIDA v4.3b operating successfully within a window on a PC running the Windows Vista operating system.
The effect of increasing the 6 : 45 am Insulatard insulin injection dose by 5 more units of insulin to 20 IU is shown—with a concomitant
further reduction in the blood glucose (BG) profile. The resulting estimated HbA1cis calculated by AIDA to be further improved at 7.5%.
The previous two simulations from Figures 2(c) and 6(b) are shown as the red BG curves for comparison. A user specifiable normoglycaemic
range is also shown demonstrating the target range that the user might aim for. BG values are shown in units of mg/dL—much used
in North America and other countries around the world. AIDA can present simulation results in both mmol/L and mg/dL. 1 mmol/L of
glucose = 18 mg/dL. (d) AIDA v4.3b operating within a window on a PC running the Windows 7 operating system. The effect of a change
in the carbohydrate intake has been simulated, with a reduction in the size of the 4pm snack from 20 grams of carbohydrate to 5 grams
of carbohydrate being shown. This change results in a reduction in the estimated HbA1cto 7.3% (from 7.5% for the simulation shown in
Figure 6(c)—the simulation from which is shown as the red blood glucose curve for comparison on this graph). (e) shows a screenshot
from the AIDADEMO application demonstrating for “Joy Wilson,” a 70 kg insulin-dependent diabetic patient, the effect of missing her
usual morning insulin injection before breakfast with the profound hyperglycaemia (raised blood glucose) that is predicted to occur in the
afternoon. (f) shows where the new DOSBox/NSIS packaged release of AIDADEMO is available for freeware download at the AIDA website
from http://www.2aida.org/aidademo/. (g) AIDA v4.3b software operating within a window on an Apple Macintosh computer running the
Parallels Windows emulation software. The original simulation from Figure 2(b) has been used as the baseline for this example and the effect
of reducing each meal and snack by 10 grams of carbohydrate is simulated. As can be seen, this improves the estimated HbA1c from 9.2%
(Figure 2(b)) to 8.3% with a 50 gram per day reduction in carbohydrate intake. (h) A further example of AIDA v4.3b operating within a
window on an Apple Macintosh computer running the Parallels Windows emulation software. The simulation from Figure 6(g) is shown as
a baseline (in red), and the concomitant effect of increasing the 6 : 45 am Insulatard insulin injection by 5 IU from 10 IU to 15 IU is shown
with an improvement in the overall blood glucose profile, with a reduction in estimated HbA1c from 8.3% (Figure 6(g)) to 7.7%.

2.5. Running AIDA v4.3b on Apple Macintosh Computers.
Since the year 2000 the AIDA website has supported the use
of AIDA v4 under SoftWindows and PowerPC emulation
software on Apple Macintosh computers [53], and see
http://www.2aida.org/applemac/. Since the adoption of Intel
microprocessors by Apple in 2006, Windows applications
can be executed even more efficiently on Mac operating
systems OSX. This requires the installation of Windows
on the Mac machine, and the use of Boot Camp (if it
is intended to start the machine under Windows), or a
virtualization application (like Parallels or VMware Fusion).
In the first case, Windows will have access to all the resources
of the Mac machine. In the second case, a virtual Windows
machine will be created, sharing resources with Mac OSX.

Virtualization is based on the creation of virtual hardware
by means of software. Although this will consume more
resources since Mac OSX and Windows will be running at
the same time, it is convenient if the user does not want
to restart the machine every time they need to execute a
Windows application. VMware Fusion and Parallels require
an Intel Mac, a minimum of Mac OSX v10.4.6 Tiger, and
1 Gb of RAM. Boot Camp is a built-in function from Mac
OSX v10.5 Leopard. Parallels Desktop 5 and VMware Fusion
3 for Mac OSX v10.6 Snow Leopard both offer compatibility
with Windows 7.

The use of any of the above tools will allow the execution
of AIDA v4.3b on any Intel-based Mac machine. By way of
illustration, the execution of AIDA v4.3b on a Mac OSX Tiger
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Figure 7: Plasma insulin simulations following subcutaneous injections of (a) a rapidly acting insulin analogue (such as lispro/Humalog or
aspart/NovoLog), (b) a short-acting (regular) insulin preparation (e.g., Actrapid), intermediate-acting insulin (both (c) Semilente and (d)
NPH types), and (e) a very long-acting insulin analogue (such as glargine/Lantus) for injected insulin doses up to 60 units of insulin.
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Figure 8: Prototype simulation using the superposition principle
to calculate a plasma insulin profile based on exogenous insulin
injections and estimated basal endogenous insulin secretion in a
type 2 diabetic patient who takes 6 units of short-acting (regular)
insulin and 12 units of intermediate-acting (NPH type) insulin
in the morning with a further 4 units of short-acting (regular)
insulin and 8 units of intermediate-acting (NPH type) insulin in the
evening. The estimated basal endogenous insulin secretion is shown
by the light blue (cyan) line—and the overall plasma insulin profile
is superimposed.

machine with Parallels is shown in Figures 6(g) and 6(h).
This approach has been tested on a Macbook Pro and on
an iMac—using Parallels to execute a virtual machine with
Windows XP.

AIDA v4.3b, like AIDA v4.3a before it, is intended for use
on PC platforms, or Apple Macintosh computers running
suitable PC emulation software. A further freeware upgrade,
called AIDA v4.5 (currently under development), is planned
incorporating the generic insulin model into the AIDA
v4 software—allowing the interactive simulation of lispro,
aspart, and glargine insulin analogues.

3. Results

Figure 1 shows the AIDA Website logstats for the number of
visitors and AIDA v4 downloads since the software went on
freeware Internet release—demonstrating the large number
of site visitors and downloads that have taken place.

Figures 2 and 6 show a case study using AIDA v4.3b—
which demonstrates some of the ways in which the software
can be applied as an educational/demonstration/teaching
tool. “Penelope Vincent”—case scenario number 0033 in
the AIDA database—is a young woman, who is overweight

(98 kg) and runs reasonably high blood sugars during the
course of the day. At present she is only injecting herself
twice daily with two “shots” of intermediate-acting insulin.
The AIDA software asks the user “How might you add in
a short-acting insulin preparation to her regimen to tighten
her glycaemic control? Alternatively, see if you can decrease
her carbohydrate intake—thereby perhaps helping her to lose
weight—and at the same time improving her blood glucose
control. . ..” Various examples of ways in which Penelope’s
glycaemic control might be improved are simulated for
educational purposes in Figures 2(c) and 6. The AIDA v4.3b
freeware software is shown running on personal computers
under the Windows XP, Windows Vista and Windows 7
operating systems in a DOSBox environment (Figures 6(b)–
6(d)), as well as under Parallels on Apple Macs (Figures 6(g)
and 6(h)).

Plasma insulin simulations are also demonstrated using
the novel generic model following subcutaneous injections
of a rapidly acting insulin analogue (such as lispro/Humalog
or aspart/NovoLog), a short-acting (regular) insulin prepa-
ration (e.g., Actrapid), intermediate-acting insulin (both
Semilente and NPH types), and a very long-acting insulin
analogue (such as glargine/Lantus) for injected insulin doses
up to 60 units of insulin (Figure 7).

4. Discussion

Interactive simulators offer users the chance to test the
behaviour of the simulated object without risk. Diabetes
simulators can animate an underlying model of glucose
metabolism and may help to train users to manage “virtual
diabetic patients” with the possibility of changing decisions
or starting again in the case of failure.

Numerous models of the human glucoregulatory system
have been reported [22, 54–57] However, these models may
not be so useful for individual patients, their relatives, health-
care professionals, or students without some sort of program
(a “simulator”) to allow easy access to, and interaction
with, the model. A range of interactive simulation programs
of glucose-insulin interaction in diabetes have also been
described in the literature [12, 28, 33, 57–62]. A few notable
simulators have been circulated on diskette for use by select
health-care professional/research users [13–17, 19]. Some
authors [22, 33, 63, 64] have also developed a simulation
program which could be obtained upon request.

However, for the majority of simulation programs [28,
58–61], it would seem that readers have been wholly depen-
dent on the authors’ own descriptions of their prototypes in
research articles, since no versions appear to be available for
general use by others.

With AIDA, the program has been made widely avail-
able, gratis, via the Internet, from its own Websites—
http://www.2aida.org/ and http://www.2aida.net/—as a non-
commercial contribution to continuing diabetes educa-
tion. This has led to a substantial experience with the
program—globally—with over 347,000 downloads of the
software taking place from more than 100 countries
worldwide. Independent reviews of AIDA can be found
on the Web at http://www.mendosa.com/aida.htm and
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http://www.2aida.net/aida/review.htm as well as in a range of
publications [65–69].

The AIDA diabetes simulator provides a user-friendly
way of making use of the AIDA model in an interactive,
intuitive, and freeware manner. It would assist research
into the use of such applications in this area, as well as
possibly benefit the wider diabetes community, were more
such diabetes simulation programs made available for free
on the Internet.

4.1. Future Work. Table 1 shows the directions in which
the AIDA software is intended to be developed. Revisions
will affect the model, coverage of disease types, and the
management and lifestyle events affecting BG levels.

The current hardwired mathematical model will be
replaced by a modular (“lego”-like) design in which unit pro-
cesses are clearly identified and interactions are formulated
in a systematic and formal way. The revised/extended model
aims to be physiologically based using parameters with
values that are reasonable and which permit physiological
interpretation. The insulin absorption model implemented
in the revised diabetes simulator offers a description of what
happens after the subcutaneous injection of different insulin
preparations, including insulin analogues, with realistic
assumptions and a minimal number of model parameters.
Similar revisions of the glucose submodel are anticipated.

In due course it is planned to update AIDA further to
make it possible to simulate glycaemic responses in non-
insulin-dependent (type 2) diabetic patients. The superpo-
sition principle adopted within the AIDA model [23], of
course, could also apply to insulin that has been secreted
by pancreatic beta cells. Such endogenous secretion evolves
over time corresponding to the temporal variations in BG
concentrations. The insulin levels arising from endogenous
insulin sources at any time can be computed as the sum
of effects of all insulin that has been secreted in the
preceding four hours (insulin levels are known to fall nearly
to zero within four hours following a short intravenous
bolus of insulin). For this computation the plasma and
“active” insulin levels in response to a reference constant
rate of insulin infusion delivered to the plasma over a
short time period would be required. In each 15-minute
integration step the average endogenous insulin secretion
would be computed as the response to the average BG level
in that period. The overall effect of endogenous insulin
secretion would be computed by adding together individual
contributions, in a similar way to that done currently with
exogenous insulin injections.

Figure 8 shows a prototype simulation using the super-
position principle to calculate a plasma insulin profile
based on exogenous insulin injections and estimated basal
endogenous insulin secretion in a type 2 diabetes patient.

The patient takes 6 units of short-acting (regular) insulin
and 12 units of intermediate-acting (NPH type) insulin
in the morning with a further 4 units of short-acting
(regular) insulin and 8 units of intermediate-acting (NPH
type) insulin in the evening. The estimated basal endogenous
insulin secretion is shown—and the overall plasma insulin
profile is superimposed.

It is intended to implement a similar facility within AIDA
to provide simulations and a representation for insulin-
treated type 2 diabetic patients.

Further inputs such as carbohydrate intake/meals up
to 120 grams in size as well as different types of oral
hypoglycaemic agents and lifestyle events (stress, physical
activity, menstrual cycle, etc.) will also be added. Finally the
revised AIDA simulator should be easily used via an intuitive
graphical user interface.

5. Conclusion

In this paper the development and freeware Internet launch
of AIDA v4.3b has been described. This incorporates tech-
nical work ensuring the diabetes simulation software, and
a runtime demonstration program, continue to operate
seamlessly under the Windows Vista, Windows 7, and Apple
Macintosh operating systems. Plasma insulin simulations
are demonstrated following subcutaneous injections of a
rapidly acting insulin analogue (such as lispro/Humalog or
aspart/NovoLog) and a very long-acting insulin analogue
(such as glargine/Lantus) for injected insulin doses up to
60 units of insulin. Further work is planned to validate
the generic model of insulin absorption in parallel with its
incorporation into an updated release of the freeware AIDA
software (AIDA v4.5).

5.1. System Availability. AIDA v4.3b is freely available for
download from http://www.2aida.org/. Following comple-
tion of further programming, validation, and bench testing
work, it is expected that a new, improved version of AIDA
(v4.5)—incorporating Humalog/lispro and Lantus/glargine
insulin analogues—will become available at the same website
for freeware download and educational use. Readers who
wish to be automatically informed by email when the new
software is launched are welcome to join the very low volume
AIDA registration/announcement list by sending a blank
email note to subscribe@2aida.org.

Please note that “Penelope Vincent” and “Joy Wilson” are
pseudonyms.

Abbreviations

BG: Blood glucose
PC: Personal computer
IU: International units (of insulin).
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Diabetes mellitus is a major, and increasing, global problem. However, it has been shown that, through good management of
blood glucose levels (BGLs), the associated and costly complications can be reduced significantly. In this pilot study, Elman
recurrent artificial neural networks (ANNs) were used to make BGL predictions based on a history of BGLs, meal intake, and
insulin injections. Twenty-eight datasets (from a single case scenario) were compiled from the freeware mathematical diabetes
simulator, AIDA. It was found that the most accurate predictions were made during the nocturnal period of the 24 hour daily
cycle. The accuracy of the nocturnal predictions was measured as the root mean square error over five test days (RMSE5 day) not
used during ANN training. For BGL predictions of up to 1 hour a RMSE5 day of (±SD) 0.15± 0.04 mmol/L was observed. For BGL
predictions up to 10 hours, a RMSE5 day of (±SD) 0.14± 0.16 mmol/L was observed. Future research will investigate a wider range
of AIDA case scenarios, real-patient data, and data relating to other factors influencing BGLs. ANN paradigms based on real-time
recurrent learning will also be explored to accommodate dynamic physiology in diabetes.

1. Introduction

The population with diabetes in 2000 was estimated to be
171 million worldwide. This figure is predicted to rise to
366 million by 2030 [1], which represents around 4.4% of
the estimated worldwide population. However, it has been
shown that, through good management of diabetes, its asso-
ciated debilitating and costly complications can be reduced.
The main complications can be divided into those that are
short term, that is, hypoglycaemia and hyperglycaemia, and
those that are long-term. The longer term complications can
affect the vascular tree and the central nervous system as
well as the kidneys and the eyes, resulting in cardiovascular
disease, retinopathy, nephropathy, and neuropathy. For Type
1 (insulin-dependent) diabetics, the most common method

for management is through with monitoring the blood glu-
cose level (BGL) using fingerprick blood tests taken several
times a day, and adjusting insulin doses based on these
readings. For a dynamic, nonlinear, and complex condition
such as diabetes this can be far from satisfactory. Factors
such as insulin type and dose, diet, stress, exercise, illness,
and pregnancy all have significant influences on the BGL.
Management may be compromised through lack of data and,
for some patients, an inability to interpret data adequately.

Devices such as continuous blood glucose meters (CGMs)
and insulin pumps (IPs) may remove some of the burden of
BGL management from the patient, through better moni-
toring and ease of supply of exogenous insulin. However,
such devices work in an open-loop fashion, or pseudo clos-
ed-loop fashion requiring input and interpretation from the
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user. A system where these devices can work in a closed-
loop fashion, to maintain normoglycaemia with minimal
intervention from the patient, may be the next step in
diabetes management. However, such systems are currently
only at the research and development stage, although initial
clinical trials are promising [2].

To realise a closed-loop system for BGL control, that is,
an artificial pancreas, at least three main components are
required; a glucose monitor which is capable of registering
autonomous BGL readings in real-time every few minutes,
an autonomous insulin pump to supply insulin to a patient
when needed, based on the BGL readings, and a control
algorithm to predict the impact of insulin injections at some
later time.

Control algorithms for BGL regulation tend to be gro-
uped into two broad categories: the proportional-integral-
derivative (PID) controller and model predictive control
(MPC) [3–6]. Essentially, the PID uses a classic feedback
approach comparing the difference between the measured
glucose level (blood or interstitial) and the expected glucose
level, which is known as the proportional component. In
addition, there is the integral component, which is the area
under the curve between the measured glucose level and
the expected glucose level, and the derivative component,
which is the rate of change of the measured glucose
level. From these components, proportional, integral, and
derivative, the rate at which insulin is supplied to the body
is adjusted. This is known as the insulin infusion rate (IIR),
defined in the following equation, where KP , KI , and KD

are the proportional, integral, and derivative weight terms,
respectively, and G and Gt are the measured and expected
(target) glucose levels, respectively [7]:

IIR = KP(G−Gt) + KI

∫
(G−Gt)dt + KD

dG

dt
(1)

for MPC, the effects of carbohydrate intake and insulin
injections on the BGL are captured in a glucoregulatory
model. This can be in the form of a mathematical description
of the various physiological processes of the body which
can affect the BGLs. The glucoregulatory model may also
be formulated as a “black box” approach, relying on pattern
recognition from sets of training data. The “black box”
approach is the method employed in the present research
to model the AIDA physiological description, using artificial
neural networks (ANNs).

ANNs represent a powerful modelling technique for
pattern recognition, time series forecasting, and regression
problems [8]. Their modelling ability relies on the fact that
they do not require in-depth knowledge of the relationship
between intrinsic variables for a particular problem, or the
structure relating the variables required for mathematical
modelling. Instead, an ANN is trained to recognise patterns
in a dataset, and these patterns are effectively stored in the
interconnected neuron weights of the ANN.

There is an extensive literature in the field of BGL pre-
diction and control, using algorithms such as PID and MPC.
Intersubject variability is one of the major challenges to
be addressed in any closed-loop system which attempts to
control the BGL of a patient, which is why ANNs may be

a possible solution. An ANN can be trained on an indi-
vidual’s BGL; it can incorporate the factors specific to that
person, without an in-depth knowledge of the individual-
specific interactions which link them all. These factors can
include, but are not limited to body mass index (BMI), age,
gender, pregnancy, carbohydrate intake, exogenous insulin
injections, exercise, and stress.

In the next section, the uses of ANNs for BGL prediction
are reviewed.

2. Artificial Neural Networks and Blood
Glucose Prediction

In this section, a brief review of existing ANN approaches to
BGL prediction studies is presented. Performance measures
quoted in the following studies give an indication of
the prediction accuracies achieved by the various groups;
however, due to differences in the data used and ANN
architectures employed, direct comparisons with the findings
of this paper may be difficult.

Sandham et al. [9] used an Elman recurrent ANN (des-
igned and trained using MATLAB) with 95 neurons in the
hidden layer to predict future BGL values using input param-
eters including insulin, diet, exercise, BGL, and other factors.
A recurrent ANN was chosen for its superior performance
in time-series prediction problems. Clinical data for training
and evaluating the ANN were sourced from two patients
taking regular BGL readings using fingerprick blood tests,
together with diary entries recording information relating to
the other input vectors. The development of the ANNs in
this work was hindered by a lack of data, with the number
of patients willing to cooperate cited as a problem. There was
also concern over the accuracy of the meal data recorded by
the patients.

Mougiakakou et al. [10] developed a simulation model
for BGL prediction based on three compartmental models
(CMs) describing short- and long-acting insulin effects on
the glucose-insulin metabolism of a Type-1 diabetes patient,
as well as a CM for glucose absorption from the gut. A
recurrent ANN, trained using a real-time recurrent learning
algorithm, used the CMs as inputs to make a BGL prediction.
Data from a Type-1 diabetes patient was used as the input
to the system containing the CMs and the ANN. The
data consisted of 69 days of measurements and contained
information relating to BGLs (at breakfast, lunch, dinner,
and bedtime), insulin injections, and food intake. The results
were quoted as an RMSE between the ANN short-term
prediction and data from the patient not used during ANN
training. It was suggested that including additional patient
information would enhance the model. Data relating to sex,
age, other diseases, and years of diabetes, should result in a
more patient-specific model. It was also expressed that data
relating to physical exercise is an important parameter in
BGL prediction, and its inclusion was considered important
to improve accuracy.

