
dkpy: Robust Control with Structured Uncertainty in Python

Timothy Everett Adams, Steven Dahdah, and James Richard Forbes1

Abstract— Models used for control design are, to some
degree, uncertain. Model uncertainty must be accounted for
to ensure the robustness of the closed-loop system. µ-analysis
and µ-synthesis methods allow for the analysis and design of
controllers subject to structured uncertainties. Moreover, these
tools can be applied to robust performance problems as they
are fundamentally robust control problems with structured
uncertainty. The contribution of this paper is dkpy, an open-
source Python package for performing robust controller analy-
sis and synthesis for systems subject to structured uncertainty.
dkpy also provides tools for performing model uncertainty
characterization using data from a set of perturbed systems.
The open-source project can be found at

https://github.com/decargroup/dkpy.

Index Terms— Robust control, structured uncertainty,
µ-analysis, DK-iteration, Python

I. INTRODUCTION

There is always uncertainty in models used for control
design due to unmodeled dynamics, operating condition
variations, and uncertain parameters. In many applications, it
is crucial to model this uncertainty and account for it in the
control design process to ensure that the closed-loop system
is stable and achieves the prescribed level of performance for
all expected plant variations. A common model description
used for control design is the linear time-invariant (LTI)
system [1–4]. LTI models often arise from the linearization
of nonlinear systems or by neglecting nonlinear effects in
the modelling process [1]. Therefore, the uncertainty in
LTI models must be accurately characterized in order to
realize control systems that are robust to the errors in these
simplified models.

Often the uncertainty in complex interconnected models
is structured because each subsystem generates a specific
form of uncertainty. The structure in the uncertainty can
be leveraged to reduce the conservatism in the robustness
characterization that would otherwise be present if the struc-
ture were neglected. The main method used for the analysis
of LTI systems with structured uncertainty is the structured
singular value (SSV), often denoted as µ [5], [3, § 8.8], [6,
§ 10.2]. Given its utility in robust control problems, it is
crucial that there is robust and user-friendly software that
implements these µ-analysis and µ-synthesis methods for
control engineers to apply in their respective domains.

MATLAB’s Robust Control Toolbox [7] is a mature soft-
ware package that implements many robust control meth-
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ods using the SSV in a simple-to-use interface. However,
MATLAB is closed-source, limiting the availability of these
powerful tools to a wider range of users. An open-source
alternative for robust control tools would be valuable to the
control community as it would allow for the development
and exchange of ideas in a shared space.

The contribution of this paper is the development of dkpy,
an open-source Python package for performing robust control
analysis and synthesis with structured uncertainty. dkpy is
built on the python-control library [8] and slycot [9]
in order to integrate with the rest of the open-source Python
control systems ecosystem. At the time of writing, dkpy
v0.1.9 implements the following features:

• Robust closed-loop analysis with complex structured
uncertainty using µ-analysis;

• Robust controller synthesis with complex structured
uncertainty using DK-iteration;

• Multi-model unstructured uncertainty characterization.

The remainder of the paper is structured as follows.
Section II discusses the mathematical background for robust
control analysis and synthesis using the SSV. Section III
discusses the software architecture of dkpy as well as the
currently implemented functionality of the package. Sec-
tion IV showcases the use of dkpy in standard robust control
examples. Finally, Section V concludes the paper.

II. PRELIMINARIES

A. Signals, Systems, and Norms

Ln
2 = Ln

2 [0,∞] is the one-sided infinite horizon Lebesgue
2-space of signals, where n denotes the dimension of the
signal [2, § 3.1]. G : Lm

2 → Ln
2 is an LTI system with

a transfer function representation G(s) : C → Cm×n [2,
§ 3.2.1]. The H∞-norm of an LTI system in terms of its
transfer function is defined as [2, § 3.2.3]

∥G∥∞ = sup
ω

σ̄(G(jω)), (1)

and H∞ denotes the class of systems that are analytic in
the open-right-half plane and have a bounded H∞-norm.
Moreover, RH∞ denotes the real rational subspace of H∞.

