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Abstract: Common worst-case analyses for uncertain finite-horizon systems consider quadratic
performance metrics based on the strict Bounded Real Lemma. Thus, they assess system perfor-
mance for bounded inputs, e.g., signals in L2, which exhibit a worst-case shape. Consequently,
known disturbance characteristics are left unexploited and uncovered, leading to unnecessarily
conservative results. The present paper develops a worst-case analysis covering arbitrarily L2-
bounded worst-case signals and partially known disturbances simultaneously. This is achieved
by modeling the latter using signal integral-quadratic constraints (IQCs). The resulting analysis
condition relies on a dissipation inequality within the IQC framework for finite time horizon
problems. This framework also readily allows to incorporate additional system uncertainties
in the analysis. The approach’s feasibility is demonstrated with the worst-case performance
analysis of a small unmanned aerial vehicle in an urban environment.
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1. INTRODUCTION

The induced L2-norm is a well-established metric for eval-
uating the performance of key control objectives such as
tracking, under the assumption of arbitrary norm-bounded
inputs in L2 over an infinite time horizon. In practice,
however, engineering problems often involve external dis-
turbances that are not in L2, but instead follow specific
temporal patterns with known structure. These character-
istics arise from the physical properties and environmental
conditions of the application. Standard robustness analysis
formulations cannot take advantage of prior knowledge
and only provide results for the full set of possible dis-
turbances. Furthermore, analyzing a finite time horizon is
usually sufficient as performance requirements are often
defined over specific time intervals. Typical aerospace ap-
plications include space launchers with focus on structural
loads during ascent (Biertümpfel et al. (2023b)); missile
engagements where the final deviation from the target is
critical (Buch (2021)); the response of flexible aircraft to
wind gusts (Iannelli et al. (2019)); or auto-land scenarios
of aircraft (Biertümpfel and Pfifer (2022)).

This paper proposes a novel formulation for robustness
analysis of finite-horizon uncertain systems in the presence
of mixed disturbances, i.e., simultaneously considering
arbitrary L2-bounded inputs and signals with partially
known characteristics. Such signals could be, e.g., constant
biases, bounded arbitrary time-varying behavior or har-
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monic excitation as considered in Cheah et al. (2024). In
the presented work, the known external disturbances are
expressed as internal parameter variations driven by an
artificial state. This state has an unknown initial value
and follows from a non-standard system augmentation.
The variation is then bounded using appropriate signal
integral quadratic constraints (IQCs), which are particu-
larly suited to recover various signal characteristics. Posing
the problem inside the IQC framework also facilitates the
incorporation of model uncertainties and nonlinearities in
the same analysis. The underlying theorem is derived for
the analysis of linear time-varying (LTV) systems with
uncertain initial conditions over a finite time horizon.

Applying IQCs to stability and robustness analyses is an
established approach introduced by Megretski and Rantzer
(1997). Their work derives a frequency-domain stability
theorem for uncertain linear time-invariant (LTI) systems
based on linear matrix inequalities. Alternatively, time-
domain formulations of IQCs, see, e.g., Jönsson (1996),
essentially overcome the limitations of LTI systems. They
have been applied to the robustness analysis of parameter-
varying systems, e.g., in Pfifer and Seiler (2016), time-
periodic systems in Ossmann and Pfifer (2019) as well as
time-varying systems. The analysis of (uncertain) time-
varying systems was conducted in various literature, e.g.,
in Cantoni et al. (2013) IQCs and a gap metric provide a
stability statement; Seiler et al. (2019) discusses bounds of
the reachable set and robust induced gains for uncertain
finite-horizon systems; and Farhood (2024) addresses un-
certain initial conditions. In Biertümpfel et al. (2023a) the
robustness of nonlinear systems along uncertain trajecto-
ries is analyzed, using a similar system augmentation step
as in the presented paper.