Mougiakakou et al. [11] used a similar CM/ANN system
in their work reported in [10]. This was used to predict
BGLs for four children with Type-1 diabetes. The CMs (for
insulin intake and glucose absorption from the gut) provided
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the inputs to an ANN, along with the most recent BGL. The
ANNs used in this paper were a recurrent type (trained using
a real-time recurrent learning algorithm) and a feed-forward
variety (trained using a back-propagation algorithm). The
BGL data used in this study were obtained from a CGM
which provided a reading of interstitial glucose every 5
minutes measured over a period of days. Insulin and meal
intake data were also recorded. The RMSE was used to
compare the predicted BGL of the ANN with that of a day of
patient data not used during training. ANNs were developed
specifically for each patient. The results showed that the real-
time recurrent network had similar performance to the feed-
forward type. However, the real-time recurrent network was
preferred, due to its ability to adapt weights when a new input
was supplied.

Zarkogianni et al. [12] used an ANN and CM developed
in [10, 11] which have the ability to advise on insulin doses.
This closed-loop system used a combined CM and ANN
approach to make short-term BGL predictions, which were
then fed into a nonlinear predictive controller capable of
advising on insulin doses. Data were provided from a math-
ematical model, describing patients with Type-1 diabetes,
with a sampling rate of 3 minutes. The results showed that
the system can control BGLs with realistic meal intakes.

Pappada et al. [13] used ANNs generated from the
NeuroSolutions software package to make BGL predictions
over a 50- to 180-minute window. These were of a time-
lagged feed-forward type and were trained using the back-
propagation algorithm. The data were acquired from 18
patients with Type-1 diabetes using a CGM to acquire blood
glucose data over a period of 3–9 days for each patient,
at a sampling rate of 1–5 minutes. Training involved the
use of datasets from 11–17 patients. In addition to this,
an electronic diary was used by the patients to record
insulin dosages, carbohydrate intake, hypo/hyperglycaemic
symptoms, lifestyle (activities and events), and emotional
states. The networks were tested using data acquired from the
18th patient not used in the training of the ANNs. Results
were quoted as the mean absolute difference (MAD%)
between the ANN prediction and the output from the CGM.
The MAD% is defined in the following equation, where
NNetpredict,i(t) is the ANN prediction, CGMactual,i(t) is the
target BGL from a CGM, and N is the number of predictions:

AD%i(t) =
∣∣∣NNetpredict,i(t)− CGMactual,i(t)

∣∣∣
CGMactual,i(t)

× 100%

MAD% =
∑N

i=1 AD%i(t)
N

(2)

the results showed that predictions were more accurate for
BGLs in the normoglycaemic and hyperglycaemic ranges
than those in the hypoglycaemic range. One possible reason
which was cited for this was that the dataset used for ANN
training contained fewer examples of hypoglycaemic events
than BGLs in other ranges. It was also shown that an increase
in predictive length resulted in a decrease in predictive
accuracy.

Pérez-Gandı́a et al. [14] used a feed-forward, fully-
connected ANN (multilayer perceptron) consisting of 3
layers. The first hidden layer had 10 neurons and the second
had 5. The inputs to the ANN were the current BGL and
BGL readings up to 20 minutes prior to this reading. The
data were sourced from 15 patients wearing continuous
glucose monitors (9 wearing the Guardian REAL-Time from
Medtronic-MiniMed and 6 wearing the FreeStyle Navigator
from Abbott), with sampling frequencies ranging from 1 to
5 minutes. The training sets included both hypoglycaemic
and hyperglycaemic events. Three ANNs were trained to
predict 15, 30, and 45 minutes into the future, for a 24-hour
period. The results were quoted as an RMSE of the difference
between the ANN prediction and patient data not used dur-
ing the training of the ANN. For predictions of 15, 30, and
45 minutes, the RMSE error was 0.56, 1.00, and 1.5 mmol/L,
respectively. It was recognised that only using past CGM data
as the input to the ANN limited the performance of the
prediction system. It was suggested that including additional
input data, such as meal intake and insulin dosage, could
improve the ANN BGL prediction performance.

Curran et al. [15] presented a software solution using
an ANN trained with the Levenberg-Marquardt algorithm
to make BGL predictions based on expected insulin doses,
carbohydrate intake, and exercise. The paper discusses a
mobile phone-based application, INNSULIN, which takes
data input from the user to advise on future BGLs, with
the intention that insulin therapy and carbohydrate intake
can be adjusted to maintain normoglycemia. The gathered
data can be stored to generate a database of previous BGLs,
insulin doses, carbohydrate intakes, and exercise, which can
then be sent via a 3G connection to an endocrinologist,
who can review the control of BGLs of a particular patient.
Future work by the group will involve the development of
the network to predict glucose levels 1 and 2 hours after the
consumption of a meal, as well as predicting the amount of
insulin necessary to control the BGL of the patient.

Hovorka [7] discusses the future of continuous glucose
monitoring, and presents an interesting progression of
the artificial pancreas. The author suggests an incremental
development of the artificial pancreas as follows.

Generation 1. A system to terminate insulin infusion from
an insulin pump at low BGLs to prevent hypoglycaemia. A
closed-loop system for nocturnal control is also suggested,
“when meal intake and exercise do not confound glucose
control.”

Generation 2. Glucose control around meal times with some
user-interaction.

Generation 3. Closed-loop control around meals and peri-
ods of exercise.

Generation 4. Fully implantable systems or systems with
dual control able to provide glucagon or other substances to
prevent hypoglycaemic events.

Further reports of artificial neural network prototypes in
diabetes care have also been described by other researchers
[16–24].
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3. AIDA

AIDA is a mathematical model and freeware diabetes simu-
lator [25]. It models steady-state glucose-insulin interactions
over a 24-hour period by describing the physiology of a
person with Type-1 diabetes mellitus in terms of insulin
sensitivity, glucose and insulin distribution, and the rate of
gastric depletion. AIDA is the source of data for the ANNs
developed in this paper. For more information on AIDA,
readers should consult the website http://www.2aida.org/ or
see the separate paper in this special issue [26].

The AIDA compartmental model takes into considera-
tion a number of factors: carbohydrate intake (amount in
grams and time), insulin (type, amount, and time), kidney
function, and insulin sensitivity. Using these variables, a
compartmental model of the various interactions within the
body is described by a series of equations to build a picture of
BGL fluctuations over a 24-hour period in time steps of 0.25
hours. It assumes a patient is unable to produce endogenous
insulin, as is the case with Type-1 diabetics.

AIDA is an acronym for automated insulin dosage
advisor, a name originating from one of the historical
goals of the project. Originally, it was hoped that it could
be developed to make predictions of future BGLs for
patients to maintain normoglycaemia by adjusting insulin
doses. However, it became apparent that this model was
not sufficiently accurate for individual BGL predictions or
therapy planning. The authors make clear the limitations of
this model. There are many warnings that it should not be
used to make predictions for real-life patients’ BGLs or to
make changes to insulin regimens. Despite this limitation,
there is still value in its capabilities as an educational tool
for individuals with diabetes to manage their condition and,
importantly for this project, in providing simulated data for
initial ANN training, testing, and evaluation for a patient
with diabetes.

The changes of renal threshold of glucose which occur
with age and the effects of counterregulatory hormones
(glucagon) at low BGLs have not, so far, been incorporated
into the AIDA model. It also assumes that the effects
of physical activity and stress remain relatively constant
during the simulation period; these factors can have an
impact on BGLs and need to be incorporated into future
datasets which are used to train ANNs. In previous AIDA
studies, it has also been found that parameters which
were valid for one patient cannot be used to model all
patients with a variety of conditions. The RMS deviation
between predicted and observed BGLs increases as time
progresses from the parameter-estimation period. It was also
observed that the sensitivity parameters for insulin in the
hepatic and peripheral regions were not necessarily accurate
several days later [27], and it was noted that using the
overall carbohydrate content of a meal, with no regard for
parameters such as glycaemic index, was a simplification of
the effect of a meal on BGL. The authors of the AIDA model
also admit that current knowledge of the processes involved
in the absorption of food from the gut is limited.

Despite these limitations, AIDA has proven to be a useful
educational and research tool, and it has been applied by

ANN
BGL

Meal input

BGL input
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Short-acting insulin

Long-acting insulin

Figure 1: Schematic of inputs for short-term prediction ANN
training.

a wide variety of research teams to harvest simulated BGL
data for research purposes [28, 29].

4. Preparing Blood Glucose Data from AIDA

For short-term predictions (up to 1 hour), the ANNs were
trained using all the available BGL data for a defined predic-
tion period. The current time step was moved incrementally
forwards through the prediction period, in time-steps of 0.25
hours (the resolution of the AIDA data). A trained ANN
could, therefore, make BGL predictions for every time-step
in the prediction period. This could be described as a moving
window, with the current time-step at the centre (Table 1).

The input vector values precede the current time-step,
with the target BGL defined at some future interval.

Twenty-eight days of data were produced from AIDA
(single patient, Case Study 2) in which a day commenced at
midday (12:00) and terminated at midday the following day.
Each day contained the following events, which can be seen
schematically in Figure 1:

BGL values, with a 15 minute frequency,

2 meals, timed to vary around 13:30 (Meal 1) and
19:00 (Meal 2) ±30 minutes,

2 short-acting insulin doses (these were timed to
be administered 30 minutes before the meals ±15
minutes),

2 long-acting insulin doses (these were timed to be
administered 30 minutes before Meal 1 ±15 minutes
and 1 hr after Meal 2 ±15 minutes). This could easily
be modified to contain just one long-acting insulin
dose for a 24-hour period.

For the majority of input vectors, the only non zero
values were the BGLs, with the carbohydrate and insulin
vectors, in most cases, being zero. The only periods where
the insulin and carbohydrate vectors had a non zero value
were around meal times, when insulin is required and
carbohydrates are consumed (see Table 2).

For the long-term predictions, the same dataset was
used as for the short-term predictions; however, it was
presented differently to the ANN. Unlike for the short-term
predictions, where the ANN was supplied with an input
vector event every 15 minutes, the ANN was only given
an input vector event if a meal had been consumed or an
insulin injection had occurred. This resulted in the ANN
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Table 1: Incremental progression of the input vectors, current time-step, and BGL prediction used for ANN training.

Input vectors Current time step Prediction

Time (hrs) 18.25 18.50 18.75 19.00 19.25 19.50 19.75 20.00 20.25

BGL (mmol/L) 11.4 11.2 11.0 10.6 10.1 8.8 7.5 6.3 5.3

Meal (grams of carbohydrates) 0 0 0 90 0 0 0 0 0

Short-acting insulin 7 0 0 0 0 0 0 0 0

Long-acting insulin 0 0 0 0 0 0 0 0 5

Input vectors Current time step Prediction

Time (hrs) 18.25 18.50 18.75 19.00 19.25 19.50 19.75 20.00 20.25

BGL (mmol/L) 11.4 11.2 11.0 10.6 10.1 8.8 7.5 6.3 5.3

Meal (grams of carbohydrates) 0 0 0 90 0 0 0 0 0

Short-acting insulin 7 0 0 0 0 0 0 0 0

Long-acting insulin 0 0 0 0 0 0 0 0 5
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BGL
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Figure 2: Schematic of inputs for long-term prediction ANN
training.

only being given, for each day of data: 3 previous meal
vectors, 3 short-acting insulin vectors, and 3 long-acting
insulin vectors. A 24-hour period began at midday and ran
through to midday the following day. Each 24-hour period
contained the following, which can be seen schematically in
(Figure 2):

2 meals, timed to vary around 13:30 (Meal 1) and
19:00 (Meal 2) ±30 minutes, and the BGLs at these
times;

2 short-acting insulin doses and the BGL at these
events (these were timed to be administered 30
minutes before the meals ±15 minutes);

2 long-acting insulin doses and the BGL at the events
(these were timed to be administered 30 minutes
before Meal 1±15 minutes, and 1 hr after Meal 2±15
minutes).

A sample of the data input vectors to the ANN is shown
in Table 3. Note that time 0.00 hrs represents midday and
12.00 hrs represents 24:00 (midnight).

The ANNs were trained to predict a single BGL value
at 1, 2, 4, 6, 8, or 10 hours after the last event supplied as
an input, which was always a long-acting insulin injection,
administered after Meal 2.

Inputs

Hidden layerInput layer Output layer

z−1

z−1

z−1

z−1

Figure 3: A fully connected recurrent neural network with 4 inputs,
a hidden layer with 2 neurons, and 1 neuron in the output layer.

5. ANN Architecture

The ANNs were created using MATLAB version 7.8.0.347
(R2009a) and the Neural Networks Toolbox version 6.0.2
(R2009a). The ANNs developed in this project were based
on the Elman recurrent ANN, which has been shown to
have superior predictive abilities in time-series forecasting
from feed-forward ANNs with no feedback loops. The Elman
ANN is a two-layer ANN, with a feedback layer from the
context layer to the input layer. This allows the ANN to have
a “knowledge” of past events, which is a beneficial factor
in predicting future events, such as in BGL prediction. The
layout of the Elman ANN is shown in Figure 3 (adapted
from [8]), which depicts a fully connected, recurrent Elman
ANN with 4 inputs, 2 neurons in the hidden layer, and
one output neuron. The 2 neurons in the hidden layer were
found to be optimal through trial and error. The neurons of
the hidden layer have a tansig activation function while the
output neuron has a linear activation function.
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Table 2: A typical 2-event input vector supplied to the ANN for short-term predictions.

Time (hours) BGL (mmol/L) Meal (grams of carbohydrates) Short-acting insulin Long-acting insulin

12.25 12.5 4.253 3.984 0 0 0 0 0 0

Table 3: Sample of the data used for training and testing of the ANNs for the long-term predictions (note that 0.00 hrs represents midday
and 12.00 hrs represents midnight).

Meal Input
Time (hrs) Meal (grams of carbohydrates) BGL (mmol/L)

1.25 3.75 7 56.7 0 75.6 12.384 4.996 5.710

Short-acting Time (hrs) Short-acting insulin BGL (mmol/L)

insulin input 0.5 6.5 7.75 6 4 0 12.878 5.627 5.224

Long-acting Time (hrs) Long-acting insulin BGL (mmol/L)

insulin input 0.5 6.5 7.75 4 0 6 12.878 5.627 5.224

Training was performed using the Levenberg-Marquardt
algorithm, defined in the following equation where xk and
xk+1 are measures of the performance function, H is a
Hessian matrix, μ is a scalar, I is the identity matrix, and
g is the gradient. This is regarded as a faster training
algorithm than the standard back-propagation algorithm
used historically in the Elman ANN, as it takes fewer epochs
to find a minimum for the performance function:

xk+1 = xk −
[

H− μI
]

g (3)

the training parameters for the Levenberg-Marquardt algo-
rithm, used for the networks described in this project, are
summarised below.

Weight Initialization. This was performed using the Nguyen-
Widrow initialization function (“initnw” in MATLAB). The
values are random to a certain degree, so any two networks
will begin training with different neuron weights. Conse-
quently, every network is unique, and networks trained on
identical data will not necessarily give the same output.

Weight Updates. This was performed using the function
called “trains”, which is an incremental training algorithm
presenting the network inputs and updating the weights with
each time-step (epoch).

Data Allocation. This was performed using the function
“dividerand,” which is used to separate input and target
vectors into three sets: training, validation, and testing.
The data were split into the following ratio: training 60%,
validation 20%, and testing 20%. As the name of the function
suggests, this is done in a random fashion.

Performance Measure. The criterion by which training suc-
cess is assessed is the mean squared error (MSE). This takes
the average of the sum squared of the errors, where the error
is the difference between the network output and the target.

Training was terminated if μ reached 1e20, or if the
gradient (g) reached 1e−10, or if a maximum number of trai-
ning epochs (cycles) was obtained.

6. Results

The error in the prediction was calculated as the RMSE
between the target (actual) BGL and the predicted BGL from
the ANN over the prediction period, see (4), for 5 days of
data not used during training. An average of the RMSEperiod

over five test days was used to assess the performance of the
ANN, RMSE5 day:

RMSEperiod =
√(

BGLactual − BGLpredict

)2
(4)

RMSE5 day =
5∑
i=1

RMSEperiod,i (5)

an accurate BGL prediction was taken to be one which fell
within the accuracy of glucose sensors, which was taken to
be ±1 mmol/L. For short-term predictions, the prediction
period ran from 18:00 until 06:30 the following day. The
termination conditions for training were 100 epochs, a μ of
1e20, or a gradient of 1e−10.

From the graphs shown in Figures 4, 5, 6, and 7, it can
be seen that the most accurate predictions of the ANNs
were during the later portion of the night. The predictions
are least accurate in the hours leading up to 24:00. If
the predictions from 00:30 onwards are examined, then
the average performance of the four individual ANNs, for
prediction lengths (15, 30, 45, and 60 minutes) is RMSE5 day

0.15± 0.04 SD mmol/L with an errormax, as in the following
equation, of 0.24 mmol/L at any one prediction time over the
prediction period, for any network over the five test days:

errormax =
∣∣∣BGLactual − BGLpredict

∣∣∣ (6)

for longer-term predictions, the data were presented to the
ANN in a different manner, as was mentioned earlier. Figures
8, 9, 10, 11, and 12 show the performance of the ANNs
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Figure 4: 15-minute prediction results from a day of data not used
during AIDA training.

at predicting BGLs over time periods of 1, 2, 4, 6, 8, and
10 hrs.

Two important points may be observed from Figure 8 to
Figure 12.

Up to the 6-hour prediction, the difference between
BGLactual and BGLpredict (over the 5 test days) can be
over 1 mmol/L (Figure 10).

The 8- and 10-hour predictions appear accurate: an
average RMSE5 day for the ANN for 8- and 10-hour
predictions was 0.14±0.16 mmol/L. The errormax was
0.20 mmol/L for the 8-hour prediction, while for the
10-hour prediction the errormax was 0.36 mmol/L.

The accuracy of the predictions seems to improve as the
prediction period increases away from the last input event.
This could be explained by the diminishing influence on the
BGL of the short/long-acting insulin and meal consumption
as time progresses, making for a simpler modelling case,
although further work is required to investigate this.

7. Discussion

The ANNs investigated in this paper were able to make the
most accurate BGL predictions during the night. This is
probably due to the reduced effect of meals and insulin injec-
tions during this period, although due to time constraints,
a more rigorous investigation of this hypothesis could not
be conducted. Networks with few hidden neurons appear
to be able to make accurate BGL predictions of short-term
nocturnal BGLs (up to 60 minutes) and long-term nocturnal
blood glucose levels (8 and 10 hrs).
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Figure 5: 30-minute prediction results from a day of data not used
during AIDA training.
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Figure 6: 45-minute prediction results from a day of data not used
during AIDA training.

The results are similar to other work carried out [13,
14]; however, it should be noted that real-patient data
was used in these papers, and that the prediction periods
included daytime predictions. The BGLs found in the body
are inherently unstable whereas those of the AIDA model
are from a set of equations which are stable. There are
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Figure 7: 60-minute prediction results from a day of data not used
during AIDA training.
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Figure 8: Predictions from trained ANNs on a test day which was
not used during AIDA training. Each point represents a separate
ANN, which was the best performing ANN over the 5 test days for
a given prediction period.

factors during the nocturnal period which are not modelled
by AIDA, and which may make predicting future BGLs
more difficult. These include variations in glycemic index
and protein content of meals, growth hormone and cortisol
variations, sexual relations, restless sleep, excess hepatic
gluconeogenesis created by the elevated glucose target for
breakfast, or even an active dream life (the brain is the
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Figure 9: Predictions from trained ANNs on a test day which was
not used during AIDA training. Each point represents a separate
ANN, which was the best performing ANN over the 5 test days for
a given prediction period.

0
1
2
3
4
5
6
7
8
9

10
11
12
13
14
15
16
17
18

0 2 4 6 8 10 12 14 16 18 20 22 24

B
G

L
(m

m
ol

/l
)

BG target data
Prediction

Day 3-nocturnal BGLs

Time (hours) 0:00 represents midday, and 12:00 is midnight

Figure 10: Predictions from trained ANNs on a test day which was
not used during AIDA training. Each point represents a separate
ANN, which was the best performing ANN over the 5 test days for
a given prediction period.

major consumer of glucose during the night), but the night
predictions of this project still seem valid. Control during the
nocturnal period of the daily cycle may represent the first step
towards a closed-loop artificial pancreas, as proposed for the
first generation of artificial pancreases by Hovorka [7].