B. Robust Stability with Structured Uncertainty

Figure 1a shows the block diagram of the standard robust
stability problem. In this formulation, a generalized plant P
relates the exogenous inputs w ∈ Lnw

2 and controller outputs
u ∈ Lnu

2 to the exogenous outputs z ∈ Lnz
2 and controller
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Fig. 1: General robust control diagrams.

inputs y ∈ Lny

2 . In transfer function form, the relationship is[
z(s)
y(s)

]
=

[
P11(s) P12(s)
P21(s) P22(s)

]
︸ ︷︷ ︸

P(s)

[
w(s)
u(s)

]
. (2)

The controller inputs y are mapped to the controller outputs
u via the controller K, which in transfer function form is

u(s) = K(s)y(s). (3)

The feedback interconnection of P(s) and K(s) can be writ-
ten using the lower linear fractional transformation (LFT).
The lower LFT between these systems is [3, § 8.1]

Fℓ(P,K)(s) =

P11(s) + P12(s)K(s)(1 − P22(s)K(s))−1P21(s). (4)

The uncertain feedback interconnection with the lower LFT
is depicted in Figure 1b. The exogenous inputs w and outputs
z are related through an LTI structured perturbation ∆ via

w(s) = ∆(s)z(s). (5)

The uncertainty structure is defined by a complex block
diagonal matrix set [6, § 10.2]

Γω ={
diag ({δi1ri}, {∆j})

∣∣ δi ∈ C, ∆j ∈ Cmj×mj
}
. (6)

where δi1ri for i ∈ {1, . . . ,M} represent diagonal repeated
uncertainty blocks and ∆j for j ∈ {1, . . . , F} represent
full uncertainty blocks. The set Γω describes the uncertainty
structure in the form of complex block diagonal matrices
whereas the perturbation ∆ must be an LTI system. There-
fore, the set of perturbation systems is defined as [6, § 10.3]

Γ =

{
∆(s) ∈ RH∞

∣∣∣∣∣ ∥∆(s)∥∞ ≤ 1,

∆(jω) ∈ Γω ∀ω ∈ R

}
, (7)

which corresponds to real rational LTI perturbations with
H∞-norm less than or equal to 1 with block diagonal
structure described by Γω .

The robust stability problem is to assess whether the
uncertain feedback interconnection, described by (2), (3),
and (5), and shown in Figure 1, is internally stable for all
perturbations ∆ in the uncertainty set Γ [3, § 8.4].

P

∆

K
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w2 z2

(a) Standard form.
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[
∆ 0
0 ∆p

]

K

[
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(b) Robust stability form.

Fig. 2: Equivalent forms of the robust performance problem
diagrams.

C. Robust Performance

The robust performance problem is to assess whether a
closed-loop performance specification is met for all possible
uncertainty perturbations. Figure 2a shows the standard block
diagram for the robust performance problem. There are a
set of signals w1 ∈ Lnw1

2 , z1 ∈ Lnz1
2 in feedback with

the uncertainty ∆ and a set of signals w2 ∈ Lnw1
2 , z2 ∈

Lnw2
2 related to the closed-loop performance that are passed

through the generalized plant. w2 may include reference
tracking signals, disturbances and sensor noise whereas z2
may include tracking errors and actuator effort. The perfor-
mance specification that must be met for all perturbations is
given by the closed-loop gain from w2 to z2 measured using
the H∞-norm. [3, § 8.4]. Note that the robust performance
problem is distinct from the optimal performance problem
subject to a robust stability constraint. The former guarantees
the performance across all uncertainties whereas the latter
only guarantees it for the nominal case.

