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Abstract— This paper presents our new results on patient-
independent closed–loop for blood glucose regulation, for adult
diabetic patients affected by Type-1 Diabetes Mellitus. A
switched control solution is proposed to avoid severe hypo-
and hyper-glycaemia. The design of the control solution is
approached using the structured-H∞ robust control theory,
to account for the inter- and intra-patient variability. Robust
stability of the switched control law is proven using the integral
quadratic constraint theory. The proposed control solution is
assessed using the UVA/Padova T1DM metabolic simulator
(v3.2), a benchmark recognized by the US Food and Drug
Administration as a substitute for pre-clinical tests.

I. INTRODUCTION

Automated insulin delivery systems have been emerging

as a viable technological solution for people with type 1

diabetes mellitus (T1DM), known as artificial pancreas (AP)

systems [1]. The objective of such systems is to reduce the

duration of hyperglycaemia and avoid hypoglycaemia. APs

use numerous algorithms, such as insulin pump control, on-

board insulin estimation, hypoglycaemia prevention strate-

gies, etc. This paper is concerned by the control function.

Based on subcutaneous glucose measured by a continuous

glucose monitoring (CGM) sensor, a control algorithm com-

mands a pump for continuous subcutaneous insulin infusion.

A feedforward completes the insulin delivery, i.e. an addi-

tional insulin injection called a ”bolus” is also administered

when the patient indicates that he/she is about to eat.

Medtronic’s Minimed 670G was the first AP to be

marketed in 2018, followed by Tandem Diabetes’ Tan-

dem Control-IQ, Medtronic’s MiniMed 780G, CamDiab’s

CamAPS FX, Diabeloop’s DBLG1 system and finally Omni-

pod Horizon from Insulet Corporation. For all these systems,

the closed loop is based either on a PID (Proportional-

Integral-Derivative) control law [2], or on an MPC (Model

Predictive Control) law [3]. Other solutions can be found in

scientific literature, such as the dynamic inversion technique

[4], the learning control strategy [5], the neural inverse

optimal control via passivity method [6], the switched LQG

approach [7] and the bio-inspired approaches [8], [9].

Another control framework that has attracted attention is

the H∞ framework. In [10], the problem is formulated as
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an H∞ reference tracking problem. The glucose tolerance

curve of healthy patients is retained as a reference model.

In [11], a linear fractional transformation (LFT) structure

is constructed for control-oriented analysis purposes. This

LFT form is then used with the mixed-sensitivity H∞
approach [12] and the H∞ loop shaping technique [9] for

control synthesis purposes. The µ synthesis theory is used

in [13] to address one of the main inclusion criteria for

clinical trials: patient age. However, with a controller of

order 46 at the second iteration of the so-called D-K iteration

algorithm, it is worth to say that the controller is practically

useless. Fortunately, the authors proposed a reduced version

of order 14, but this is still considered too high for actual

implementation in an AP.

Other authors have proposed control solutions within the

linear parameter varying (LPV) framework. The polytopic

LPV formalism is used with LMI region assignment in

[14], to design a switched controller with several switching

regions, linked to hypo-, hyper- and euglycaemic situations.

In [15], a switched LPV controller with two operating

modes (conservative and aggressive) is proposed, combined

with a sliding mode safety layer that limits the controller’s

action based on the on-board insulin estimate. The solution

proposed in [16] makes judicious use of the polytopic LPV

technique, LMI region assignment and extended Kalman

filtering. Note that these solutions are built upon simplified

low order models (3 for [14], [15] and 8 for [16]) that do

not include several important physiological processes, which

are moreover, patient-dependent.

This paper aims at addressing some of the aformen-

tionned drawbacks. Based on our previous work reported

in [11], a LFT structure that covers the pharmacokinetics

and pharmacodynamics interaction of glucose and insulin in

organs and their coupling, is built. The difference with the

LFT representation reported in our previous work, is that it

considers the effect of the endogenous glucose production.