The IQC framework has also been applied to cover the
effects of specific shapes of external signals, often referred
to as signal IQCs. In the works of Jönsson et al. (2003) or
Ayala-Cuevas et al. (2019) the impact of oscillations on the
system performance is discussed. An evaluation of a flight
controller for restricted disturbances is conducted in Pal-
framan et al. (2019) using linear fractional transformation.
In Fry et al. (2021) signal IQCs are applied to cover noise in
a performance setting, but their approach remains limited
to the induced input-output behavior. This shortcoming is
addressed with the approach presented in this work.

This paper introduces a novel unified framework that ac-
commodates arbitrary norm-bounded and partially known
input signals to provide more realistic analysis results
in Section 3. It is applied to the path following prob-
lem of an unmanned aerial vehicle (UAV) described in
Berenguer Bertran et al. (2025) to evaluate the tracking
performance in Section 4. The UAV is subject to model un-
certainties and affected by external wind disturbances with
known characteristics, while tracking a norm bounded ref-
erence command. The results are compared with a classical
IQC finite horizon robustness analysis to demonstrate the
validity of the proposed approach.

2. UNCERTAIN SYSTEMS OVER FINITE HORIZONS
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Fig. 1. Interconnection of a nominal LTV system G and
perturbation ∆.

An uncertain, finite-horizon linear and possibly time-
varying system Fu(G,∆) is defined by the feedback inter-
connection of a nominal system G and the perturbation ∆
as pictured in Fig. 1. The nominal linear system G is: ẋv

e

 =

 A Bw Bd
Cv Dvw Dvd

Ce Dew Ded

 x
w
d

 , (1)

where x(t) ∈ Rnx , d(t) ∈ Rnd , and e(t) ∈ Rne denote
the state, disturbance input, and performance output
vector at time t, respectively. The connection between
the system G and perturbation ∆ is provided by the
vectors w(t) ∈ Rnw and v(t) ∈ Rnv , i.e. w = ∆(v).
The matrices A, B, C, and D are piecewise continuous
locally bounded matrix-valued functions of time with
dimensions corresponding to the multiplied vectors. The
explicit time dependence is mostly omitted in this paper
for brevity and will be clear from context. The uncertainty
∆ : Lnv

2 [0, T ] → Lnw
2 [0, T ] is a bounded and causal

operator. It can describe nonlinearities like saturation,
infinite-dimensional operators such as time delays, as well
as dynamic and real parametric uncertainties.

In this paper, the input-output behavior of the pertur-
bation ∆ is bounded with time-domain IQCs. A time-

domain IQC is defined by a stable filter Ψ ∈ RHnz×(nv+nw)
∞

with the output z ∈ Rnz and a real symmetric matrix
M = MT ∈ Rnz×nz as described in Pfifer and Seiler

(2016). If the output z of the filter Ψ satisfies the quadratic
time-constraint ∫ T

0

z(t)TMz(t) dt ≥ 0 (2)

for all v ∈ L2[0, T ] and w = ∆(v) over the interval
[0, T ], the uncertainty ∆ satisfies the IQC defined by
M and Ψ. This will be indicated by the short notation
∆ ∈ IQC(Ψ,M).

From the worst-case analysis of nominal LTV systems
in Green and Limebeer (1994) and the finite-horizon
time-domain IQC formulation of the perturbation ∆, a
worst-case gain condition can be derived as shown in
Biertümpfel and Pfifer (2018) and Seiler et al. (2019). It
provides a guaranteed upper bound on the input-output
behavior of an uncertain LTV system over the considered
finite analysis horizon. Given a perturbation satisfying
an IQC represented by (Ψ,M), i.e. ∆ ∈ IQC(Ψ,M),
the interconnection Fu(G,∆) can be extended by the
IQC filter Ψ. This procedure is illustrated in Fig. 2. The
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Fig. 2. Extended state-space system G̃.

dynamics of this interconnection is referred to as G̃ and
defined by  ˙̃x

z
e

 =

 Ã B1 B2

C1 D11 D12

C2 D21 D22

 x̃
w
d

 . (3)