The robust performance problem has an equivalent robust
stability form. Consider a fictitious unstructured perturbation
∆p ∈ RH∞ such that ∥∆p∥∞ ≤ 1 and

w2(s) = ∆p(s)z2(s), (8)

which results in the feedback interconnection in Figure 2b.
This is a special case of the robust stability problem with
structured uncertainty shown in Figure 1a. In fact, the robust
stability of the feedback interconnection in Figure 2b implies
the robust performance of that shown in Figure 2a [6, The-
orem 10.8]. Therefore, the robust performance problem may
be solved using the same tools as the structured uncertainty
robust stability problem.

D. Structured Singular Value and µ-analysis

The SSV, often denoted as µ, is used in the robust stability
analysis of LTI systems with structured uncertainty. The SSV
yields less conservative results compared to analysis with
unstructured uncertainty [3]. The SSV can not be computed
directly. Rather, upper and lower bounds are used in its place.
The SSV upper bound for M ∈ Cm×n and ∆ ∈ Γω is given
by [6, § 10.2.2]

µ∆(M) ≤ min
Dω∈Dω

∆

σ̄
(
DωMD−1

ω

)
, (9)



where µ∆(M) is the SSV of M with respect to ∆ ∈ Γω ,
and Dω

∆ is the set of matrices that commute with ∆ such
that

Dω
∆ =

{
D ∈ Cn×n

∣∣∣D∆ = ∆D, ∆ ∈ Γω
}
. (10)

The SSV is used to assert the robust stability of an un-
certain feedback interconnection. The interconnection shown
in Figure 1b is well-posed and internally stable for all
∆(s) ∈ Γ if and only if [6, Theorem 10.7]

sup
ω∈R

µ∆(Fℓ(P,K)(jω)) ≤ 1. (11)

In practice, the upper bound in (9) is used and the condition
is evaluated over a grid of frequencies Ω = {ω1, . . . , ωN}.
Therefore, the robust stability condition used in practice is

min
Dω∈Dω

∆

σ̄
(
DωFℓ(P,K)(jω)D−1

ω

)
≤ 1 ∀ω ∈ Ω. (12)

E. DK-iteration and µ-synthesis
A robust controller K can be synthesized by minimizing

the upper bound of the SSV. The robust stability condition
in (12) is defined over a frequency grid whereas standard
controller synthesis methods require continuous LTI systems.
Therefore, the scaling matrix response Dω must be converted
to an LTI system D(s) and the singular value over the grid
of frequencies is replaced with the H∞-norm. This leads to
the optimal control design problem [6, § 10.4]

min
K(s)

(
min

D(s)∈D∆

∥∥D(s)Fℓ(P,K)(s)D−1(s)
∥∥
∞

)
, (13)

where D∆ is the set of stable rational LTI systems with
stable rational inverses that commute with the perturbation
∆(s) defined by

D∆ =

{
D(s) ∈ RH∞

∣∣∣∣∣D−1(s) ∈ RH∞

D(jω) ∈ Dω
∆ ∀ω ∈ R

}
. (14)

The optimization problem in (13) is non-convex in the
variables K(s) and D(s). However, (13) is convex in each of
the design variables if the other is held fixed. This leads to a
heuristic controller synthesis method known as DK-iteration
in which the objective in (13) is minimized by alternating
between K(s) and D(s) while holding the other fixed. The
DK-iteration procedure is as follows:

0) Initialize the D-scale with any D(s) ∈ D∆, for example
D(s) = 1.

1) Synthesize a controller K(s) for the scaled closed-loop
system with fixed scales D(s)

min
K(s)

∥∥D(s)Fℓ(P,K)(s)D−1(s)
∥∥
∞ . (15)

2) Compute the upper bound on the SSV µ̄∆(jω) and scal-
ing matrix frequency response D(jω) over the discrete
grid of frequencies Ω = {ω1, . . . , ωN}

µ̄∆(jω) = min
Dω∈Dω

∆

σ̄
(
DωFℓ(P,K)(jω)D−1

ω

)
. (16)

If the robust stability condition in (12) is met, stop.
Otherwise, continue.