This allows the model to cover the dynamics for glycaemic

situations between 50mg/dL and 270mg/dL. Furthermore, the

proposed LFT structure carries out inter- and intra-population

variability, but, as opposed to [13], the LFT complexity

is reduced by introducing the non-structured mutiplicative

uncertainty LFT paradigm. Then, in a similar fashion than the

LPV solutions aforementioned, two controllers are designed

depending on the patient’s glycaemia: the first one covers the

glycaemia from 120mg/dL up to 270mg/dL, and the second

one, the glycaemia between 50mg/dL and 120mg/dL. The

structured H∞ theory is used to design the controllers. This

approach is thought particularly adapted since it enables to



fix the controllers’ order, overcoming the drawbacks of the

µ-synthesis approach proposed by [13], while still managing

adequately the uncertainties covered by the LFT (in the H∞-

norm sense). The overall control law then results in switching

between the two controllers, depending on the patient’s

glycaemia. Because such a control law belongs to the class of

switching controllers, the integral quadratic constraint (IQC)

theory is deployed to establish robust stability guarantee.

A key element of the proposed solution is that the control

law is patient-independent. Furthermore, it does not require

estimating the carbohydrate content of the meal, but it

requires its announcement.

The paper is structured as follows. Section II is dedicated

to modelling issues. Section III is concerned by the design

of the structured H∞ controllers and the establishment of

robust stability guarantee using the IQC theory. Section IV

presents the results from a simulation campaign, and finally

Section V gives some concluding remarks.

Notations: R refers to the real set. Rn×m denotes the real

matrix set of n rows and m columns. For a matrix M ,

M∗ refers to the conjugate transpose of M . In denotes the

identity matrix of dimension n, and I means the identity

matrix of adequate dimension.”s” is the Laplace transform

variable. For a linear state space model (A,B,C,D), P (s)
(or simply P ) is its associated Laplace transform. The

notation P :

[

A B
C D

]

is used in the paper. P (s) is

assumed to belong to RH∞, defined as the real rational

functions set, with ||P ||∞= supω σ(P (jω)) < ∞, where

σ(M) denotes the maximum singular value of the ma-

trix M . For appropriately dimensioned matrices N and

M =
(

M11 M12

M21 M22

)

, the lower LFT is defined according to

Fl(M,N) =M11+M12N(I−M22N)−1M21 and the upper

LFT as Fu(M,N) = M22 + M21N(I − M11N)−1M12.

Consider a LPV system where x, u, y refer to its state,

input and output vectors, respectively. The operator Σα

is defined such that y(t)= (Σαu) (t) to describe the equa-

tions ẋ(t)=A(α)x+B(α)u(t); y(t)=C(α)x+D(α)u(t) for

some parameter trajectory α(t). With some abuse, we use

the notation y(s)=Σαu(s). The induced L2 norm (also

called to the gain L2) is defined by sup||u||2 6=0
||y||2
||u||2 .

IQC uses the concept of multipliers. For two multipliers

Πj=
(

Πj1 Πj2

Π∗

j2 Πj3

)

, j=1, 2, the operator daug(.) is defined as

daug(Π1,Π2)=

(

Π11 0 Π12 0
0 Π21 0 Π22

Π∗

12 0 Π13 0

0 Π∗

22 0 Π23

)

.

II. MODELLING ISSUES

In order to avoid duplicating materials of our previous

work reported in [11], the following developments are mainly

concerned by the derivation of the LFT structures required

to design the control solution.

In [17], a family of linear time invariant (LTI) models is

constructed from the 19th-order nonlinear model of insulin-

glucose dynamics reported in [18]. The key element of the

proposed modeling approach is based on finding a family of

linear models equivalent to the nonlinear model, based on

a sufficiently dense set of points to capture all internal dy-

namics of the nonlinear model for 11 adult patients with age

∈ [22, 56]y and weight ∈ [46, 98]kg. To be compliant with

the standard insulin therapy, glucagon input and related states

were removed from the model. Furthermore, three states

variables related to endogenous glucose production were

removed, namely the state referring to the plasma glucagon,

the glucagon action and the delayed static glucagon secre-

tion, since their contribution to the blood glycaemia was

considered negligible. The result is a multi-model of order 13

validated for a blood glycaemia evolving between 120mg/dL

and 270mg/dL (for the considered patients cohort at least).