Although the results of this early work in progress are
promising, there is much scope for improving the validity of
the networks.

It is acknowledged that no test on real-patient data
has yet been performed, and that the data of this project
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Figure 11: Predictions from trained ANNs on a test day which was
not used during AIDA training. Each point represents a separate
ANN, which was the best performing ANN over the 5 test days for
a given prediction period.
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Figure 12: Predictions from trained ANNs on a test day which was
not used during AIDA training. Each point represents a separate
ANN, which was the best performing ANN over the 5 test days for
a given prediction period.

was sourced from a limited mathematical model. This is a
simplified case of a patient with Type-1 diabetes and does
not include the effects of stress, exercise, illness, pregnancy,
variations in glycemic index and protein content of meals,
CGM detector noise, and so forth. All these variables will
make for a more complicated situation and may reduce
the overall accuracy of ANN predictions. However, using a
model like AIDA does permit a large quantity of test BGL
data to be harvested rapidly.

It is fully accepted that the simulation is only a starting
point, but it is a useful way to embark on in silico testing.
The purpose of this pilot study has been to prove the concept
of this simulated data approach—but it is recognised that
laboratory bench testing alone will not be sufficient—and
if further in silico testing with a wider range of simulated
patients is encouraging, then clinical testing with real-patient
data will be warranted.

Using real-patient data, from a CGM with a sampling
frequency similar to that of the AIDA sampling rate, would
allow for investigation on the impact of glucose detector
noise as well as the physiological responses of stress, exercise,
illness, and so forth on the accuracy of prediction.

Using more than one patient will also be necessary to
prove the validity of the prediction accuracy of the ANNs.
This will allow for interindividual variability to be analysed.
It should be stressed, however, that it was never the intention
of this study to train a given ANN on more than one patient.
This is with the belief that the trained ANN is specific to an
individual’s physiology, and that an ANN trained on more
than one patient’s BGL data would be inappropriate and
have reduced accuracy. However, future work is needed to
prove this.

Another issue with the AIDA model is the slow change in
insulin sensitivities a patient can experience which can occur
over the course of weeks and months. The parameters of the
AIDA model, which are used to describe insulin sensitivities
of the patients, are not necessarily valid a week after the data
used to describe them was measured. The networks of this
project are similar, in concept, to the AIDA model. Once
the network has been trained, the weights, which essentially
describe the physiological insulin/glucose interactions of a
patient, are fixed. Over time, it would be expected that the
accuracy of the network predictions would reduce as the
patient’s physiology changes. One way in which this issue
could be addressed is by using a real-time recurrent learning
network. This network differs from the Elman network,
trained with the Levenberg-Marquardt algorithm, because
it never stops training. Every time data is supplied to this
network, small adjustments are made to the weights. In this
way, it is able to adapt to slow changes in the data. Therefore,
as the physiology of a patient changes with time, the network
is able to incorporate the changes by adjusting the weights of
its neurons. Such a network design was beyond the scope of
this initial study.

8. Conclusions

ANNs, based on the Elman recurrent network and trained
using the Levenberg-Marquardt algorithm, were designed,
and were able to make accurate short- and long-term blood
glucose predictions during the nocturnal period of the daily
cycle.

For short-term predictions (15, 30, 45, and 60 minutes),
ANNs made blood glucose predictions with RMSE5 day of
0.15 ± 0.04 SD mmol/L, and an errormax of 0.27 mmol/L.
For long-term predictions (8 and 10 hrs), ANNs, with
a RMSE5 day predictions of 0.14 ± 0.16 SD mmol/L, were
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observed. The errormax was 0.20 mmol/L for the 8-hour
prediction and 0.36 mmol/L for the 10-hour prediction.

Future areas of investigation will include developing
alternative network paradigms which are capable of continu-
ous learning, such as the real-time recurrent network. Such a
network could be used in conjunction with the network con-
figuration of this project to compare their prediction accu-
racy over an extended time period. This would highlight the
effects which a changing metabolism might have on network
prediction accuracy over the course of weeks or months.
Such a study might also incorporate a real patient trial,
utilising the data-gathering ability of CGMs, and digital diary
logs of meal intake, insulin injections, exercise, and stress
which could be easily incorporated into ANN paradigms.
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Glucose-insulin models appeared in the literature are varying in complexity. Hence, their use in control theory is not trivial.
The paper presents an optimal controller design framework to investigate the type 1 diabetes from control theory point of view.
Starting from a recently published glucose-insulin model a Quasi Model with favorable control properties is developed minimizing
the physiological states to be taken into account. The purpose of the Quasi Model is not to model the glucose-glucagon-insulin
interaction precisely, but only to grasp the characteristic behavior such that the designed controller can successfully regulate the
unbalanced system. Different optimal control strategies (pole-placement, LQ, Minimax control) are designed on the Quasi Model,
and the obtained controllers’ applicability is investigated on two more sophisticated type 1 diabetic models using two absorption
scenarios. The developed framework could help researchers engaging the control problem of diabetes.

1. Introduction

According to the data provided by the World Health
Organization (WHO), diabetes mellitus is predicted to be the
“disease of the future” especially in the developing countries
(due to the stress and the unhealthy lifestyle). The diabetic
population (in 2000, being estimated 171 million people) is
predicted to be doubled by 2030 (366 million worldwide) [1].

The normal blood glucose concentration level in the
human body varies in a narrow range (70–120 mL/dL). If
for some reasons the human body is unable to control
the normal glucose-insulin interaction (e.g., the glucose
concentration level is constantly out of the above-mentioned
range), diabetes is diagnosed. Type 1 (also known as insulin-
dependent diabetes mellitus) is one of the four classified
types of this disease (type 2, gestational-diabetes, and other
types, like genetic deflections, are the other three categories
of diabetes) and is characterized by complete pancreatic
β-cell insufficiency [2]. As a result, the only treatment of
patients is insulin injection (subcutaneous or intravenous,
the latter only in case of patients in the Intensive Care Unit),
usually administered in an open-loop manner.

From an engineering point of view, the treatment of
diabetes mellitus can be represented by an outer control

loop, to replace or artificially regulate the partially or
totally deficient blood-glucose-control system of the human
body. The quest for artificial pancreas can be structured
in three different tasks: glucose sensor, insulin pump, and
control algorithm problem [3, 4]. Current approaches to
the artificial pancreas can be external (with subcutaneous
insulin infusion and subcutaneous glucose sensing), inter-
nal (with intraperitoneal insulin infusion and intravenous
glucose sensing), or hybrid (intraperitoneal insulin infusion
and subcutaneous glucose sensing). Currently, the most
affordable technology is the subcutaneous—subcutaneous
route. This work investigates the case of internal artificial
pancreas, therefore neglecting the sensor dynamics.

To design an appropriate control, an adequate model
is necessary. In the last few decades many scientists have
tried to create mathematical models describing the human
blood glucose system. A brief overview can be found here
[3, 5, 6]. The minimal model [7] proved to be the simplest
one, but its simplicity proved to be its disadvantage, while
in its formulation a lot of components of the glucose-insulin
interactions were neglected. Therefore, more general models
appeared [8–10]. These models focused on the physiology
of glucose regulation. However, the regulation of glucose
level by insulin involves multiple feedback controls at the
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molecular and/or biochemical level. Although simplifica-
tions have been done, Liu and Tang [11] developed a
new control model taking into account multiple signaling
and metabolic pathways like insulin signaling pathway, the
glucagon signaling pathway, and glycogen synthesis and
degradation pathway.

Due to the fact that models of diabetic systems are
imprecise by nature, the modeling of the glucose-insulin
system and controlling its behavior are two tightly connected
questions; hence the problems could not be discussed sepa-
rately. Regarding the applied control strategies the palette is
very wide [3, 5, 12].

In case of type 1 diabetes mellitus, the insulin secreted
by the pancreas is insufficient, therefore, external insulin
needs to be injected, whereas glucose intake can be regarded
as disturbance to the system. Therefore, external automatic
regulator needs to be applied in order to restore balance (Fig-
ure 1). In order to describe the problem formally, nomen-
clature of Control Theory should be applied. The patient
that needs to be controlled has two inputs (intravenous
insulin as control input (u), meal intake as disturbance
(d)), and one output (blood glucose concentration (y)).
The controller that must regulate the pathologic glucose
household has one input (blood glucose concentration (y))
and one output (intravenous insulin—control input (u)).
Several other conditions (stress, physical activity, illnesses)
could effect glucose household of the patient, but their effect
are not examined in this paper.

The aim of this paper is to present a controller design
framework to investigate the type 1 diabetes from control
theory point of view. A Quasi Model (a type 1 diabetes
mellitus (T1DM) linear model) with favorable control prop-
erties is developed starting from the Liu-Tang model [11]
minimizing the physiological states to be taken into account.
Hence, different optimal control strategies can be designed
for the simplified Quasi Model, and the obtained controllers
can be tested on other more sophisticated glucose-insulin
models. As a result, the developed framework could help
researchers engaging in the control problem of diabetes.

The paper is organized as follows: in Section 2 the
methodology is presented, including the brief description
of the Liu-Tang model, the development of the Quasi
Model, and the optimal control strategies to be used (pole-
placement method, observer development, LQ, and Minimax
control). Section 3 presents the results obtained on two
sophisticated glucose-insulin models using two different
absorption scenarios. This is followed by discussion part
(Section 4) and ended with conclusions (Section 5).

2. Methods

The kernel of the controller design framework is represented
by the created Quasi Model, which is summarized below. In
order to develop this simple, but useful model, physiological
and mathematical considerations are taken into account. The
chapter also briefly summarizes the optimal control methods
which are used to demonstrate the utility of the developed
framework.

2.1. The Liu-Tang Model. In contrast with the previous
models, like Bergman et al. [7] and Sorensen [8], the
recently published model of Liu and Tang [11] applies a
more straightforward approach: it describes some of the
aspects of the human blood glucose system at molecular
levels (more exactly takes some biochemical considerations
into account). Consequently, the cause-effect relations are
more plausible, and different functions and processes can be
separated. Its complexity is somewhere halfway between the
minimal model of Bergman et al. [7] and the most complex
Sorensen model [8].

The model can be naturally divided into three sub-
systems: the transition subsystem of glucagon and insulin,
the receptor binding subsystem, and the glucose subsystem.
Here, only main parameters and variables are explained, and
detailed description and parameters can be found in [11] or
[13].

The first two equations denote concentrations of
glucagon (s

p
1 ) and insulin in plasma (s

p
2 ):

ds
p
1

dt
= −kp1,1s

p
1 − k

p
1,2s

p
1 + w1,

ds
p
2

dt
= −kp2,1s

p
2 − k

p
2,2s

p
2 + w2,

(1)

where w1 and w2 stand for glucagon and insulin produced
by the pancreas (w2 being zero in case of T1DM [13]). The
positive constants k

p
j,1 denote transition rates and k

p
j,2 the

degradation rates ( j = 1, 2).
The receptor binding system is captured by four equa-

tions:

ds1

dt
= −ks1,1s1

(
R0

1 − r1
)− ks1,2s1 +

k
p
1,1s

p
1Vp

V
,

ds2

dt
= −ks2,1s2

(
R0

2 − r2
)− ks2,2s2 +

k
p
2,1s

p
2Vp

V
,

dr1

dt
= ks1,1s1

(
R0

1 − r1
)− kr1r1,

dr2

dt
= ks2,1s2

(
R0

2 − r2
)− kr2r2,

(2)

where s1 and s2 stand for intracellular concentrations of
glucagon and insulin, while r1 and r2 denote concentrations
of glucagon- and insulin-bound receptors. As constants,
R0

1 and R0
2 denote total concentrations of receptors, ksj,1

stand for the hormone-receptor association rates, ksj,2 for the
degradation rates, and krj for the inactivation rates ( j = 1, 2).
Plasma volume is denoted by Vp, whereas V is intracellular
volume.

Finally, the glucose system is represented by two equa-
tions:

dg1

dt
= k1r2

1 + k2r1

V
gs
maxg2

K
gs
m + g2

− k3r1
V

gp
maxg1

K
gp
m + g1

,

dg2

dt
= − k1r2

1 + k2r1

V
gs
maxg2

K
gs
m + g2

+ k3r1
V

gp
maxg1

K
gp
m + g1

− F + Gin,

(3)
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Figure 1: Diagram of the closed-loop system.

where g1 represents the glycogen and g2 the glucose concen-
tration and

F = f1
(
g2
)

+ f2
(
g2
)
f3(s2), (4)

with

f1
(
g2
) = Ub

(
1− e−g2/C2

)
,

f2
(
g2
) = g2

C2
,

f3(s2) = U0 +
(Um −U0)(s2/C4)β

1 + (s2/C4)β
.

(5)

f1(g2) represents the insulin-independent part, while f2(g2)
and f3(s2) the insulin-dependent part. Ub, C2, U0, Um, C4,
and β are constants [11].

Hormones of the pancreas have a cardinal role in blood
glucose regulation and homeostatic stability, since negative
feedback of glucagon and insulin through blood glucose level
assures controllability (in medical sense):

w1
(
g2
) = Gm

1 + b1ea1(g2−C5) , (6)

w2
(
g2
) = Rm

1 + b2ea2(C1−g2) , (7)

where w1(g2) and w2(g2) denote glucagon and insulin
secretion of the pancreas.

2.2. Physiologic Evaluation and Model Reparametrization. In
order to analyze the model in a quantitative manner, a
physiologically correct input has to be defined for Gin. Using
the absorption curve presented in [14] (the same used in [11]
for model validation) gut-blood circulation transfer function
can be neglected, since it has already been taken into account.

Observing Figure 2 (reproducing results of Liu and Tang
[11]) it can be seen that the behavior of the system is in
accordance with physiologic expectations: the absorption of
exogenous glucose is followed by the activation of the insulin
pole. The “two-hump” behavior of the system is widely
known in medical practice: the first intense and short phase
of hormone secretion is followed by a long and moderate
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Figure 2: Open-loop simulation results of the original Liu-Tang
model.

period assuring rapid reaction and precise correction as well
[2].

The original Liu-Tang model is only capable of describing
the healthy human blood glucose system, although a type 1
diabetic model is required for controller design. Therefore,
the model is reparameterized in order to describe type 1
diabetes mellitus [13].

In case of type 1 diabetes mellitus, insulin secretion
of the pancreas becomes insufficient to regulate blood
glucose. Equation (7) describes the insulin infusion rate
of the pancreas, where Rm denotes the saturation value
of pancreatic insulin secretion. In order to model type
1 diabetes mellitus, Rm has to be decreased resulting in
unsatisfactory pancreatic insulin secretion. By setting the
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Figure 3: Open-loop simulation results of the modified Liu-Tang
model (type 1 diabetic).

value of Rm to zero, simulation results can be seen in Figure 3.
As it is expected, blood glucose level is far out of healthy
region, and only decreasing due to glucose utilization, not
because of insulin’s control effect [2].

2.3. Quasi Model. The Liu-Tang model is a nonlinear system,
and controlling a nonlinear system is not a trivial task.
Controlling linear systems however has a vast theoretical
background, and there is a wide range of tools available to
implement a proper controller. Therefore, especially in our
current case when the system is needed to be maintained in
a certain steady state, linearization and creating controller
for this linearized system are good approach. Linearizing the
Liu-Tang model, one may face some serious problems.

(1) Elements of the system matrix vary in a wide range,
since it spans to 1016. Therefore, the full rank system
is extremely sensitive to numerical imprecisions, and
further usage is problematic given the fact that it is ill
conditioned.

(2) Control properties of the full rank system are not
perfect, since the rank of the controllability matrix
is 6, whereas the rank of the observability matrix is
5. Therefore, the system is neither controllable, nor
observable.

(3) Model reduction results in a transformed system
where state variables do not have any physiological
meaning. Therefore, their application cannot be
carried out since measurements will not have any
connection to actual state variables.

(4) Simply selecting state variables from the full-rank
system do not take interconnections into account.
For instance, selecting plasma insulin, glucagon, and
glucose the system matrix is

A3 =

⎡⎢⎢⎢⎣
−0.44 0 −9.21× 10−14

0 −0.31 0

0 0 −0.02

⎤⎥⎥⎥⎦, (8)

and it can be seen that neither of the control hor-
mones has any effect on glucose, therefore the model
is completely useless.

Therefore, another solution has to be found.

2.3.1. Creating the Quasi Model. In order to avoid the above-
mentioned problems, a simple, but useful linear model can
be created. The goals are as follows:

(1) elements of the system matrix should be from a
narrow range,

(2) controllability and observability,

(3) state variables should have physiological meaning,

(4) interconnections should be taken into account.

In order to create a physiologically plausible and useful
model, three state variables should be considered: the two
control hormones, insulin (x1) and glucagon (x2), and the
regulated variable, plasma glucose (x3 and y). Control input
of the model is intravenous insulin (u), whereas glucose
intake should be considered disturbance (d).

The developed Quasi Model is a simple linear system
with one control input (intravenous insulin), one output
(plasma glucose), and one disturbance (glucose intake):

ẋ = Ax + Bu + Ld, (9)

y = Cx, (10)

where B = [1 0 0]T , L = [0 0 1]T , and C = [0 0 1].
It has to be remarked that the Quasi Model has only one
output: plasma glucose concentration.

The main contribution of this modeling technique which
helps us overcome the above-mentioned problems is that we
do not derive the simplified model directly from a complex
nonlinear model, but we define the structure of the model
based on theoretical and control theoretic aspects, and we
use the behavioral simulation of the more complex Liu-Tang
model for parameter tuning of the system matrix A in (9) of
the Quasi Model.

In order to check the physiologically correct behavior of
the model, glucose absorption input based on experiments
presented in [14] and reproduced by Liu and Tang [11]
is applied. In normal individuals the plasma glucose is
restored to premeal basal levels in approximately 120 min for
a normal meal (≈1 g glucose/kg body weight), but for a very
large meal (≈4.5 g glucose/kg body weight) this period is up
to 360 min [14]. Korach-André et al. [14] experimented 8
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healthy active male subjects (age 22.4 ± 0.6; weight 68.0 ±
0.9 kg; height 175.7±1.5 cm; BMI (kg/m2) = 22.1±0.6) after
a starch meal in form of polished and parboiled rice (5 g dry
mass/kg body mass). Absorption profile of the experiment
(see Figure 4 of [14]) was reproduced by Liu and Tang
[11] (see Figure 6 of their paper) presenting a 120 g CHO
absorption scenario.

For our case this situation can be regarded as a worst-
case disturbance (= large meal intake) as meal intake is
not directly incorporated in the model, but treated as a
disturbance, which makes the control task harder. This
method is used for long time in control theory, and the bigger
the meal intake (disturbance) is, the harder the control task
becomes.

It has to be remarked that the system is linearized in
steady state [10 10 100] [11], which should be handled
as the equilibrium of the Quasi Model. In the following
subsection we show the numerical values for the system
matrix A of the Quasi Model (9) in case of a healthy patient.

2.3.2. Healthy System. In case of the healthy system, regu-
lation mechanism is intact and it functions properly: there
is enough insulin to decrease the elevated glucose level and
insulin receptors are not insensitive to insulin.

The system matrix is

A =

⎡⎢⎢⎢⎣
−1 −0.05 0.5

−0.05 −2 −0.05

−1.2 0.01 −0.05

⎤⎥⎥⎥⎦, (11)

as a result of iterative parameter tuning. The initial values of
the entries are chosen such that they are in accordance with
theoretical expectations [2], and they are tuned by Monte
Carlo algorithm until they are in accordance with simulation
results made on the original Liu-Tang model. For an example
of Monte Carlo methods regarding glucose-insulin modeling
the reader should check [16].

It should be emphasized here that the aim of this linear
model is not to describe the accurate operation of the human
blood glucose regulation system. The main contribution of
the Quasi Model is to get a simple model which holds
the characteristics of the original system, which yields only
qualitative, but not quantitative description. This model can
be used for controller designs, which can be tested on the
clinically more reliable models. Hence, the Quasi Model is
only a tool for control engineers, and it cannot be directly
used in clinical aspects.