3) Fit a stable and minimum-phase transfer function D(s)
of a given order to the magnitude response of Dω for
ω ∈ Ω. Return to step 1).

F. Uncertainty Characterization

In many applications, a set of perturbed models is used
to describe the uncertainty associated with a nominal LTI
model G0(s). In many situations, unstrutured uncertainty
models are sufficient to describe the off-nominal models. For
example, the multiplicative input uncertainty model defines
a set of perturbed systems as

GI =

{
G0(s)(1 + EI(s))

∣∣∣∣∣ EI(s) = WL(s)∆(s)WR(s),

||∆||∞ ≤ 1

}
,

(17)

where EI(s) is the residual, ∆(s) ∈ RH∞ is a normalized
unstructured perturbation, and WL(s),WR(s) ∈ RH∞ are
uncertainty weights [6, § 8.3.4]. Additional unstructured
uncertainty models can be found in [3, § 8.2.3], [6, § 8.3.4].

One method to construct an uncertainty set of the form
(17) is to use frequency response data of a nominal model
G0(jω) and a series of perturbed off-nominal models
Gk(jω) for k ∈ {1, . . . ,K} and ω ∈ {ω1, . . . , ωN}. This
process is known as multi-model uncertainty characteriza-
tion. The steps required to construct the uncertainty set are:

1) Compute the residual response E(·),k(jω) from G0(jω)
and Gk(jω) for k ∈ {1, . . . ,K} and ω ∈
{ω1, . . . , ωN}. For multiplicative input uncertainty, this
is performed by solving the linear equations

G0(jω)EI,k(jω) = (Gk(jω)− G0(jω)). (18)

2) Compute the optimal uncertainty weight response
WL(jω),WR(jω) from E(·)(jω) [10].

3) Fit overbounding, stable and minimum-phase LTI un-
certainty weights WL(s),WR(s) to the frequency re-
sponses WL(jω),WR(jω).

III. IMPLEMENTATION

A. Robust Controller Analysis and Synthesis

dkpy implements three abstract base classes (ABCs)
for the fundamental processes required for µ-analysis and
µ-synthesis. ABCs provide implemented methods that are
available to subclasses and abstract methods that define
required functionality that must be implemented by sub-
classes. Therefore, an ABC provides a generic interface
for some functionality in the program. Then, subclasses
implement this functionality using their own approaches.
These implementations can be used interchangeably allowing
for greater modularity as well as the opportunity for users to
define their own implementations within the framework. The
fundamental ABCs and their implementations at the time of
writing, which are illustrated in Figure 3, are

1) ControllerSynthesis: Synthesize a controller
given the generalized plant with the synthesize
abstract method,



_get_fit_order()

synthesize()

DkIterInteractiveOrder

DkIterAutoOrder

DkIterListOrder

DkIterFixedOrder

_get_fit_order()

synthesize()

DkIteration

synthesize()

ControllerSynthesis

HinfSynSlicot

HinfSynLmi

synthesize()

HinfSynLmiBisection

compute_ssv()

SsvLmiBisection

compute_ssv()

StructuredSingularValue

fit()

DScaleFitSlicot

fit()

DScaleFit

Fig. 3: Inheritance structure of the abstract base classes in
dkpy. Dark boxes denote a class, light boxes with a solid
outline denote implemented methods, and light boxes with
dashed outlines denote abstract (unimplemented) methods.