However, a deeper analysis of the dynamic for the gly-

caemia zone [50mg/dL;120mg/dL] reveals that the three

states related to the endogenous glucose production finally

contribute significantly. Thus, in this work we consider them.

Applying the method reported in [17] for a (dense) set of

points n=300, leads to a new set of 16th order models such

that

Gi,k(ρ, ϕ) :

[

Ai,k(ρ, ϕ) Bi,k(ρ, ϕ)
Ci,k(ρ, ϕ) 0

]

, (1)

k=1, .., n, i=1.., Np, n×Np=3300

The input of Gi,k∀(i, k) (denoted ins, given in pmol/min) is

the insulin dose (command of the insulin pump), and the out-

put (denotedGsc, given in mg/dL) is the subcatenous glucose

concentration (measured by the CGM sensor). Np=11 refers

to the number of patients. ρ ∈ R
nρ : |ρj | ≤ ρj , j={1, ..., nρ}

and ϕ ∈ R
nϕ : |ϕj | ≤ ϕj , j={1, ..., nϕ} are (element-wize

bounded) parameter vectors that gather the patient’s charac-

teristics such that the weight, the age, etc. Fig. 1 illustrates

the mesh map used to determine Gi,k∀(i, k) based on non-

linear simulations derived from the model reported in [18].

This family of models is then separated into two sub-families

G
(1)

i,k , k=1, .., n1, i=1, .., Np and G
(2)

i,k , k=1, .., n2, i=1, .., Np,

so that G
(1)

i,k models the dynamics corresponding to a blood

glucose concentration (denoted Gb from now on) in the

interval [120mg/dL;270mg/dL] (blue points in Fig.1) and

G
(2)

i,k models the dynamics for Gb ∈ [50mg/dL;120mg/dL]

(red points in Fig.1), ∀(i, k).
Two LFTs Fu(P

(1),∆(1)) and Fu(P
(2),∆(2)) are then

derived from G
(1)

i,k and G
(2)

i,k respectively, so that for j=1, 2
(the variable ”s” is omitted for clarity):

Fu(P
(j),∆(j))=Fu(P

(j)
sc , δ

(j)
sc )Fu(P

(j)
b , δ

(j)
b ) (2)

Fu(P
(j)
b , δ

(j)
b )=P0(s)(1 +W (j)

unc δ
(j)
b ) (3)

W (j)
unc ∈ R+, δ

(j)
b ∈ R : |δ

(j)
b | ≤ 1, δ(j)sc ∈ R : |δ(j)sc | ≤ 1

∆(j) ∈ ∆
(j)={diag(δ

(j)
b , δ(j)sc )}

The LFTs Fu(P
(j)
b , δ

(j)
b ) capture the (uncertain) parameters

ρi, ∀i, whereas Fu(P
(j)
sc , δ

(j)
sc ) capture the (uncertain) ele-

ments of ϕ. The couples (P0,W
(j)
unc ) are derived to obtain the

smallest conservative LFTs, i.e. W
(j)
unc , j=1, 2 are minimal.
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Fig. 1. Mesh map considered for the construction of Gi,k(ρ, ϕ)

Note that both LFTs Fu(P
(j),∆(j)), j=1, 2 share the same

nominal model P0. These two LFTs are nothing else than

the model that describes all Np patients, considering the

variability of each of them.

Remark 1: It should be pointed that the CGM sensor

and insulin pump are neglected in this modelling process.

However, their dynamics and errors are considered for the

simulations reported in Section IV. Furthermore, the de-

sign of the control algorithm is guided considering them.

Especially, the bandwidth of the closed-loop is determined

considering the errors and noise of the CGM sensor and

constraints to prevent abnormal fatigue of the pump.