One good property of the system matrix (11) of the Quasi
Model is that the entries of the matrix have physiological
meaning. In particular, the entry a1,2 means that the
glucagon concentration decreases insulin secretion, while
a1,3 means that the plasma glucose concentration increases
insulin secretion. The meaning of the other entries is
straightforward.

2.3.3. Type 1 Diabetes Mellitus. In case of type 1 diabetes
mellitus, regulation mechanism does not function properly:
there is no insulin to decrease the elevated glucose level;

however, insulin receptors are not insensitive to insulin. We
can get a system matrix for the type 1 diabetes mellitus by
canceling the terms a1,2 and a1,3 from (11) that describe the
sensitivity of the insulin secretion on plasma glucose and
glucagon, thus turning the pancreas off.

Therefore, the system matrix is

A =

⎡⎢⎢⎢⎣
−1 0 0

−0.05 −2 −0.05

−1.2 0.01 −0.05

⎤⎥⎥⎥⎦. (12)

In control theoretic point of view, the resulting system matrix
gives a stable system, since the eigenvalues of the system
matrix (12) have negative real part:

λ1 = −0.0503,

λ2 = −1.9997,

λ3 = −1.0000.

(13)

Despite that the subsystem of the insulin x1 is not affected by
the other two state variables, it still has effect on the blood
glucose concentration and the glucagon concentration, so
the output in question is still controllable. One can easily
check this by calculating the controllability matrix of the
system, which is full rank.

2.4. Controller Design. This section presents optimal control
methods used to test the utility of the Quasi Model defined
in the previous section. The purpose of the developed
framework is to help control engineers create and test control
laws for blood glucose regulation system. In this section,
several examples are elaborated.

In order to check the applicability of the Quasi Model,
different feedback controllers are designed and checked
later on clinically more comprehensive models. First we
design a feedback control with pole-placement, which is
one of the simplest feedback design techniques. Then we
design an observer, since in practice only the blood glucose
concentration can be measured, and we need all the state
variables available for feedback. Next, LQ control and H2/H∞
(also known as Minimax) control [17] are considered.

2.4.1. Pole-Placement. General feedback scenarios mean that
the input signal is calculated from the state variables as

u = −Kx, (14)

where K is the feedback matrix. This yields a closed-loop
system:

ẋ = (A− BK)x, (15)

where the new system matrix is A − BK which can be
influenced by the K feedback. The closed-loop system matrix
can be defined by its eigenvalues in case of pole-placement
design technique, so the engineer has to specify the new poles
of the controller system, thus specifying the speed of the
regulation.
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The feedback matrix (K) can be calculated by the well-
known Ackermann formula [18], namely,

K = eTnM
−1
c ϕc(A), (16)

where en is the nth unity vector, Mc is the controllability
matrix of the system and ϕc(·) is the characteristic polyno-
mial of the (desired) closed-loop system.

By setting the desired poles bigger than the original ones,
four scenarios are observed and the feedback matrices are

K2λ =
[

3.0500 −0.0070 −0.1655
]

,

K5λ =
[

12.2000 −266.4993 −11.0642
]

,

K10λ =
[

27.4500 −1369.2061 −73.4722
]

,

K20λ =
[

57.9500 −4321.5648 −435.9781
]
.

(17)

Simulating closed-loop responses on the Quasi Model, it
can be seen in Figure 4 that control properties get better by
increasing the value of closed-loop poles; however, control
input gets bigger too (for glucose absorption scenario we
have used the same curve that was used in [11], e.g., large
meal intake of Korach-André et al. [14]). This is completely
in accordance with theoretical expectations, since the bigger
the λ (bigger eigenvalues), the faster the system [18]. In the
following we will take into account only the case of 2λ as this
case is physiologically plausible.

This technique is not as explicit as the upcoming LQ and
Minimax design techniques in the means of the resulting
signals; however it is not negligible since the engineer can
freely define the closed-loop model.

2.4.2. Observer Design. In the general feedback scenario we
need the values of the state variables, however in practice
only the blood glucose concentration can be measured.
To overcome this problem we design an observer that
estimates the state variables from the measured blood glucose
concentration and the insulin input defined by the controller.

Let us consider the observer in the form

dx̂

dt
= Fx̂ + Gy + Hu, (18)

where x̂ is the approximated state vector, and let x̃ denote
estimation error. Hence

x̃(t) = x(t)− x̂(t). (19)

Therefore, design requirement is [18]

lim
t→∞x̃(t) = 0. (20)

According to Ackermann’s formula [18], the Kvirtual = GT

controller can be calculated as the virtual feedback for a
virtual system represented by Avirtual = AT and Bvirtual = CT .
Desired poles of the observer should be fast, at least faster
than the poles of the closed-loop system, therefore, a possible
choice can be ten times faster [18].
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Figure 4: Closed-loop simulation results in case of Pole-Placement
Control.

Consequently, the observer can be designed in three
steps:

(i) G = KT
virtual,

(ii) F = A−GC,

(iii) H = B.

2.4.3. LQ and Minimax Control. Using the general form of a
dynamic LTI (linear time invariant) system

ẋ = Ax + Bu,

y = Cx,
(21)
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in case of a classical linear quadratic (LQ) control [17, 18]
the requirement is to minimize the following quadratic cost
functional:

J(x,u,d) = 1
2

∫∞
0

[
xT(t)Qx(t) + uT(t)Ru(t)

]
dt. (22)

The classical LQ attempts to find an optimal control u∗(t)
(t ∈ [0,∞]) based on the CARE (Control Algebraic Ricatti
Equation) for all u(t) on t ∈ [0,∞] such that J(u∗(t)) ≤
J(u(t)). However, the optimal solution is satisfied only under
the chosen Q and R matrices. Hence, adequate matrices are
key issues of the LQ method.

Considering the Quasi Model the disturbance (glucose)
should be overweighted in the discussion of Q and R matrix,
as it is much “cheaper” than insulin [19]. Hence, the obtained
LQ controller for the ux = −Kx control law is [20]

K =
[

0.1942 −0.0009 −0.1775
]
. (23)

Minimax control is greatly similar to classical LQ method,
however, it takes disturbance into account [17]. Let us
consider the LTI system

ẋ = Ax + Bu + Ld,

y = Cx
(24)

with initial condition x(0) = x0 and disturbance d(t).
Now, the problem is to find a control u(t) that minimizes

the quadratic functional:

J(x,u,d) = 1
2

∫∞
0

[
xT(t)x(t) + uT(t)u(t)− γ2dT(t)d(t)

]
dt.

(25)

Now, the disturbance d(t)—as it appears with a negative
sign—attempts to maximize the cost, while we want to find
a control u(t) that minimizes the maximum cost achievable
by the disturbance (by the worst case disturbance). This is
a case of the so-called “worst-case” design and leads to the
formulation of a differential-game [17]:

max
d(t)

J(u(t),d(t)) −→ min
u(t)

J(u(t),d(t)). (26)

According to Zhou [17], the solution of the u = −Kx optimal
control problem in case of the considered Quasi Model is in
the form of [20]

K =
[

0.3582 −0.0016 −0.3154
]
. (27)

2.4.4. Closed-Loop System. Consequently, the general closed-
loop system consists of four blocks (Figure 5)

(1) Type 1 Diabetic Model: (u,d) → y.

(2) Absorption Model: m → d.

(3) Observer: (u, y) → x̂.

(4) Feedback Gain: x̂ → u.

The Controller consists of two subsystems: the observer
and the feedback gain, which can be either the pole-
placement, LQ Control or the minimax control feedback
matrix.

Type 1 diabetic model

Absorption model

Feedback gain Observer

u

u

u

d

m

x̂
y

y

Controller

Figure 5: Structure of the closed-loop system.

3. Results

In order to observe the performance and robustness of the
designed controller, several different input data should be
used on the reparameterized Liu-Tang model and modified
Sorensen model [21].

The required input of the model is glucose absorbed
from the gut, so providing plausible data is not a trivial task.
One possibility is to use a static absorption profile like the
one presented in [14]. Through this virtual, but realistic,
absorption data can be generated. A more convenient
approach would be the use of validated dynamic system
for approximating oral glucose absorption, such as the one
presented by Dalla Man et al. [15]. In this chapter, both
methods will be examined and used.

3.1. Virtual Absorption Scenarios Based on Large Meal Intake
Absorption. Based on theoretical models of absorption [23],
the glucose absorption rate can be considered to follow a
Weibull curve:

g = p3

(
t

p1

)p2

e−(t/p1)p2
, (28)

where g stands for glucose absorption rate. Observing the
role of parameters p1, p2, and p3, it can be seen that

(i) p1 corresponds to the input scaling; in other words, it
scales the curve along the horizontal axis,

(ii) p2 determines the shape of the curve, since it can be
interpreted as a time constant of the system,

(iii) p3 scales the curve along the vertical axis.

3.2. Absorption Scenarios Based on Dalla Man et al. [15]. The
meal simulation model of Dalla Man et al. [15] describes
the glucose transit through the stomach and intestine to
the plasma in case of enteral feeding. Glucose intestinal
absorption is modeled by a three-compartment model: the
stomach being described by two compartments and the gut
by a single compartment.
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Figure 6: Change of gastric emptying rate (kempt) using the meal
model of Dalla Man et al. [15] for 60 g CHO.

The key issue of the model is the rate of gastric emptying
(kempt), a nonlinear function of the glucose amount in the
stomach (Qsto):

kempt = kmin +
kmax + kmin

2

× [tanh(α(Qsto − bD))− tanh
(
β(Qsto − cD)

)
+ 2
]
,

α = 5
2D(1− b)

,

β = 5
2Dc

.

(29)

It can be seen that kempt is on its maximum value (kmax) when
the stomach contains D amount of ingested glucose. Then
kempt decrease with the rate of α to a minimal value (kmin),
but shortly after it rises back to the maximum with the rate
of β.

c is the percentage of the dose for which kempt decreases
at the value (kmax + kmin)/2, and similarly b represents the
percentage of the dose for which kempt rises back from
its minimal value to (kmax + kmin)/2 [15]. The change of
kempt is shown on Figure 6, where the usual amount of
60 g carbohydrate (CHO) intake used in the literature was
considered.

3.3. Considered Absorption Scenarios. In our case three
carbohydrate intake absorption scenarios are considered
(Figure 7): small meal intake (30 g CHO), normal meal
intake (60 g CHO), and large meal intake (100 g CHO).
When using the Weibull-curve, the same meal scenarios were
used, where the parameters of the Weibull-curve were set
to approximate the output of the model of Dalla Man et
al. [15] during small meal intake, while when using a large
meal intake the curve was fitted to the absorption profile of

0
100 200 300 400 500 600 700 8000

20

40

60

80

100

120

140

160

180

Time (min)

(m
g/

L/
m

in
)

30 g CHO
60 g CHO
100 g CHO

Glucose absorbption

Figure 7: Absorption scenarios taken into account based on the
meal model of Dalla Man et al. [15].
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Figure 8: Absorption scenarios taken into account based on the use
of the Weibull-curve.

Korach-André et al. [14]. Finally, normal meal intake was
using both characteristics (Figure 8).

All three meal scenarios through static and dynamic meal
absorption were tested on both the reparameterized Liu-
Tang model and the modified version of the Sorensen-model
[21] using pole-placement (for the case of 2λ), LQ, and
Minimax control methods.

Figures 9(a)–9(c) represent the static absorption profiles,
while Figures 10(a)–10(c) represent the dynamic system of
Dalla Man et al. [15] with the carbohydrate intake in ascend-
ing order. in all figures the plasma glucose concentration and
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Figure 9: Comparison of pole-placement, LQ, and minimax control methods on the modified Liu-Tang model and modified Sorensen-
model for the three dynamic absorption scenarios taken into account.
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the controller output are displayed for both physiological
models (reparameterized Liu-Tang and modified Sorensen)
with the three control methods compared.

4. Discussion

For the considered absorption scenarios results can be seen
in Figures 9 and 10 for both modified Liu-Tang model and
Sorensen model. All controllers manage to bring the output
of the reparameterized Liu-Tang model within the desired
range, but only Minimax control can acceptably regulate
the Sorensen-model. This is in accordance with theoretical
acceptation as the Minimax control is connected to modern
robust control methodology based on hard constraints [17].

The widely known “two-hump behavior” can be
observed only on the Liu-Tang model. Due to the differences
in the considered models, the glucose peaks also differ. This
can be explained with the fact that the Liu-Tang model was
created on the Korach-André et al. [14] large meal (e.g.,
120 g CHO) absorption scenario and also on the fact that the
created framework started from the Lui-Tang model.

We should emphasize again that our goal was not to
create the precise model of glucose absorption with the
Weibull-curve, but to generate plausible absorption curves
based on Korach-André et al. [14]. The Weibull-curve
originally meant to describe drug absorption, which is
usually not as complex as oral glucose absorption after mixed
meal.

Regarding the applied control methods, it can be seen
that the Minimax control gives better results, especially by
means of maximal plasma glucose concentration, proving
control theory results [17]: Minimax control is an extension
of the classical LQ method.

The hypoglycemia trend observed in Figures 9(a) and
10(a) can be explained as the dual effect of small CHO
intake and sufficiently long time to absorb the meal intake.
Consequently, in case of these scenarios the next CHO intake
should take place sooner.

It has to be remarked that the controller is developed for
the Quasi Model, which is only a rough approximation of
the type 1 diabetic system; however, when the controller is
applied to the modified Liu-Tang model and the modified
version of the Sorensen-model the closed-loop system pro-
duces the desired behavior.

5. Conclusion

An optimal controller design framework to investigate
T1DM from control theory point of view was developed.
First we created the structure of a linear Quasi Model (both
healthy and type 1 diabetic versions) based on theoretical
and control aspects, and then the parameters were tuned
using Monte Carlo algorithm. The Liu-Tang model was used
for validation in parameter tuning. Next, optimal control
techniques (pole-placement, LQ, and Minimax methods)
were applied to the type 1 diabetic version of the Quasi
Model, proving that it can be successfully and easily used
for controller design. Validation of the developed controllers,
as well as demonstration of the performance and robustness

of the developed framework was emphasized on different
absorption scenarios and use of two more sophisticated
glucose-insulin models: the reparameterized Liu-Tang model
and the modified Sorensen-model. Consequently, the devel-
oped framework could help researchers engaging the control
problem of diabetes as well as in physiological control
education.

Further research directions could focus on applying
modern control methods to the Quasi Model (e.g., modern
robust control) or testing the developed framework on other
well-known and sophisticated type 1 diabetic models (e.g.,
[9, 10]). Moreover, the additional dynamics resulting from
subcutaneous insulin infusion and subcutaneous glucose
sensing should be added and handled by the controller. In
[22] suitable models are presented.
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and X. Leverve, “Glucose appearance in the peripheral
circulation and liver glucose output in men after a large 13 C
starch meal,” American Journal of Clinical Nutrition, vol. 80,
no. 4, pp. 881–886, 2004.

[15] C. Dalla Man, M. Camilleri, and C. Cobelli, “A system model
of oral glucose absorption: validation on gold standard data,”
IEEE Transactions on Biomedical Engineering, vol. 53, no. 12,
article 10, pp. 2472–2478, 2006.

[16] T. F. Lotz, J. G. Chase, K. A. McAuley et al., “Monte Carlo
analysis of a new model-based method for insulin sensitivity
testing,” Computer Methods and Programs in Biomedicine, vol.
89, no. 3, pp. 215–225, 2008.

[17] K. Zhou, Robust and Optimal Control, Prentice Hall, New
Jersey, NJ, USA, 1996.

[18] B. Lantos, Theory and Design of Control Systems I-II,
Akadémia, Budapest, Hungray, 2005.
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This work considers the problem of automatically controlling the glucose level in insulin dependent diabetes mellitus (IDDM)
patients. The objective is to include several important and practical issues in the design: model uncertainty, time variations,
nonlinearities, measurement noise, actuator delay and saturation, and real time implementation. These are fundamental issues
to be solved in a device implementing this control. Two time-varying control procedures have been proposed which take into
consideration all of them: linear parameter varying (LPV) and unfalsified control (UC). The controllers are implemented with
low-order dynamics that adapt continuously according to the glucose levels measured in real time in one case (LPV) and by
controller switching based on the actual performance in the other case (UC). Both controllers have performed adequately under
all these practical restrictions, and a discussion on pros and cons of each method is presented at the end.

1. Introduction

Under normal conditions, blood glucose concentration
should be in the interval of 60, 120 mg/dL [1]. The body reg-
ulates this concentration by means of glucagon and insulin,
both pancreatic endocrine hormones secreted from α and β
cells, respectively. The absence of insulin released by the pan-
creas is called insulin dependent diabetes mellitus (IDDM)
and produces a higher glucose level in the blood (hypergly-
caemia). The consequences of this fact can be atherosclerosis,
retinopathy, and so forth. The excess of insulin on the other
hand, may produce a lower value of glucose (hypoglycaemia)
which may produce diabetic coma or even death. Meals and
exercise tend, respectively, to increase and decrease blood
glucose levels. It is very important to maintain glucose levels
between the previously mentioned bounds. Therefore, dia-
betic patients need external injections of insulin according to
their actual conditions in order to regulate their glucose level.
This is particularly painful in children with IDDM which
may need several insulin shots a day, plus regular glucose

measurements which may involve finger picks. Instead, type
II diabetes is generally produced in the long term and has to
do with patient’s aging, which may not even need external
insulin provision.

Glucose-insulin dynamics has been extensively studied.
A few models based upon ordinary differential equations
(ODE) can be used, for simulation or control system design
purposes [2]. As controller design is concerned, solutions are
frequently based upon either Bergman’s 3rd. order model
[2, 3], or Sorensen’s 19th order model [4]. Both models are
nonlinear and suitable for design purposes.

The control system design for this process has been ap-
proached in different ways using both models (see [5–7] for a
survey). Solutions go from simplified PID control to heuris-
tic fuzzy-logic procedures or parametric-programming [8].
The aforementioned models, present significant sources of
uncertainty that are worth considering systematically. Re-
cently [9, 10], robust control theory has been applied to this
problem, accounting for uncertainty as linear time invariant
(LTI). An LPV model has been derived in [11] based on
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Sorensen’s model and again an H∞ LTI controller has been
designed for it in [12, 13]. In addition, due to the nature
of the dynamics in both standard models, nonlinear control
design methods have also been applied [3, 12] but with no
clear robustness guarantees. In previous work by the authors
of this paper [14], an LPV controller design was presented
for this problem. As a preliminary conclusion, based on the
previous attempts to control this system, attention should be
paid to the following issues:

(i) model uncertainty,

(ii) time-varying and/or nonlinear phenomena,

(iii) time delays, actuator saturation, measurement noise,

(iv) real time implementation.

There have been no previous attempts to consider all these
restrictions in the controller design phase. This is particularly
important if the final objective is to construct a device to con-
trol IDDM automatically. To this end, as mentioned in [6, 9],
such a device needs the following items:

(i) an in vivo sensor for continuous blood glucose meas-
urements; preferably noninvasive,

(ii) a control algorithm for computing the necessary in-
sulin delivery concentration or the insulin delivery
rate concentration,

(iii) a physical device, for example an electromechanical
pump, to deliver the insulin calculated by the above-
mentioned algorithm.

The scientific community is already working towards ac-
curate noninvasive glucose sensors (see [15–17]) and insulin
pumps for this control system (see [18]). Noninvasive [16,
17] and semi-invasive methods, which work subcutaneously
[19], are specially important. Therefore, both sensors and
actuators are available and control algorithms may be imple-
mented in real time applications.

The objective of this work is to test two time-varying al-
gorithm design procedures to control glucose-insulin levels
in IDDM, which contemplate all these practical issues: linear
parameter varying (LPV) and unfalsified control (UC). This
is a first step towards the construction of a practical device
which may be applied effectively to patients.

This paper is organized as follows. Some brief back-
ground material on both techniques is presented in Section 2.
Section 3 is devoted to transform the simplified Bergman’s
model into a quasi-LPV model in order to design both con-
trollers. Structured model uncertainty considerations will
also be taken into account in both design methods. Simu-
lations illustrating the system’s performance are presented in
Section 4. Some technological issues which could complicate
the implementation of such a controller are detailed at the
end of that section. Final conclusions as well as future re-
search ideas end this paper in Section 5.