• HinfSynSlicot: H∞-synthesis using the SLI-
COT routine SB10AD from python-control
[8, 11],

• HinfSynLmi: H∞-synthesis using an LMI for-
mulation [12, § V-A],

• HinfSynLmiBisection: H∞-synthesis using a
modified LMI formulation with bisection on the
objective function. [12, § V-A],

2) StructuredSingularValue: Compute the SSV
upper bound and associated scaling matrix frequency
response given the closed-loop system frequency re-
sponse and the perturbation block structure with the
compute ssv abstract method,

• SsvLmiBisection: LMI formulation with bi-
section on the SSV upper bound [13, § 4.25],

3) DScaleFit: Fit a stable and minimum-phase LTI
system to the frequency response of the scaling matrices
with the fit abstract method,

• DScaleFitSlicot: Implementation using the
SLICOT routine SB10YD from slycot [9, 11].

The µ-analysis process, outlined in Section II-D, is per-
formed using the StructuredSingularValue class.

The µ-synthesis process using DK-iteration,
described in Section II-E, is performed using an
ABC called DkIteration. The DkIteration
ABC is constructed from ControllerSynthesis,
StructuredSingularValue, and DScaleFit
implementations. The DkIteration class implements
a default method synthesize that is inherited by all
implementations. The synthesize method takes a
generalized plant and uncertainty block structure as input
and returns a robust controller along with information
about the solution, such as the SSV upper bound. The

fit()

DScaleFit

compute_ssv()

StructuredSingularValue

synthesize()

ControllerSynthesis

_get_fit_order()

synthesize()

DkIteration

Fig. 4: DkIteration synthesize method control flow
for performing DK-iteration in dkpy.

synthesize method performs the iterative DK-iteration
loop described in Section II-E.

The DkIteration ABC also defines an abstract method
get fit order, which determines the number of itera-

tions and the order of the scaling matrix fit at each iteration
used by DScaleFit. The get fit order implementa-
tion distinguishes the implementations of DkIteration
from one another. Figure 4 shows an overview of the
controller synthesis procedure using DkIteration. The
implementations of the DkIteration ABC at the time of
writing, which are also shown in Figure 3, are

1) DkIterFixedOrder: Fixed number of iterations and
fit order,

2) DkIterListOrder: Sequence of fit orders,
3) DkIterAutoOrder: Automatically selected fit orders

using the smallest error in the fitted frequency response,
4) DkIterInteractiveOrder: Interactively selected

fit orders from user prompts.

B. Uncertainty Characterization

dkpy provides utilities to perform multi-model uncer-
tainty characterization. The code is organized around the
three-step uncertainty characterization process outlined in
Section II-F. dkpy implements three functions, which are
illustrated in Figure 5, to perform the uncertainty character-
ization. The functions are

1) compute uncertainty residual response:
Compute the residual frequency response through the
linear equations of the form (18),

2) compute uncertainty weight response:
Compute the optimal weight frequency response
subject to constraints on the weight structure using an
LMI formulation [10].



fit_uncertainty_weight()

compute_uncertainty_weight_response()

compute_uncertainty_residual_response()

Fig. 5: Multi-model uncertainty characterization code dia-
gram in dkpy.

3) fit uncertainty weight: Fit an overbounding,
stable, and minimum-phase uncertainty weight to fre-
quency response data using a log-Chebyshev method
[14, § 5].

IV. EXAMPLES

The following examples are based on the aircraft control
case study in [15, § 14.1]. The lateral aircraft dynamics
model in this example can be found in [16, § 7.3, § B.4].
Figure 6 shows the block diagram of the robust control
problem and Table I provides definitions of the signals.
The control objective is to track roll angle references with
minimal sideslip angle, roll rate, yaw rate, and actuator effort
subject to wind disturbance and sensor noise.

The control problem involves a model of the lateral
aircraft dynamics GAF(s), a model of the rudder and aileron
actuators GAct(s), a controller K, and various weights
W(·)(s) that encode the bandwidths over which the distur-
bances are expected and the performance variables should
be minimized. The variation arises from uncertainty in the
actuator dynamics, which is modeled as multiplicative input
uncertainty.