III. DESIGN OF THE CONTROL ALGORITHM

The control algorithm proposed in this paper is given by

(see the notations for the definition of the operator Σα)

ins(s)=Σα (Gref (s)−Gsc(s)) + ianouc(s) (4)

Σα=αK(1)(s) + (1− α)K(2)(s) (5)

α=

{

0 if Gsc < 120mg/dL

1 if Gsc ≥ 120mg/dL
(6)

where Gref (t)=120mg/dL ∀t is the glucose concentration to

track, ianouc(t) is the insulin bolus fixed to 21000pmol/min1

that is injected at the beginning of the meal, and Gsc(t) is

the measurement provided by the CGM sensor. Thus, the

problem turns out to be:

1) the design of the controllers K(j)(s), j=1, 2.

2) guaranteeing robust stability for arbitrary switching

sequence α(t).

The purpose of the following is to address these two issues.

A. Design of K(j)(s), j=1, 2 using structured H∞ synthesis

In our previous work reported in [11], it is demonstrated

that even if the so-called full-order H∞ and µ-synthesis

approaches demonstrate satisfactory performance to control

the blood glycaemia, they have the disadvantage to lead

to higher order controllers compared to the structured H∞
approach, which is a well known result in the H∞/µ control

community. Especially, it is demonstrated that a six-order

13.5 unities in the medical terminology

controller guarantees no hypo- and hyperglycaemia. Thus, it

is retained six order controllers for K(j)(s), j=1, 2.

Consider the LFTs Fu(P
(j),∆(j)), j=1, 2 defined by (2).

The problem remains to find K(j) ∈ K(j) where

K(j)=

{

K(j) :
ẋ
(j)
K =A

(j)
K (κ)x

(j)
K +B

(j)
K (κ)(Gref −Gsc)

ins=C
(j)
K (κ)x

(j)
K +D

(j)
K (κ)(Gref −Gsc)

}

(7)

define the controller spaces, to stabilize the closed loop

Fl

(

Fu(P
(j),∆(j)),K(j)

)

internally ∀∆(j) ∈ ∆
(j) :

||∆(j)||∞ ≤ 1, j=1, 2, while achieving some required per-

formance.

It is assumed that the state-space matrices entering in

(7) depend smoothly on κ varying in a design space R
nκ

or in some constrained subset thereof. Such controllers are

denoted as ”structured” [19]. As explained, the ”structure”

retained in this work, corresponds to reduced-order con-

trollers so that the same order is retained for the two

controllers K(j), i.e. K(j)=K : dim(x
(j)
K )=6 for j=1, 2.

−

K(j)

W
(j)
1

W
(j)
2

z1

z2

w
P

(j)
b

δ
(j)
b

P
(j)
sc

δ
(j)
sc

Fu(P
(j),∆(j))

Fig. 2. The mixed sensitivity problem formulation for K(j), j=1, 2.

The problem then turns out to be the design of K(j) ∈
K, j=1, 2. This problem is addressed using the mixed sensi-

tivity technique of H∞ theory, as illustrated in Figure 2. In

this approach, the control objectives are guaranteed by an ap-

propriate choice of weighting functions W
(j)
i , j=1, 2, i=1, 2

placed so that the undesirable behaviours of the sensitivity

function S(j)=(1 + Fu(P
(j),∆(j))K(j))−1 and the control

sensitivity function R(j)=K(j)S(j), j=1, 2, are penalised in

certain fixed frequency ranges a priori.

Because it is required to track Gref (t) in low frequencies

with the smallest error possible, W
(j)
1 is chosen as a filtered

first-order integrator with cutting frequency ω
(j)
c , i.e.:

W
(j)
1 (s)=k

(j)
1

s/ω
(j)
c + 1

s/ωl + 1
,
ω
(1)
c =4.10−3 rad/min

ω
(2)
c =1, 5.10−3rad/min

(8)

ωl=10
−6rad/min is an arbitrary low frequency introduced

to make W
(j)
1 , j=1, 2, invertible. k

(j)
1 is fixed so that the

modulus margin is equal to 0.5, at least, i.e. k
(j)
1 =0.5

ω(j)
c

ωl
.

Note that ω
(1)
c > ω

(2)
c , so the bandwidth of the closed-

loop for the glycaemia ≥ 120mg/dL must be higher than for

Gsc < 120mg/dL. In other words, the controller K(1) will

be more ”aggressive” than K(2).