2. Background

The LPV method applied in this work can be broadly consid-
ered within the area of gain-scheduled control. This technique

is frequently applied to nonlinear problems. Knowledge of
the plant’s operating condition is used to adjust the gains of
a linear controller, as the operating condition changes. This
is typically used in aircraft control, where LTI controllers
are switched for different operating points according to the
real time measurement of altitude, angle of attack and speed.
LPV controllers have improved characteristics with respect
to previous gain-scheduled ones due to their time-varying
dynamics, rather than LTI. They also provide theoretical
guarantees of performance and stability, through the smooth
real time adaptation of the controller to the operating
condition.

Instead, UC does not fall into the category of gain-sched-
uled control because it does not use a scheduling parame-
ter. Nevertheless there is also a change between controllers
through switching, which indicates its time-varying nature.
These switching events depend on the falsification of con-
trollers by means of the real time measurement of the input-
output signals of the system, which are contrasted using a
performance figure. The controller is falsified whenever the
performance objective cannot be met. The fact that there is
no need to measure a system parameter in real time has a
clear advantage over LPV control. In a sense, the operating
point is here directly determined from the input/output data
of the system.

2.1. LPV Controllers. Linear parameter varying control
methods received considerable attention since the mid 90s.
The work in [20–22] set up a basis of methods for the analysis
of LPV systems and the synthesis of LPV controllers. More
recently, full block multiplier (FBM) methods allowed a wid-
er application of this methodology [23]. These models rep-
resent a large class of dynamical systems with a special struc-
ture, allowing for a systematic approach for controller design.
In addition, but at the cost of conservatism the approach can
be applied to an even wider range of systems known as quasi-
LPV systems. An LPV system is essentially a family of linear
time-varying systems which are described by the standard
state space equations, but where the matrices (A,B,C,D) are
functions of a time-varying parameter vector ρ(t), measured
in real time and contained within a compact set P ⊂ R p

ẋ(t) = A
[
ρ(t)

]
x(t) + B

[
ρ(t)

]
u(t),

y(t) = C
[
ρ(t)

]
x(t) + D

[
ρ(t)

]
u(t).

(1)

A number of qualities make LPV methods appealing from
the practical viewpoint.

(i) A large number of practical (nonlinear) systems can
be cast properly in the LPV framework [24]. An LPV
model can be interpreted as a linear tangent model
that moves along the nonlinear system according to
its working point. If this working point can be mea-
sured in real time by means of a certain parameter, a
very practical representation of a nonlinear system is
obtained.

(ii) An LPV controller is a very convenient way of repre-
senting a systematic gain-scheduling control scheme.
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Figure 1: LPV controller implementation, where G is the plasma-
glucose concentration above the basal value Gb, input u is
the insulin infusion rate and ρ is the time-varying measurable
parameter, in this case ρ = G.

The matrices of the linear state space representation
of the controller change according to a time-varying
parameter ρ(t) which can be measured in real time,
that is, K[ρ(t)] (see Figure 1). The complexity of
this controller is equivalent to the augmented model
by which it has been designed, that is, order of the
model plus performance and robustness weights. It
is implemented in real time as a controller which is
updated by real time measurements. This is faster
than classical adaptive control which is dominated by
its identification phase.

(iii) These results come originally from robust control
theory [25–27]. Hence, model uncertainty may fit
naturally in the framework and, in fact the applica-
tion of LPV techniques to practical problems can be
seen as an extension of H∞ control for a class of time-
varying systems.

(iv) Stability and performance analysis and controller
synthesis for these systems can be formulated as
linear matrix inequalities (LMIs), see [28, 29]. LMIs
pose convex problems and can be efficiently solved by
numerical software packages [30–32].

Therefore, this is an analysis and controller design proce-
dure that can cope with nonlinear and uncertain dynamical
problems and that may be solved offline by efficient convex
optimization algorithms. In addition controllers can be
efficiently implemented in real time. Recent work has been
carried out based on these models, oriented towards fault
detection [33] and modelling [11]. In [12, 13] an H∞
controller was designed based on a transformation of the
Sorensen model into an affine-LPV model [11]. Finally, a
previous work by the authors produced an LPV controller
for this problem in [14], based on Bergman’s model.

2.2. Unfalsified Controllers. The Unfalsified Control (UC)
concept [34–36] is based on Popper’s [37] theory of the
knowable: “The Scientist . . . can never know for certain
whether his theory is true, although he may sometimes establish
. . . a theory is false.” Therefore, the concept of discovery
in science as a process of elimination of hypotheses which
are falsified by experimental evidence may be applied to the
development of a theory for implementing good controllers
from experimental data without reliance on prejudicial

assumptions about the plant, sensors, uncertainties, or noises
[35]. Since the initial concept was presented, the following
applications can be mentioned among others: PID [38],
Fault-Tolerant control [39], and robotics [40].

The theory is based on the following sets:(
Signals

)
S =R ×U×Y,(

Systems
)
P = {(r,u, y

) ∈ S | y = Pu
}

,

(Data) Mdata =
{(
u, y

) ∈U×Y
}

embedded in

Pdata =
{(
r,u, y

) ∈ S | (u, y
) ∈Mdata

} ⊂ P,(
Specifications

)
Tspec ⊂ S,

(Controllers) K =
⎧⎨⎩(r,u, y

) ∈ S | u = K

⎡⎣r
y

⎤⎦⎫⎬⎭.
(2)

Here, (u, y) are the input and output of the plant and r is the
closed loop reference signal.

The main technical definition involving these sets is as
follows.

Definition 1. The controller K ∈ K is falsified by the
experimental information if this is sufficient to deduce that
(r,u, y) ∈ Tspec for all r ∈R would be invalidated when K is
in the loop. Otherwise, K is unfalsified.

Therefore, several LTI controllers may be designed by
any procedure available, not even having to be based on a
particular model. This is the main advantage of UC, a model-
free procedure which is purely based on real time input-
output information and a falsification test with no prejudice
concerning its mathematical model. Nevertheless from a
practical viewpoint, as a starting point the set of controllers
may be focused on different operating points of the nonlinear
model. The falsifier selects online which is the most adequate
one to use, according to the best performance at disposal.
Therefore, this reduces to a performance-scheduled switched
controller methodology.

The implementation of these controllers is based on the
following result.

Theorem 1. Controller K ∈ K is unfalsified by experimental
data Pdata if and only if for each triad (r0,u0, y0) ∈ K ∩ Pdata

there exists at least a pair (u1, y1) such that (r0,u1, y1) ∈ K ∩
Pdata∩Tspec, for example, r0 = y0+K−1u0 = y1+K−1u1 = · · · .

According to this result, controller K ∈ K is unfalsified
by the experiments if and only if K ∩ Pdata ∈ Tspec

(complete information case). The control scheme is depicted
in Figure 2.

It is important to highlight several outstanding charac-
teristics of this method.

(i) No linearity, time-invariance or finite dimension is
assumed on the plant model, and neither on the noise
or perturbations. All conclusions are based solely on
the actual real time information with no a priori
assumptions.
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Figure 2: Unfalsified controller implementation. The reference signal is in (8), the disturbance and band-limited measurement noise are
described in Section 4, a 30 min. delay and actuator saturation (100 mU/min) have also been added. G and u have been defined in Figure 1
and the index (i = 1, . . . , 5) indicates the controller to be used.

(ii) The real time data can be taken from open or closed
loop. No extra system parameter needs to be meas-
ured in real time, as in the case of LPV control.

(iii) The only objective to seek is the best possible per-
formance, which is measured by the cost function
Tspec.

(iv) A controller can be tested (falsified) even if it is not
physically inserted in the loop, as a way not to perturb
the closed loop system.

As an example we may consider the following (invertible)
controller u = K � (r − y), that is, proper and minimum
phase, where � is the convolution operator. The specifi-
cation function is defined as Tspec = ‖w1 � (r − y)‖2T +
‖w2 � u‖2T − ‖r‖2T ≤ 0 (usually the 2-norm ‖ · ‖2 stands
for the signal energy, integrated in [0,∞), but here ‖ · ‖2T

is integrated in the interval [0,T] to allow a real time
test.), with impulse response (w1,w2) which weight the
tracking error and control signal, respectively. The plant
input/output experimental data is Mdata = (u0, y0) ⊂ Pdata ⊂
P. The fictitious reference signal r̃ = K−1 � u0 + y0 is
computed in real time, which should be in the loop when
controller K is in place, hence K can be tested without
actually inserting it in the closed loop system. If Tspec =
‖w1 � (r̃ − y0)‖2T +‖w2 � u0‖2T −‖r̃‖2T > 0 this controller
is falsified.

3. Uncertain Mathematical Model

Bergman’s model will be used here to illustrate both method-
ologies as a way to control the insulin-glucose dynamics tak-
ing into account both the nonlinear and time-varying nature

Table 1: Model parameters.

P1 P2 P3 V1 Gb Ib n

0 0.025 0.000013 12 81 15 0.09

of the problem as well as the inherent model uncertainty.
This model is as follows:

Ġ(t) = −P1G(t)− X(t)[G(t) + Gb] + d(t), (3)

Ẋ(t) = −P2X(t) + P3I(t), (4)

İ(t) = −n[I(t) + Ib] +
1
V1

u(t), (5)

where G is the plasma-glucose concentration above the basal
value Gb in mg/dL, I is the plasma-insulin concentration
above the basal value Ib in mU/L, and X is proportional
to the plasma-insulin concentration in the remote compart-
ment (1/min). The disturbance d = FG/VG is the meal
glucose perturbation in mg/mL/min, where FG is the rate
of exogenously infused glucose in mg/min, and VG is the
glucose distribution space in dL.V1 is the insulin distribution
volume in L, and n is the fractional disappearance rate of
insulin (1/min). The parameters considered here are shown
in Table 1.

This can be considered as a quasi-LPV model by defining
variable ρ(t) = G(t) in (3) as a real time measured parameter,
due to the fact that it is also the output of the system. In
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addition, the input has been redefined as v(t) = (1/V1)u(t)−
nIb for simplicity. Therefore, the system is:

ẋ(t) =

⎡⎢⎢⎢⎣
−P1 −(ρ + Gb

)
0

0 −P2 P3

0 0 −n

⎤⎥⎥⎥⎦x(t) +

⎡⎢⎢⎢⎣
d(t)

0

v(t)

⎤⎥⎥⎥⎦,

y(t) =
[

1 0 0
]
x(t),

(6)

where the state vector is x(t) = [G X I]T . The last vector
of the state equation can be interpreted as a disturbance
in the first element and the control variable in the last
component. The state-space structure appears as a sort of
canonical representation. Note that this model has the same
LPV structure as in (1), where the parameter ρ(t) is the
plasma-glucose (time-varying) level which may be measured
in real time.

In order to evaluate robustness against model uncer-
tainty, 40% simultaneous variations in all three parameters
(P2,P3,n) have been considered, according to the inter-
patient and intra-patient variations mentioned in [8]. These
parameters appear in the first stage of this model which is
LTI, and therefore can be evaluated by robustness margins as
the structured singular value [25–27]. By transforming the
transfer function between v(t) → X(t) using the Laplace
transform and introducing parametric uncertainty variables
(δn, δ2, δ3) and the weights (wn,w2,w3), we obtain:

X = 1
(s + n)

· P3

(s + P2)
v

= 1
(s + no)(1 + wnδn/(s + no))

× (P3o + w3δ3)
(s + P2o)(1 + w2δ2/(s + P2o))

v,

(7)

where the nominal values have index o and all uncertainties
are in the unitary intervals δi ∈ [−1, 1], i = n, 2, 3. This
uncertainty structure will be evaluated to test both the
stability and performance robustness of the design.

4. Designs and Simulations

The example which tests both controllers has been taken
from [9]. There, a normal response is averaged over a group
of patients that have been subject to a disturbance of 100 g
of glucose at time t = 0. Therefore, the following is taken as
a reference model which needs to be followed by the closed-
loop control system.

Pref = Kω2
n

s2 + 2ωnξs + ω2
n

(8)

with K = 3900, ωn = 0.03 and ξ = 0.7. The stability
and performance objectives need to be satisfied under all
possible model uncertainties described in the previous sec-
tion. In addition, the insulin pump is limited to values of
100 mU/min in order to meet practical saturation constraints
imposed by commercial pumps [8].

Furthermore, two important practical issues have been
considered here: measurement noise in the glucose monitors
and delay between subcutaneous and intravenous insulin
levels, assuming semi-invasive pump technology is used.

4.1. LPV Design. The controller has been designed based
on a Single Quadratic Lyapunov Function (SQLF) with pole
placement constraints [41]. The latter has been used to avoid
the fast pole phenomena which is typical of this type of
controllers.

The meal perturbations can take very different values and
dynamics, but in this framework they have been modelled as
a set of (normalized) disturbances ‖d‖2 ≤ 1.

The final objective is to achieve the smallest tracking
error in the glucose levels for meal disturbances, under all
possible model uncertainties considered and for the reference
profile mentioned previously. Therefore, robust performance
can be defined as follows:

min‖G‖2 ∀‖d‖2 ≤ 1, ∀δi ∈ [−1, 1], i = n, 2, 3. (9)

Robust performance analysis is carried out using the
structured singular value (SSV) under parametric uncer-
tainty [26, 27]. The resulting measure was taken at glucose
levels (40, 60, 80, 100, and 120) mg/dL, showing the designed
controller meets robustness requirements against the usual
uncertainty considered for this problem [8] (note in
Figure 3(a) that all the SSV are below unity). This means that
the controller achieves the lowest tracking error (measured in
terms of its energy) for all possible energy bounded distur-
bances, for the worst case model uncertainty combination,
and the worst case scenario (in terms of glucose levels). This
is a very strong result, particularly because it has theoretical
guarantees in terms of performance and robustness.

The result is presented in Figure 4 and shows how the
tracking error is reduced. Note in the same figure that the
injected insulin levels are specifically bounded by 100 mU/
min. The first saturation in this signal produces a 176 mg/dL
peak in the glucose levels, which rapidly follows the normal
(reference) curve.

The controller implementation needs a measurement of
the glucose level, which is considered simultaneously as the
output y(t) and as a time-varying parameter ρ(t) of the
system. The dynamics of the controller therefore changes in
real time according to this parameter ρ(t), that is, u(t) =
K[ρ(t)]� G(t) (see Figure 1).

The output of the controller provides the necessary in-
stantaneous insulin rate for the patient. Its complexity is rea-
sonable (5th order) and in accordance with the model’s dy-
namics. It can be implemented with commercially available
hardware.

In addition, a 30-minute delay combined with a 5 mg/dL
band-limited random error in the glucose measurement are
applied to this system as indicated in Figure 2. Figure 5 shows
that performance is degraded when these practical issues are
accounted for in the simulation. In spite of the fact that
the peak now increases to 200 mg/dL, proper tracking of
the reference profile is achieved. This illustrates the design’s
robustness.
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Figure 3: Structured singular value for parametric uncertainties and glucose levels (40, 60, 80, 100, and 120) mg/dL for (a) LPV, (b) UC.
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Figure 4: LPV control: glucose monitoring and insulin control.

4.2. UC Design. Here, 5 candidate controllers have been
designed according to the previous specifications at different
glucose levels (linearization points): (40, 60, 80, 100, and
120) mg/dL, denoted K1 to K5, respectively. The designs have
been performed using the H∞ optimal control methodology.

In all cases the performance objective has been defined
as a combination of the tracking error and control action,
weighted by Wy and Wu, respectively, as follows

min

⎧⎨⎩γ such that

∥∥∥∥∥∥
⎡⎣ Wy(s)S(s)

Wu(s)K(s)S(s)

⎤⎦∥∥∥∥∥∥∞ < γ

⎫⎬⎭, (10)
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Figure 5: LPV control: glucose monitoring and insulin control
under actuator delay and measurement noise.

where S(s) is the sensitivity function of the closed loop.
Therefore, the falsifier cost function reflects this objective
and has been constructed as Tspec = ‖Wy(r − y)‖2T +
‖Wuu‖2T − γ‖r‖2T ≤ 0.

As in the previous design, the robust performance test
has been performed via the structured singular values for all
5 controllers and is illustrated in Figure 3(b). All values are
below unity, therefore the desired performance is achieved at
all linearization points and for all possible combinations of
the uncertain parameters.
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Figure 6: Unfalsified control: glucose monitoring, insulin control
and controller switching.

Time simulations with the UC in the loop can be ob-
served in Figure 6. Glucose levels follow the normal (ref-
erence) response after the meal disturbance with a better
performance than the LPV case. Insulin injection is limited
to 100 mU/min at the beginning which does not destabilize
the closed loop system, although it leaves a 167 mg/dL peak
due to this saturation. Controller switching is depicted in
Figure 6, which changes between controllers K1 and K5 at the
beginning, with a short change to controller K2 before the
first 100 minutes. From there on, controller K1 follows the
reference very tightly up to the end of the 10-hour period.
No transient behavior due to controller switching can be
noticed.
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Figure 7: Unfalsified control: glucose monitoring, insulin control
and controller switching under measurement noise.

As in the previous subsection, a 5 mg/dL band-limited
random error in the glucose measurement is applied to this
system and its performance is indicated in Figure 7. Here,
glucose level profiles are almost the same, with changes in the
insulin injection profiles. Instead, when a 30-minute delay
is applied in the actuator, UC does not respond as well and
decreases to levels near to hypoglycaemia.

4.3. Final Comments. From a certain perspective, the falsifier
selects the most adequate controller as if it estimated the
scheduling parameter ρ, which the LPV needs to measure
in real time. In general, this is an advantage of UC over
LPV because there is no need to measure a parameter, which
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Table 2: Noninvasive glucose-meters.

Name Description Status

Cybiocare (Photonic Medical Devices) Infrared technology Clinical testing

SCOUT DS (VeraLight) Fluorescence spectroscopy Restricted to investigational use only

GlucoTrack (Integrity Applications) Ultrasound, conductivity and heat capacity (ear clip) EU approval, waiting for FDA

LighTouch Medical, Inc. Spectroscopy Not submitted to FDA

OrSense Ltd Proprietary occlusion spectroscopy FDA approval for NBM 200-G

Sentek Patented crystalline colloidal array (CCA) Licensed University of Pittsburgh

Symphony (Sontra Medical) Ultrasonically permeated skin

Visual Pathways Inc. Fluid measurement (anterior chamber of eye) Federal Grant

in many cases could be unavailable or suffer from large
measurement errors. Another advantage is that theoretically,
the controller at the operating point could be designed in a
less conservative way, thus offering better performance. This
is the case here, illustrated by Figures 4 and 6, where UC has
a tighter tracking of the reference. The disadvantage of UC is
that practical controller selection could be more difficult in
many cases.

In the LPV case, the design is carried out for all operating
conditions simultaneously, which guarantees stability and a
smooth transition between operating points. This, in general,
produces lower performance. A consequence possibly due
to guaranteed stability and smooth controller scheduling, is
that the LPV controller has better robustness characteristics
against actuator delays, as indicated at the end of Section 4.2.

In a first stage, both controllers could be used as part
of a glucose monitor which provides an indication for the
patient as to how much insulin he needs at any given time. In
a further development stage, they could be used to close the
loop between a glucose monitor and a insulin pump. In order
to do this, some technological issues need to be mentioned.

To build a device which could implement any of these
algorithms, a semi-invasive or noninvasive glucose monitor
would be necessary. Similarly, at least a semi-invasive insulin
delivery system would be desirable. In the case of noninvasive
sensors, there are great efforts to develop a commercially
available product, but there is still work to be done until such
a product exists (see Table 2).

Two other important issues that should also be consid-
ered, based on previous sensor and actuator technologies, are
glucose measurement errors and time delay, both in insulin
delivery and glucose monitoring. As presented previously,
time delay can significantly influence controller performance
in the UC case.

5. Conclusions and Future Research

This work has considered several important and practical
issues in the automatic control of glucose levels in blood:
model uncertainty, time variations, nonlinearities, measure-
ment noise, actuator delay and saturation, and real time
implementation. All of them can be handled in an LPV and
UC framework, which are time-varying controller method-
ologies. In the first case with a smooth transition among

controllers, and in the second via switching. Both are imple-
mented online in a very simple way.