In (3), x̃(t) contains the states of G and Ψ. By enforcing
the time-domain inequality (2) on the filter output z, the
explicit representation of the uncertainty w = ∆(v) is
replaced. The finite horizon worst-case induced L2[0, T ]-
gain is defined as

∥Fu(G,∆)∥2[0,T ] := sup
∆∈IQC(Ψ,M)

sup
d∈L2[0,T ]
d̸=0,x(0)=0

∥e∥2[0,T ]

∥d∥2[0,T ]

, (4)

with, e.g., ∥d∥2[0,T ] = [
∫ T
0
d(t)T d(t)dt]

1
2 . This gain can be

interpreted as a bound on the energy amplification from
the disturbance input to the performance output over the
time horizon [0, T ] and all ∆ ∈ IQC(Ψ,M). A dissipation
inequality can be stated to upper bound the worst-case
induced L2[0, T ]-gain of the interconnection Fu(G,∆). It

is based on the extended LTV system G̃ given by (3) and
the finite horizon time-domain IQC formulation in (2).
This dissipation inequality is rearranged as an equivalent
Riccati differential equation (RDE) formulation in the
following Theorem 1:

Theorem 1. Let Fu(G,∆) be well-posed ∀∆ ∈ IQC(Ψ,M),
then ∥Fu(G,∆)∥2[0,T ] < γ if there exist a continuously

differentiable symmetric P : R+
0 → Rnx×nx such that



P (T ) = 0, (5)

Ṗ = Q̂+ PÂ+ ÂTP − PŜP ∀t ∈ [0, T ] (6)

and

R̂ =
[
DT

11MD11+D
T
21D21 DT

11MD12+D
T
21D22

DT
12MD11+D

T
22D21 D

T
12MD12+D

T
22D22−γ2Ind

]
< 0, (7)

with

Â = [B1 B2 ] R̂−1
[
(CT

1 MD11+C
T
2 D21)

T

(CT
1 MD12+C

T
2 D22)

T

]
− Ã, (8)

Ŝ = − [B1 B2 ] R̂−1
[
BT

1

BT
2

]
, (9)

and

Q̂ =− CT1 MC1 − CT2 C2

+
[
(CT

1 MD11+C
T
2 D21)

T

(CT
1 MD12+C

T
2 D22)

T

]T
R̂−1

[
(CT

1 MD11+C
T
2 D21)

T

(CT
1 MD12+C

T
2 D22)

T

]
.

(10)

Proof. The proof is provided in Biertümpfel and Pfifer
(2018).

For a more thorough description, the reader is referred
to the work of Seiler et al. (2019) and Biertümpfel et al.
(2023b). Therein, efficient approaches for computing an
upper bound on the worst-case gain are provided.
Remark: Theorem 1 is limited to the analysis of arbitrary
L2[0, T ] worst-case disturbances maximizing the induced
L2[0, T ]-gain. Corollaries of this theorem can cover other
quadratic performance metrics but are limited to induced
input-output gains. It is also possible to include different
performance metrics in one analysis using dedicated per-
formance blocks, see, e.g., Fry et al. (2021). However, these
blocks are limited to specific input-output pairs, i.e., there
is a one-to-one correspondence between a specific distur-
bance and performance output. Hence, mixed disturbance
signals affecting one or more performance outputs cannot
be covered. For example, assume that Theorem 1 is applied
to a problem with two disturbances affecting a single
output. One is well represented by an arbitrarily shaped
norm-bounded signal. The other has a known maximum
amplitude but otherwise arbitrary shape. However, the
analysis will simply provide an upper bound for the worst-
case combination of both signals. The maximum amplitude
of the second disturbance cannot be enforced, which yields
inaccurate results.