For W
(j)
2 , j=1, 2, a high–pass filter is chosen to prevent

abnormal fatigue of the insulin pump, i.e.

W
(j)
2 (s)=k2

s/(10ω
(j)
c ) + 1

s/π + 1
, k2=0.1, j=1, 2 (9)

Then, for a given controller K(j), the problem consists in

solving the optimisation problem

minimize γ

subject to Fl

(

Fu(P
(j),∆(j)),K(j)

)

is internally stable

K(j) ∈ K, ‖Tw→zi‖∞ ≤ γ, i=1, 2 (10)

where Tw→zi denotes the transfer between the signals w and

zi i=1, 2, see Fig.2.

This problem can be solved by the tangent-model algo-

rithm proposed in [19]. However and as pointed out by

the authors, the resulting algorithm converges to a local

minimum in practice.

To overcome this problem, the following practical ap-

proach initialy proposed in [11], is adopted: i) The con-

trollers K(j), j=1, 2 are first computed using the µ-synthesis

approach; ii) The obtained controllers are next reduced to

order 6 using a Grammian-based reduction approach, which

iii) are then passed as the initial condition of the tangent-

model algorithm presented in [19]. The result is controllers

K(j), j=1, 2 practically close to the optimal solution of (10),

of order 6, which can easily be embedded in a AP.

To illustrate the results obtained, Fig. 3 shows the sigma

plot resulting from the synthesis of K(1) for some fixed

values of ∆(1) ∈ ∆
(1) : ||∆(1)||∞ ≤ 1.
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Fig. 3. Sigma plot of σ(S(1)(jω)) vs its objective |W
(1)
1 (jω)|

−1
(top)

and σ(R(1)(jω)) vs its objective |W
(1)
2 (jω)|

−1
(bottom).

As it can be seen, σ(S(1)(jω)) < |W
(1)
1 (jω)|

−1
∀ω and

σ(R(1)(jω)) < |W
(1)
2 (jω)|

−1
∀ω, demonstrating that the

control objectives specified by the weighting functions W
(1)
1

and W
(1)
2 are met, as long as the control law (4)-(6) stays

in the mode α(t)=1. Similarly, it is obtained σ(S(2)(jω)) <

|W
(2)
1 (jω)|

−1
∀ω and σ(R(2)(jω)) < |W

(2)
2 (jω)|

−1
∀ω for

K(2). However, while these criteria indicate that the synthesis

has been successful, there is no stability guarantee for an

arbitrary switching sequence α(t). This issue is addressed in

the next section using IQC.

B. Robust stability of the switching control law

By including the control law (4)-(6) into a feedback

interconnection with the LFTs (2), the LFT Fu(P̃ , ∆̃) given

by
(

v∆
Gsc

)

=P̃

(

w∆

Gref

)

, w∆=∆̃v∆, P̃=

(

P̃∆,∆ P̃∆,r

P̃sc,∆ P̃sc,r

)

(11)

is obtained, where

∆̃=diag
(

δ
(1)
b , δ

(2)
b , δ(1)sc , δ

(2)
sc , δα(t)

)

(12)

with δα(t) accounting for α(t) after normalisation, i.e.

||δα(t)||L2 ≤ 1. This LFT is nothing else than the LFTs

Fu(P
(j),∆(j)), j=1, 2 joined together, closed by the param-

eter varying controller K(α).
The problem is then to establish internal stability of this

closed loop, for all parameter trajectories α(t) ∈ [0, 1], |α̇| →

∞ and δ
(j)
b , δ

(j)
sc , j=1, 2. Such a problem can be addressed

using the IQC theory, whose basics can be found in [20],

[21].