A. Multi-model Uncertainty Characterization

In the case study, an uncertainty model and weight for
the actuator dynamics are given. In this example, a new
uncertainty model will be generated from a set of perturbed
actuator frequency responses to illustrate the uncertainty
characterization tools in dkpy. The off-nominal actuators
will be generated by sampling different perturbations from
the case study uncertainty model.

A set of 40 off-nominal actuators is generated using
the multiplicative input uncertainty model from the case
study with different perturbations ∥∆∥∞ ≤ 1. Specifically,
constant gain systems of the form

∆(s) = a, a ∈ [−1, 1],

and all-pass filters of the form

∆(s) =
s
b − 1
s
b + 1

, b ∈ [0.01, 10]

TABLE I: Lateral aircraft model variables.

ϕ Roll angle deg
β Sideslip angle deg
p Roll rate deg/s
r Yaw rate deg/s
ζ Rudder angle deg
ξ Aileron angle deg
ζc Rudder angle command deg
ξc Aileron angle command deg
βw Sideslip angle disturbance deg
pw Roll rate disturbance deg/s
nϕ Roll angle noise deg
nβ Sideslip angle noise deg
np Roll rate noise deg/s
nr Yaw rate noise deg/s
ϕr Roll angle reference deg

are used. Figure 7 shows the singular value response of
the nominal and perturbed off-nominal actuator models.
The deviation between the actuator models increases with
the frequency indicating the presence of unmodeled high-
frequency dynamics.

The uncertainty model is obtained using dkpy through
the code shown in Figure 8. The residual response for
additive, multiplicative input, and inverse multiplicative input
uncertainty models are computed from the nominal and off-
nominal actuator frequency response data. The singular value
response of the residuals for the different uncertainty models
is shown in Figure 9. The multiplicative input uncertainty
model is selected as it yields the smallest residual magnitude
of the three alternatives. This is no surprise given that the
perturbed actuators were generated using a multiplicative
input uncertainty model to begin with.

The frequency response of the optimal uncertainty weights
WL(jω) and WR(jω) are computed. The left uncertainty
weight is constrained as WL(jω) = wL(jω)1 and the right
weight as WR(jω) = 1 to mimic the uncertainty model
used to generate the off-nominal models. Figure 10 shows
the magnitude response of the diagonal elements of the
uncertainty weights.

Finally, an overbounding stable and minimum-phase LTI
system WL(s) is fit to the magnitude data of the left
uncertainty weight. The right uncertainty weight fit is not
performed as WR(jω) = 1. This means that WR(s) will
not have any impact on the uncertainty characterization nor
the generalized plant. Therefore, it can be neglected going
forward. Figure 10 also shows the magnitude response of the
fitted system in addition to the optimal frequency response.
It can be seen that the fitted weight tightly overbounds
the optimal frequency response indicating that there is little
conservatism in the uncertainty characterization.

B. Robust Controller Synthesis

In this example, a controller that attains the robust perfor-
mance criterion for the control problem shown in Figure 6
is designed. As discussed in Section II-C, the robust perfor-
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Fig. 6: Airframe lateral dynamics control problem block diagram.
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Fig. 8: Uncertainty characterization code for an aircraft
actuator model using dkpy.

mance problem is converted into a robust stability problem
as in Figure 2b. In this problem, generalized plant inputs and
outputs are

u(s) =
[
ζc(s) ξc(s)

]T
, (19)

y(s) =
[
ϕr(s) ϕ(s) β(s) p(s) r(s)

]T
, (20)

w1(s) = u∆(s) (21)
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Fig. 9: Singular value response of the uncertainty residuals
for the uncertain actuator model for additive, multiplicative
input, and inverse multiplicative input uncertainty.
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Fig. 10: Magnitude response of the diagonal optimal un-
certainty weight and the fitted overbounding stable and
minimum-phase system. The weight WR(jω) = 1 is not
fitted as it can be neglected in the generalized plant.