Future research which approaches the controller design
problem based upon more accurate models, as the 19th order
one due to Sorensen [4], needs to be done. The existing
LPV model [11] linearizes at different operating points and
combines those models as vertices of a convex set, but it is not
clear if this affine-LPV model would mimic the actual phe-
nomena. Interpolation of vertex models into an LPV format
is not a trivial task, not to mention if also closed-loop stabil-
ity and performance need to be considered [42]. Instead, an
LPV model could be attempted by taking the original non-
linear one into consideration and broadening the parameter
dependence from the mere affine combination. This could
be done by using a more general linear fractional trans-
formation (LFT) parameter dependency. The controller
design based on such a model could use the FBM LPV meth-
odology [23], which may still be solved through a finite num-
ber of LMI computations.

As mentioned along this work, time delays in insulin in-
jection and glucose measurement due to subcutaneous appli-
cation are important issues to continue exploring when de-
signing controllers for this application.

Finally, identification and model invalidation experi-
ments [43] also need to be performed in order to obtain a
more precise description of this complicated phenomena. To
this end, a first stage could be attempted based on a High-
Fidelity simulator (in silico experiments), which may include
better sensor and actuator models. This may allow to com-
plete a series of identification, invalidation and control tests
before turning into in vivo experimentation.
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artificial: control automático de infusión de insulina en dia-
betes mellitus tipo 1,” Revista Iberoamericana de Automática e
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We present a novel concept for in vivo sensing of glucose using metamaterials in combination with automatic learning systems. In
detail, we use the plasmonic analogue of electromagnetically induced transparency (EIT) as sensor and evaluate the acquired data
with support vector machines. The metamaterial can be integrated into a contact lens. This sensor changes its optical properties
such as reflectivity upon the ambient glucose concentration, which allows for in situ measurements in the eye. We demonstrate
that estimation errors below 2% at physiological concentrations are possible using simulations of the optical properties of the
metamaterial in combination with an appropriate electrical circuitry and signal processing scheme. In the future, functionalization
of our sensor with hydrogel will allow for a glucose-specific detection which is insensitive to other tear liquid substances providing
both excellent selectivity and sensitivity.

1. Introduction

Diabetes is the direct cause of over 1.1 million deaths in
2005, and the diabetes death rate is estimated to double by
2030. The World Health Organization (WHO) indicates in
[1] that nowadays more than 220 million people have to live
with diabetes. In order to allow the patients to maintain a
healthy life avoiding coronary artery, peripheral arterial and
cerebral vascular disease, or heart failure, early diagnosis and
continuous management are crucial. Current practice for di-
abetes management relies on intensive insulin therapy in-
volving frequent blood glucose measurements. Using inva-
sive glucose sensors means that patients have to prick their
finger for a drop of blood multiple times a day, about 1800
times per year, which also involves higher risk of infection.
For these reasons, in the last decades new techniques have
been employed to develop noninvasive devices for blood glu-
cose monitoring.

The technologies under consideration include infrared
(IR) spectroscopy [2], fluorescence spectroscopy, Raman
spectroscopy, optical polarization rotation measurements,
photoacoustic probes, and surface plasmon resonances.

However, none of these devices has been made commercially
available or was approved to substitute direct invasive glucose
measurement. In order to overcome these shortcomings, al-
ternative approaches have been developed to measure glu-
cose concentration in an accessible body fluid, including
urine, saliva, and tear fluid.

The undeniable advantage of estimating blood glucose
levels through tear fluid lies in the facts that tears are more
simply and noninvasively accessible than other body fluids,
more continuously obtainable, and less susceptible to dilu-
tion than urine. Tear fluid provides a unique opportunity to
develop a noninvasive interface between a sensor and the
body that could be used to monitor several physiological and
metabolic indicators, most notably glucose. The noninvasive
feature would be the main advantage of this sensing scheme.

1.1. Ophthalmic Glucose Sensing. Tear fluid is the aqueous
layer on the ocular surface and has many functions as part of
the optical system, that is, lubrication and nourishing. Tear
fluid consists of over 20 components, including salt water,
proteins, lactate, urea, pyruvate, ascorbate, glucose, as well as
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some small metallic ions. Its average rate of production lies in
the range of 0.52–2.2 μL/min; about 0.72–3.2 mL of tears are
secreted per day.

The idea of using tear fluid as a medium for glucose mon-
itoring has been discussed since the 1930s involving human
and animal models to estimate correlation between tear glu-
cose and blood glucose. The current technique is to collect
tear fluid samples in capillary tubes and then assay the sam-
ples for glucose ex situ using standard laboratory instrumen-
tation. Using this technique, there are many reports demon-
strating that tear glucose is higher in diabetic subjects than
in healthy ones and that there effectively exists correlation
of tear glucose and blood glucose. It should be noted that
the discrepancy of the correlation coefficient between blood
glucose and tear glucose can be attributed to the different tear
collection methods, for example, filter paper or microcap-
illary methods. In [3] a profound review of several studies
resumes the most important findings.

However even after 70 years of research, there are no clin-
ical studies that have satisfactorily resolved the relationship
between tear and blood glucose concentrations. Disagree-
ments between reports may not invalidate the correlation
between tear and blood glucose because, regardless of the
exact mechanism of glucose transport into tear fluid, the in-
dividual accuracy holds true for each set of experimental
conditions.

An alternative approach developed recently uses an in
vivo glucose sensing method that can be placed in the tear
canal and that therefore reduces variability due to probe ex-
traction technique [4]. It allows measurements to be carried
out in situ. This amperometric sensor is comprised of three
electrodes that are screen-printed on a flexible polyamide
substrate which allows the sensor to be wound into a tight
roll that fits in the tear canal for in situ monitoring.

Definitely, integrating a glucose sensor into a contact lens
would provide a way to continuously and reliably sense met-
abolites and especially glucose in tear fluid. Different ideas
to implement such a sensor have been proposed and are at
present in different stages of development. They rely on plac-
ing a photonic sensor in a contact lens and envision a hand-
held readout unit for measuring the signal. Thus far, holo-
graphic hydrogels and fluorescent indicators have been ex-
plored as glucose-responsive elements. In [5] a polarimetric
glucose sensor for monitoring ocular glucose is developed.
There it is indicated that the time lag between blood glucose
and anterior aqueous humor glucose concentrations was on
average about five minutes. Another approach is based on a
contact-lens-based sensor [6, 7].

It is likely that contact-lens-based glucose sensors have
great potential to realize continuous and noninvasive diabe-
tes control, that is, contact lenses have applications beyond
vision correction. Luminescent/fluorescent contact-lens-bas-
ed sensors represent a feasible technique because they require
no electrodes or electric circuits. Further efforts are needed
to improve the resolution and sensitivity of the new device
and to determine a physiologically relevant and baseline tear
glucose concentration [8, 9].

Existing methods of fluorescent glucose sensing apply
Fluorescence Resonance Energy Transfer (FRET) [10]. This

method is based on the dual measure, that is, the FRET and
fluorescence intensity measurements. FRET is an inexpensive
and very sensitive method to apply to molecule imaging.
However, barriers to secure a feasible contact lens sensor in-
clude the photobleaching of fluorescence molecules, low con-
centration of tear samples, low fluorescence intensity, and
vision influence. In addition, one safety concern is that some
harming substances may be released from the lens into the
body.

1.2. Our Concept: Metamaterial-Based Biosensing. In the
present contribution a revolutionary concept for tear glucose
measurement is developed. This sensing is based on the use
of metamaterials, that is, artificial materials with special ele-
ctromagnetic properties that do not occur naturally. In [11]
a method how to manufacture such metamaterials is report-
ed for the first time: a periodic structure design with unit cells
much smaller than the wavelength of the incident radiation
leads to a specific electromagnetic response on a wide spectr-
al range. Also based on this work, the concepts of perfect lens
as well as cloaking are developed in [12, 13]. Tailoring of op-
tical properties using the plasmonic analogue of EIT offers
the possibility to obtain sharp resonances in the transmit-
tance profile of a material leading to enhanced spectral fea-
tures that can eventually be pushed to the limit of detecting
single molecules [14]. Other designs such as plasmonic oli-
gomers are also possible [15, 16]. They rely on the formation
of suitable sharp spectral Fano resonances [17].

Metamaterials are able to detect even minute changes in
the dielectric properties of their environment, hence selec-
tivity to a particular type of molecule has to be added. This
is achieved by covering the metamaterial with a glucose-sen-
sitive hydrogel [18]. When using inverse opal photonic crys-
tals, the optical diffraction changes upon glucose exposure
[19]. In Figure 1 a schematic of our proposed design is
shown: a contact lens material supports a few nanometers
of a gold-based metamaterial which is functionalized with
glucose-sensitive hydrogel. This design is transparent in the
visible and near-infrared range and thus can be designed as
contact lens to be inserted into the patient’s eye. The readout
is carried out by an external light-emitting diode (LED)
in the infrared (eye-safe range at wavelengths longer than
1.4 μm) which is used as light source, and the reflected light
is captured by a photodiode whose intensity response is
evaluated. Signal postprocessing stages based on regression
methods allow the reliable estimation of the tear glucose
content.

This new method has the potential to be extremely suc-
cessful for noninvasive glucose sensing for several reasons.

(1) Glucose selectivity: this sensor does not take advan-
tage of the rather poor optical differences between the
glucose molecule and other substances contained in
the surrounding fluid (blood stream, tear fluid, etc.),
but rather on the ability of the glucose to change se-
lectively the refractive index of a specific material,
that is, the hydrogel in the vicinity of the metama-
terial.
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Figure 1: Schematic of the proposed design.

(2) Sensitivity: due to the fact that the metamaterial is
sensitive to even minute changes in the refraction
index (molecular changes in the hydrogel) the meas-
urement can be performed in the range of physiolog-
ical glucose concentration in the tear fluid.

(3) Biocompatibility: the metamaterial is made of a sev-
eral nanometers thick gold structure, transparent for
the human eye, and absolutely biocompatible due to
the properties of noble metals. The hydrogel is com-
monly used for contact lenses and therefore well char-
acterized. The optical readout is based on an eye-safe
LED.

(4) Nondegrading: during the lifetime of the sensor (up
to 24 hours) both the metamaterial and the hydrogel
maintain its optical properties even when immersed
in body fluid.

2. Methods

2.1. Metamaterials. The metamaterial structures are fabri-
cated by electron beam lithography. For laboratory experi-
ments, a 30–40 nm layer of gold is deposited on a 10 ×
10 mm2 quartz substrate using electron-beam evaporation.
Next, a negative photo resist is spin-coated on top of the sub-
strate, allowing the desired structures to be defined by elec-
tron-beam lithography. After development of the resist, di–
rected argon ion beam etching is carried out to transfer the
structure into the gold layer.

Multilayer designs can be achieved by combining this
process with a stacking technique [20]. In this case, one
starts with the evaporation of several gold alignment marks
with a thickness of about 250 nm using positive resist with
subsequent gold evaporation and lift-off. The first layer can
then be manufactured following exactly the procedure given
for a single layer. Afterwards, a spacer layer is applied by spin
coating. The spacer currently consists of a hardenable photo-
polymer and can vary in height from ten to several hundreds

Substrate Substrate Substrate

Au Au PEG-biotin Streptavidin

Figure 2: The principle of biological sensing with metamaterial
gold structures.

of nanometers. Additional layers may be added by repetition
of those steps while accurate alignment between the layers is
assured using the gold marks during the electron beam ex-
posure.

2.2. Biosensing. In general, broadband electromagnetic radi-
ation in the optical domain is used to investigate the re-
spective properties of nanostructures in sensing applica-
tions. One possibility is the recording of transmittance or
reflectance spectra which exhibit characteristic dips and
peaks. Due to the localized electric field in and around the
metallic pattern, the resonance positions are highly sensitive
to changes of the electric permittivity or the refractive index,
respectively, in the nearest vicinity of the plasmonic nanos-
tructures. Exploiting this fact allows to monitor, for example,
the concentration of pure solutions on top of the structure by
evaluating the shift of a distinct spectral feature [19].

However, such gold structures are not able to detect spe-
cific substances in an unfunctionalized fashion. To realize a
chemically selective sensor, we have to assure that the changes
in the refractive index are exclusively caused by the desired
analyte. For biological sensing, the existence of molecule
pairs with strong affinity can be beneficial. Ranking among
the strongest noncovalent interactions known in nature, the
biotin-streptavidin complex, for example, is a commonly
used system for proof of concept experiments (see Figure 2).
The vitamin biotin can be functionalized with a thiol group
by utilising polyethylene glycol as a spacer. This allows the
whole molecule to bind to the gold nanostructures. If the
structure is now rinsed with an analyte containing streptavi-
din, the molecules will attach to the biotin and due to their
presence affect the dielectric environment of the gold struc-
ture. This effect, and therefore the detectable change in the
optical spectrum, will remain even after washing away other
substances that may have an impact on the measurement
[21].

From a conceptual point of view, the method of embed-
ding the functionalization into a hydrogel is similar. Hydro-
gels are polymer networks that, due to their hydrophilic
properties, absorb a considerable amount of water which
causes substantial swelling. Lee et al. have shown that replac-
ing several sites in the polymer chains with a molecule which
will form a charged complex with a glucose molecule estab-
lishes a relation between the swelling of the hydrogel and the
glucose concentration in the surrounding water [18]. As
those changes in volume also imply a varying refractive in-
dex, they again are subject to detection by the metamaterial
structure.
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The resulting spectra in both cases can be analyzed in dif-
ferent ways. An important value is the so-called sensitivity

sλ = Δλ

Δn
or sE = ΔE

Δn
(1)

which describes the shift in nm or eV of the resonance per
refractive index unit (RIU). According to Sherry et al. the
linewidth of the resonance also plays an important role [22].
Therefore one can define a figure of merit

FOMλ,E = sλ,E

FWHM
, (2)

where FWHM denotes the full width at half maximum.
These values have in common that a spectrometer is

needed to determine both. This rather complex and cost-ex-
tensive method is only applicable in scientific research. In
commercial products it is more likely that intensity changes
at a specific wavelength are evaluated. This leads to the inten-
sity dependent sensitivity

sI = ΔI

Δn
(3)

and the related figure of merit

FOMI = sI
I

(4)

describing the relative intensity change per refractive index
unit.

2.3. Simulation Model. Scattering matrix theory was used to
simulate the spectra of the metamaterial structures. This
method which uses a Fourier modal decomposition of the
electric and magnetic fields has been introduced by Whit-
taker and Culshaw [23] and has later been extended and im-
proved by Tikhodeev et al. [24] as well as recently by Weiss
et al. [25].

The dielectric functions for the materials used to define
the periodically repeated unit cell can be retrieved from a da-
tabase or entered as parameters for the Drude model.

In the definition of the structure as well as in the calcu-
lations, the design is separated into single layers, beginning
at the superstrate, down to the substrate, each homogeneous
along the z-axis. The first step is to solve Maxwell’s equations
for every layer.

The structured slab couples the incident light with fre-

quency ω and wave vector �k to all Bragg-orders retrieved
from Maxwell’s equations with the same frequency and wave
vector

kx,�G = kx + Gx, ky,�G = ky + Gy , (5)

with the reciprocal lattice vector

�G =
(
Gx,Gy , 0

)
= 2π

dx

(
gx, gy , 0

)
,

gx,y = 0,±1,±2, . . . ,±∞
(6)

and the lattice constant dx.

Hence, the S-matrix method is able to calculate the out-
bound 4Ng harmonics from the system (Ng = 2g + 1). The
method is exact for G → ∞. In reality, only a limited number
of lattice vectors are used for the calculation. Because of the
fact that the calculation time increases with N3

g , computing
power is the limiting factor. A typical number for Ng is 25×
25.

The method can be accelerated and improved in accuracy
by using adaptive spatial resolution and the customisation
of the coordinate system, depending on the individual struc-
ture.

In the next step, the amplitudes of the waves in the single
layers have to be concatenated. Therefore, the respective solu-
tions of Maxwell’s equations have to be separated into a set
of eigenvectors parallel to the z-axis. The amplitudes of the
plane waves can now be written as vectors

�A(z) =
⎛⎝ �A+(z)

�A−(z)

⎞⎠. (7)

All components heading to the positive (negative) z-direc-
tion are labelled with + (−). With the aid of a so-called trans-
fer matrix, those vectors are linked at different positions (z-
values) in the layer:

�A(z + L) = TL �A(z). (8)

The transition from one layer (a) to another (b) can be de-
scribed similarly:

�A
∣∣∣
z=zb,a+0

= Tb,a �A
∣∣∣
z=zb,a−0

. (9)

In general, it would be possible to calculate the propagation
of light in layered structures using the transfer matrix for-
malism. However in case of evolving evanescent waves, this
method may fail. This is the reason for using the scattering
matrix algorithm. All amplitudes of waves incident on the
sample, as well as the outbound waves, are combined into
one vector:

�Bin =
⎛⎝ �A+

v (z)

�A−s (z)

⎞⎠, �Bout =
⎛⎝ �A+

s (z)

�A−v (z)

⎞⎠. (10)

Here, v means “vacuum” (above the sample), and s means
“substrate” (below the sample). The scattering matrix con-
catenates both vectors:

�Bout = Sv,s�Bin. (11)

The whole S-matrix can be obtained by iteration, beginning
with the unit matrix for N = 0 layers and subsequently
calculating the matrix for N + 1 layers with the aid of the
inverse transfer matrix.

Using scattering matrix theory, it is possible to calculate
reflectance, transmittance, extinction, and absorption spec-
tra of metallic structures. Additionally, information about
the electric and magnetic field distribution can be obtained.
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2.4. Regression Methods. The aim in regression is to find a
functional connection between some input x (for example,
x ∈ Rn) in input space and some output y ∈ R, that is,
y = f (x). Once this connection is established using some
training data, it is validated by applying the regression model
on data that was not used during the training process. The
validated model is then employed on unknown input data for
the task of output prediction. In this paper, the method of
support vector machine regression (SVR) [26] is used.

Support vector machines emerged from the field of learn-
ing theory. They are constructed using training data. Com-
pared to other learning methods, overfitting is avoided by
implementing the paradigm of structural risk minimization
(SRM) [27].

The first step consists of defining Vapnik’s ε-insensitive
loss function

e
(
xi, yi, f

) = max
{

0,
∣∣yi − f (xi)

∣∣− ε}, (12)

where (xi, yi) is the ith pair of training data. This can be
thought of as a punishment for the deviation of the estimated
value f (xi) from the given value yi. The affine ansatz

f (x) = 〈w, x〉 + b (13)

is made, where 〈·, ·〉 denotes the scalar product. Implement-
ing the SRM requires minimization of the weighted sum of
the capacity (1/2)〈w,w〉 of the machine and the training
error

∑N
i=1 e(xi, yi, f ), thus leading to

min
1
2
〈w,w〉 + C

N∑
i=1

e
(
xi, yi, f

)
. (14)

Slack variables ξ(∗)
i (ξi and ξ∗i ) are introduced to account for

outliers [26]. This leads to the Lagrangian function

LP

(
w, b,α(∗),β(∗)

)

= 1
2
〈w,w〉 + C

N∑
i=1

(
ξi + ξ∗i

)− N∑
i=1

(
βiξi + β∗i ξ

∗
i

)

−
N∑
i=1

αi
(〈w, xi〉 + b − yi + ε + ξi

)

−
N∑
i=1

α∗i
(
yi − 〈w, xi〉 − b + ε + ξ∗i

)

(15)

in primal space, which has to be minimized with respect to
the primal variables w and b and maximized with respect
to the dual variables α(∗) and β(∗), which are the Lagrange
multipliers.

Plugging in the necessary conditions for a saddle point
yields the Lagrangian function

LD

(
α(∗)

)
=− 1

2

N∑
i, j=1

(
αi − α∗i

)(
αj − α∗j

)
〈xi, xj〉

−
N∑
i=1

(
ε − yi

)
αi −

N∑
i=1

(
ε + yi

)
α∗i

(16)

in dual space, which has to be maximized with respect to α =
(α,α∗) subject to the constraints

N∑
i=1

(
αi − α∗i

) = 0,

0 ≤ αi ≤ C,

0 ≤ α∗i ≤ C.