IQC can be defined in time of frequency domain. Here, the

frequency domain is retained with the following definition:

Two signals p and q, square integrable on [0,∞[, satisfy the

IQC defined by the multiplier Π if and only if
∫ ∞

−∞

(

q(jω)
p(jω)

)∗
Π(jω)

(

q(jω)
p(jω)

)

dω ≥ 0 (13)

The following theorem, which a direct application of the

results presented in [21] to (11)-(12), solves the robust

stability analysis problem of the switching control law (4)-(6)

Theorem 1: For any τ ∈ [0, 1], let us assume that i)
the LFT Fu(P̃ , ∆̃) is well-posed, ii) τ∆̃ satisfies the IQC

defined by Π, and iii) ∀ω ∈ R+, there exists ǫ > 0 such

that
(

P̃∆,∆(jω)
I

)∗
Π(jω)

(

P̃∆,∆(jω)
I

)

≤ −ǫI. (14)

where Π is given by Π= daug(Π1, ..,Π5) (see the notations

for daug(.)), such that for j=1, .., 4,

Πj =

(

ψ∗
j (jω)Ujψj(jω) Vjψj(ω)− ψ∗

j (ω)V
T
j

(Vjψj(ω)− ψ∗
j (ω)V

T
j )∗ −ψ∗

j (jω)Ujψj(jω)

)

(15)

Uj=UT
j , ψj(s)=

(

1
Fj(s)

)

, ψ∗
j (jω)Ujψj(jω) > 0 (16)

and Π5=

(

X Y
Y T −X

)

, X=XT > 0, Y = − Y T (17)

In (16)-(17), Fj(s), j=1, .., 4 are first-order low pass filters

with a cutting frequency fixed to 1rd/min, Uj , Vj , j=1, .., 4
and X,Y are decision variables in (14). Then, Fu(P̃ , ∆̃)
is stable for all parameter trajectories α(t) ∈ [0, 1] and

δ
(j)
b , δ

(j)
sc , j=1, 2. �



Following Theorem 1, the problem is concerned by solving

the infinite-dimension inequality (14). Here, the frequency

griding approach proposed in [22] is used. A well-known

limitation of a griding method is that it does not guarantee

the validity of the solution between two grid points. To

overcome this problem, the core idea relies on the fact that

in the IQC framework, the ∆̃ block is not used explicitly.

Rather it is replaced by the multiplier Π which ”describes”

the input/output behaviour of ∆̃. So the IQC (14) finally

depends only on the frequency ω, that is rewritten as a LFT

of a real repeated ∆ block, by pulling out ω.

Assume a dynamic system Σ :

[

A B
C D

]

: A ∈ R
m×m

evaluated at a frequency ω0 + δω ∈ [ω, ω], is written as the

lower LFT Fl(S(jω0), δωIm) with

S(ω0) =

(

D 1√
j
C

1√
j
B −jA

)

⋆

(

1

ω0

(

I I
−I −I

))

(18)

and where ”⋆” corresponds to the interconnection of two

LFTs (the so-called star product). If σ(Σ(jω0)) < 1, then

σ(Fl(S(jω0), δωIm)) < 1 holds true for ω0 + δω and

ω = ω0 + λ−1
− , ω = ω0 + λ−1

+ , where λ− and λ+ are

respectively, the real negative and positive eigenvalues of

maximal magnitude of the matrix
(

S22 0
0 S∗

22

)

−

(

0 S21

S∗
12 0

)(

I S11

S∗
11 I

)−1(
S12 0
0 S∗

21

)

(19)

Sij , (i, j)=1, 2 are the elements of S(ω0) partitioned

according to the lower LFT Fl(S(jω0), δωIm), i.e.

Fl(S(jω0), δωIm) = S11 + δωS12(Im − δωS22)
−1S21.

The iterative algorithm proposed in [22] then consists of:

1) Look for a solution to (14) over a frequency do-

main griding, which is a LMI feasibility problem in

Uj , Vj , X, Y , j=1, .., 4 for a given frequency point.

2) If the LMI problem is not feasible, then there is no

solution and the algorithm stops.

3) A frequency domain, where σ(Fl(S(jω), δωIm)) < 1
with the solution obtained previously, is computed. If

the frequency domain is [0,+∞[, the algorithm stops.

Else frequencies where σ(Fl(S(jω), δωIm)) ≥ 1 are

added to the frequency domain griding and the algo-

rithm runs into a new iteration.