3. ANALYSIS OF MIXED-DISTURBANCES USING
SIGNAL IQCS

3.1 Analysis Condition

This section derives a novel formulation for robustness
analysis that allows to account for mixed disturbances. In
particular, the analysis considers arbitrary norm-bounded
worst-case signals and signals with (partially) a priori
known properties affecting the same performance out-
put. The latter will be incorporated using signal IQCs
effectively decoupling them from the former. Consider
a finite-horizon linear system with the external distur-
bances d and δ [

ẋ
e

]
=

[
A Bd Bδ
C Dd Dδ

] xd
δ

 , (11)

where d ∈ Lnd
2 [0, T ] are norm-bounded arbitrary dis-

turbance signals and δ(t) ∈ Rnδ are disturbances with

partially known characteristics. The disturbance signals
δ are multiplied by a constant driving term with value 1.
Extending the state vector with this driving term pushes
the term Bδδ into the state matrix andDδδ into the output
matrix. The resulting state-space representation is: ẋ0

e

 =

A Bδδ Bd
0 0 0
C Dδδ Dd

 x1
d

 . (12)

This system is non-standard but identical to the sys-
tem (11). In the next step, the driving term is replaced
with an artificial state xδ := 1 providing the augmented
system:  ẋ0

e

 =

A Bδδ Bd
0 0 0
C Dδ Dd

 x
xδ
d

 . (13)

As the signals δ have known properties, they can with-
out loss of generality be confined to a set of expected
disturbances D ⊆ Rnδ . By restricting the disturbance
signals δ to this set, they can be treated equivalently as
perturbations ∆S := diag(δ1, δ2, . . . , δnδ

). The external
disturbances thus become internal signals described by ∆S

which are driven by a single artificial state. In other words,
one artificial state is sufficient to persistently excite mul-
tiple internal signals. An uncertain finite-horizon system
comparable to (1) can be recovered which provides the
system H:  ẋ

0
vδ
e

 =

A 0 Bδ Bd
0 0 0 0
0 1nδ

0 0
C 0 Dδ Dd


 x
xδ
wδ
d


wδ = ∆S(vδ),

(14)

with vδ(t) ∈ Rnδ := xδ, wδ(t) ∈ Rnδ , and 1nδ
the 1-

vector of size nδ. The input-output behavior of these
internal signals can be upper bounded with a suitable
signal IQC, such that ∆S ∈ IQC(Ψ,M). Extending the
system (14) with the IQC filter Ψ yields the state-space
system required for an IQC-based analysis: ˙̄x

z
e

 =

 A B1 B2

C1 D11 D12

C2 D21 D22

 x̄
wδ
d

 . (15)

This extended system is closely related to G̃ in (3), but
its extended state vector x̄ also contains the artificial
state xδ := 1, i.e., x̄ = [x̃T , xδ]

T . Theorem 1 provides
an analysis condition to bound the worst-case induced
L2[0, T ] gain in (4) for zero initial conditions. Thus, it
cannot be applied directly to this problem. Extensions of
the (nominal) Bounded Real Lemma (BRL) to uncertain
initial conditions as in Khargonekar et al. (1991) pro-
vide corresponding bounds for induced gains. These have

numerators of the form
√

∥d∥22[0,T ] + xT (0)Nx(0). Here,

the matrix N > 0 ∈ Rnx×nx quantifies the relative
importance of the initial condition with respect to the
external disturbances. Thus, x(0) cannot be restricted to
a specific set as required in (14).

To derive a suitable analysis condition, we exploit the
fact that for zero initial conditions any disturbance can
be scaled such that ∥d∥2[0,T ] = 1. In this case, Theorem

1 provides an upper bound on the performance output
∥e∥2[0,T ] ≤ γ. The following theorem provides an analysis



condition to calculate an upper bound on the worst-case
L2[0, T ]-norm of the performance output ∥e∥2[0,T ] which

confines the artificial state xδ to {xδ ∈ R : |xδ| ≤ 1} and
also enforces ∥d∥2[0,T ] ≤ 1.