(17)

In order to achieve nonlinear regression, a mapping

x ∈ Rn �−→ Φ(x) ∈ R f (18)

from input space to feature space is introduced. Usually
f � n holds true. The nonlinear regression in input space
corresponds to a linear regression in some feature space. In-
stead of actually performing the mapping, which might be
computationally expensive, the so-called kernel trick is ap-
plied. It depends on the fact that the training data only occurs
in the form of scalar products and that scalar products in
feature space can be calculated in input space using the kernel
k(·, ·) according to

k
(
xi, xj

)
=
〈
Φ(xi),Φ

(
xj
)〉

. (19)

3. Results

3.1. Simulated Reflectance Spectra. For a first overview, we
simulated spectra for a broad concentration range of aqueous
glucose solutions on top of different metamaterials, namely,
a simple plasmonic dipole and a stacked EIT-type metama-
terial. Starting with pure water, we added

20 · 0.5 (10−n), n = 1, 2, 3, . . . , 10, (20)

weight percent of glucose, corresponding to values from
about 40 mg/dL up to 22 g/dL.

Our EIT metamaterial uses a 60 nm displacement of the
dipole bar from the central symmetry axis. The length of the
dipole bar is 340 nm, whereas the quadrupole bar is 345 nm
long. Their width is 80 nm, the gold thickness is 40 nm, and
the spacer thickness is 70 nm.

The simple dipole structure shows one distinct peak,
whereas the coupled dipole and quadrupole antenna devel-
ops an additional reflectance dip in the center of the broad
peak (Figures 3(a)–3(d)). Highly confined electric fields are
responsible for sensitivity and the possibility of extremely
small sensing volumes (Figure 3(e)). The resulting sensitiv-
ities are sI = 4.5/RIU and sλ = 625 nm/RIU. The FOMλ is
6.0, and the FOMI is 9.5.

3.2. Sensitivity Analysis. This section deals with the identifi-
cation of those parameters and noise contributions that may
have influence on the expected measurement results. To this
end, the metamaterial simulation tool is extended by a model
of the signal processing units containing noise sources and
nonstationary parameter sets. The block diagram used for
the simulation is depicted in Figure 4. The source consists of
a modulated steering signal ũ(t) that drives the laser diode,
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Figure 3: S-matrix simulations of a simple dipole structure (a) and a coupled dipole and quadrupole antenna (c) with water and 20%
glucose solution on top. A detailed view for smaller concentrations ranging from 1.25% down to 0.04% is given in (b) and (d), respectively.
Figure (e) depicts the time averaged absolute values of the electric field in and around the structure at the resonance position.

from which both the output power P̃0(t) and the actual wave-
length λ(t) are measured. Laser diodes show some deviation
Δλ from their nominal wavelength due to the manufacturing
processes, and their wavelength also varies significantly with
temperature.

The contact lens block contains the embedded metama-
terial spectra which functionally attenuates the power output

P̃0(t) to the received reflected power P̃(t), depending on the
actual wavelength λ(t).

The reflected laser ray is detected by the photodiode.
Figure 5 shows a scheme of the circuitry which is used to
amplify the current of the photodiode [28]. A characteristic
feature for this kind of feedback amplifier is the virtual
ground at the node of the inverting input terminal which
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Figure 4: Block diagram used for simulation including signal proc-
essing scheme and embedded metamaterial model.

enables a higher bandwidth [29]. The bias resistor RB reduces
the effect of the bias current, which is nonzero for any real
operational amplifier. In the simulation model, the current
ĩ(t) of the photodiode is converted to an output voltage ỹ(t)
using unit amplification.

Finally, demodulation and filtering are performed. In or-
der to avoid higher frequency noise contributions and to de-
tect the steady state value, low-pass filtering is performed and
its output signal y is then evaluated.

The selected wavelengths represent the spectra at their
steepest slope. In fact, for the dipole metamaterials, λdipole =
1823 nm is used, and for the EIT metamaterials, λEIT =
1631 nm.

3.2.1. Noise Sources. Considering this simulation model the
noise sources are analyzed qualitatively in order to find out
which of them are relevant.

According to [28, 30], the total noise in a photodiode is
the sum of its thermal noise (Johnson-Nyquist noise), shot
noise, 1/f noise, and generation-recombination noise.

The thermal noise I2
th and the shot noise I2

sh are calculated
according to

I2
th =

4kTΔ f

R
,

I2
sh = 2qIDΔ f ,

(21)

with the real part R of the impedance, Boltzmann’s constant
k = 1.38 × 10−23 J/K, the temperature T in Kelvin, the elec-
tron charge q = 1.602 × 10−19 C, the diode current ID, and

uS

RF

y
RB

+

−

Figure 5: Circuitry used for the amplification of the photodiode
current.
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Figure 6: Noise filter used to shape white thermal and shot noise.

the noise bandwidth Δ f . Both thermal and shot noise are
modelled as white noise. They form the 0 dB line of the noise
filter (Figure 6), which takes into account 1/f-noise and gen-
eration-recombination noise. In the presented simulations,
the sampling frequency fS = 2000 Hz is used. The Nyquist
frequency is therefore fN = fS/2 = 1000 Hz.

According to the modeled noise sources the noise power
of the photodiode noise decreases as the frequency increases.
Exactly for this reason, the laser signal is modulated with
f mod, which is chosen to be f mod = fN /2 = 500 Hz for the
presented simulations, thus taking advantage of the noise
reduction at higher frequencies. This fact becomes apparent
when analyzing the power spectral density (PSD) of the pho-
todiode current: almost the entire signal power is contained
within the band around f mod (see Figure 7), where the noise
can be disregarded. Thus we conclude that the influence of
the photodiode noise can be neglected with regard to the
glucose measurement results.

3.2.2. Parameter Variation. Significant parameter variation is
expected with regard to temperature and laser wavelength.
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Figure 7: PSD of the ideal photodiode current signal. (a) depicts
the entire spectrum, whereas (b) shows a detailed view of the power
spectral density around the modulation frequency f mod.

(i) Temperature. A change in temperature modifies the
wavelength of the laser and thus is considered to be a crucial
parameter.

The influence of the temperature is investigated for a
constant concentration cglucose = 10% and for both metama-
terial structures (dipole and EIT). The results are depicted in
Figure 8, where we observe that the normalized photodiode
current sensitivity to temperature deviations is of ST =
ΔI/ΔT = 0.017 mA/K for dipole metamaterial and of ST =
0.03 mA/K for the EIT metamaterial. Therefore, the tem-
perature drift must be taken into account when evaluating
measurements.

(ii) Wavelength. The deviation Δλ of the laser wavelength
from its nominal value is investigated in relation to the
photodiode current. Figure 9 shows the photodiode current
over Δλ for Δλmax = ±3 nm for both the dipole and the EIT
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Figure 8: Photodiode current over temperature T for the dipole
metamaterial (a) and for the EIT metamaterial (b).

metamaterial for a constant concentration of cglucose = 10%.
The resulting wavelength deviations sensitivity is Sλ =
ΔI/Δλ = 0.05 mA/nm for dipole metamaterial and Sλ =
0.1 mA/nm for EIT metamaterial.

Thus, the laser diode wavelength drift is an even more
significant parameter than temperature.

3.2.3. Glucose Concentration Sensitivity. Finally an evalua-
tion of the measurement sensitivity is performed. In Figure
10, the photodiode current is shown as a function of the
glucose concentration for both dipole metamaterial and
EIT metamaterial. One can observe that the dynamic range
of the current is larger for the EIT metamaterial due to
the steeper slope. The measurement sensitivity results in
S = ΔI/Δcglucose = 6 × 10−5 mA/[mg/dL] for the dipole
metamaterial and in S = 10 × 10−5 mA/[mg/dL] for EIT
metamaterial.
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Figure 9: Photodiode current over wavelength deviation Δλ for the
dipole metamaterial (a) and for the EIT metamaterial (b).

3.3. Estimation Using Support Vector Regression. The anal-
ysis of measurement errors in glucose monitoring systems
presents a particularly troublesome problem, because the
importance (that is, the clinical consequence) of any particu-
lar error depends on the absolute value of both the reference
and measured values and not just on the percentage of
deviation. Moreover, this dependence is not easily described
by any simple mathematical relationship. Although Error
Grid Analysis (EGA) was introduced in the mid-1980s [31],
an evaluation based on standardized signal processing and
statistical tools is more meaningful for a preclinical analysis,
which suits our purpose.

In the presented systems the glucose level concentration
corresponds to the concentration used in the spectrum
simulation. In order to obtain a predicted concentration,
support vector regression is employed. The training data is
the simulated photodiode current as independent variable
and the associated glucose concentration as dependent vari-
able. The results are validated using k-fold cross-validation.
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Figure 10: Photodiode current over glucose concentration for the
dipole metamaterial (a) and for the EIT metamaterial (b).

Support vector regression will also be employed in the ac-
tual measurement device. In that case, the training data con-
sists of the measured photodiode current as independent var-
iable as well as the associated glucose concentration as de-
pendent variable. Given a measured photodiode current, the
SVR is used to predict the corresponding glucose level.

Two different kernels are employed for the SVR [26].

(1) Gaussian radial basis function kernel

k
(
xi, xj

)
= exp

⎛⎝−
∥∥∥xi − xj

∥∥∥
2σ2

⎞⎠. (22)

(2) Complete polynomial of degree d

k
(
xi, xj

)
=
(〈

xi, xj
〉

+ 1
)d
. (23)
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Figure 11: Statistical evaluation using k-fold cross-validation for
nominal temperature T = 25◦C and nominal wavelength (Δλ =
0 nm). The grey line denotes the 2% error level.

The first simulations are carried out for T = 25◦C and
the nominal wavelength of the respective laser; see Figure 11.
The relative error

cerr = |c − cest|
|c| · 100 (24)

as function of the estimated glucose concentration cest given
in percent is depicted over the respective glucose concentra-
tion. The polynomial kernel of degree d = 1 corresponds to
linear regression. It turns out that the error is very large in
this case. That motivates the use of nonlinear support vector
regression. The Gaussian radial basis function kernel with
σ = 1 yields estimation errors below 2% for physiological
concentrations.

Next, the influence of temperature variation is inves-
tigated; see Figure 12. The Gaussian radial basis function
kernel with σ = 1 is used in each simulation run. The tem-
perature T is varied from 25◦C to 40◦C.

Finally, simulations are carried out varying the wave-
length deviation Δλ = −1 nm . . . 1 nm (Figure 13). Once
again, the Gaussian radial basis function kernel with σ = 1 is
employed.

4. Discussion

4.1. Metamaterial Shape. The metamaterial shape (dipole or
EIT) plays a key role for the available maximum slope in the
spectrum. A steeper slope in turn leads to a broader dynamic
range of the photodiode current. Therefore, the use of the
EIT shape is preferable.

When comparing simple dipole plasmonic structures
with plasmonic EIT sensors, we find that in terms of con-
centration sensitivity, the EIT concept is superior by at least a
factor of two over the simple dipole. However, as a drawback,
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Figure 12: Statistical evaluation using k-fold cross validation for
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ature variation.
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the EIT concept due to its steeper resonances is also more
prone to wavelength shifts due to temperature variations.
However, this problem can be circumvented by using a tem-
perature stabilization scheme for the laser diode.

On top of that, the EIT shape offers four specific wave-
lengths with a large slope, compared to the dipole shape with
only two points. This increases the flexibility for choosing a
specific wavelength, as not every wavelength is available in
commercial lasers.
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4.2. Statistical Evaluation. Special care has to be taken when
the temperature or the wavelength differ from their nominal
values. As the SVR does not contain those parameters, the
prediction deteriorates. The relative errors for the deter-
mination of the glucose concentration are presented in
Section 3.3. They become very large even for small variations
of those parameters.

In order to overcome this issue, temperature will be in-
cluded as independent variable in the SVR in future work. On
top of that, the system will be calibrated in order to correct
the wavelength deviation of a specific laser.

5. Conclusion and Further Work

5.1. Proof of Concept. The present paper demonstrates a
novel concept for in vivo sensing of glucose using metamate-
rials in combination with automatic learning systems.

The novelty of the approach lies in the fact that this sen-
sor does not take advantage of the rather poor optical differ-
ences between the glucose molecule and other substances
contained in the surrounding fluid (blood stream, tear fluid,
etc.), but rather on the ability of the glucose to change select-
ively the refractive index of a specific metamaterial.

High sensitivity of our detection scheme is warranted be-
cause metamaterials are able to detect even minute changes
in the dielectric properties of their environment. The basic
concept relies on a contact lens material that supports a few
nanometers of a gold-based metamaterial which is function-
alized with glucose-sensitive hydrogel. This design is trans-
parent in the visible and near-infrared range and thus can
be designed as contact lens to be inserted into the patient’s
eye. The readout is carried out by an external LED, and the
reflected light is captured by a photodiode whose intensity
response is evaluated. Signal postprocessing stages based on
regression methods allow the reliable estimation of the tear
glucose content.

A complex simulation environment is built to evaluate
the main signal contributions together with the most impor-
tant noise sources as well as the most relevant parameter un-
certainties. The simulation results have shown that estima-
tion errors below 2% at physiological concentrations are
possible.

5.2. Functionalization with Glucose-Sensitive Hydrogel for
Contact Lens Implementation. The plasmonic sensor concept
has proven to be suitable for glucose detection at physiologi-
cal concentrations.

In the future, we are going to implement a glucose select-
ive layer on the plasmonic structure. This includes a func-
tionalization layer with a glucose-specific hydrogel [18, 32].

The hydrogel allows only glucose to penetrate the func-
tionalization layer and not other chemical agents that are
present in the tear fluid.

Furthermore, the hydrogel is quite biocompatible, in par-
ticular for the human eye environment. In fact, soft contact
lenses already use those kinds of hydrogels as surface layers.
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This study was designed to assess the repeatability of the Loran Platform and evaluate the variability of plantar pressure and
postural balance, during barefoot standing in nondiabetic subjects, for future diabetic foot clinical evaluation. Measurements were
taken for eight nondiabetic subjects (4 females, 4 males, aged 47±7.2 years) who had no musculoskeletal symptoms. Five variables
were measured with the platform in the barefoot standing position. Ten measurements were taken using two different techniques
for feet and posture positioning, during three sessions, once a week. For most measurements, no significant effect over time was
found with Student’s t-test (P < .000125). The ANOVA test of statistical significance confirmed that measurement differences
between subjects showed higher variations than measurements taken from the same subject (P < .001). The measurements taken
by the Loran Platform system were found to be repeatable.

1. Introduction

Diabetes mellitus, or simply diabetes, is a chronic disease
recognized as a growing global public health problem. It is
one of the main causes of premature mortality worldwide,
and it has been predicted that the number of diabetic patients
will increase from an estimated 135 million in 1995 to 300
million in 2025 [1]. A substantial increase in the prevalence
of type 2 diabetes has been identified, which has been
related to lifestyle and diet issues, combined with longer
survival, obesity, low physical activity, and other factors;
also, a significant proportion of people with type 2 diabetes
remain undiagnosed. This group of subjects is at high risk of
developing complications, including nephropathy, retinopa-
thy, and neuropathy, the latter can cause foot ulcerations
and, in patients with abnormally high plantar pressures, foot

amputations. Biomechanical factors are important because
feet are always subject to dynamic loads [1, 2].

Several studies have identified aspects of plantar pressure
and characteristics during gait and standing, in barefoot
and in-shoe patterns [3, 4]. At least one study has analyzed
gender comparisons to detect or prevent foot pathologies
[5]. It has been demonstrated that during prolonged periods
of immobility, individuals alter their postural positions to
diminish musculoskeletal discomfort due to mechanical
loads, especially over joint tissues [6].

Pressure systems are commonly used to record and ana-
lyze subject data, but no standardization exists regarding a
system to measure gait and standing foot parameters; in-shoe
and platform are the two systems commonly used [7]. In
order to improve results, several studies have been carried out
in which the foot has been divided into several regions based
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(a) (b) (c)

Figure 1: Physical examination of a subject prior to the study.

on distinct anatomical areas: midfoot, forefoot, and hallux
[8]. Previous studies have used a variety of systems and
techniques to analyze foot pressures and assess repeatability
of the system used in these studies. The Emed1 system
is one of the most common devices for barefoot pressure
measurement. Variability measurements are considered to be
useful for future applications.

Despite the use of modern and pioneering technologies
to record pressure, the repeatability of plantar pressure
and postural balance measurements must be evaluated
quantitatively, in order to develop future clinical studies for
application in clinical settings, which would improve clinical
diagnostic evaluations.

The pilot study reported in this paper seeks to evaluate
a new plantar pressure measurement system for early stage
diagnoses of the diabetic foot. The hypotheses used in this
study were as follows.

(H1) The repeatability of the Loran Platform during three
sessions, once a week, on the same subject, did not
report any significant variability.

(H2) Plantar pressure and postural balance measurement
variability between subjects is significantly greater
than intrasubject variability.

In Section 2, the materials and experimental method-
ology used in this study are described. Data and statistical
analyses are then documented in Section 3, including the use
of Student’s t-test and also ANOVA analyses. Sections 4 and 5
contain a discussion of the results and conclusions from the
study, respectively.

2. Materials and Methodology

In order to assess the repeatability of the Loran Platform and
evaluate plantar pressure and postural balance variability in
the barefoot standing position in nondiabetic subjects, eight
volunteers (4 females and 4 males, aged 47 ± 7.2 years) were
recruited for this pilot study (Figure 1). All subjects signed
an informed consent form and were free of musculoskeletal

symptoms at the time of testing. Approval was obtained by
the local Medical Research Ethics Committee.

Three test sessions were conducted with each subject, 7
to 10 days apart, at approximately the same time of day.
Subjects conformed to the following criteria: (a) mainly in
the age range 30–60 years, (b) ranked with a normal body
mass index, and (c) non-diabetic; in addition, subjects were
excluded if they had experienced osteomuscular symptoms,
injuries, obesity, peripheral neuropathy, vasculopathy, or
other systemic pathological conditions which could affect
measurements, such as diabetes, multiple sclerosis, or inter-
vertebral disc disorders.

A pressure distribution platform (Loran Engineering
SrL, Italy) with 2304 resistive sensors and a sampling
frequency of 30 Hz was used to collect point of maximum
load pressure (PML), percentage of load for each foot
(lateral load distribution—LLD), body barycenter (BB), foot
barycenters (B), and percentage of anterior load (ALD)
and posterior load (PLD) measurement patterns during
barefoot standing, using the Footchecker 4.0 Software to
measure these variables. The platform was mounted in the
center of an engineering lab with constant access to the
complete experimental setup: a computer, a standing lamp,
and the guides (Figure 2). At the beginning of every session, a
calibration procedure was performed by recording reference
points using the 3D guide.

Two different techniques were used for feet and posture
positioning during the test sessions. Ten measurements were
taken using each technique (Figure 3). The first method
consisted of a 3D wooden frame placed on the platform to
control foot and body position, following the anatomical
position. The second method consisted of a 2D guide drawn
on the platform, following the same geometry of the 3D
guide (Figure 3).

Thirty measurements were obtained from each subject
over the course of three sessions. Mean and standard devi-
ation of 10 measurements per session were calculated, and
Student’s t-test was used to assess the statistical repeatability
of measurements between the three sessions, so as to evaluate
effects produced by time. The ANOVA test was used to



Journal of Electrical and Computer Engineering 3
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Figure 2: Procedure to assess the repeatability of the Loran Platform using two different techniques for feet and posture positioning.

(a) (b) (c) (d)

Figure 3: Two techniques following the anatomical position of the foot: (a) 3D wooden frame; (b) digital image of the pressure measurement
with the 3D guide; (c) 2D frame; (d) digital image of the pressure measurement with the 2D guide.

investigate the variability of plantar pressure and postural
balance in all male and female subjects with the 3D guide
and the 2D guide techniques, during the three sessions in
order to evaluate the repeatability of the system with the two
techniques. 120 measurements were recorded for each group
with each technique.

Selection criteria of the P value (P > .000125) are as
follows.