Fig. 4 illustrates the result. As it can be seen, the algorithm

converges in 3 iterations. The maximum singular value of

σ(Σ(jω)) obtained at each iteration is also presented. Since it

can be observed that for the last iteration σ(Σ(jω)) < 1 ∀ω,

robust stability of the switching control law (4)-(6) is proved.

IV. SIMULATIONS RESULTS

The performance of the proposed swithing control law are

finally assessed through an intensive simulation campaign,

using the UVA/Padova T1DM metabolic simulator (v3.2)

[18]. This simulator is recognized by the US Food and Drug

Administration as a substitute for pre-clinical testing. The

simulator includes a realistic insulin pump model with errors,

saturation and quantizer phenomena, as-well-as a standard

CGM sensor model as reported in [18].
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Fig. 4. Robust stability analysis of Fu(P̃ , ∆̃).

A total of 11000 runs is performed for a period of 48h. The

simulation campaign covers the 11 T1DM adult patients of

UVA/Padova. The scenario consists of 3 meals per day: 45 g
of carbohydrate at 7:00, 70 g at 13:00 and 60 g at 19:00.

All meals have a duration of 20min. We recall that the

characteristics of the patients are: age ∈ [22, 56]y, weight ∈
[46, 98]kg. Fig. 5 illustrates the time-behaviour of the blood

glucose concentration Gb(t) and the control signal ins(t) of

the insulin pump, for 110 runs. The switching sequence α(t)
is also illustrated. Let us recall that the blood glucose Gb(t)
(which is a state) differs from the CGM measurement Gsc(t)
since there exists a delay due to blood glucose diffusion

into interstitial tissues. Nevertheless, the proposed control

algorithm exhibits satisfactory performance.

Fig. 5. Simulation campaign for 110 runs covering 11 adult patients: age
∈ [22, 56]y - weight ∈ [46, 98]kg

The simulation results are next analysed by means of clin-

ical metrics, following the metrics advocated in [23]. These

clinical specifications are mainly based on blood glucose

temporal distribution performance metrics, defined in terms

of the ”Time above/in/below range specification” metrics,



in percentage, measured on one day. Table I gives the

statistics. As it can be seen, no patient demonstrated evidence

of hypoglycemia or severe hyperglycemia; glycemic values

predominantly remains within the normoglycemic range.

The proposed switching controller is finally compared with

the Medtronic PID-based solution [24]. The simulation cam-

paign is conducted in the same conditions than previously

described. Table I gives the statistics of the obtained clinical

metrics. As it can be seen, the two controls law demonstrate

similar performance, but as opposed to the Medtronic’s

solution that depends on the physiological characteristics of

the patients, the solution proposed in this paper does not

require any tuning of the controller, which is an advantage.

TABLE I

TIME IN RANGE SPECIFICATION (%)

Criteria mean min max

TAR250 (time > 250mg/dL) K(α) 0 0 0
Spec: < 5% PID 0 0 0
TAR180 (time 181-250mg/dL) K(α) 3.29 0 9.74
Spec: < 25% PID 4 0 15.92
TIR70-180 (time 70-180mg/dL) K(α) 96.73 90.26 100
Spec: > 70% PID 95.99 84.08 100
TBR69 (time 55-69mg/dL) K(α) 0.06 0 0.8
Spec: < 4% PID 0 0 0
TBR54 (time < 54mg/dL) K(α) 0 0 0
Spec: < 1% PID 0 0 0

V. CONCLUSION

This paper investigated patient-independent closed–loop

solutions for blood glucose regulation, for adult diabetic

patients affected by Type-1 Diabetes Mellitus. The solution

relies on a switching control law, driven by the glycaemia of

the patient measured by a CGM sensor. With the help of the

linear fractional transformation paradigm, patients variability

is modelled and the structured H∞ robust control theory

is used to design the control law. Robust stability of the

switched control law is proven using the IQC theory. The

proposed solution has been assessed on the 11 T1DM adult

patients of the UVA/Padov metabolic simulator (v3.2).The

obtained results demonstrated the efficiency of the proposed

approach. Finally we argue that the proposed structured

controller design/IQC analysis approach offers a promising

theory for even more complex metabolic systems.
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