Theorem 2. Let Fu(H,∆S) be well-posed for all ∆S ∈
IQC(Ψ,M). Then the worst case L2[0, T ] norm of the
performance output e is bounded by the scalar γ > 0 for
∥d∥2[0,T ] ≤ 1 and |xδ(0)| ≤ 1 if there exist scalars α1 > 0

and α2 > 0, and a continuously differentiable symmetric

matrix function P (t) =

[
P11 P12

PT12 P22

]
such thatṖ + PA+ATP PB1 PB2

BT1 P 0 0
BT2 P 0 −I

+

 CT1
D11

DT
12

M
 CT1
DT

11

DT
12

T

+ α2

 CT2
D21

DT
22

 CT2
DT

21

DT
22

T < 0

(16)

and P22(0)− α1 0 0
0 −P (T ) 0
0 0 α1 − α2γ

2 + 1

 ≤ 0 (17)

Proof. The proof relies on the definition of a time-varying
quadratic storage function V (x̄, t) = x̄(t)TP (t)x̄(t) and
uses a standard dissipation argument. Perturbing the left-
hand-side of (16) with (1− ϵ) with 0 < ϵ≪ 1, multiplying
the left and right side with [x̄T , wTδ , d

T ] and [x̄T , wTδ , d
T ]T ,

respectively yields

V̇ (x̄, t) + zTMz + α2e
T e− (1− ϵ)dT d ≤ 0. (18)

Integrating this dissipation inequality from 0 to T and
recalling that only xδ(0) ̸= 0 provides

x̄(T )TP (T )x̄(T )− xδ(0)
2P22(0) +

∫ T

0

z(t)TMz(t)dt

+α2 ∥e∥22[0,T ] − (1− ϵ) ∥d∥22[0,T ] ≤ 0.

(19)

Multiplying the left-hand-side of (17) with [xδ(0), x̄(T )
T , 1]

and [xδ(0), x̄(T )
T , 1]T , respectively results in

xδ(0)
2P22(0)− α1xδ(0)

2 − x̄(T )TP (T )x̄(T )

+α1 − α2γ
2 + 1 ≤ 0.

(20)

As ∆S ∈ IQC(Ψ,M), it follows that
∫ T
0
z(t)TMz(t)dt ≥ 0

and (19) can be substituted into (20) which yields the
inequality

1−(1−ϵ) ∥d∥22[0,T ]+α2(∥e∥22[0,T ]−γ
2)+α1(1−xδ(0)2) ≤ 0.

(21)
From the definitions ∥d∥2[0,T ] ≤ 1 and |xδ| ≤ 1, it can be

concluded that ∥e∥2[0,T ] ≤ γ. 2

Note that in the analysis only the artificial state xδ
has non-zero initial conditions. Accordingly, Theorem 2
partitions P into a nx̃×nx̃ matrix P11 (related to the state
x̃) and a scalar P22 (related to the artificial state xδ). The
upper left entry in (17) constrains the initial value xδ(0).

3.2 Computational approach

A few steps are necessary to convert Theorem 2 into
a computationally tractable problem. First, an infinite

H
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]

d

wwδ

e

xδ := vδ

v

Fig. 3. Analysis setup concept with system uncertainties

number of feasible IQCs exists to bound the behavior
of a given signal. The most common solution to this
problem found in literature, e.g., Veenman et al. (2016)
or Pfifer and Seiler (2016), uses a fixed IQC filter Ψ
and parameterizes M . In other words, M is restricted
to a feasible set M such that ∆S ∈ IQC(Ψ,M). In
Megretski and Rantzer (1997) and Veenman et al. (2016)
extensive catalogs of IQCs suitable to describe different
types of signals are provided. Two examples for useful IQC
parameterizations for signals are given below. The first
example concerns a constant disturbance whose absolute
value is known to be bounded.

Example 3. (Constant Disturbance). Let ∆S = δ be a
constant signal δ, with |δ(t)| ≤ b ∈ R. A valid time-domain
IQC for ∆S is defined by Ψ = diag(ψν , ψν) and M :=

{M =
[
b2X Y
Y T −X

]
: X = XT > 0 ∈ R(ν+1)×(ν+1), Y =

−Y T ∈ R(ν+1)×(ν+1)}. A typical choice for ψν ∈

RH(ν+1)×1
∞ is ψν =

[
1
s+ ρ

s− ρ
. . .