z1(s) = y∆(s) (22)

w2(s) =
[
ϕr(s) nT(s) dT

w(s)
]T

, (23)

z2(s) =
[
zTp (s) zTu(s) zTu̇(s)

]T
, (24)

where the noise is n(s) =
[
nϕ(s) nβ(s) np(s) nr(s)

]T
and the wind disturbance is dw(s) =

[
βw(s) pw(s)

]T
. The



Fig. 11: Controller synthesis code for robust control of the
lateral dynamics of an aircraft using dkpy.

uncertain perturbation is ∆̂[
w1(s)
w2(s)

]
︸ ︷︷ ︸

w(s)

=

[
∆(s) 0

0 ∆p(s)

]
︸ ︷︷ ︸

∆̂(s)

[
z1(s)
z2(s)

]
︸ ︷︷ ︸

z(s)

, (25)

where ∆ and ∆p are full complex perturbations associated
with the multiplicative input uncertainty of the actuator and
the performance condition, respectively.

The robust controller is synthesized with the
DkIterListOrder class. In this example, 3 iterations
are performed using 4th order fits of D(s) for each iteration.
The robust performance condition is evaluated over a
grid of 100 logarithmically spaced frequencies between
0.01 (Hz) and 100 (Hz). The code required to perform the
controller synthesis for the example is shown in Figure
11. The HinfSynLmi implementation is used for the
H∞ controller synthesis, SsvLmiBisection for the
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Fig. 12: DK-iteration results of robust controller synthesis
for lateral aircraft dynamics.
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Fig. 13: System response to a step in the reference roll angle
ϕr = 6 (deg) for the nominal and perturbed off-nominal
models.

computation of the SSV and scaling matrix frequency
response, and DScaleFitSlicot for the stable minimum
phase fit of the scaling matrices. The parameters for each
of these methods are specified, which includes the different
numerical tolerances and optimization solvers used for each



algorithm. The example uses the MOSEK optimization
solver for the different processes [17].

After completing the DK-iteration process, a controller
K(s) was designed that realizes a maximum SSV of 0.982
indicating that the robust performance criterion is satisfied.
Figure 12 shows the upper bound of the SSV versus fre-
quency across the iterations of DK-iteration. It can be seen
that the DK-iteration process minimizes the peak of the SSV
upper bound until it decreases below 1 indicating that the
controller design satisfies the robust performance criterion.

Once the controller is designed, the closed-loop response
may be simulated for a set of perturbed systems that are
within the uncertainty set. This is accomplished by forming
the closed-loop system and selecting various perturbations
∆(s) that satisfy ∥∆∥∞ ≤ 1. To this end, 40 different
off-nominal systems are generated and the roll angle ref-
erence step response is evaluated for ϕr = 6 (deg). The
disturbances βw and pw are neglected and the sensor noise
nϕ, nβ , np, and nr are given by zero-mean white noise
with a standard deviation of 0.005 (deg) and 0.005 (deg/s).
Figure 13a shows the time response of the states of the lateral
aircraft dynamics subject to the roll angle reference step for
the nominal and perturbed off-nominal models. The aircraft
tracks the roll angle reference and that there is relatively
little variation between the nominal and off-nominal systems
indicating good robustness in the performance. Figure 13b
shows the time response of the actuator inputs. It can be seen
that the rudder and aileron angles are relatively small with
reasonable angular velocities indicating a reasonable control
effort and that the sensor noise has a noticeable but small
effect on the control signals. Moreover, the responses are
consistent across the perturbed models, which demonstrates
the robustness of the controller design.

V. CONCLUSION

This paper presents dkpy, an open-source Python pack-
age for performing robust controller analysis and synthesis
with structured uncertainty using µ-analysis and µ-synthesis.
dkpy provides a modular interface for performing robust
analysis and synthesis, which allows for greater flexibility
for the user and an easier method for exploring the various
implementations and associated hyperparameters to obtain
the best results.
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