(1) Three simultaneous comparisons were carried out.
Each comparison had a P-value of 5%. During
analysis, it was necessary to adjust the P-value for the
number of comparisons.

(2) The adjustment made was

P valuecomparisons = .05c, (1)

where c is the number of comparisons.

As a result of the adjustment,

P valuecomparisons = .053 = .000125. (2)

All subjects were given time to become acquainted with
the process of adequately positioning their feet on the
platform. Prior to pressure measurements, a medical doctor
examined the subjects, focusing on their feet. Subjects, were
asked to be barefoot, have no objects in their pockets and
wear comfortable clothes in order to prevent inaccurate
measurements.

Three sessions took place at the same time and place
for each subject and were held once a week. Each session
consisted of ten measurements using the 3D guide, which
were taken at the start of the session. Subjects received
instructions on how to stand on the platform and proceeded
with their first attempt, controlling the position of the feet
with the 3D guide.
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A standing lamp was lit behind subjects to draw their
silhouettes in front of them in order to control body position
for the ten measurements. Afterwards, 10 measurements
were taken with the platform using the 3D guide. Sub-
jects had to walk up and down the platform for each
measurement. During these ten measurements, a research
assistant observed and guided subjects regarding body and
feet positions. Once the ten measurements were completed,
the 3D guide was removed and the same procedure was
then followed with the 2D guide, which was drawn on
the platform. A total of twenty measurements were taken
each time with each subject, and subjects had to come to
the lab three times during three weeks to complete sixty
measurements in total: thirty using the 3D guide and thirty
without it (Figure 4).

Student’s t-test was used to assess the statistical repeata-
bility of measurements between the 60 measurements for
each subject (30 using the 3D guide, 30 using the 2D guide,
10 measurements per session during 3 sessions); ANOVA
was used to study the variability of the point of maximum
load pressure, the percentage of load for each foot, the
body barycenter, the foot barycenter, and the percentage of
anterior load and posterior load, among all subjects during
the three sessions (480 measurements).

3. Results

Results are reported in this section for Student’s t-test
by gender and the ANOVA statistical analysis. These were
performed to determine if measurements of the point of
maximum load pressure (PMLx and PMLy), the percentage
of loads for each foot (LLD), the body barycenter (BBx and
BBy), the foot barycenters (Bx and By), and the percentage of
anteroposterior loads (ALD-PLD) during barefoot standing,
registered by the Loran Platform, are repeatable, using the
two techniques. The tables reporting the statistical analysis
of Student’s t-test correspond to subjects with greater and
lesser variability in the measurements of plantar pressure
and balance control due to time. The ANOVA analysis
was performed with the variables that produced satisfactory
Student’s t-test results for all subjects, that is, variables with
no significant effect over time and with P > .000125. The
four male and four female subjects were designated as M1,
M2, M3, and M4, and F1, F2, F3, and F4, respectively.

3.1. Student’s t-Test

1st Technique 3D Wooden Frame—Male Subjects.

(M1 and M2) Time was not a significant variable since, in
the 3 sessions, 9 registered variables reported a P >
.000125 for both feet.

(M3) The variable LLD reported P < .000125 in the
right foot (comparing the data obtained during the
1st measurement session with the data obtained
during the 2nd session and between the 2nd and 3rd
sessions). For other variables, time is not a significant
variable, and P′ > .000125 for both feet.

(M4) Time impacted LLD, ALD, PLD, By, PMLy, and BBy
variables in both feet (P < .000125). In Bx, PMLx,
and BBx, time did not affect either foot (P >
.000125). In Table 1, the values obtained are shown
for each variable for subjects M1 and M4.

1st Technique: 3D Wooden Frame—Female Subjects.

(F1) Time was not a significant variable; 97.92% of the P
values for the 9 variables registered in the 3 sessions
reported P > .000125 for both feet. Only the right
foot LLD showed P < .000125, indicating variability
in the measurements taken from week to week.

(F2) P < .000125 was obtained for BBy and for LLD and
ALD in the right foot.

(F3) P > .000125 for the left foot was reported, while in
the right foot, variations were observed in LLD, ALD,
PLD, Bx, and By (P < .000125).

(F4) Variations were observed in both feet: variations in
LLD, By, BBx, and BBy in the right foot and variations
in ALD, LLD, BBx, and BBy in the left foot, in both
cases with P < .000125. Values obtained for each
of the variables for patients F1 and F4 are shown in
Table 2.

2nd Technique: 2D Frame-Male Subjects.

(M1 and M2) Time was not a significant variable since the 9
variables registered in the 3 sessions reported P >
.000125 in both feet.

(M3) Time impacted LLD and BBx in both feet and, also,
impacted ALD and Bx (P < .000125) in the right
foot; other variables with P > .000125 did not show
significant differences.

(M4) Time had no impact on Bx, PMLx, and BBx in
either foot (P > .000125); LLD and PLD in the left
foot and ALD and PMLy in the right foot reported
P > .000125. P < .000125, indicating variation in
the measurements, was reported for other variables.
Table 3 shows values obtained for each variable for
M1 and M4 using the 2D frame technique for the
measurements.

2nd Technique: 2D Frame-Female Subjects.

(F1) 91.67% of the P-values registered for the 9 variables
in the 3 serial weekly sessions reported P > .000125.
In By, LLD, and PLD in the right foot and in LLD in
the left foot, incidence over time was registered (P <
.000125).

(F2) In 81.25% of the 9 variables registered in the 3
sessions, P > .000125 was reported; for LLD and BBx
in both feet, for ALD in the left foot, and for PLD
in the right foot, a variation in measurements was
reported (P < .000125).
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(a) (b)

Figure 4: Normal subjects with the 3D guide and 2D guide techniques for pressure measurements.

Table 1: Student’s t-test analysis. Sample of features in male subjects M1 and M4 during 3 sessions with the 3D guide (P > .000125 → “+,”
P < .000125 → “−”).

Features
Subject M1 Subject M4

Right foot Left foot Right foot Left foot

LLD + + + + + + − − + + + +

ALD + + + + + + + + + + + −
PLD + + + + + + + + − + + +

Bx + + + + + + + + + + + +

By + + + + + + + + − + + −
PMLx + + + + + + + + + + + +

PMLy + + + + + + + + + + + −
BBx + + + + + + + + + + + +

BBy + + + + + + + + − + + −

(F3) 79.17% of the 9 variables registered in the 3 sessions
reported P > .000125. Variables LLD, BBx, and
BBy, in both feet, PLD in the right foot, and By in
the left foot reported measurement variations (P <
.000125).

(F4) In 77.08%, P > .000125 was reported; for LLD, PLD,
BBx, and BBy in both feet and for By in the right
foot, measurement variations were reported (P <
.000125). Table 4 shows the values obtained for each
variable using the 2D guide for cases F1 and F4.

3.2. ANOVA Analysis. To determine variation among sub-
jects, an ANOVA analysis was performed on variables for
which Student’s t-test was satisfactory for all subjects (P >
.000125), taking into account the data obtained in the three
sessions for both feet.

1st Technique: 3D Wooden Frame.

male subjects: Variables Bx, PMLx, and BBx reported
P < .001 (Table 5), which means there is a greater
variability among the subjects.
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(a) Left foot male subjects
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(b) Left foot female subjects
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(c) Right foot male subjects
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(d) Right foot female subjects

Figure 5: Graphical feature comparison between sessions. Percentage load distribution with 3D Guide.
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(a) Left foot male subjects
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(b) Left foot female subjects
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(d) Right foot female subjects

Figure 6: Graphical feature comparison between sessions. Percentage load distribution with 2D Guide.
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Table 2: Student’s t-test analysis of features in female subjects F1 and F4 over 3 sessions with the 3D guide (P > .000125 → “+,” P <
.000125 → “−”).

Features
Subject M1 Subject M4

Right foot Left foot Right foot Left foot

LLD + − + + + + − + − − + −
ALD + + + + + + + − + + + +

PLD + + + + + + + + + − + +

Bx + + + + + + + + + + + +

By + + + + + + + − + + + +

PMLx + + + + + + + + + + + +

PMLy + + + + + + + + + + + +

BBx + + + + + + + + − + + −
BBy + + + + + + − − + − − +

Table 3: Student’s t-test analysis of the features in male subjects M1 and M4 during 3 sessions with the 2D guide (P > .000125 → “+,”
P < .000125 → “−”).

Features Subject M1 Subject M4

Right foot Left foot Right foot Left foot

LLD + + + + + + − − + − − +

ALD + + + + + + + + + + + +

PLD + + + + + + + + + + + +

Bx + + + + + + + + + + + +

By + + + + + + + + + + + +

PMLx + + + + + + + + + + + +

PMLy + + + + + + + + + + + +

BBx + + + + + + − − + − − +

BBy + + + + + + + + + + + +

Female subjects: variables PMLx and PMLy reported
P < .001. Table 5(b) shows results obtained by the
ANOVA analysis for this case with the 3D guide.

2nd Technique: 2D Frame.

Male subjects: most variables showed repeatability
improvements between sessions; only PMLy pre-
sented P = .0226 > .001 in the left foot, meaning that
measurements per subject were more variable than
variability among subjects.

Female subjects: in the case of female subjects, more
variables also show repeatability between sessions,
one of them (PMLy) with P = .0822 (Table 6(b)).

Figures 5 and 6 contain a comparative chart of load
distribution patterns for each foot during the three measure-
ment sessions with the group of subjects, differentiating by
gender. In Figure 5, the percentage of load distribution with
the 3D guide shows lower variability between right and left
feet among subjects during the 3 sessions compared with
the trend shown in Figure 6, which shows results obtained
using the 2D guide. H2 is supported with the ANOVA tables
(Tables 5 and 6).

Figure 7 shows the image obtained from the Loran
Platform, dividing the foot in segments of greater interest
in order to establish the behavioral patterns of the body

Figure 7: Pressure distribution patterns, including maximum
pressure.

barycenter, the barycenter of the feet, and the points of
maximum pressure of the subjects participating in the study.
This image was color modified to highlight the respective
distribution patterns (Figures 8, 9, and 10).

A similar behavior is seen between genders with the
3D guide, as observed with the 2D guide in the case of
the location of the maximum point of pressure in the heel
(Figure 8).
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Table 4: Student’s t-test analysis of the features in male subjects F1 and F4 during 3 sessions with the 2D guide (P > .000125 → “+,”P <
.000125 → “−”).

Features
Subject M1 Subject M4

Right foot Left foot Right foot Left foot

LLD + − + + − + + − − + − −
ALD + + + + + + + + + + + +

PLD + − + + + + + − + + + −
Bx + + + + + + + + + + + +

By + − + + + + − − + + + +

PMLx + + + + + + + + + + + +

PMLy + + + + + + + + + + + +

BBx + + + + + + + − − + − −
BBy + + + + + + + − + + − +
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Figure 8: Pressure distribution patterns, including maximum pressure.
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Figure 9: Body barycenter distributions.

The body barycenter graphs (Figure 9) show that, in all
subjects and with both guides, 100% of the measurements
are located to the left of the guide center. This behavior is
also evidenced in the percentage of load distribution per foot
(Tables 1 and 2), which shows greater load on the left foot. A
higher dispersion is also shown when the 2D guide is used.

In the case of barycenter per foot (Figure 10), less
dispersion of the data is observed when the 3D guide is used.

Table 7 summarizes the results obtained from the plantar
pressure means for each case. The differences shown by the
variables are not significant when data between guides and
data for both genders are compared.

4. Discussion

Following the statistical analysis with Student’s t-test, we
noticed that the 3D wooden frame technique used for taking

measurements with the Loran Platform for most of the
male subjects, in various sessions during the three weeks
of the study, was not a significant variable for pressure
distribution and balance control. Only in the case of subject
M4 were significant differences reported over the time for
six variables with P < .000125. These results allow us to
conclude that this technique favors registration of repeatable
measurements, because it guarantees the same anatomical
position of the feet during the measurements, although
significant differences were reported in some variables in
female cases, specifically with the LLD variable. Some
variations were also observed between the left foot and right
foot measurements, which were reported in Section 3.

After statistical analysis with Student’s t-test, and with
the 2D frame technique used to take measurements with the
Loran Platform for subjects M1 and M2, we observed that
time was not a significant variable for pressure distribution
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Figure 10: Foot barycenter distributions.

and balance control; however, subject M3 reported signifi-
cant differences over time in four variables, and subject M4
reported significant differences over time in six variables.
Female subjects reported significant differences in more vari-
ables, specifically variables LLD and PLD. These results lead
us to believe that the 2D technique induces higher variability
than the 3D technique when repeatable measurements are of
concern, since the 2D technique does not guarantee the same
position of the feet in the measurement sessions.

The ANOVA statistical analysis with the 3D wooden
frame technique indicates that variables Bx, PMLx and
BBx for male subjects and variables PMLx, and PMLy for
female subjects presented higher variability in measurements
among subjects, compared to measurements taken from the
same subjects in the three sessions, because they reported
P < .001. This means that the 3D technique makes it
possible to obtain repeatable measurements when recording

the variables evaluated in this study. The 2D frame technique
indicates that variables PLD, By, PMLx, and BBy for male
subjects and variables Bx and PMLx for female subjects
showed higher variability in measurements among subjects
compared with measurements taken from the same subjects
in the three sessions, since they reported P < .001.

The above results indicate that the use of the 3D
wooden frame technique used to register plantar pressure
and balance control with the Loran Platform produced
less variation among same subject measurements over the
course of the measurement sessions and higher variability
between measurements in other subjects. Better results for
the acquisition of repeatable measurements are observed
with the 3D technique compared with the 2D technique.

The load distribution pattern (LLD) through the
three measurement sessions for male and female subjects
(Figure 1), with 3D wooden frame guide in each foot, did
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Table 5: ANOVA test analysis sample of the most repeatable
features. (a) Male subjects, (b) female subjects.

(a)

3D guide

Features Right foot Left foot

Bx 2, 52E − 19 1, 41E − 44

PMLx 6, 50E − 05 2, 19E − 29

BBx 1, 66E − 13 1, 66E − 13

(b)

3D guide

Features Right foot left foot

PMLx 1,56E−07 8,22E−10

PMLy 5,68E−13 7,092E−05

Table 6: ANOVA test analysis sample of the most repeatable
features. (a) Male subjects, (b) female subjects.

(a)

2D guide

Variable Right foot Left foot

PLD 2, 28E − 22 6, 11E − 21

By 3, 2E − 22 2, 58E − 20

PMLx 5, 33E − 15 2, 99E − 05

PMLy 8, 88E − 12 0, 0226

BBy 4, 25E − 16 4, 25E − 16

(b)

2D guide

Variable Right foot Left foot

Bx 1, 35E − 34 2, 997E − 33

PMLx 0, 00039 2, 706E − 12

PMLy 9, 48E − 08 0,0822

not show significant variability; an almost linear tendency is
observed in both cases. On the other hand, the 2D frame
technique showed higher variability in load distribution
(Figure 2). This less variable pattern with the 3D guide may
be used as a foundation to validate the hypothesis used in
this study, whereby controlling the position of the feet when
measuring plantar pressure makes it possible to acquiring
more repeatable measurements. Comparing measurements
taken from both feet, there were differences between left foot
and right foot in all subjects. It is possible that other factors
such as age, weight, height, and posture may impact the
distribution of loads on each foot in the subjects evaluated.

In Figure 8, certain differences exist due to a smaller
dispersion in the points of maximum pressure in the
metatarsals. These are areas of interest for future studies with
diabetic foot patients, because those areas are subject to a
higher risk of ulceration, in turn associated with postural
balance control in the bipedal position.

Figures 9 and 10 of the body barycenter (BB) and of
the foot barycenter (B), respectively, indicate the pattern
similarity with the two guide types. Greater differences exist

when comparing the behavior of the left foot barycenter and
the right foot barycenter, normal behavior, given the right
side dominance of all subjects participating in the study,
with a higher percentage of load distribution on the left
foot. Regarding gender comparison, Figure 5 shows a better
concentration in women, near the heel, while in men, the
barycenter is dispersed along the half line of the foot.

5. Conclusions

This pilot study establishes that the Loran Platform makes it
possible to obtain repeatable measurements for the following
variables: percentage of load for each foot (LLD), body
barycenter (BBx and BBy), foot barycenters (Bx and By), and
point of maximum pressure, for the evaluation of the plantar
pressure distribution and balance control in normal subjects.

The 3D wooden frame technique favors registration of
repeatable measurements because it guarantees the same
anatomical position of the feet when measurements are
recorded. Student’s t-test results indicate that the time
variable does not significantly affect repeatability of the
measurements; the ANOVA statistical analysis reports less
variation between the measurements of the same subject
over the course of the measurement sessions and greater
variability among the measurements of other subjects. The
3D technique produces better results for acquisition of
repeatable measurements than the 2D technique.

Men and women differ anatomically and physiologically.
Anthropometric studies have shown considerable differences
in the feet bones of both genders [9]. These differences may
potentially mean male versus female differences in plantar
distribution, such as the differences found in this study.
Besides, there are studies reporting the influence of age on the
dynamic variation of the center of gravity displacement—
COP—in the bipedal position [10].

Studies of plantar pressure using an in-shoe system and
a pressure platform [11] have reported that differences in
the results of plantar pressure distribution among various
groups may also be attributed to measurement conditions
and effects produced by the measurement system used. We
consider this study to be relevant because the technique can
be used to record pressure with the Loran Engineering EPS
platform in normal subjects. However, new experiments with
diabetic patients must be performed to ensure the reliability
of this platform in reproducing repeatable measurements, for
possible application in a clinical environment.

In selecting the target population for this study, it
was fundamental to include previous osteomuscular type
evaluation, with special emphasis on the spine, when subjects
were over 40 years old; it has been reported [12] that
plantar pressure distribution may be affected by balance
problems associated with age and spinal problems usually
accompanied by lumbar discomfort caused by maintaining
the bipedal position over prolonged periods of time.

Previous investigations [13] have demonstrated that
there is an important decrease of “standing balance” in
neuropathic patients with the diabetic foot. This means that
balance control is a fundamental biomechanical parameter
for the diagnosis of the diabetic foot. For this reason, we
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Table 7: 3D guide and 2D guide results—female and male subjects.

Features
3D guide

Male (mean ± SD) Female (mean ± SD)

Right foot Left foot Right foot Left foot

LLD (%) 41.28 ± 1.56 58.72 ± 1.56 40.7 ± 2.1 59.3 ± 2.1

Bx (cm) 4.88 ± 0.33 4.12 ± 0.45 4.71 ± 0.62 3.76 ± 0.45

By (cm) 10.94 ± 1.62 8.6 ± 1.19 8.5 ± 1.18 7.62 ± 0.73

ALD (%) 19.88 ± 4.11 23.07 ± 4.36 14.59 ± 3.21 21.8 ± 2.12

PLD (%) 21.39 ± 4.62 35.66 ± 4.12 26.11 ± 3.96 37.5 ± 3.12

2D guide

Features
Male (mean ± SD) Female (mean ± SD)

Right foot Left foot Right foot Left foot

LLD (%) 40.66 ± 2.01 59.34 ± 2.01 39.73 ± 2.48 60.28 ± 2.1

Bx (cm) 4.89 ± 0.24 3.96 ± 0.28 4.64 ± 0.77 3.83 ± 0.58

By (cm) 11.27 ± 1.63 8.49 ± 1.32 9.09 ± 1.49 7.67 ± 0.97

ALD (%) 20.48 ± 4.69 24.15 ± 5.1 15.03 ± 3.15 22.77 ± 3.2

PLD (%) 20.18 ± 3.92 35.19 ± 4.88 24.7 ± 4.57 37.5 ± 3.24

consider it imperative to replicate this study in the future
using neuropathic diabetic patients in various stages of
complications of the feet.

This study must be repeated with a much larger sample to
ensure statistical validation, using groups of normal subjects
and diabetic foot patients in the first stages of the pathology,
in both static and dynamic conditions. This will greatly
assist optimization in the design of orthopedic insoles which
normalize plantar distribution in areas subject to higher risk
of ulceration (metatarsal heads, fingers, and heel).

Finally, we recommend optimizing measurement pro-
tocols and designing techniques for postural control of
study subjects, for the evaluation of plantar distribution and
stability.
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