(s+ ρ)ν

(s− ρ)
ν

]T
, ρ < 0 , ν ∈

N0.

This example may appear trivial, but constant external
disturbances, e.g., biases, cannot be covered in standard
BRL-based worst-case analyses. The next example de-
scribes an arbitrarily time-varying unknown disturbance
signal with bounded maximum amplitude.

Example 4. (Time-Varying Disturbance). Let ∆S = δ be
an arbitrarily time-varying signal, with |δ(t)| ≤ b ∈ R ∀ t ∈
[0, T ]. A valid time-domain IQC for ∆S is defined by

Ψ = [ 1 0
0 1 ] and M := {M =

[
b2X 0
0 −X

]
: X > 0 ∈ R}.

After choosing a suitable IQC parmeterization, the re-
mainder of the theorem is addressed. The LMI (16) has
to hold for all t ∈ [0, T ], which poses an infinite number
of constraints. The most common approach to render the
analysis condition computationally feasible is to enforce
the inequality condition only on a finite set of i grid points
ti ∈ [0, T ], see, e.g., Pfifer and Seiler (2016). The deci-
sion variables in conditions (16) and (17) are the matrix
function P , the IQC parameterization M ∈ M, and the
positive scalars α1 and α2. The time-varying function P
must also be constrained to a finite dimensional subspace
to pose a computationally tractable problem. Most com-
monly, these are expressed as linear combinations, e.g.

P (t) =
∑Nb

i=0 t
iPi, i = 0, 1, ..., Nb, where Nb denotes

the order of the basis function. Thus, the coefficients Pi
become the decision variables. More sophisticated basis
functions like cubic splines can also be employed, as in
Seiler et al. (2019). Feasible coefficients can then be cal-
culated using a semidefinite program with the constraints
(16) and (17) for a given γ. Bisecting over γ calculates the
minimal feasible upper bound on ∥e∥2[0,T ].



Additional uncertainties ∆ in the system dynamics can be
readily included by following the explanations in Section 2.
Doing so results in an extended uncertainty block ∆ :=
diag(∆S,∆) in Theorem 2. Figure 3 provides an graphical
interpretation of the corresponding analysis setup for the
system H in (14) including an additional uncertainty
w = ∆(v) analog to (1).

4. NUMERICAL EXAMPLE: UAV
PATH-FOLLOWING ANALYSIS

This section presents a robustness analysis of a load factor
tracker of an UAV under wind turbulence and system
uncertainties. The controller was developed as part of the
integrated guidance and robust control architecture for
following energy optimal flight paths in urban environ-
ments (Berenguer Bertran et al. (2025)). Here, robustness
is crucial, as the trajectory is in the proximity of buildings
to maximize the energy savings.

4.1 Augmented Aircraft Model

The nonlinear longitudinal dynamics of the UAV are
linearized for a velocity of 17m/s and an altitude of
20m. The resulting state-space representation is defined
by the state vector x = [U W θ q]T , with the pitch
angle θ, pitch rate q and the velocities U and W in
the aircraft’s body-fixed frame pointing in the direction
of the nose and downwards, respectively. The system’s
inputs are the horizontal wind component δw and the
elevator deflection δe. The expected wind disturbance is
based on measurements taken in the city of Dresden,
Germany. Specifically, it corresponds to the average of
the mean hourly wind speeds during the year’s windiest
day. The maximum amplitude of the wind disturbance is
bounded by |δw| ≤ bδw = 5m/s. The wind disturbance is
included in the robustness analysis following the steps in
Section 3 which leads to an augmented state-space system
with the artificial state xδw acting as a driving term. The
augmented system GUAV is:

U̇

Ẇ

θ̇
q̇
0

=

−0.19 0.32 −9.8 1.02 0.14 δw
−1.58 −6.32 0.67 15.1 0.63 δw

0 0 0 1 0
−0.25 −3.75 0 −12.5 −0.01 δw

0 0 0 0 0




U
W
θ
q

xδw

+

−0.013

0
−0.19
−0.98

0

δe

nz=
[
0.16 0.64 0 0.19 −0.06 δw

]
U
W
θ
q

xδw

+ 0.0194 δe,

(22)

with nz denoting the load factor. The control objective
is to track the reference load factor nz,cmd. The reference
value is provided by an outer loop flight path and airspeed
controller. The command can be reasonably assumed as
an arbitrary norm-bounded signal, i.e., nz,cmd ∈ L2; a
common assumption to assess tracking performance. It is
filtered through a low-pass filter GF with a roll-off at 7
rad/s to account for the control bandwidth of the outer
loop controller. The load factor controller is

Knz
=

−726.7s2 − 1.308 · 104s− 5.831 · 104

s3 + 57.4s2 + 810s
. (23)

The elevator actuator is modeled by a first order lag GAct

with a time constant TAct = 0.02 s. Uncertainties in the

system dynamics are modeled as a multiplicative dynamic
uncertainty ∆ at the actuator input. The uncertainty ∆
is a SISO LTI system with ∥∆∥∞ ≤ b∆. For the presented
example the uncertainty level is set to 60%, i.e., b∆ = 0.6.
The uncertain closed loop interconnection of the analysis
problem is shown in Fig. 4, with the performance output
e = nz,cmd − nz.

GUAVGActKnz

GF

δe nz
-

e

nz,cmd

∆
∆w

xδw

Fig. 4. Analysis setup for load factor tracker.

4.2 Robustness Analysis

The analysis horizon is set to T = 3 s. This is motivated
by the fact that load factor variations mostly occur during
turn maneuvers. In an urban scenario, these are usually
completed within a few seconds. To apply the analysis
condition in Theorem 2 and calculate the bound on the
worst case ∥e∥2[0,T ], the interconnection in Fig. 4 must

be transferred into the IQC framework as detailed in
Section 2. The model uncertainty ∆ is represented by the
an IQC resembling a SISO LTI dynamic uncertainty, see,
e.g., Veenman et al. (2016). This means, ∆ ∈ IQC(Ψ,M)

withM =
[
b∆X 0
0 −X

]
and Ψ =

[
ψν 0
0 ψν

]
. The basis function

is chosen as ψν = [ 1 1
s+1 ]

T
.

The turbulent wind δw is approximated by an arbitrar-
ily fast time-varying disturbance signal which can be
modeled with the IQC given in Example 4, i.e. ∆w ∈
IQC(Ψw,Mw), with the factorization Ψw = [ 1 0

0 1 ] and

parameterization Mw =
[
bδwX 0

0 −X

]
. A third-order poly-

nomial basis functions represents P . The conditions of
Theorem 2 are evaluated for a finite number of LMIs along
an equidistant time grid with a step size of 0.1 s. The
resulting semi-definite program is solved using Matlab’s
lmilab. A bisection over γ yields the performance gain
γ = 4.98.
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Fig. 5. Robust performance for different actuator uncer-
tainty levels.

The performance analysis was repeated for a total of 30
different uncertainty levels distributed between 0 and 80%,
i.e., b∆ ∈ [0 0.8]. The wind disturbance remains bounded
by the previously defined signal IQC ∆w with bδw = 5.5



m/s. The results are depicted in Fig. 5 and show the
expected exponential increase in the performance value γ,
thus verifying that traditional uncertainty descriptions are
captured correctly within the novel approach.

5. CONCLUSION

This paper contributes a novel worst-case performance
analysis that incorporates the specific characteristics of
partially known disturbances while simultaneously con-
sidering worst-case norm-bounded inputs. The partially
known disturbances are accounted for through variations
of an internal signal of the system which is bounded by
an appropriate signal integral quadratic constraints. This
approach removes restrictions imposed by frameworks re-
lying on induced norms for the analysis of systems under
mixed disturbances, such as one-to-one correspondence
between specific performance inputs and outputs. The
corresponding analysis condition provides an upper bound
on the L2[0, T ] norm of the performance output, which
establishes a relationshipt to classical induced norm ap-
proaches. The approach is applied to the path-tracking
task of an UAV.
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